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AN EFFICIENT THRESHOLD METHOD FOR DETECTING R-PEAKS
IN ELECTROCARDIOGRAM

Automated R-peak detection in electrocardiogram (ECG) signals is essential to heart rhythm analysis, with
applications in heart rate monitoring, heart rate variability (HRV) assessment, arrhythmia diagnosis ets. Its
accuracy, however, is highly sensitive to noise and artifacts present in the ECG recording. The study proposes
a method and its software implementation for R-peak detection, based on signal smoothing followed by
differentiation and the application of a thresholding approach. The method is designed for use in resource-
constrained environments, such as portable and embedded monitoring systems. The objective of the study is to
develop a computationally efficient and accurate method for the automatic detection of R-peaks in ECG signals,
tailored to a personalized patient approach. The primary focus is on robustness to noise and QRS complex
morphology, as well as the algorithm’s ability to operate under limited computational resources and in real-
time conditions. The proposed method relies on staged ECG signal processing. To validate the approach and
compare its effectiveness, existing studies inthe field were analysed. The subject of the study involves processing
ECG signals and addressing challenges in R-peak detection in ECGs recorded via Holter monitors by
constructing a smoothed continuous signal based on discrete data obtained during digitization. The discrete
nature of the initial signal complicates differentiation and the precise identification of characteristic points,
specifically R-peaks, which play a crucial role in diagnosing cardiac conditions. The scientific novelty of this
investigation lies in the use of a second-order piecewise polynomial approximation to represent the ECG signal.
This approach enables noise reduction in the signal and represents the discrete signal as a continuous function
together with its first derivative, thereby permitting the analytical computation of its derivative. Results involve
the detection of R-peaks by analysing the derivative of the smoothed signal: regions with sharp changes
characteristic of the QRS complex were identified, and an iterative smoothing scheme was developed, with the
number of iterations determined by a proposed stopping criterion. The proposed method was implemented in
software and tested on data from the open-access MIT-BIH Arrhythmia Database, which includes over 60
recordings and more than 100,000 annotated R-peaks. The results were compared with studies by other authors
using the F; score metric, based on standard precision and sensitivity metrics. Conclusions: The study proposes
an effective and adaptive approach to ECG signal processing, ensuring reliable R-peak detection under
conditions of significant noise, baseline drift, and physiological variability across patients. The obtained results
demonstrated high performance metrics: up to 99.5% (average above 99.1%), F; score consistently exceeding
99%, and in some recordings reaching 100%. Thus, the proposed approach is competitive, demonstrating high
accuracy in detecting R-peaks in cases of arrhythmias, peak inversions, non-standard QRS complex morphology,
and other challenging signal conditions. The study’s results can be applied in ECG analysis practice,
particularly in the development of automated diagnostic systems or signal preprocessing before the application
of classification methods.

Keywords: electrocardiogram; piecewise-polynomial approximation; R-peaks; smoothing; differentiation;
MIT-BIH.

in Fig.1. These components are key for identifying
normal and abnormal cardiac rhythms.

1. Introduction

In modern society, the integration of digital
technologies into healthcare is rapidly increasing,
opening new opportunities for enhancing diagnostic
accuracy and advancing the automation of biomedical
signal processing. Electrocardiography is a vital tool for
diagnosing and monitoring heart conditions, capturing
the heart's electrical activity throughout each cardiac
cycle. A normal electrocardiogram (ECG) consists of the
P wave, the QRS complex and the T wave, as illustrated

Automated ECG analysis is widely used in clinical
practice to monitor heart rate, assess heart rate variability
(HRV), and identify arrhythmias and other cardiac
abnormalities. However, reliable R-peak detection
remains challenging in the presence of noise, requiring
effective denoising techniques that preserve the signal's
essential characteristics, robust feature extraction, and
precise localization of R-peaks.
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Fig. 1. A single cardiac cycle for a typical ECG

The presented research focuses on the development
of a threshold-based algorithm for R-peak detection,
based on differentiation of a smoothed signal. A
prominent method in this category is the Pan-Tompkins
approach (J. Pan, W. J. Tompkins) [1], along with its
subsequent improvements [2]. This method facilitates
adaptation to varying noise levels, automatic detection of
anomalous signal segments, and maintains high accuracy
in complex scenarios, making it promising for clinical
practice and real-time monitoring systems.

1.1. Motivation

Automated analysis of ECG patterns is an essential
element of modern cardiovascular diagnostics, as it
alleviates the workload of healthcare professionals,
enhances the precision of identification of pathological
conditions, and promotes unbiased ECG signal analysis.
A critical step in this process is R-peak detection within
QRS complexes, since these cardinal reference points
serve as fiducial benchmarks for heart rate computation
and for deriving characteristic parameters such as RR,
PR, and QT intervals, which are subsequently utilized to
facilitate precise clinical diagnosis.

The accuracy of R-peak detection is critical for the
reliability of subsequent stages of ECG analysis,
including the diagnosis of arrhythmias, ischemic
changes, and hypertrophic processes. Automatic R-peak
detection is especially important for mobile monitoring,
such as with Holter monitors or portable wearable
devices used outside clinical environments. These
systems face strict limitations in computational power,
power consumption, and memory capacity, requiring
algorithms with low computational complexity and
minimal memory footprint. In real-world conditions,
ECG signals are subject to various types of noise,
including powerline interference, muscle contractions,
motion artifacts, baseline wander, and variations in the
physiological state of the individual, which affect the
morphology of the QRS complex. These factors
significantly complicate the reliable detection of R-
peaks.

