As per UGC guidelines an electronic bar code is provided to secure your paper

. "’f"wi&fi
C 1T
Check for N/

updates ™"

International Journal for Modern Trends in Science and Technology
Volume 12, Issue 07, pages 206-218.

ISSN: 2455-3778 online

Auvailable online at: http://www.ijmtst.com/voll2issue06.html

DOL: https://doi.org/10.5281/zenodo.21362194

Robust Noise-Resilient R-Peak Detection Algorithm for
Multiscale HRV Analysis

Md Abdul Kareem | Dr. Simhadri Vadrevu

Department of Electronics and Communication Engineering, Godavari Global University, Rajahmundry, AP, India.

To Cite this Article

Md Abdul Kareem & Dr. Simhadri Vadrevu (2026). Robust Noise-Resilient R-Peak Detection Algorithm for
Multiscale HRV Analysis. International Journal for Modern Trends in Science and Technology, 12(07), 206-218.
https://doi.org/10.5281/zenod0.21362194

Article Info
Received: 16 June 2026; Revised: 10 July 2026; Accepted: 13 July 2026.

Copyright © The Authors ; This is an open access article distributed under the Creative Commons Attribution
License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original work
is properly cited.

KEYWORDS ABSTRACT

ECG, R-peak detection, heart rate The Heart Rate Variability (HRV) analysis largely depends on the accurate detection of
variability, =~ HRV,  wearable R-peaks in Electrocardiogram (ECG) signals. Particularly in wearable and real-time
monitoring noise-resilient  Monitoring devices where signal quality is frequently affected by motion artifacts, muscle

noise, and surrounding noises. In this work, a robust and noise-resilient R-peak approach is
applied to handle such real-world disturbances effectively while supporting multiscale HRV
analysis. The proposed method is analyzed using sleep ECG recordings, and the resulting
time-domain HRV measures shows consistent and stable patterns among different subjects.
The SDNN values range from 0.0449 + 0.0132 s to 0.1189+ 0.0139 s, while RMSSD values
vary between 0.0221 + 0.0026 s and 0.0757 + 0.0467 s. The coefficient of variation (CVNN)
is observed within 0.0542 + 0.0154 to 0.1327 + 0.0159. In the frequency domain,
low-frequency (LF) power ranges from 0.0006+ 0.0003 to 0.0070 + 0.0020, whereas
high-frequency (HF) power varies between 0.0001 = 0.0001 and 0.0029 + 0.0035. The
LF/HF ratio spans from 0.9377 + 0.5480 to 11.8765 + 4.1753. The results show that the
proposed algorithm continues to detect R-peaks consistently and provides physiologically
meaningful HRV parameters, even when the signal is noisy. As a result, it makes suitable
for long term wearable health monitoring applications.

detection, multiscale analysis

1. INTRODUCTION several clinical approaches have developed for

Every year, death of millions of people all around the
world due to cardiovascular diseases (CVDs), is making
a significant challenge to healthcare providers [1].
Thereby having an early diagnosis immediately after
onset of primary symptoms and monitoring one's health
to prevent serious cardiac conditions has gained

significant importance in recent times [2]. There are
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addressing heart-related conditions, among heart rate
variability (HRV) being one such technique. It is
considered as a non-invasive biomarker detection
technique that represents the relationship between the
sympathetic and parasympathetic branches of the
autonomic nervous system [3]. HRV is generally

obtained from electrocardiogram (ECG) signals and
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offers valuable insights of heart function, body stress
levels, and the activity of the human autonomic nervous
system [4]. In Recent times the biomedical sensing
technologies have advanced the

health  devices

development of

wearable capable of tracking
physiological signals in everyday environments and in
scenarios where individuals are outside healthcare
facilities [5]. These wearable health devices majorly have
with MEMS based

communication

sensors components, wireless

embedded

processing systems to get ECG signals in real time [6]. As

modules, and signal
a result, these systems support to record long-term
cardiac monitoring during everyday activities and help
in the early identification of cardiovascular conditions
[7]. Particularly, wearable health devices that track ECG
signals have attracted public attention due to their
convenience, accessibility, and cost-effectiveness in
providing continuous health assessment and monitoring.
[8].

