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Abstract

Accurate estimation of heart rate (HR) and heart rate variability (HRV) is essential for
continuous cardiac monitoring in wearable devices. Most wearable devices use heartbeat
sensors that capture Photoplethysmography (PPG) signals to measure HR which can
neither identify irregular heartbeats nor arrhythmia-based heart diseases. Cardiac diseases,
autonomic nervous system activities, stress levels, and emotional states can be detected
using HR calculated from beat to beat or between successive R-R peaks. Few existing
studies have calculated HR from RR intervals using timestamps, which vary across systems
and are therefore inaccurate. To address this concern, a novel embedded algorithm named
“RRHR” is proposed that measures HR and HRV based on raw ECG data between R-R
peaks. Compared with an existing method using the MIT-BIH arrhythmia benchmark
dataset, the RRHR approach yielded HR values with significantly reduced errors. RRHR
was also validated against the existing clinical approach and achieved 100% agreement
with the reference heart rate measurements within a tolerance of +1 ECG sample.

Keywords: R-peak; heart rate; heart rate variability; arrhythmias

1. Introduction

Electrocardiography is an important method for noninvasively measuring the electrical
activity of the heart. Electrocardiogram (ECG) devices detect potential changes in heart
activity through electrodes attached to fixed positions on the skin surface of the human
body using bioelectricity. Conventionally, 12 electrodes are used to acquire diagnostic
information about the cardiovascular system and detect any heart disease [1]; however,
fewer than 12 leads are also used in portable ECG devices [2]. A typical ECG waveform
corresponding to sinus rhythm, shown in Figure 1, represents a cardiac cycle and an R-R
interval. The R-R interval exhibits various components, such as the P wave, QRS complex, T
wave, and occasionally a U wave. The P wave represents atrial depolarization and appears
as a small positive deflection before the QRS complex. The QRS complex, comprising
the Q, R, and S points, corresponds to ventricular depolarization, and the R-peak shows
the highest amplitude. Following this, the T wave represents ventricular repolarization,
appearing broader and smoother compared to the QRS complex. The U wave, if present,
indicates late repolarization.

The ECG waveforms are usually different from those shown in Figure 1 because of
abnormal rhythms. It is essential to accurately detect R-peaks for the correct diagnosis of
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heart diseases. The time interval between adjacent R-peaks indicates the heart rate period,
which can assist in detecting abnormalities in the heart. Physicians use commercial 12-lead
ECG machines and calculate HR by counting the number of small grid boxes presented
between R-R peaks on the printed ECG graph sheet. However, these devices are both bulky
and expensive. Portable and stand-alone wearable ECG devices are growing in popularity,
allowing patients to easily monitor their heart health.

cardiac cycle
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Figure 1. ECG waveform with R-R peaks (normal sinus rhythm).

Several studies have been conducted on detecting R-peaks in ECG signals using ma-
chine learning or deep learning models. A 1D-CNN model was implemented on the micro-
controller STM32F407 to classify arrhythmia diseases based on the QRS pattern [3]. The QRS
was detected from a single-lead ECG using a lightweight real-time sliding window-based
Max-Min difference [4]. The R-peak detection algorithm developed using evolutionary
learning [5] did not test the performance using a benchmark dataset. The deep-match
framework for R-peak detection in an ECG acquired through the ear [6] exhibited less than
95% recall. Ten different algorithms for QRS detection were compared in [7]; however, the
authors reported that none of them worked for noisy ECG signals. Heart rate variability
monitored on an embedded system based on an ARM Microcontroller to analyze heart rate
variability in real time using wavelets [8] was used to find the QRS complex by fixing the
coefficient automatically. Arrhythmia disease detection from ECG signals was experimen-
tally conducted using machine learning techniques such as SVM, KKN, PNN, and RBFNN,
and learning classifiers were optimized using ABC and PSO techniques and validated with
the benchmark MIT-BIH database in [9]. However, this study did not calculate HR and
was not clinically validated. Portable ECGs provide insufficient ECG information owing
to limitations in the number of leads and measurement positions. Hence, V-lead signals
were synthesized from limb-lead measurements using R-peak-aligned GANs (Generative
Adversarial Networks). Noisy ECG Signal Analysis for Automatic Peak Detection was
performed using relative-energy-based wearable R-peak detection [10]. The possibility
of finding R-peaks in compressed ECG signals was explored in [11]. ECG features were
extracted using the Hilbert transform and Burg method [12] instead of examination with
the naked eye; independent component analysis (ICA) and chaos analysis [13], and then
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ML techniques, have also been applied to find R-peaks. R-peak detection was approached
as a segmentation task using the U-Net architecture, which was fed with normalized 3D
VCG segments in [14]. Particle Swarm Optimization (PSO) was applied using LSTM, a
meta-heuristic approach to a convolution neural network (CNN) and optimized machine
learning model, to detect R- and T-peaks [15,16]. This work cannot be used for diagnostic
purposes because R-peaks may be missed due to the flattening of R-peaks in the ECG signal.
All the above studies detected R-peaks, but none of them measured HR from R-peaks.
Because the voltage amplitude of the ECG signal is very low, ranging from 0.5 mV to
5 mV, any small deviation in measuring R-peaks in terms of time would impact the HR
measurement and hence the arrhythmia diseases may be subject to incorrect diagnosis.
Recently, a few studies have measured HR and heart rate variability (HRV) using machine
learning and deep learning models. HRV was measured by extracting respiratory features
from a single-lead ECG signal using deep learning models [17].