It is noteworthy that the advancement of medical
practice, which tailors diagnostic and therapeutic
strategies to the specific characteristics of each patient,
imposes distinct requirements on the instruments used for
acquiring ECG signals, the hardware employed for data
transmission and storage, and the mathematical methods
and algorithms utilized for subsequent ECG analysis to
enhance diagnostic precision and convenience for
medical specialists.

Devices designed for ECG signal acquisition are
increasingly compact and straightforward to operate,
comparable in simplicity to a standard wristwatch.
Wearable technologies facilitate automated data
transmission, providing alerts to users regarding potential
irregularities in cardiac function. The transmitted ECG
data undergo several stages of processing through
sophisticated mathematical algorithms, which extract
characteristic features of the signal, identify potential
artifacts, and highlight segments indicative of possible
cardiac abnormalities. Nevertheless, ECG recordings
obtained in ambulatory settings are vulnerable to
interference from various sources of high-frequency and
low-frequency noise.

Consequently, there is an increased need for
advanced mathematical methods and algorithms for ECG
signal processing and analysis. The development of low-
complexity algorithms, particularly those capable of
achieving high accuracy in detecting R-peaks in the
presence of significant signal noise, is therefore essential.

1.2. State of the art

In recent years, researchers have actively studied
various methodologies for improving the accuracy of R-
wave detection in ECG signals, taking into account the
presence of noise and variations in data quality.

The review paper [3] presents a detailed analysis of
computer methods proposed for R-peak detection in
recent years, in particular, seven approaches are
highlighted, namely: Wavelet Transform, Digital
Filtering, Mathematical Morphology, Differentiator,
Shannon Energy and Hilbert, Transform, Hybrid,
Machine Learning. An earlier review paper [4] also
explores similar approaches to R-peak detection: Pan and
Tompkins method, Wavelet Transform, Empirical Mode
Decomposition, Hilbert-Huang Transform, Fuzzy logic
systems, Artificial neural networks. The review paper [5]
focuses on the combination of wavelet transform
algorithms and neural networks. Therefore, the use of
wavelet transforms is one of the most common
techniques.

It should be noted that the automation of the process
of analyzing ECG signals based on wavelet transform [6]
revealed significant difficulties for using this method in
real time and for implementation on mobile (wearable)
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devices with limited computing power.

It is for important modern applications that it is
necessary to develop other mathematical tools, in
particular, threshold methods based on filtering the ECG
signal and its subsequent differentiation, which are fully
adapted to solve such problems. Therefore, let us dwell
in more detail on the works devoted to threshold methods
for determining R-waves [1,2].

In work [7], the authors apply adaptive threshold
methods for accurate localization of R-waves as
dominant elements of the signal. In the proposed
development, R-waves are first determined, and then Q,
S, T and P waves and their time characteristics are
identified. In [8], an approach based on Slope Change
Coefficients, obtained by integrating two scaled signals
with opposite signs, is proposed. Although this method is
not exclusively thresholding, it is combined with
thresholding techniques for R-wave segmentation, taking
into account slope changes as an additional criterion,
which increases the robustness to noise and signal
variations. In [9], the Hilbert transform is used to detect
QRS complexes incombination with the dynamic energy
selection (DMSE) and adaptive window size (AWS)
algorithms. The DMSE algorithm effectively separates
QRS components from unwanted signal components, and
the adaptive window allows for dynamic adjustment of
thresholds depending on the signal characteristics,
ensuring high accuracy in variable conditions.

In [10], the Pan-Tompkins algorithm [1, 2] is used
to detect QRS complexes in the context of diagnosing
cardiovascular abnormalities for ambulatory monitoring.
This algorithm is characterized by its simplicity of
implementation and low computational requirements,
which makes it effective for portable systems. However,
as noted in [11], this approach has limitations when
processing noisy ECG signals. The authors emphasize
the need to improve this algorithm or develop new
methods to increase the reliability of QRS complex
detection in difficult conditions.

In [12], a combination of the Penn-Tompkins
algorithm with the Hilbert transform is proposed, which
calculates an analytical signal for analyzing the
instantaneous amplitude and phase, which contributes to
a more accurate identification of rhythm disturbances. In
[13], a modified Pan-Tompkins algorithm is presented
for accurate determination of R-waves. The problem of
inaccurate R-wave annotation [14] in the MIT-BIH
Arrhythmia database [15] from PhysioNet [16] is
addressed.

A review [17] examines methods for validating R-
wave detection algorithms, including thresholding
approaches, before their implementationinreal time. The
authors emphasize the importance of transparent testing
procedures to avoid false positives and ensure objective
comparisons. Particular attention is paid to the challenges

associated with noise and inaccurate annotations in
databases such as MIT-BIH Arrhythmia [16] and the
need for standardized metrics for evaluating thresholding
methods.

Thus, the thresholding methods considered in these
works demonstrate significant progress in improving
accuracy and noise robustness through adaptive
thresholding, signal preprocessing, and combination with
other techniques such as slope analysis or Hilbert
transforms. The algorithms described in [9] and [13] are
characterized by their simplicity of implementation and
efficiency in systems with limited resources. However,
as noted in many studies, R-wave detection methods
require further improvement, in particular in optimizing
the search window size (150-300 ms, which corresponds
to standard protocols) and increasing accuracy in noisy
conditions. This remains an important area for future
research.