Even though wearable health devices are having several
advantages and various technologies that offer multiple
benefits to record ECG signals, they are usually affected
by different kinds of noise and interference [9], such as
body movement, muscle activity, baseline drift, and
Power line noise, all of which can degrade the quality of
the recorded ECG signal [10]. These disturbances can
change the characteristics and morphology structure of
ECG waveforms, making it difficult to extract accurate
information and increases the difficulty of further
analysis [11]. As a result, the presence of noise can
reduce the effectiveness of HRV analysis and may lead to
incorrect conclusions of cardiac health conditions [12].
The R-peak of the QRS complex in an ECG signal
represents the highest amplitude, is crucial to accurately
detect the HRV analysis [13]. These HRV parameters are
derived from the time intervals of the consecutive
R-peaks, which are referred as RR intervals [14]. A minor
error in detection of R-peak can change results in HRV
metric curves and decreases the accuracy of
cardiovascular analysis [15]. Standard R-peak detection
methods primarily use signal filtering, differentiation,
and adaptive threshold to identify QRS complexes in
ECG signals [16].

While

conditions, their performance declines when used with

these methods work well under normal

ECG recordings collected from wearable health devices
[17]. Due to which, during real-time monitoring, ECG

207

e
International Journal for Modern Trends in Science and Technology

recordings may be affected by random noise and
waveform may disrupt, which impacts traditional
algorithms [18]. To address these challenges related with
ECG signals, researchers have implemented various
advanced signal processing techniques to improve the
signal quality before extracting important features for
further analysis [19]. Wavelet transforms, adaptive
filtering, and multiscale signal decomposition are such
techniques that are used to improve the analysis of ECG
signals [20]. These techniques help in separating valuable
heart data from unnecessary noise while maintaining the
waveform shape and pattern of the ECG signal that is
necessary [21]. This QRS complexes across various
frequency ranges identify multiscale analysis and
improve peak detection accuracy in noisy recording
conditions [22].

that the traditional

processing methods are widely applied, due to increase

Recent studies show signal
in importance of intelligent algorithms and machine
learning techniques for automated ECG analysis [23].
These data-based techniques can identify complex
patterns in physiological signals, thereby improving the
accuracy of cardiac event detection in large scale datasets
[24]. However, if ECG signals are affected by noise or
artifacts then maintaining consistent performance
becomes a challenge. As a result, creating a strong
algorithm that can maintain high performance in the
presence of noise is a crucial need for accurate HRV
analysis and real-time wearable health monitoring
applications [25]. This study proposes a Robust Noise
Resilient R-Peak Detection Algorithm for Multiscale
HRYV Analysis. The main aim of the proposed method is
to improve the R-peak accuracy by combining advanced
preprocessing techniques with multiscale signal analysis.
Which helps to reduce noise while keeping essential ECG
features and improves RR interval extraction. Thus, this
framework improves HRV analysis and supports
health

long-term cardiac monitoring in wearable

systems.

II. RELATED WORK

Modern healthcare related to ECG and HRV analysis
have explained the importance of ECG-based cardiac
analysis, HRV estimation, and automatic detection of
heart problems mainly in wearable technologies and
remote monitoring systems. Recent studies have also
observed several such as

approaches, using of




biomedical radar to detect atrial arrhythmias [1] along
with Al models that combine compressive sensing with
lightweight convolutional neural networks for accurate
arrhythmia detection [2]. In addition, researchers have
analyses non-contact millimetre-wave cardiography
systems for continuous HRV monitoring [3]. Researchers
have also examined methods for estimating HRV from
photoplethysmography signals using signal
transformation and recurrent learning techniques [4],
and examine ECG-derived HRYV features for applications
like anxiety detection [5]. At the same time, deep
learning and hybrid intelligence techniques have become
vital for cardiac monitoring. For instance, deep learning
methods are used for stress detection through ECG
signals [6], while transformer-based architectures
effectively predict atrial fibrillation from short ECG
recordings [7]. Researchers have also studied the effect of
ECG noise on ultra-short-term HRV parameters [§],
revealing issues with real-world signal conditions.
Further studies focus on heart rate estimation with
convolutional and adversarial frameworks [9],
predicting heart disease in healthcare IoT settings [10],
and estimating HRV parameters from long-term wireless
[11]. Other

explored the potential of long-duration HRV as a

physiological recordings research has
wellness marker [12] and the connection between
ultra-short-term HRV and atrial fibrillation in heart
failure patients [13]. Several works emphasize improving
signals, intelligent classification, and = real-time
cardiovascular monitoring. Hybrid Al frameworks with
automatic gain control for ECG monitoring [14], deep
learning and statistical methods for detecting cardiac
[15],
monitoring systems [16] reflect the growing interest in
automated hybrid
CNN-based models for arrhythmia detection [17],

advanced deep learning for multi-lead ECG diagnosis

arrest and multi-sensor cardiovascular health

reliable analysis.  Likewise,

[18], optimized arrhythmia prediction models [19], and
CNN-based panic attack detection using ECG signals
[20] show the wide-ranging use of ECG-driven decision
systems. Machine learning based studies such as heart
disease classification have played a key role in
improving cardiac analysis [21], arrhythmia related HRV
detection [22], prediction of sudden cardiac death [23],
heartbeat [24],

multimodal deep learning approaches for cardiovascular

classification among patients and

risk prediction [25]. world issues like motion-related
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drift,

environmental disturbances. Thus, accurate detection of

noise, muscle interference, baseline and
RR intervals is crucial for HRV analysis. Even a minor
error in peak detection can impact time-domain, The
frequency-domain, and nonlinear HRV measures, which
affects the further analysis. These challenges state the
need for a strong and noise-resistant R-peak detection
system that improves ECG features while improving
peak detection accuracy. This approach is essential for
supporting multiscale HRV analysis in real-world

monitoring settings.