The R-peak has been detected based on hierarchical clustering and discrete wavelet
transform (DWT) [18] and continuous wavelet transform [19]. The Pan-Tompkins algo-
rithm [20] is widely used for HR detection. It detects HR from the R-R interval based on
time and by averaging the eight most recent R-R intervals. Pan-Tompkins resulted in 99.3%
accuracy when used on ambulatory systems and stand-alone ECG systems. The Modified
Pan-Tompkins algorithm [21] was used for QRS detection by normalizing ECG signals in
short windows at 1200 ms [22]. The R-peak was detected by applying the Hilbert transform
with a real-time ECG signal after the Pan-Tompkins algorithm [23]. The Pan-Tompkins
algorithm was validated for QRS detection in healthy individuals and patients with my-
ocarditis in real time [24]. However, timestamp-based methods are not the most suitable
for embedded systems. Moreover, they do not consider individual R-R intervals and ignore
certain irregularities in the heart rate.

In the literature, several embedded algorithms for QRS and R-peak detection in wearable
devices have been proposed for real-time ECG monitoring. Many QRS detection algorithms
and ECG denoising algorithms are based on self-convolution windows [25-27]. Heart rate
variability (HRV) is a widely accepted physiological marker that reflects autonomic nervous
system regulation of cardiac activity and has found applications in cardiovascular assess-
ment, stress monitoring, and emotion recognition. Since HRV parameters are derived from
consecutive RR intervals, their accuracy depends on precise R-peak detection and reliable
heart rate estimation using discrete wavelet transform (DWT) [28]. High-speed microcon-
trollers with efficient memory processing, such as ARM Cortex, have also been utilized,
but this is expensive. An approach that detects QRS using ECG signal strength and trends
does not provide accurate results in the case of an aberrated atrial premature beat [29].
An R-peak detection algorithm with adaptive thresholding has also been proposed [30].
Recent systematic reviews have highlighted the rapid growth of consumer wearable ECG
devices for continuous monitoring of cardiac activities and long-term healthcare appli-
cations. ECGs continue to serve as the primary physiological signal for cardiovascular
assessment, while publicly available benchmark databases provide standardized datasets
for algorithm development and validation. Although recent research has increasingly
adopted machine learning and deep learning techniques for automated ECG analysis, these
approaches generally require higher computational resources and memory, limiting their
suitability for low-cost embedded platforms [31]. They also do not yield accurate results
for noisy wearable ECG devices. The cardiac arrhythmia watchdog (CAW) for wearable
ECG devices works by detecting P-QRS-T [32] but consumes more resources and time than
the proposed method. There is also R-peak detection using the thresholding method [33].
Recent advances have strongly established heart rate variability as a widely accepted non-
invasive indicator of autonomic nervous system activity for both clinical and consumer
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healthcare applications. ECG-derived HRV remains the gold standard because it provides
accurate beat-to-beat R-R interval measurements, whereas wearable PPG-based systems
are more susceptible to motion artifacts during daily activities. Consequently, accurate
R-peak detection and precise R-R interval measurement are fundamental prerequisites for
reliable heart rate and HRV estimation. Furthermore, recent reviews have highlighted the
need for standardized validation methodologies and computationally efficient algorithms
suitable for wearable and embedded healthcare devices [34], as these observations motivate
the development of the proposed RRHR algorithm and its benchmark-based validation
on a low-cost embedded platform. A lightweight CNN was developed to detect heart
rate anomalies in wearables [35]. Based on HRYV, fatigue was detected from an ECG by
applying the Sampling-efficient Multi-head Attention (SMA) mechanism [36]. This work
evaluates HRV’s diagnostic, prognostic, and therapeutic roles in cardiovascular diseases.
HRYV can reveal automatic dysfunction of pacemaker earlier, predict outcomes such as
sudden cardiac death and recurrent myocardial infarction(MI) using heart rate evaluation
with timestamps method which did not have accuracy like the method used counting
samples in between R-R as proposed approach RRHR algorithm [37]. Heart rate variability,
which is derived from the variation between successive R-R intervals, has become an
important physiological indicator for evaluating autonomic nervous system activities and
cardiovascular diseases, including arrhythmia, heart failure, and ischemic heart diseases.
As wearable healthcare technologies continue to evolve, continuous ECG-based monitoring
has gained increasing importance for real-time cardiovascular assessment. Since both HR
and HRV analysis depend on accurate R-R interval measurement, reliable R-peak detection
remains a fundamental requirement for dependable cardiac monitoring. Nevertheless,
recent works have identified challenges related to measurement variability, standardization
and validation of the ECG processing algorithms, particularly for resource-constrained
embedded systems [38]. The HR estimation in all these studies is based on calculating the
time between successive R-R peaks. Implementing time-based algorithms in an embedded
wearable system requires standards such as IEEE 754 for floating-point representation,
adding a floating-point unit (FPU) and higher memory capacity, which would make it bulky
and expensive. Moreover, the use of machine or deep learning models requires a multi-core
high-speed processor or application-specific integrated circuit (ASIC) with a large on-chip
memory space, making the device more expensive. Even with expensive advanced hard-
ware, wearable devices suffer from inaccurate and inconsistent estimations. This is because
the system clock time is considered, and there could be a time variation across different
devices. Such inaccurate HR estimation would lead to inaccurate or incorrect diagnosis
of arrhythmia.