ECG recording devices are highly sensitive devices,
as a result of which they record various noises arising
from sources such as interference in power supply lines,
motion artifacts due to cable movement or electrode
placement problems, as well as ECG interference due to
other electrical activity. Noise suppression of the ECG
signal is an integral part of the computer signal
processing algorithm. Such pre-processing helps to
increase the accuracy of extracting useful information
from the signal. In [18], an unbiased finite impulse
response filter (UFIR [19]) is used to determine the
duration and amplitude of the P wave, QRS complex, and
T wave on a standard ECG signal map.

One of the frequently used noise removal methods is
Savitsky-Goley (SG) filtering, a classical signal
smoothing method based on local least-squares
approximation of the analyzed signal [20]. A review and
comparative analysis of filters for filtering ECG signals
are givenin[21].

Thus, the analysis of ECG signal processing
methods and the identification of their important
characteristics from the point of view of applications can
be divided into several groups: (1) - classical
differentiation and thresholding methods. Advantages:
speed. Disadvantages: sensitivity to noise; (2) — time-
frequency analysis methods. Advantages: better feature
localization. Disadvantages: computational complexity
for embedded systems; (3) — methods based on artificial
intelligence and machine learning. Advantages: high
accuracy. Disadvantages: need for GPU/powerful
processors, the “black box” problem; (4) — approximation
and regression methods. Advantages: combination of
analytical accuracy (due to the continuity of derivatives)
with low hardware requirements. Disadvantages: use of
ECG signal smoothing.

The presented article proposes an approach to
implementing a threshold method that allows for accurate
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detection of R-waves in the ECG signal. Compared with
existing literature reviews [22], the proposed method is
based on a piecewise polynomial representation of the
ECG signal.

The piecewise polynomial approximation facilitates
attaining the desired level of signal smoothness based on
the intensity of the noise. The approximation transforms
the discrete signal into a continuous function, along with
its first derivative, which can be analytically
differentiated. The proposed algorithm requires minimal
computational resources due to the use of unified
expressions for both signal smoothing and subsequent
differentiation. The algorithm demonstrates effective
performance even in the presence of significant artifacts,
making it suitable for ambulatory monitoring
applications using wearable devices during patient
movement.

The proposed approach facilitates adaptive signal
processing tailored to the individual characteristics of the
patient, reduces the impact of noise, and ensures high
accuracy in detecting R-peaks across diverse clinical
scenarios.

1.3. Objectives and tasks

The objective of this study is to develop and
investigate an efficient threshold-based method for
detecting R-peaks in ECG signals, utilizing a piecewise
polynomial representation of the signal. To achieve the
stated objective, the following research tasks have been
defined:

1. Develop an algorithm for smoothing discrete
ECG signals that effectively suppresses noise while
preserving diagnostically significant features.

2. Develop and apply the steps of the al gorithm for
detecting R-peaks.

3. Establish criteria for terminating the iterative
smoothing process to balance noise suppression
efficiency with the preservation of signal
informativeness.

4. Evaluate the accuracy and reliability of the
algorithm using metrics such as Recall (Se), Precision
(PPV) and F; score for R-peak detection on ECG data
from the publicly available MIT-BIH Arrhythmia
Database [15].

The objective is to develop an algorithm that
achieves:

— F; score>99.1% as an average across the full
MIT-BIH database;

— Recall Se > 99.5% for records with standard
QRS morphology;

— Computational efficiency allowing real-time
processing on 8-bit or 32-bit microcontrollers without an
FPU (Floating Point Unit), specifically by reducing the
operation count.

The paper has the following structure. Section 2
provides a detailed account of the materials and methods
employed. This includes a thorough explanation of the
piecewise polynomial approximation method (2.1), the
step-by-step R-peak detection algorithm (2.2), the critical
termination condition for the smoothing process (2.3),
and the metrics used for accuracy evaluation (2.4).

Section 3 presents the experimental results,
detailing the dataset used (3.1) and the outcomes (3.2).
Section 4 offers a detailed discussion, analysing the
algorithm's performance, particularly on challenging
ECG records, and interpreting the significance of its
behaviour in cases of false positives or missed detections.

Finally, Section 5 concludes the paper by
summarizing the key contributions, affirming the high
efficiency and adaptability of the proposed approach, and
highlighting its potential clinical relevance in correctly
classifying medically important, though atypical,
waveforms as "suspicious” for further physician review.

2. Materials and methods of research

During the digitization of the ECG signal, the
analog signal is converted into a sequence of discrete
function values, which imposes limitations on its
subsequent processing. Specifically, the discrete nature
of the signal complicates the application of methods
based on differentiation. To achieve more accurate
localization of R-peaks and to adapt the method to
varying recording conditions and individual patient
characteristics, a piecewise polynomial approximation is
employed [22].

2.1 The method of piecewise polynomial
approximation of ECG signal data

A piecewise polynomial approximation is
developed for the grid function, employing a Hermite
polynomial with multiple nodes, designed for the
identification of R-peaks in ECG signals.

Consider a sequence of points t;, distributed over
the interval [t,, Ty].

For each value t;, a corresponding value of the grid
function F; is defined. Over the specified interval, the
grid function is approximated by a piecewise polynomial
function.

For the piecewise polynomial approximation of the
continuous function together with its first derivative, an
auxiliary grid with nodes x; is introduced:

T <%, <...< Xy < TN,

where
Xi = (Ti—l + Tl)/zu 1 = 2, N.

For each of the intervals [x;, xj+.], Where
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i = 2,N — 1 the corresponding Hermite polynomials are
constructed. The function values f; and their derivatives
f/ are defined at the points x; as follows:

Fi—Fi_4

_ )
Ti—Ti—1

fi=F+F_)/2 f;i= i=2,N.