III. PROPOSED METHODOLOGY

Proposed framework works to find R-peaks even in
noisy ECG signals and extract meaningful multiscale
HRYV features from the identified heart beat locations. The
complete methodology consists of four major stages: ECG
preprocessing,  segment-wise = R-peak  detection,
RR-interval generation and validation, and HRV feature
extraction in the time and frequency domains. A
block-level description of the workflow is as follows: 1)
acquisition and resampling of ECG data, 2) normalization
and segment-wise peak detection, 3) refinement of
candidate R-peaks using physiological constraints, and 4)
computation of HRV indices from validated RR intervals.
Fig. 1 shows the overall workflow of the proposed

method.

ECG Signal Acquisition Preprocessing /Resampling: 2504k-+100% | Segment-Wise R-Peak | | Physilogical Refnement

Segmentation: 10 s i Detection

(P Daliase) Normalization ecq_peakdetector_filtering (ggzm?:)
Robust HRV Features Time-Domain HRV Features 1 Frequency-Domain HRV Features
MedianNN, CNN, CVSD, = MeanNN, SDNN, RMSSD, ~ —— VLF, LF, HF

MAD, IQR SDSD, pNNSO, pNN20 |

v

RR Intervals
Spectral / Time-Frequency Analysis
Welch PSD, Burg PSD, Lomb-Scargle, SPWVD

¥

| Multiscale HRV Analysis &
i Cardiovascular Assessment

Fig. 1.

noise-resilient R-peak detection and multiscale HRV

Block diagram of the proposed robust

analysis framework.




A.ECG Signal Acquisition and Preprocessing
The ECG recordings are obtained from the SLP

database. In the implemented workflow, the original
ECG signal is loaded from the database and the first
channel is selected for analysis. Since the original
sampling frequency is 250 Hz, the signal is resampled to
100 Hz before R-peak detection in order to reduce
the
dominant morphology of the QRS complex. The analyzed

computational complexity while preserving

ECG signal is represented as
x[n] = resample(s[n], 100, 250), (1)

where s[n] denotes the original ECG sequence and x[n]

denotes the resampled signal.

For localized and robust analysis, the resampled ECG is
divided into fixed-duration segments of 10s each. If fs is
the working sampling frequency and T'sg is the segment

duration, then the segment length in samples is

Nseg= fs *Tseg- 2)

In this work, f; =100 H; and Ty, =105,

so that each segment contains 1000 samples.

To reduce amplitude variability between segments,
each ECG segment is normalized with respect to its

maximum absolute amplitude:

_ x[k]
Kokl = et - )
This normalization stabilizes the input range and
improves the consistency of subsequent peak detection

across records with different amplitudes.

B.Segment-Wise R-Peak Detection

After normalization, each ECG segment is processed by
the peak detection function ecg_peakdetector_filtering.
The detector produces several intermediate outputs,
corresponding to different stages of the processing chain,
together with the final R-peak locations. Based on the
implemented code and output visualization, the signal
flow includes the normalized ECG, an intermediate
transformed signal, a smoothed representation, a
decision signal, approximate peak locations, and the final
detected R-peaks.

Let the normalized input ECG segment be denoted by
X, [K].

operations is

A sequence of filtering and enhancement
applied to emphasize rapid transitions
associated with QRS complexes while suppressing slow
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baseline variations and high-frequency disturbances. The

intermediate outputs may be represented generically as

d[k] = F1{x,[K]}, (4)
s[k] =F2{d[k]}, ©)
z[K] = F3{s[Kk]}, (6)

where F, {}, F, {}, and F; {}

transformation, smoothing, and enhancement stages

denote the internal
used to expose QRS-related events. Approximate peak
locations are first identified from the transformed signal,
and the final R-peak positions are then selected after

refinement.