The quality of a single-lead portable ECG device suffers from baseline drift and more
noise due to its changing environment. This may lead to misjudged R-peaks in the ECG.
The computing power of a portable wearable device is limited; hence, existing algorithms
cannot be directly used. Although several R-peak detection methods have been proposed,
none of them are robust and accurate in noise-dominant wearables. In summary, existing
studies on HR detection in wearables are based on timestamps, machine learning, or
deep learning techniques, which are not accurate, robust, or expensive. To address these
concerns, we propose an approach, namely R-R peaks for HR estimation (RRHR), that uses
raw data between successive R-peaks to estimate HR through an embedded algorithm in
wearable devices.

2. Materials and Methods

Figure 2 illustrates the flow of the proposed RRHR algorithm implemented for real-
time heart rate estimation. The acquired ECG signal, obtained from the database, is
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first digitized by the analog-to-digital converter (ADC). A digitized signal is then passed
through a bandpass filter to suppress baseline wander, power line interference, and high-
frequency noise while preserving the frequency components associated with the QRS
complex. Following preprocessing, an adaptive filtering stage further enhances the signal
by dynamically adjusting to variations in ECG amplitude and residual noise, thereby
improving reliability of R-peak detection under different recording conditions. The filtered
signal is subsequently squared to amplify the QRS complex and suppress low-amplitude
waveform components such as P and T waves, increasing the prominence of the R-peaks.
The enhanced signal is analyzed to detect the R-peaks using an adoptive thresholding
approach. Once consecutive R-peaks are identified, the corresponding R-R intervals are
determined by measuring the sample difference between adjacent R-peaks using the RRHR
embedded algorithm. These intervals are stored as raw RRI data and averaged over a
predefined sequence to reduce beat-to-beat variability and improve the stability of heart
rate estimation. Finally, heart rate is computed using Equation (1).

e

ECG signal

(MIT-BIH) )
> ADC Ban_dpass Ade_uptlve Squaring

Filter Filter
HR - e

, Calculating , Measuring < Locating |« Detecting |«
| HR Raw data R-R R-Peak
L |

Figure 2. RRHR—proposed methodology to compute heart rate.

The proposed approach, RRHR, computes the HR in multiple steps. A benchmark
dataset from the MIT-BIH (Massachusetts Institute of Technology Beth Israel Hospital)
arrhythmia database was used [39]. The process started with sampling the ECG using
an analog-to-digital (ADC) converter at a rate of 360 samples per second. The influence
of muscular noise on the resulting digital signal was removed using a bandpass filter
comprising a cascade of low-pass and high-pass filters. The signal is then passed through an
adaptive filter that modifies the coefficients over time to further enhance the noise reduction
process. The signal amplitude was then squared to perform nonlinear amplification,
emphasizing the higher frequencies. Figure 2 depicts these stages in the proposed RRHR
methodology. The R-peak is identified, and two adjacent R-peaks are located. The raw data
are measured between adjacent R-peaks, and the HR is calculated from that.