The polynomials are then written for each of the
intervals [x;,Xi;1]:
X — Xj X — Xj
Hai(x) = f; LERNIS 4
5i() 'Xj = X i — X
+(x = x)(x — xj41)(ajx + by).

For the polynomials
conditions are imposed:

Hs;(x), the following

H3i (1) = fi, Hsi(Xi41) =
= fiy, H3i(x) = £, H3i (i40) = 4.

The unknown parameters are determined from the
system:
+ f ! +
Xi — Xi+1 ik Xi+1 — Xj
+(xi — x;41)(@ix; + by),

f-, = fi

1

.. =f
i+1 1
Xi — Xj+1 Xi+1 — Xj

+(Xir1 — xi)(@iXj4q + by).

For a uniformarrangement of nodes with step h, the
following expressions are obtained

a; = 0,
fign =6 (fiyy + G+ Xiga)
2h 2h?
(firr — ) (X; + Xi1)
+ 3 .
It should be noted that the constructed polynomial
is quadratic.
The desired polynomial is expressed as follows:

bi:

X — X; X — X;
Hy(x) = fiyq h - f; ak

h
+& = %)X — Xj41)b;.

The polynomials H,;(x) form a function that is
continuous together with its first derivative. Hence, the
derivative is expressed as:

Hy(x) = S0 fion g oy — x; —

h Xi+1)bj.

2.2 Algorithm for R-peak detection based
on piecewise polynomial approximation

The algorithm for detecting R-peaks consists of the
following series of steps:

1. Signal smoothing: Although modern Holter
monitors have built-in filters, the high sensitivity of such
devices does not allow for obtaining a perfect signal for
further analysis, and numerical differentiation of a
discrete function increases noise. Therefore, before
detecting R-peaks, the proposed algorithm performs
preliminary smoothing of the ECG signal.

In practice, for an ECG that contains low-level

noise, 2-3 steps of sequential smoothing are usually
sufficient. In the presence of artifacts and significant
noise, the number of iterations increases, but when
increasing the number of iterations, it is important not to
lose the informational content of the signal. Typically, for
a heavily noisy cardiogram, 150 iterations are sufficient.
If the first iteration of constructing the smoothing
polynomial does not yield a satisfactory result, further
iterations are performed. In cases where the selected
ECG fragment contains minimal noise, a single
smoothing iteration is sufficient. The smoothed signal is
used for further analysis. Fig. 2 shows the results of
signal smoothing under varying noise intensities.
2. Differentiation of the smoothed signal: The values
of the derivatives are calculated at points where the signal
is a decreasing function. This selection of points for
derivative computation is motivated by the fact that the
right slope of the QRS complex is typically steeper.

10004
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2_
1+
s
Eo
)
)
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Fig. 2. Examples of smoothed ECG signal fragments

Atall other points, the derivative value is set to zero.
This approach reduces the number of points for R-peak
detection by nearly half. The derivative values are then
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squared. Squaring the derivative values facilitates the
localization of potential R-peak positions. Figure 3
illustrates an ECG segment after smoothing, along with
the computed squares of the derivatives. Increasing the
number of smoothing iterations for the initial signal
enhances the prominence of R-peaks, thereby improving
analysis and further processing.

As shown in Fig. 3a and Fig. 3b, increasing the
number of smoothing iterations from 3 to 150
substantially enhances the prominence of squared
derivative values at probable R-peak locations, making
them clearly distinguishable from surrounding signal
regions.

1.54
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]
| M,

— Derivative squares
—— ECG signal
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)
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Samples

(a)

500 1000
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Fig. 3. ECG Signal with varying smoothing
intensities and corresponding squares of the first
derivative: (a) ECG segment after three smoothing
iterations; (b) ECG segment after 150 smoothing
iterations

500 1000

3. Detection of intervals containing localized R-
peaks: The threshold value is determined based on the
computed squares of the derivatives. For each patient, the
threshold is individually tailored and may serve as an
additional characteristic of the patient’s ECG.
Subsequently, intervals are identified that encompass
points where the squared derivatives exceed or equal the
threshold. The number of points within each such interval
is chosen to not exceed the point count associated with
the QRS complex on the specified cardiograph.

4. R-peak detection: At the final step of the

algorithm, the intervals identified in the previous step are
sequentially processed.
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Fig. 4. ECG segments with identified R-peaks

Within each interval, the algorithm determines the
maximum value of the original ECG signal. These
values, along with their corresponding positions, are
designated as R-peaks. Fig. 4 illustrates ECG segments
with the identified R-peaks.

Remark: As observed in Fig. 4, the algorithm
remains effective despite baseline drift.

2.3. Termination condition
for the smoothing procedure

The smoothing of a function constitutes a
fundamental step in data processing, particularly in the
presence of noisy signals. A central problem lies in the
determination of an appropriate stopping criterion for the
iterative procedure. Specifically, one may inquire
whether the execution of 150 iterations in the preceding
subsection was sufficient. If the number of iterations is
too small, the resulting function may retain excessive
noise; conversely, if the number is too large, the
procedure may oversmooth the signal, thereby erasing
significant structural information. Let us consider the
following criterion for the smoothing process at each
iteration:

€ = XL (Ha(tize) — H, (1)),

where n — denotes the number of points in the original
signal. The analysis of the dependence of { on the number
of iterations reveals a typical behaviour: initially, the sum
of squared differences decreases rapidly, after which the
process slows down (Fig. 5).