If Rgeg = {r1, 72, . . ., Ty} denotes the detected R-peak
sample positions within a segment, then their absolute

positions in the full ECG recording are obtained as
Rabs = (i = 1)Nseg + Rseq , (7)

where i denotes the segment index. The final collection of
detected  peaks over the complete ECG record is
constructed by the

concatenating segment-wise

detections.
C.Physiological Refinement of Candidate Peaks
Since ECG

ambulatory environments may contain motion artifacts

signals acquired in wearable and
and noise-induced false peaks, the candidate detections
are further constrained using physiological rules. In
particular, the RR intervals obtained from successive
detected peaks must fall within a physiologically
plausible range. If D = {d1, d2, . . ., dy} denotes the
validated R-peak sample positions, then the RR intervals
are computed as

RR, = di+1 - di %
fs

,i=1,2,.. ,N-1L 8)
Only intervals satisfying,

0.3<RR;<2.0s )
are retained for subsequent HRV analysis. This range
suppresses implausibly short intervals due to false
detections and abnormally long intervals caused by
missed peaks or corrupted segments. Segments with
insufficient valid peaks are discarded from HRV

computation.

D. Multiscale HRV Analysis

After robust R-peak localization, HRV analysis is
performed on the detected peaks. The validated R-peak
sequence is divided into non-overlapping segments of




duration 5 min for multiscale HRV estimation. For each
segment, both conventional and robust HRV descriptors

are computed

1) Time-Domain HRV Features: Let the valid NN interval

sequence in a segment be

{NN1, NNy, ... NNn}. (10)
The mean NN interval is given by
—— 1
N = NziNZINNi. (11)
The mean heart rate is computed as
Mean HR = 222 (12)
NN

When NN is expressed in milliseconds.
The standard deviation of NN intervals (SDNN) is

1 ——\2
SDNN = \/E YK, (NN; —NN) (13)

The root mean square of successive difference (RMSSD)

is

RMSSD= [ SN5 (NN, = NN (14)
If

di= NN~ N,
then the standard deviation of successive differences
(SDSD) is

(15)

=\ 2
SDSD = |——3N-1(d; — d), (16)
where
d= ——¥Nd;. (17)

The coefficient of variation of NN intervals (CVNN) is

expressed as

CVNN =22 (18)
NN
and its percentage is from
o/ _ {SDNN
CVNN% = (22) x 100. (19)

The count of adjacent interval changes greater than 50ms

is

NN50 = %51 I(INN;,; — NN;| > 50), (20)
and the corresponding percentage is
PNN50 = S22 x 100. 1)

Similarly, the count of adjacent interval changes greater

then 20ms is
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NN20 = YN I(INN;y; — NNj| > 20), (22)
and
PNN20 = <22 x 100. (23)

In addition to these conventional features robust,
statistical descriptors are also extracted from each
segment, including the median NN interval median
absolute deviation (MAD), interquartile range (IQR), and
the coefficient of variation based on RMSSD:

(24)
These measures improve resilience to outliers and

artifact-prone beats.

2) Frequency-Domain HRV Features: For frequency
domain analysis, the valid RR interval sequence is
converted into an evenly sampled tachogram. Let the
unevenly sampled, cubic spline interpolation is used to

obtain a uniformly sampled series at 4 Hz:

RR; (t) =
(25)

The interpolated sequence is then mean-centered before

interpl( tgr , RR, tinterp , spline).

spectral analysis:

RR.(t) = RR(t) ~Ugr,» (26)

where figpg, is the mean of the interpolated RR series.

The power spectral density (PSD) is estimated using
Welch’s method. If x(n) denotes the interpolated RR

sequence, then its discrete spectrum is

X(f) = Xpzo x(m)e /2T, (27)
and the corresponding PSD is

psD(f) 2L (28)
The total power is defined as

TP = [, PDS(f)df . (29)

The standard HRV frequency bands are calculated as

0.04

VLE= [’ PSD(f)df, (30)
LE= [ PSD(f)df, (1)
HE = [0 PSD(f)df. (32)

The sympathovagal balance index is then obtained as




% . (33)
The normalized spectral powers are computed as

LE,, = ﬁ x 100, (34)

HF,, = —%— % 100. (35)

LF+HF

3) Additional Spectral and Time-Frequency Analysis:
To provide complementary spectral interpretation, the
RR interval series is further analyzed using multiple
spectral estimation approaches, including the classical
periodogram, Welch PSD, autoregressive Burg PSD, and
Lomb-Scargle periodogram. These techniques allow
comparison of spectral trends under different
assumptions and are particularly useful when RR
interval series are short or non-uniformly sampled.

In addition, time-frequency characterization is
performed using the smoothed pseudo-Wigner—Ville
distribution (SPWVD). If the dedicated SPWVD function
is unavailable, a spectrogram is used as a fallback
representation. This step enables visualization of
temporal changes in HRV spectral content and helps

characterize multiscale autonomic modulation.

E. Implementation Summary

The proposed framework workflow is summarized as
follows:

1) The ECG signal is loaded from the database, and the
required channel for analysis is selected.