The ECG signals were sampled at a frequency of 360 Hz. The proposed RRHR
approach calculates the HR using the count of raw data between two successive R-peaks,
as per Formula (1). The ECG graph shown in Figure 3 covers 0-864 data points for a period
of 2400 ms at a sampling rate of 360 Hz. The raw data are indicated by dotted lines. The
heart rate is calculated by finding the count of raw data between two R-peaks, regardless
of the height of the amplitude and width.

60 x SF
HR (BPM) = R—R(Data) (1)

If the count of raw data is assumed to be 299 (R; = 211, R; = 510 on x-axis), HR is

calculated as 60 x 360/299 = 72.24 BPM.
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Figure 3. A segment of ECG showing inter-beat R-R interval and raw data.

The time-based approach results in inaccurate HR estimates, and averaging heart
rates over a fixed period can introduce errors, whereas inter-beat R-R interval-based HR
estimation helps identify abnormal patterns and fluctuations. In addition, the RRHR
approach of counting raw data in the beat-to-beat R-R interval also helps to accurately
detect any undefined wave patterns or tombstones, which indicate noise or abnormal
morphological changes, as shown in Figure 4.
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Figure 4. A segment of ECG showing a tombstone in an R-R interval.

To demonstrate the procedure of the proposed method, we performed the follow-
ing steps.

2.1. ADC (Analog -to -Digital Conversion)

Continuous biological signals (analog signals) representing the electrical activities of
the heart are converted into a digital format that is more suitable for processing, storing,
and analysis in embedded wearable healthcare devices. ECG signals, which are low in
amplitude voltage, ranging from 0.5 mV to 5.0 mV, are amplified, level shifted (converted to
positive voltage because microcontrollers do not accept negative voltage), and conditioned
using a front-end circuit arrangement. The conditioned signals are then fed as inputs into
the ADC. The ADC samples the analog signal at discrete time intervals and quantizes it
into digital values based on its resolution. The resolution of the ADC is typically 11-bit
(MIT-BIH) at a sampling rate of 360, in accordance with the Nyquist criteria. The output
from the ADC ranged from 0 to 2048 in decimal. The ADC has a reference voltage of
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5V and stores the output value in an n-bit register. ADC Resolution is calculated using
Formula (2) as 5/2'1 = 0.0024 V = 2.4 mV.

ADC Resolution or Step size = Reference Voltage/Total number of levels. (2)

2.2. Bandpass Filter

Generally, ECG signals are very low in amplitude, dominated by noise, and corrupted
by various interferences, such as baseline wander caused by respiratory and electrode
movements, high-frequency noise from muscle activity (EMG), and external electrical
interference disturbances. The raw ECG signal comprises the actual heart signal and noise,
as per Equation (3).

ECGaw= ECGiye + Noise 3)

where ECGqay is the measured signal, ECGyrye is the actual cardiac signal, and Noise is
the interference.

A bandpass filter (BPF) is used to extract the frequency range that contains meaningful
cardiac activity information while suppressing unwanted noise and artifacts. The bandpass
filter allows a specific range of frequencies to pass through while attenuating frequencies
outside this range. In most ECG applications, a passband range of 0.5 Hz and 40 Hz is
commonly selected, which effectively preserves essential waveform features such as the P
wave, QRS complex, and T wave. The use of a bandpass filter significantly enhanced the
signal-to-noise ratio (SNR) and improved the accuracy of R-peak detection and heart rate
estimation. By removing low-frequency drift and high-frequency noise, the filter stabilizes
the ECG baseline and reduces the chances of false detection.

2.3. Adaptive Filter

ECG signals are often affected by disturbances such as power line interference motion
artifacts, electrode contact noise, and muscle (EMG) activities, which may alter the ampli-
tude and frequency over time. When the ECG signal and noise are stationary and their
characteristics are known, a bandpass filter might be adequate. However, in a portable
wearable device, an adaptive filter addresses these challenges by adjusting its parameters
based on the incoming signal and noise characteristics. An adaptive filter continuously
updates its filter coefficients, such as the least mean square (LMS), thereby eliminating the
error between the actual signal and noise. A reference sinusoidal noise at 50 Hz was added
to eliminate the power line noise. In addition, the adaptive filter eliminates baseline drift
and power line interference.

2.4. Squaring

The squaring of the ECG signal amplitude is a nonlinear processing step for R-peak
detection. In this step, each sample of the ECG signal was multiplied by itself, effectively
converting all values to positive and emphasizing larger amplitudes. This operation
enhances the prominence of the QRS complex, which typically has the highest amplitude
and steepest slope in the ECG waveform, while suppressing smaller components, such as
the P and T waves, as well as residual noise. Consequently, the signal-to-noise ratio (SNR)
improved, making it easier to accurately identify the location of the R-peaks.