To determine the appropriate stopping point, several
approaches can be employed. One such approach is to
terminate the procedure once the difference between
consecutive values of { becomes smaller than a prescribed
threshold. Another option is to impose a maximum
number of iterations, motivated by practical
considerations.
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Fig. 5. Plot of the dependence of { on the number
of iterations performed: (a) Low noise in the signal;
(b) High noise in the signal

Examination of the resulting plots indicates that the
smoothing process already decelerates considerably after
approximately 100 iterations.

Let us consider a fragment of an ECG signal that
contains substantial noise (Fig. 6a). Figure 6 illustrates
the same fragment after smoothing with different
numbers of iterations. It can be observed that 100
iterations are sufficient to render the ECG signal suitable
for further processing, whereas at 1000 iterations,
although the characteristic peaks remain distinguishable,
the signal becomes excessively smoothed.

Thus, when the signal is smoothed using the method
described above, empirical evidence indicates that 100
iterations are sufficient for subsequent processing, evenin
the presence of intense noise.

2.4. Accuracy evaluation metrics
of the proposed approach

To compare the performance of the developed
software with other R-peak detection algorithms, the
metrics Recall (Se) and Positive Predictive Value (PPV)
were calculated for each dataset. These metrics are
defined by the following formulas and are adopted in the
AAMI/ANSI EC38:2007 standard:

Se = L x 100
€= TP+FN '
PPV = L x 100
"~ TP + FP '

Fig. 6. Changes in signal smoothness depending on
the number of smoothing iterations: (a) without
smoothing; (b) 100 smoothing iterations; (c) 1000
smoothing iterations

For these metrics, TP (True Positive) represents
correctly detected R-peaks, FN (False Negative)
indicates missed R-peaks, and FP (False Positive) refers
to incorrectly detected R-peaks.

Additionally, the F; score was selected as a metric,
which s the harmonic mean of Precision and Recall, used
to evaluate the effectiveness of feature recognition
methods. It is widely applied in assessing algorithms for
detecting QRS complexes and R-peaks [23]:

PPV X Se

= — X 2.
F, score PPV T Se 2

3. Results evaluation

3.1. Used materials

The research employed the previously mentioned
MIT-BIH Arrhythmia Database, hosted on the PhysioNet
platform [15]. This publicly available database is widely
used in medical studies focused on analyzing ECGs to
detect cardiac rhythm irregularities. It includes 48 half-
hour, two-channel ECG recordings from 47 patients with
diverse profiles, encompassing both inpatients under
medical care and outpatients receiving ambulatory
treatment during the recording period. The recordings
were digitized at a 360 Hz sampling rate with an 11-bit
resolution within a 10 mV range. Each signal was
annotated by at least two independent cardiologists, with
labels subsequently reconciled.

3.2. Experiment results

The approach proposed in this study is evaluated
using files from the database [15]. As the records in the
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Comparison of the obtained results with known ones

Table 1

o Results of [25] Calculated using the presented algor Calculated on [26  Calculated or|
PPV(%) | Se (%) | PPV (%) | Se (%) | F,score (%) | Se (%) | F,score(%) | F; score(%)
100 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
101 99.84 99.84 99.89 99.89 99.89 99.84 99.92 99.84
102 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
103 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
104 99.60 99.96 97.97 100.0 98.97 99.73 99.62 99.77
105 99.42 98.73 98.61 99.73 99.17 98.95 98.98 99.07
106 99.95 99.65 100.0 100.0 100.0 99.61 99.78 99.80
107 99.95 99.90 100.0 99.9 99.97 99.67 99.67 99.92
108 99.77 99.48 97.02 99.88 98.43 99.49 99.21 99.63
109 100.0 99.92 100.0 100.0 100.0 100.0 100.0 99.96
111 100.0 99.95 100.0 99.95 99.9 99.95 99.97 99.97
112 100.0 100. 100.0 100.0 100.0 100.0 100.0 100.0
113 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
114 99.79 99.84 100.0 99.95 99.97 100.0 99,94 99.81
115 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
116 99.87 98.96 100.0 99.33 99.66 99.17 99.5 99.41
117 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
118 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
119 99.95 100.0 100.0 100.0 100.0 100.0 99.97 99.97
121 100.0 99.89 100.0 100.0 100.0 99.95 99.97 99.94
122 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
123 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
124 100.0 100.0 100.0 100.0 100.0 99.94 99.97 100.0
200 99.92 99.92 100.0 100.0 100.0 99.88 99.88 99.92
201 100.0 97.40 100.0 97.84 98.91 99.24 98.96 98.68
202 99.33 99.3 99.44 100.0 99.71 99.39 99.58 99.71
203 98.88 98.09 98.86 99.59 99.23 96.15 97.61 98.48
205 100.0 99.70 100.0 99.96 99.98 99.32 99.62 99.84
207 93.02 99.57 93.04 99.57 96.39 99.09 98.56 96.2
208 99.90 99.36 99.98 100.0 99.66 99.49 99.69 99.62
209 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
210 99.92 98.91 99.85 99.78 99.81 98.53 99.22 99.41
212 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
213 100.0 99.91 100.0 100.0 100.0 100.0 100.0 99.95
214 100.0 100.0 100.0 100.0 100.0 99.73 99.85 100.0
215 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
217 99.95 99.82 100.0 99.91 99.96 99.95 99.95 99.87
219 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
220 100.0 100.0 100.0 100. 100.0 100.0 100.0 100.0
221 100.0 99.92 99.87 100.0 99.93 99.84 99.92 99.95
222 99.92 100.0 100.0 100.0 100.0 99.8 99.88 99.96
223 100.0 99.92 100.0 100.0 100.0 99.81 99.9 99.96
228 99.21 99.71 99.41 99.56 99.48 99.85 99.7 99.48
230 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
231 100.0 99.94 100.0 100.0 100.0 100.0 100.0 99.97
232 100.0 100.0 100.0 100.0 100.0 100.0 99.72 100.0
233 100.0 99.90 99.97 99.97 99.97 99.94 99.97 99.95
234 100.0 99.96 100.0 99.96 99.98 100.0 100.0 99.98
Average 99.92 99.73 99.66 99.89 99.77 99.72 99.76 99.75
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mentioned database have R-peaks classified by real
cardiologists, a comprehensive set of annotations is
available for testing the developed algorithms. Various
studies dedicated to improving peak detection algorithms
report different total counts of annotated R-peaks [24 -
26] identified in the corresponding ECG database files.
This discrepancy arises because different authors may
select distinct subsets of peak types.