2) The signal is resampled from 250 Hz to 100 Hz to
support effective peak detection.

3) Divide the ECG into 10 s segments and normalize each
segment.

4) Apply the R-peak detection function to obtain
intermediate processing signals, approximate peaks, and
final R-peaks.

5) Convert segment-wise R-peak indices into full-record
positions.

6) Compute RR intervals and reject values outside the
range 0.3sto2s.

7) Divide the validated peak sequence into 5 min
windows for HRV analysis.

8) Extract time-domain, robust statistical, and frequency

domain HRV features.
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9) Analyze the spectral behavior using Welch, Burg,

Lomb-Scargle, periodogram, and SPWVD-based
representations.

The proposed methodology therefore combines noise
resilient ECG peak detection with multiscale HRV feature
extraction, enabling stable cardiac variability analysis in

the presence of realistic disturbances.

IV. DATASET AND EXPERIMENT SETUP

A. Dataset Description
The proposed method was evaluated using ECG
recordings from the SLP database. In the implemented
workflow, the ECG signal was loaded from the database
record file and the first signal channel was selected for
analysis. The study considered a total of 18 ECG
recordings, as reflected in the reported HRV summary
tables for records such as slp0lam, slpOlbm, slp02am,
slp02bm, slp03m, slp04m, slpl4m, slplém, slp32m,
slp37m, ‘slp4lm, slp45m, slp48m, slp59m, slp60m,
slp61m, slp66m, and slp67xm. These records were used
to evaluate the robustness of R-peak detection and the
consistency of the derived HRV parameters across

multiple subjects and recording conditions.

The original ECG recordings were sampled at 250 Hz.
For the R-peak detection stage, the ECG signals were
resampled to 100 Hz in order to reduce computational
the QRS
HRV analysis stage was then

complexity while preserving dominant
morphology. The
performed using validated R-peak annotations and RR

intervals derived from the detected peaks.
B. ECG Detection Setup

For noise-resilient R-peak detection, each ECG record
The

resampled signal was divided into 10 s windows,

was processed in a segment-wise manner.

corresponding to

Ngeg = fs x Tseg = 100 x10 = 1000 (36)

samples per segment. Each segment was normalized
using its maximum absolute amplitude prior to peak
This

variability between segments and improved consistency

detection. normalization reduced amplitude
in the filtering and decision stages. The R-peak detection
the

ecg_peakdetector_filtering function. For each segment,

algorithm was implemented using

the algorithm produced intermediate processing outputs




together with approximate candidate peaks and final
R-peak locations. The visual outputs generated from this
the

intermediate transformed signals, approximate peaks,

stage included normalized ECG waveform,
and final detected R-peaks. These plots were used to
verify the operation of the detector and to assess whether
the QRS complexes were accurately preserved after

preprocessing.
1 T
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Fig. 2. Intermediate processing stages and final R-peak
detection results for a representative ECG segment. The
the normalized ECG,

detection signals, approximate candidate peaks, and

figure shows transformed

refined R- peak locations.

C. HRYV Analysis Setup

After R-peak detection, the detected peak positions were
into RR

physiological constraints. Only intervals satisfying

converted intervals and screened using

0.3<RR;<20s

were retained for HRV analysis.

(37)

This step reduced the influence of false detections, missed

beats, and artifact contaminated segments.

The validated R-peak series was then analyzed using
non- overlapping 5 min windows. For each window,
time-domain and frequency-domain HRV parameters
were computed. The time-domain analysis included
conventional measures such as Mean NN, SDNN, SDSD,
RMSSD, pNN50, pNN20, and Mean HR, together with
robust measures including Medi- an NN, CVNN, CVSD,
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MAD, and IQR. The frequency-domain analysis included
VLF, LF, HF, total power (TP), LF/HF ratio, and
normalized spectral powers (LF,, and HF,,). These
parameters were computed for all valid segments
of each ECG record, and the mean = standard
deviation values were summarized across the 18

signals.

D. Spectral Estimation Setup

For frequency-domain analysis, the unevenly spaced RR
interval sequence was converted into an evenly sampled
tachogram using cubic spline interpolation at 4 Hz. The
interpolated RR series was then mean-centered before
spectral estimation. Welch’s method was used to estimate
the power spectral density for the primary computation
of VLF, LF, HF, TP, and LF/HF.