The squaring operation also accentuates the rapid changes in the signal, thereby
highlighting the high-frequency components associated with the QRS complex. This is
particularly useful after differentiation, where the slope information is captured, and
squaring amplifies these features. Additionally, by making all signal values positive, the
process simplifies subsequent steps, such as moving window integration, which relies on
consistent signal polarity. Squaring is computationally simple and well-suited for real-time
implementation in embedded systems, such as STM32 or ESP32 microcontrollers. Overall,
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this step plays a crucial role in enhancing key ECG features and improving the robustness
and accuracy of the automated heart rate detection algorithms.

2.5. Identifying R-Peak, R-R Interval and ECG Raw Data

In most ECG devices, the monitoring heart rate ranges from 30 to 240 Beats Per Minute
(BPM) [39]. That is, there was at least one cardiac cycle within a two-second interval. It is
necessary to find a minimum of two R-peaks to compute the HR with 2 s sampling data,
which requires more than 720 samples. Our study considers 3 s data with 1080 samples,
because the output from the ADC ranges from 0 to 2048 in decimal. A threshold of +/—1
data was applied to detect the R-peak so that none of the R-peaks were missing. A minimum
of two R-peaks were detected in the 3 s sample data and stored in a register. Starting from
the Oth sample data, all the data in the 1080 samples were checked to identify the highest
R-peak value (RPpgn). Again, starting from the Oth sample data, the first R-peak (RP;)
within a threshold value +/—1 of RPpg, is found. To identify the second peak, checking
starts from the Oth sample, and after locating the first peak RP1, the data are counted until
another peak RP; is found. The data count between RP; and RP; is the number of samples
between the two R-peaks. This process is illustrated in Algorithm 1.

Algorithm 1: Identifying R-peak, RR interval and ECG raw data

Input: ECG samples after noise removal
Output: R-Peak, R-R interval, data between R-R intervals
// Initialize:

01 C + 1080/ /Number of samples

02 DPTR < 0000H/ /16-bit register for Data Pointer—ranges from 0 to 65,536—initialized
with starting memory address of ECG data

03 P < 0//Highest peak Y-axis value

04 N - 0//Number of R-Peaks

05 R < 0//Number of ECG raw data in R-R interval

06 Threshold < 1 // Threshold to avoid missing R-Peaks

// Finding Highest R-peak Value

07 WHILE (C > 0) DO

Current Data < Fetch ECG sample pointed by DPTR
IF (Current Data >= P) THEN
P < Current Data/ /Store highest R-peak
ENDIF
C«+C-1
DPTR < DPTR + 1
END WHILE
// Find R-R interval
08  DPTR <« 0000H
09  C<+« 1080
10  WHILE (C>0) AND (N <=2)
Current Data <— Fetch ECG sample pointed by DPTR
IF P is in the range [Current Data — Threshold, Current Data + Threshold] THEN
N+ N+1
ENDIF
R+ R+1
C+~C-1
DPIR <~ DPTR +1
END WHILE
// Calculate HR = (Sampling Frequency x 60)/R-R interval; Sampling rate = 360
11 HR <+ (360 x 60)/R
12 END

https:/ /doi.org/10.3390/app16157576


https://doi.org/10.3390/app16157576

Appl. Sci. 2026, 16, 7576

9of 17

The above algorithm computes the HR from a single pair of R-peaks. However, it is required
to calculate HR using the average of a minimum of R-R intervals in the case of arrhythmic rhythms.
Hence, the heart rate based on the average is computed using Equation (4).

60 x SF x N

HR = Ry "R T (Ri_Rp) T (Re 1) —Ry) M @

where N = the number of R-R intervals; SF = sampling frequency; and R; — R; = interval samples, R;
=0,2,46..n—1,R=1357..n

3. Results

To demonstrate the effectiveness of the proposed work, we conducted three experiments and
compared the results with the ground truth value of the MIT-BIH dataset, traditional method results,
and the ECG raw data with the corresponding heart rate.

3.1. Experimental Overview

The benchmark MIT-BIH arrhythmia dataset contains annotated ECG recordings of approxi-
mately 30 min per patient. Owing to computational constraints and long processing times, smaller
subsets of records were evaluated instead of the full dataset. In the first experiment, the proposed
RRHR was compared with the existing TEDA [40]. The second experiment examined the heart
rate calculation using different sampling frequencies. The third experiment performed a statistical
analysis of the heart rates.