For comparison with the R-peak detection results of
other authors, the results from study [25] and [26] were
selected. Based on the literature review, the results
presented in that publication are the most accurate within
the class of threshold-based methods. Consequently,
during peak detection, the same classes as those in study
[25] were considered, specifically 14 peak classes, with
a total count of 109,494. To compare the accuracy of
peak detection, the F, score was chosen as the evaluation
metric. The results of R-peak detection using the
algorithm proposed in this study are presented in Table
1. For each file in the database, the F, score values were
calculated for both the results obtained in the present
study and those from paper [25].

In addition to the comparison with [25], the
proposed algorithmwas also evaluated against the results
reported instudy [26]. The mean F, score and sensitivity
were computed across all database files for all compared
methods. The averaged results demonstrate that the
proposed algorithm achieves a higher mean F; score
than both [25] and [26], indicating superior overall
detection accuracy. Furthermore, a comparison of
Sensitivity was conducted, in which the proposed
algorithm likewise outperforms both referenced studies.
A higher Recall value indicates that the algorithm
correctly identifies a greater proportion of true R-peaks,
meaning it produces fewer false negatives.

From Table 1, it can be concluded that the
algorithm performs at a high level and, in almost all
cases, has an improved F, score value. Additionally, in
each of the processed files, the sensitivity value is higher
than that of the algorithm from the results in [25,26], with
which the comparison was made. The proposed method
enabled the detection of the detection of nearly all peaks
present in the cardiogram, with values falling below
99%-100% in only two cases.

4. Discussion

In most modern studies on R-peak detection in
ECG, the metrics PPV, Se, and F,; score demonstrate
high and comparable results across different algorithms.
However, certain database records exhibit deviations,
indicating room for improvement. For example, inrecord
207 the PPV value is only 93.02%, which points to a
significant number of false positives, where the algorithm
incorrectly classifies noise as an R-peak. Although the

sensitivity is high (Se = 99.57%), the false detections
reduce the F, score. This can be explained by the
presence of an anomalous segment in the signal (Fig. 7),
which the algorithm mistakenly identifies as a peak. In
record 203, both PPV (98.88%) and Se (98.09%) are
lower than in other records, indicating that true R-peaks
are being missed while false detections still occur.
Similarly, in record 201 the sensitivity reaches 97.40%,
whereas PPV is 100%, meaning that the algorithm failed
to detect some peaks, but all detected ones were correct.

After determining the positions of the R-peaks, the
algorithm computes RR-intervals - the distances between
consecutive peaks. Typically, incorrectly detected peaks
occur in so-called “anomalous segments™ of the signal.
Intervals that significantly deviate from the mean are
labelled as anomalous and flagged for further
verification.

For instance, in record 207 anomalous segments
produce irregular RR-intervals, allowing the algorithm to
identify them as “suspicious.”

. _ﬂ%ﬁﬂiknﬁﬂﬁﬁﬂﬂﬂtﬂ_ﬂﬂf\(\]

[---- Threshold Derivative squares
ECG signal m  False R-peaks
-3 * R-peaks
5500 6000 6500 7000 7500 8000 8500
Samples

Fig. 7. An ECG fragment containing an episode
representing an irregular segment of the signal
(file 207 from database [15]) and the squares
of the derivative

5. Conclusions

The approach proposed in this study, along with its
algorithmic  implementation,  demonstrates  high
efficiency in processing ECG signals with various types
of arrhythmias under different noise conditions. Testing
of the algorithm on the open MIT-BIH database has
shown that the accuracy of R-peak detection reaches
99%. An important feature of the algorithm is its
adaptability to diverse ECG recording conditions—it
operates effectively with both clean and noisy signals.

In most studies, authors do not consider certain
waveform components, which are clinically significant
for cardiologists, as true peaks. From a research
perspective, this exclusion is justified, since these waves
indeed differ from typical systolic peaks. However, it
should be emphasized that such signal segments have
their own medical classification and represent an
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important component to which physicians must pay
attention. Since the intervals between these waves
deviate from the norm, the algorithm correctly classifies
them as “suspicious.”