To provide additional spectral interpretation, the study
also generated comparative spectral plots using the
classical = periodogram, Welch periodogram, Burg
autoregressive PSD, and Lomb-Scargle periodogram.
These complementary methods were used to examine the
spectral behavior of RR intervals under different

estimation assumptions.
E. Time-Frequency Analysis Setup

To examine the temporal evolution of HRV spectral
content, a time-frequency analysis was also performed. In
the  implemented  framework, the
pseudo-Wigner Ville distribution (SPWVD) was used

when the required function was available. Otherwise, a

smoothed

spectrogram-based representation was generated as an
alternative. This analysis provides a visualization of how
the spectral components of RR variability changed over

time and supported multiscale HRV assessment.

F. Performance Reporting

The results for each ECG record were summarized using
the mean * standard deviation. Table I represents the
time-domain HRV parameters computed from the
analysed SLP database records, while Table II represents
the corresponding frequency-domain HRV parameters.
These tables provide the numerical basis for evaluating
the stability of the proposed R-peak detection and HRV

estimation framework across all the 18 signals.




V. RESULTS AND DISCUSSION

The proposed noise-resilient R-peak detection framework
was evaluated using 18 ECG records from the SLP
database. This section discusses the accuracy of R-peak
detection and the reliability of the derived HRV

parameters in both time and frequency domains.

A.R-Peak Detection Performance

The proposed method processes the ECG signal in short

segments and produces intermediate transformed

signals be- fore finalizing the R-peak locations. As shown
The

intermediate processed

in Figure 2, normalized ECG waveform,

signals, approximate peak
candidates, and final detected R-peaks indicate that the
detected framework is capable of identifying the QRS
complexes while suppressing unwanted disturbances.
The

candidates to final R-peaks highlights the usefulness of

progressive  refinement from approximate

the multistage filtering and decision process for robust
detection.

Comparison of R-Peak Detection Methods on Original ECG Signal

 Basicfindpeaks onECG Tuned findpeaks on ECG

¥

t'v’y

il

I

_ Threshol

Fig. 3. Comparison of R-peak detection methods on
ECG
peak-finding approaches and the proposed detection

framework.

representative

signals using conventional

The comparison results indicate that traditional
methods such as findpeaks, islocalmax, and basic
threshold-based approaches are more sensitive to
waveform fluctuations and noise artifacts. In
comparison, the proposed framework provides more
consistent peak localization by combining signal

enhancement, candidate selection, and physiological
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validation stages. This reduces false detections and

improves robustness across different ECG signal
condjitions.

In practical ECG monitoring, especially in wearable or
ambulatory conditions, signal quality is often affected by
motion artifacts, amplitude variation, and baseline
disturbances that affects the morphology of the QRS
complex. The visual output in Fig. 2 suggests that the
the QRS

structure and provides stable peak localization, which is

proposed detector maintains dominant
essential for subsequent RR interval estimation and HRV
computation.

The accurate identification of R-peaks is a critical
requirement for reliable HRV analysis because even a
small number of missed or falsely detected beats can
significantly affect RR interval statistics and derived
HRV parameters. The observed consistency of the
different

suggests that the proposed framework provides a

detected peaks across signal conditions
dependable RR interval sequence for both time-domain
HRV This

capability is particularly important when analysing

and frequency-domain computation.

long-duration recordings, where cumulative detection

errors may distort autonomic nervous system
assessment.
B.Time-Domain HRV Results
MedianNN CVNN
! oosf Y
P [
o.o7f | i |
0.95 oos| [ | [
Lo
o.05|© (Iv/o\( 2 & ) (/1
0.9 0.04 =
80 o 20 40 60 80

0025}

o 20 40 60 a0

(o] 20 40 Gb a0 o] 20 40 60 a0
Time (min)

The time-domain HRV parameters derived from the
detected peaks for the 18 SLP database records are listed
in Table I. The results indicate that the proposed

detection HRV

framework provides consistent

parameters from multiple recordings.