3.2. Hardware Platform for Implementation

This work implemented the TEDA using MATLAB with a PC configuration of an Intel Core i7
processor, as well as 4GB RAM with 1 GB used for the MATLAB and MITBIH dataset. The operating
system was Windows 11, and MATLAB R2020a was used. To program NXP 89V51RD2, a standard
PC running Windows 10 (64-bit) with a 1.5 GHz processor and 2 GB RAM was used.

3.3. Experiment 1

The proposed RRHR approach comprises an embedded algorithm that can be used in a wearable
device for HR estimation. It can be tested using an ECG simulator and with patients in real time;
however, the results cannot be validated because of missing ground truth values. A benchmark
dataset, such as MIT-BIH, is required to validate the proposed approach. However, this dataset
cannot be directly used to test embedded algorithms. Therefore, an existing approach, the Typical
Eccentricity Detection Anomaly (TEDA) [40], was implemented and tested using MIT-BIH to estimate
R-peaks. The pipeline of the experimental process is illustrated in Figure 5.

Estimate HR
Pre- QRS Compute R-R Compute o
processing > Enhancement u:nz(le‘aEk; A g Peaks based on—» HR ”)
timestamps Performance
T ¢ metrics
T Compare ——
~—— ‘ Validated HR
» with Measured | Compute HR using >
MIT BIH R-Peak RAW data proposed method

-

Figure 5. Workflow of the experiment validating RRHR approach using TEDA algorithm.

The experiment began by preprocessing the ECG signals to remove noise and baseline drift. This
step improves the visibility of the heartbeats and avoids false detections. Next, the ECG waveforms
were enhanced to highlight the QRS complexes where the R-peaks occurred. QRS enhancement was
performed using bandpass filtering, followed by slope/energy-based amplification. This makes the
peak detection step more stable and reliable than the previous method. The TEDA-based detection
approach was then applied to identify the potential R-peaks across the signal. The R-peaks are
shown in Figure 6 for six sample records during random time intervals. The detected R-peaks were
then matched with ground truth annotations from the dataset using a tolerance window. Peaks
within tolerance were counted as True Positives (TPs), unmatched detections were counted as False

https:/ /doi.org/10.3390/app16157576


https://doi.org/10.3390/app16157576

Appl. Sci. 2026, 16, 7576

10 of 17

Positives (FPs), and unmatched annotations were counted as Missed Beats. Performance metrics,
such as sensitivity in Equation (5), precision in Equation (6), F1 score in Equation (7), and accuracy
in Equation (8), were measured for the R-peak detection process and are tabulated in Table 1. This
evaluation was performed across full ECG recordings rather than isolated segments, which reflects
real-world performance.

Sensitivity = '1"13:,—;71)131\[ x 100 )
TP

Precision = TP L P (6)

Flscore:sz;:ngPN @

Accuracy = 5 12:113) j: ;11\\1] ¥ FN ®)
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Figure 6. Cont.
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Figure 6. R-peaks detected using TEDA algorithm for different sample records: (a) record 100,
(b) record 101, (c) record 102, (d) record 104, (e) record 105, (f) record 107.

Table 1. Performance of R-peak detection.

Sensitivity ~87-98% (ability to detect true heartbeats)
Precision ~97-99% (correctness of detected peaks)
F1 Score ~90-99%

Accuracy ~82-97%
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=
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(©)

(d)

The R-R intervals, which are the time between R-R peaks, were estimated using a traditional

approach based on time. Then, from the R-R intervals, HR is predicted using the following formula:

1500

HR = R — R(mm)

©)

where R-R (mm) is the distance between two consecutive R-peaks on the ECG paper, measured in

millimeters. In standard ECG machines, the printing paper speed is 25 mm/s. It moves 1500 mm

in one minute. Hence, 1500 mm of ECG paper represents

1 min of time. The R-R instances and

HR estimations for a sample record 102 at different time instances are shown in Figure 7, and the
performance of the HR calculation for record 102 is shown in Table 2.

Record 102 | Instance 2 | Duration=0.850s

2,175
12
GT HR : 70.59 BPM
10 1 Pred HR : 72.24 BPM
Error : 1.65 BPM
g 8 4 1.32s
a
E e
o
<
= 4
24
o
81.2 81.4 81.6 81.8 82.0 82.2 82.4
Time (seconds)
Record 102 | Instance 3 | Duration=0.836s
60.89s
12 4
GT HR : 71.76 BPM
10 4 Pred HR : 68.79 BPM
60.06s Error : 2.97 BPM
g s
&
E s
©
o
o,
2
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20 4 2485 GT HR : 73.47 BPM
Pred HR : 76.60 BPM
Error : 3.13 BPM
@
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04
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Figure 7. R-R peaks and HR estimated using record 102: (a) instance R2-R3, (b) instance R3-R4,

(c) instance R4-R5, (d) instance R5-R6.
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Table 2. HR calculation for record 102-performance metrics.