Future research will focus on investigating the
proposed approach on real-world ECG recordings from
patients, with physicians included in the decision-making
process. Studies will also be conducted on the precise
localization of other informative peaks on ECG.
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E®EKTUBHUI MOPOTOBUIA METO/] BUSHAYEHHS R-3VBIIB
B EJIEKTPOKAPAIOT'PAMI

M. C. Eppemos, A. B. Tawrko, IO. B. Kpak, O. b. Cmensa

ABromaruzanis BusiBieHHs1 R-3yOuiB B enexrtpokapaiorpami (EKI) € ogHuM 3 KIIIOHOBHX €TamiB aHaizy
CEpIIEBOTO PUTMY, II0 BUKOPHCTOBYETHCS JJIsl aHAJIi3y YaCTOTH CEPILEBUX CKOPOUYCHB, OIIHKU iX BapiaOeInHOCTI,
JIarHOCTHKY apuTMiii Tommo. Ha ckiaqHicTh 3Hax0DKeHH 3yOuiB BituBae sKicTh 3anucy EKI', oco6i1Bo HasiBHICTH
mymy Ta apredaxTiB. Y IOCHIDKEHHI 3alPOIMIOHOBAHO METOJ Ta 3IHCHEHO HOro mporpamHy pealizaiiio Juisi
BUSIBJICHHSI R-3yOLliB, IO IPYHTYEThCS Ha 3MNIa/PKyBaHHI CHTHAY i3 MOJAJbLUIMM Horo au(epeHLilOBaHHIM Ta
BHUKOPHCTaHHSI MOPOroBoro miaxoxay. OcoOmuBicTIO MeTOLy € 3a0e3neueH s HellepepBHOCTI (DyHKIIT Ta 1i moxiqHoi,
IO JIO3BOJISIE 3 BEJIMKOIO TOYHICTIO BHSIBUTH 3yOlli Ha CKJIAJHUX AISIHKAaX CHUTHAIy. MeTox OpieHTOBaHMH Ha
3aCTOCYBaHHS B YMOBaX OOMEXKEHHMX OOYMCIIOBAIBHUX PECYPCiB JUIs IOPTAaTHBHUX 1 BOYZOBAaHUX CHCTEM
MOHITOpHHTY. MeT0I0 IOCIiIKEeHHS € pPO3POOJCHHS OOYMCIIOBAIBHO e(EKTUBHOTO Ta TOYHOTO METONLY
aBTOMaTHYHOTO BUsBIeHHS R-3y6miB B EKI -curHami, opieHTOBaHOTO Ha MEpCOHi(pIKOBaHWN MiIXiT IO MAali€HTa.
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OcHOBHA yBara MPUALIAETBCS CTIHKOCTI 10 miymy Ta mopdosorii QRS-koMIuIekCy, a TaKoX 3AaTHOCTI aropuTMa
MPaIIOBATH B yMOBaX OOMEKECHUX PECYPCIB Ta Y PEXKHMI peajbHOro 4acy. 3alpOrOHOBaHUI MeTo] 6a3yeThCsl Ha
noeranHiii 06pooui EKI'-curnamy. Jlns BIEeBHEHOCTI y NOUIIBHOCTI MiJXOAY Ta JUIs TOPIBHSHHS €(EeKTHBHOCTI
PpO3p0o0IIeHOTr0 MeTO Ly OYJI0 IIpoaHaIi30BaHO BiOMI AOCIHIHKEHHS v AaHii cdepi. TeMaTHKa HOCITI IKSHHS MOJIATaE
y 00pooOnenHi curnaiie 3 EKI Ta anamni3i npo6iiem BusisienHs R-3yoriB Ha EKI 3HATHX 332 q0moMoror XojiTepis
LUTSIXOM MOOY/IOBH 3TV PKEHOTO HETIEPEpPBHOIO CHTHally Ha OCHOBI JUCKPETHHX AaHUX, OTPHUMaHHUX y Ipoleci
oun¢pyBaHHs. J{MCKpETHICTh MOYAaTKOBOTO CHUTHANly YCKJIAIHIOE AW(EpEeHIIIOBaHHS Ta TOYHE BHU3HAYCHHS
XapakTepHUX TOYOK, 30Kpema R-3yOuiB, 10 BiAIrparOTh KIIOYOBY POJIb Y JIArHOCTHIN CEPIIEBUX 3aXBOPIOBAHb.
MeToa KyCKOBO-ITOJIHOMIaNbHOTO 3IVIQJUKYBAaHHS BXIAHUX JaHMX 3 METOI0 OTPHMAaHHS HenepepBHOI (yHKIIT
CIENiaJbHOTO BUIIISAAY JO3BOJIMB HE JIMIIE OTPUMATH HENepepBHY (YHKIIO, a i 3a0e3MeYnTH HENepepBHICTH ii
MEpIIo] MOXiJHOI, IO KPUTUYHO BAYJIMBO JUIS MOJAJIBLIOTO aHajli3y MOBEAIHKHM CHTHAIy Ta BH3HAYECHHS TOUYOK 3
pi3KO0 3MiHOIO KpPHBH3HHU curHaiy. HaykoBa HOBH3HA LbOTO JIOCIIiKCHHS MOJSTa€ y BUKOPUCTaHHI KYCKOBO-
MOJTIHOMiaJIbHOTO HAOJIMKEHHSI IPYToro MOPSAKYy s npencrasinenHs curnany EKT. Le# minxin 103Bosisie 3MEHIINTH
IIyM B CHTHAJI Ta MPEACTABUTH AWCKPETHUH CHUTHAN Y BUTIIAAI (YHKIII HEIepepBHOI pa3oM 31 CBOEIO MEPIIOI0
MTOXiTHOIO Ta KOPEKTHO O0YHCITIOBATH il oXinHy. Pe3yabpTaToM € BusBIeHHS R-3yOLiB OUISIXOM aHAai3y MOXiqHOI
3TJIaJPKEHOTO CHUTHANY: Oyi0 BUAINICHO NINISTHKH 3 PI3KUMH 3MiHaMH, sKi xapaktepHi mma QRS-kxommekcy Tta
moOyI0BaHO iTEpPaTUBHY CXEMY 3TV KYBaHHS, KiJbKICTh iTepariil y AKiif BU3HAYEHO 3aIIPOTIOHOBAHINM KPHUTEpiEM
3YIIUHKH. 3aIpoIOHOBAaHUN METOA OyJo peayizoBaHO MPOTPaMHO Ta IPOTECTOBAHO HA JAaHWX, B3ATHX 3 BiIKPHTOI
6a3u manux MIT-BIH Arrhythmia Database mo mictuth monan 60 3amuciB Ta Oinbine cTa THCSY aHOTOBaHHX R-
3yOuiB. Pe3ynbpratu MOpIiBHSIHO 3 JOCHIPKEHHSMH 1HIIMX aBTOPiB, BUKOPUCTOBYIOUM MeTpUKy F; score Ha 6a3i
CTaHJAPTHUX METPUK TOYHOCTI Ta YYTJIMBOCTi. BHCHOBKHM: B JOCIIJDKEHHI IPOMOHYEThCS E(QEKTUBHHI Ta
aganTUBHUH miaxig go oopodku EKI-curHanis, mo 3a0e3neuye HajiliHe BUsIBICHHS R-3yOIiB 3a yMOB 3HaYHOTO
urymy, aperidy 6a3oBoi JiHii Ta iHIUBIyabHUX BiIMIHHOCTEH NaieHTiB. OTpHUMaHi pe3ynbTaTh MPOoAEMOHCTPYBAIIU
BHCOKI 3HAYCHHS 32 MeTpukamb: 110 99.5% (cepenue monazn 99.1%), F; score: crabinbHo nepesuinye 99%, y neskux
3anucax — 100%. TakuM 4MHOM 3aIpONOHOBAHMH i /IXiJl € KOHKYPEHTOCIIPOMOXKHHM, IEMOHCTPYE BUCOKY TOYHICTh
BUSIBJICHHsT R-3yOLiB NpH apuTMisxX, iHBEpCisiX 3yOliB, HectaHaapTHid Mopdosorii QRS-kommuiekcy Torio.
Pesynbratn gocnmijpkeHHs MOXyTh Oyrn BuKopucTani y mnpaktuni aHamizy EKI, 3okpema y mnoOynosi
AaBTOMATH30BaHUX CHCTEM J1arHOCTHKHU abo IonepetHp0i 00poOKH CUTHAITY Iiepel 3aCTOCYBaHHIM KJIacH(iKaiHHIX
METO/IiB.