TABLE 1: TIME-DOMAIN HRV PARAMETERS (MEAN *

meaningful variations required for reliable HRV

SD) FOR THE SLP DATABASE RECORDS. analysis.
1 MeanNN 0.08 SDNN
Record SDNN RMSSD CVNN CVSD at
0.07 |
slp0lam 0.0507 + 0.0221 + 0.0542 + 0.0236 + bos 0.06
0.0141 s 0.0026 s 0.0154 0.0028 0.05
slp01bm 0.0519 £ 0.0222 + 0.0587 + 0.0249 = 0.9 20 0-04 0
0.0207 s 0.0073 s 0.0245 0.0083 )
slp02am 0.0770 + 0.0757 + 0.1160 + 0.1137 + o=l >
0.0459 s 0.0467 s 0.0662 0.0660
0.02 0.02
slp02bm 0.0692 = 0.0649 = 0.0928 = 0.0859 =
0.0401 s 0.0467 s 0.0514 0.0593 0.015 —————————————— 0015, o
slp03m 0.1189 + 0.0678 + 0.1327 + 0.0752 + . o
0.0139 s 0.0117 s 0.0159 0.0106
4 40
slp04m 0.0821 0.0591 = 0.1093 = 0.0785 £
2 30
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0.0132 s 0.0087 s 0.0171 0.0107
windows indicate natural physiological changes while
slp48m 0.0905 + 0.0473 + 0.1046 + 0.0546 + o : T
0.0136 s 00102 s 0.0174 0.0121 maintaining consistent estimation across the analysed
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The SDNN values range from 0.0449 + 0.0132 s for
record slp45m to 0.1189 + 0.0139 s for record slp03m.
Similarly, RMSSD varies from 0.0221 + 0.0026 s for
slp0lam to 0.0757 +0.0467 s for slp02am. The coefficient
of variation of NN intervals (CVNN) spans from 0.0542
+ 0.0154 to 0.1327 + 0.0159, while CVSD ranges from
0.0236 + 0.0028 to 0.1137 + 0.0660. These ranges indicate
that the detected RR sequences maintain physiologically

o 20 40 60 80

a0 (o] 20 40 60 a0
Time (min)

HRV

Robust
representative 5 min segments, showing Median NN,
CVNN, CVSD, MAD, IQR, and Mean HR.

Fig. 5. time-domain trends for
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Fig. 5 explains about robust HRV measures that are less
sensitive to outliers and occasional errors in peak
detection. MedianNN, MAD, IQR, CVNN, and CVSD
provide valuable information regarding the distribution
and consistency of RR intervals. The stability of these
parameters across multiple windows further supports the
reliability of the proposed R-peak detection framework

for accurate HRV analysis.

C.Frequency-Domain HRV Results

The frequency-domain HRV parameters for the same 18
ECG records are listed in Table II. These results further
confirm that the proposed framework produces
meaningful spectral HRV measures from the detected RR

intervals.

TABLE 2: FREQUENCY-DOMAIN HRV PARAMETERS

Record LF HF TP LF/HF
slp0lam 0.0013 £ 0.0002 £ 0.0032 £ 8.5696 +
0.0003 0.0001 0.0017 4.1934
slp01bm 0.0006 + 0.0003 0.0028 + 3.1504 +
0.0003 0.0002 0.0019 2.3768
slp02am 0.0036 £ 0.0029 £ 0.0091 £ 1.3644 +
0.0034 0.0035 0.0083 0.8811
slp02bm 0.0023 + 0.0016 + 0.0071 £ 1.4804 +
0.0039 0.0022 0.0112 0.5418
slp03m 0.0070 £ 0.0015 £ 0.0166 £ 5.4613 £
0.0020 0.0006 0.0039 2.7890
slp04m 0.0052 + 0.0026 + 0.0120 £ 2.0711
0.0051 0.0023 0.0108 0.8293
slp14m 0.0015 £ 0.0005 0.0048 £ 3.6559 =
0.0010 0.0004 0.0036 2.3654
slpl6m 0.0012 + 0.0003 + 0.0035 + 4.7348 +
0.0005 0.0001 0.0013 2.1061
slp32m 0.0018 £ 0.0003 = 0.0041 £ 9.5616 =
0.0018 0.0003 0.0038 4.8899
slp37m 0.0036 + 0.0004 + 0.0085 + 9.1904 +
0.0015 0.0002 0.0027 1.1427
slp41m 0.0014 £ 0.0001 £ 0.0042 £ 11.8765 +
0.0007 0.0001 0.0024 4.1753
slp45m 0.0007 £ 0.0007 + 0.0023 + 0.9377 +
0.0004 0.0003 0.0015 0.5480
slp48m 0.0038 £ 0.0006 0.0113 £ 6.8510 =
0.0016 0.0002 0.0043 2.8303
slp59m 0.0029 + 0.0006 + 0.0081 + 4.6424 +
0.0020 0.0003 0.0043 2.7188
slp60m 0.0017 £ 0.0010 = 0.0056 + 1.8535 +
0.0004 0.0004 0.0016 0.9275
slp61m 0.0027 + 0.0011 + 0.0076 + 3.2639 +
0.0012 0.0008 0.0028 1.8032
slp66m 0.0043 £ 0.0011 £ 0.0112 £ 3.8676
0.0023 0.0005 0.0039 0.9155
slp67xm 0.0016 + 0.0005 + 0.0072 £ 3.4879 +
0.0005 0.0001 0.0014 1.1327

(MEAN + SD) FOR THE SLP DATABASE RECORDS.