GT beats 2274
Calculated beats 2015
MAE 8.85 BPM
RMSE 11.36 BPM
Mean GT HR £75.38 BPM
Mean calculated HR £66.79 BPM
GT beats 2274

Raw data (RRx) were obtained from Equation (1) proposed by the RRHR approach by substi-
tuting the GT (ground truth) value of HR from MIT-BIH (HRx). Similarly, the HR value measured
through the TEDA (HRy) is substituted in Equation (1) to find the number of samples in R-R (RRy).

The average of RRx and RRy is substituted in Equation (1) to estimate the HR. This approach was
followed for all samples, and the HR estimations for a few samples are listed in Table 3. Consider a
sample record of 100 and an interval of R2:R3. From MIT-BIH, the GT value for the HR was 77.14 BPM.
The HR measured for the same sample using the TEDA was 72.97 BPM. The differential error between
these two values was 4.17 BPM. By substituting the GT value of HR in Equation (1), the RRx data value
(number of samples in the RR interval) = 60 x 360/77.14 = 280.01. By substituting the measured HR
value with the TEDA approach in Equation (1), RRy data value = 60 x 360/72.97 = 296.01. Based on the
average of RRx and RRy data, HR = 60 x 360/(280.01 + 296.01)/2) = 74.997.

Table 3. Comparison of HR estimation using RRHR and traditional approaches.

Record R-R R-R I(_I;I_; Me;lsllired Error RinSi]I);ta RiJRsi]i;ta A:Ilglr: fe HR Based
%\fII{T) Interval ) (BPM) ®py) 'I?Ii{;l "~ HRx HRy RRy) ~ OfRavs  Eror
(HRx) (HRy) (RRx) (RRy) RRavg
R2:R3 0.778 77.14 72.97 4.17 280.01 296.01 288.00 75.00 +2.085
100 R3:R4 0.881 73.79 70.82 3.15 292.01 304.99 298.5 72.36 +1.575
R4:R5 0.792 75.79 75.00 0.79 284.99 288.00 286.49 75.39 +0.395
R5:R6 0.792 75.79 83.08 7.29 284.99 259.99 272.49 79.26 +3.645
R2:R3 0.850 70.59 72.26 1.65 305.99 298.92 302.455 71.41 +0.825
100 R3:R4 0.836 71.76 68.79 297 301.00 313.99 307.495 70.24 +1.475
R4:R5 0.817 73.47 76.60 3.13 293.99 281.98 287.99 75.00 +1.565
R5:R6 0.825 72.73 73.22 0.49 296.98 295.00 295.99 7297 +0.245
R2:R3 0.714 84.05 84.71 0.66 256.98 254.98 255.988 84.37 0.33
105 R3:R4 0.736 81.51 78.26 3.25 264.99 276.00 270.500 79.85 1.625
R4:R5 0.725 82.76 84.71 1.95 260.99 254.98 257.991 83.70 0.975
R5:R6 0.986 60.85 79.12 18.28 354.97 273.00 313.987 68.79 09.14
R2:R3 0.839 71.52 70.13 1.39 302.01 307.99 305.006 70.18 0.695
107 R3:R4 0.850 70.59 69.90 0.69 305.99 309.01 307.502 70.24 0.345
R4:R5 0.878 68.35 66.67 1.69 316.02 323.98 320.001 67.49 0.845
R5:R6 0.869 69.01 36.36 32.65 312.99 594.05 453.528 47.62 16.325

The HR value calculated using the proposed RRHR approach was within the range of GT and
measured values, both of which were computed using the MIT-BIH dataset. Hence, it is proven that
the proposed RRHR approach estimates HR values with no error, and it implies that it is possible to
prove the accuracy of this embedded algorithm using the benchmark MIT-BIH dataset, indirectly
using the TEDA approach.
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3.4. Experiment 2

Experiment 2 involved proposed heart rate computation using different sampling rates. The
accuracy of the proposed approach under different sampling rates must be proven compared to that
of the traditional time-based approach. The HR is calculated using the traditional approach, as given
by Equation (9), as well as using the proposed RRHR approach based on Equation (1). The HR is
estimated for different sampling rates of 400, 10,000, and 16,000 and tabulated in Table 4. Based

on the RRHR approach, 1 mm of ECG graph paper had eight

samples at a sampling rate of 200.

Alternatively, in the traditional approach, the distance between R-R peaks is considered in mm scale
only, which is not precise. It was observed that the HR values were more accurate from a design
point of view, and the physicians could observe precise values in decimals, whereas the traditional

time-based method provided an approximate value in a range.