KurouoBi cjoBa: enexTpokapiiorpaMa; KycKOBO-TIOJNIHOMiajbHe HaOmmxkeHHs; R-3y0mi; 3ria/pkyBaHHS,
mudepennitoBanas EKT; MIT-BIH.

€¢ppemo Muxkosaa CepriiioBuu — acuct. xad. TeopeTndyHoi KiGepHernkd, KuiBCBbKWI HaiiOHATBHUI
yHiBepcureT iMeHi Tapaca Illepuenka, Kuis, Ykpaina

Jismko Auapii BosonummMupoBH4Y — acucT. Kad. TeoperndHoi KiGepHeTrkw, KHIBCBKMI HaIllOHAIBHHI
yHiBepcureT iMeHi Tapaca Illesuenka, Kuis, Ykpaina

Kpak IOpiii BacunsoBuu — wr-kop. HAH VYkpainu, a-p ¢i3-mar. Hayk, mpod., 3aB. Kad. TeopeTHIHOI
kibepHeTnkH, KnuiBcbkuii HallioHanbHMI yHiBepcuTeT iMeHi Tapaca IlleBuenka; npoBiiHUN HAYKOBHH CIiBPOOITHHK,
IncTuTyT KiGepHeTHkH iMeHi B. M. I'mynikoBa HAH Ykpainu, Kuis, Ykpaina.

Creanst Oger bopucoBuu — kanz. §i3.-mar. Hayk, non., KniBcbkuil HalioHanbpHuUi yHiBepcuTeT iMeHi Tapaca
IlleBuenka; crapul Hayk. criBpoO. [HcTuTyTy KibepHeTrku imeHi B. M. I'mymxoBa HAH Ykpainu, Kuis, Ykpaina.

Mykola Yefremov — Assistant of the Theoretical Cybernetics Department, Taras Shevchenko National
University of Kyiv, Kyiv, Ukraine,
e-mail: yefremov@knu.ua, ORCID: 0000-0001-8698-3957, Scopus Author ID: 57217113343.

Andrey Liashko — Assistant of the Theoretical Cybernetics Department, Taras Shevchenko National University
of Kyiv, Kyiv, Ukraine,
e-mail: andrey.liashko@knu.ua, ORCID: 0009-0006-1335-2314.

lurii Krak — Corresponding Member NAS of Ukraine, Doctor of Physical and Mathematical Sciences,
Professor, Head of the Theoretical Cybernetics Department, Taras Shevchenko National University of Kyiv, Leading
researcher of Glushkov Cybernetics Institute NAS of Ukraine, Kyiv, Ukraing,
e-mail: iurii.krak@knu.ua, ORCID: 0000-0002-8043-0785, Scopus Author ID: 6602577533.

Oleg Stelia — Candidate of Physical and Mathematical Sciences, Associate Professor, Taras Shevchenko
National University of Kyiv, Senior Researcher Fellow of Glushkov Cybernetics Institute NAS of Ukraine, Kyiv,
Ukraine,
e-mail: oleg.stelia@knu.ua, ORCID: 0000-0002-1453-501X, Scopus Author ID: 57201773676.


https://orcid.org/0009-0006-1335-2314