The LF power values vary from 0.0006 + 0.0003 for
slp01bm to 0.0070 + 0.0020 for slp03m, whereas the HF
power ranges from 0.0001 +0.0001 for slp41m to 0.0029 +
0.0035 for slp02am. Total power spans from 0.0023 *
0.0015 to 0.0166 +0.0039, and the LF/HF ratio ranges from

0.9377 + 0.5480 to 11.8765 + 4.1753.
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Fig. 6. Frequency-domain HRV trends for representative
5 min segments, including VLF, LF, HF, LF/HF,

normalized spectral powers, and total power.

The plots in Fig. 6 show the time variation of VLF, LF,
HF, LE/HF ratio, normalized spectral powers, and total
power. These parameters are useful for understanding the
distribution of autonomic activity over different frequency
bands. The stable behavior of these estimated values
across different frequencies suggests that the RR interval
sequences generated by the proposed detector are suitable

for accurate frequency domain HRV analysis.
D. Comparative Spectral and Time-Frequency Analysis

In order to further analyze the frequency
characteristics of the extracted RR interval series, the
study also generated comparative spectral plots using
the classical periodogram, Welch PSD, Burg PSD, and

Lomb-Scargle periodogram techniques.
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Fig. 7. Comparative spectral estimation of RR interval

variability using the classical periodogram, Welch PSD,
Burg PSD, and Lomb-Scargle periodogram.

Fig. 7. Explains that the applied spectral analysis
techniques effectively capture the low and high
frequency information contained in the RR interval
series. Among them, the Welch-based PSD used for
quantitative HRV estimation provides stable band power
estimation, while the Lomb-Scargle method is useful for
analysing non-uniform

RR interval behavior.

SPWVD Time-Frequency

0.5

50 100 150 200 250
Fig. 8. Time-frequency representation of RR interval
variability =~ obtained  using SPWVD  or its

spectrogram-based fallback.

The time-frequency representation shown in Fig. 8
provides a multiscale view of the time varying spectral
energy patterns in the RR interval sequence. The use of
the Ville

smoothed pseudo-Wigner distribution
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(SPWVD), or the fallback spectrogram when SPWVD is
unavailable, helps visualization of dynamic variations in
autonomic nervous system activity. This representation
is useful in identifying variations in spectral activity over
time that may not be fully captured by a single stationary
spectral estimate.

The agreement between the different spectral
the

representation further supports the quality of the

estimation approaches and time frequency
extracted RR interval sequence and supports the
reliability of the proposed framework for comprehensive

HRYV analysis.

E. Discussion

The results indicate that the proposed framework is
capable of generating reliable HRV measurements from
ECG recordings after accurate R-peak detection. The
time-domain parameters show consistent variability
patterns across the evaluated recordings, while the

frequency  domain features retained important

information related to autonomic nervous system
activity. In addition, robust statistical measures, such as
MedianNN, MAD, IQR, CVNN, and CVSD improved
the analysis of HRV characteristics, mainly when the
Overall, the

combined findings from the peak detection plots, HRV

signals contained noise or artifacts.
trend figures, tabulated numerical results, and spectral
representations suggests that the proposed approach is
suitable for multiscale HRV analysis in realistic ECG
monitoring conditions. Furthermore, the framework
shows strong growth for wearable health devices and
long duration ECG monitoring systems where accurate
R-peak detection in the presence of signal disturbances is

crucial for cardiovascular assessment.

VI. CONCLUSION

This paper presented a robust noise-resilient R-peak
detection framework for multiscale heart rate variability
analysis using ECG signals obtained under realistic
monitoring conditions. The proposed method integrated
ECG preprocessing, segment-wise peak detection,
physiological validation of RR intervals, and multiscale
HRV feature extraction in both time and frequency
domains. To improve performance under challenging
conditions, the framework was designed to improve
reliability in the presence of noise, motion artifacts, and

waveform distortions. The experimental evaluation on




18 records from the SLP database showed that the

proposed  framework  produced  stable  and
physiologically meaningful HRV estimates. In the time
domain, SDNN ranged from 0.0449 + 0.0132 s to 0.1189 +
0.0139 s, while RMSSD varied from 0.0221 + 0.0026 s to
0.0757 + 0.0467 s. In the frequency domain, LF power
ranged from 0.0006 + 0.0003 to 0.0070 + 0.0020, HF power
ranged from 0.0001 + 0.0001 to 0.0029 + 0.0035, and the
LF/HF ratio varied between 0.9377 + 0.5480 and 11.8765 +
4.1753. These results indicate that the detected R-peak
sequences maintained meaningful variability
information required for reliable HRV analysis. Overall,
the proposed methodology provides a practical solution
for ECG-based HRV analysis in wearable and long-term
cardiac monitoring applications. As future work, the
framework can be extended through large-scale
validation on various ECG databases with widely used
QRS detection

algorithms for improved robustness under severe noise

techniques, along with adaptive

and arrhythmic conditions.
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