Table 4. Comparison of RRHR and traditional/clinical approach under different sampling rates.

SF 400 SF 1000 SF 10000
Clinical Proposed RRHR Clinical Proposed RRHR Clinical Proposed RRHR
mm HR O pg HRO HR s MR HR gl HR
1 1500 16 1500 1 1500 40 1500 1 1500 400 1500
2-3 150-500 42 571.42 2-3 150-500 105 571.42 2-3 150-500 1050 571.42
5-6 300-250 92 260.86 5-6 300-250 230 260.86 5-6 300-250 2300 260.86
8-9 185.5-166.66 134 179.10 8-9 185.5-166.66 335 179.10 8-9 185.5-166.66 3350 179.10
13-14 115.38-107.14 218 110.09 13-14 115.38-107.14 545 110.09 13-14 115.38-107.14 5450 110.09
15 100 240 100 15 100 600 100 15 100 6000 100
20 75 320 75 20 75 800 75 20 75 8000 75
25 60 400 60 25 60 1000 60 25 60 10,000 60
44-45 34.09-33.33 706 33.99 44-45 34.09-33.33 1765 33.99 44-45 34.09-33.33 17,650 33.99
125 12 2000 12 125 12 5000 12 125 12 50,000 12
1500 1 24,000 1 1500 1 60,000 1 1500 1 600,000 1

3.5. Experiment 3

The heart rate was calculated at different R-R peaks with different sampling rates using an ECG
simulator that was calibrated for a sampling rate of 360. The results were statistically analyzed and
are shown in Figure 8. HR measures 60 when the data is exactly 360 between R-R intervals. Similarly,
HRs of 30 and 120 were observed when the raw data were counted as 720 and 180, respectively. The

HR was calculated up to 1080 for the theoretical analysis.

600

Data presented between R-R in ECG graph

[ I g e Rt T I I T e ol o I R L W I T TR B - ol B B o B B

R e e e e e e R R P

O o o=t P o0 — =t w0 O o— w [og W I=] P

Lar B ar B ar B ar B b [ar oy -t =t =t 0w w -
Heart rate BFM

= e e W BTy R o T o o e

O — O M 0 80— = O = 0

Mom T T T e — DI DO

w > o -
—

Figure 8. Statistical analysis of ECG raw data and HR at SF 360.
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4. Discussion

The proposed RRHR is intended for real-time heart rate measurement in resource-constrained
embedded systems. Due to low computational complexity and memory requirements, it is well
suited to wearable cardiac devices and portable ECG devices, home-based health monitoring and
point-of-care diagnostic systems where efficient real-time processing is essential.

5. Conclusions

This proposed work presented RRHR with an embedded heart rate-finding algorithm. The
noise was removed from the signal using bandpass and notch filters. In addition, an adaptive filter
was used to enhance the signal-to-noise ratio. A squaring process was performed to amplify the
R-peak after differentiation. R-peaks and R-R intervals were located, and the raw data was measured
between adjacent R-R peaks using the embedded algorithm. The proposed algorithm is well suited
for both heart rate and heart rate variability estimation using raw ECG data between consecutive R-R
peaks. Unlike conventional approaches that rely on timestamp-based R-R interval measurements,
the proposed method directly measures the number of ECG data points between detected R-peaks,
thereby eliminating timing inconsistencies arising from system-dependent clocks and timestamp
resolutions. Validation was performed with the ground truth and predicted heart rate of the MIT-BIH
arrhythmia dataset by implementing the TEDA algorithm. Because the RRHR approach focuses on
the sinus rhythm signal, the amplitude of all R-peaks in the continuous ECG data might be similar.
Even a slight variation in the peak amplitude can be recognized using an appropriate threshold. The
proposed work demonstrates that RRHR achieves a significantly lower heart rate estimation error
compared to existing methods. Furthermore, a comparison with the standard clinical calculation
method confirmed the accuracy and reliability of the proposed algorithm, achieving 100% agreement
with the reference heart rate measurements within a tolerance of £1 ECG sample. Owing to its low
computational complexity, reduced static memory requirements, and high accuracy, RRHR is suitable
for real-time implementation in wearable and resource-constrained embedded ECG monitoring
systems for continuous cardiac health assessment. The proposed approach is applicable only for
sinus rhythm. It can be extended to abnormal ECG signals. Further co-design of real-time hardware
and embedded software is encouraged.

The algorithm has been designed and validated for ECG signals exhibiting normal sinus rhythm.
Its performance on other cardiac rhythms, such as atrial fibrillation or ventricular arrhythmias, has
not been evaluated and remains a limitation of the present study.
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