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Abstract cardiovascular disease (CD) is the leading cause of death in the world.
Electrocardiogram (ECG) analysis is an effective method to diagnose CD. In this study, we
introduced a microcontroller-based embedded system that allows the collection and processing of
ECG signals directly on the device. By integrating low-pass filters (LPFs) and high-pass filters
(HPFs), the system can effectively eliminate ultra-low frequency noise, power line noise, and
unwanted high-frequency components, thereby improving the fidelity of the signal. R peak
detection algorithms (Pan-Tompkins, Hilbert Transform, and Englese & Zeelenberg) have been
applied to the acquired ECG of 10 volunteers aged 21-28 years. The results show that these
algorithms achieved accuracy of over 99.5%. This study not only proves the ability to improve the
reliability of direct ECG collection and analysis based on microcontrollers but also lays the
foundation for the development of portable cardiovascular diagnostic devices, supporting early
detection and more effective and accessible healthcare.
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Introduction

Cardiovascular disease is one of the leading causes of death in most countries worldwide [1]. According
to statistics from the World Health Organization (WHQO), cardiovascular-related fatalities accounted for
16% of all total deaths in 2023 [2]. This highlights the significant impact of cardiovascular diseases on
global health and underscores the urgent need for enhanced solutions to monitor, diagnose, and prevent
such conditions early [3]. Typically, the diagnosis and monitoring of cardiovascular diseases rely on the
morphology of the electrocardiogram (ECG). An ECG is a graphical representation of the heart's
electrical activity over time [4], [5]. ECG signals are collected using electrodes placed on the patient’s
chest, arms, and legs [6], [7], which are analyzed to detect irregular heart rhythms and conditions related
to the myocardium and circulatory system [5], [8], [9]. However, ECG signals exhibit a wide variety of
patterns, requiring both specialized medical knowledge and extensive clinical experience by physicians.
The speed of analysis is another critical challenge, as many cardiovascular diseases are acute and
demand rapid, accurate diagnosis for timely intervention [10]. Consequently, there is an urgent demand
for a cost-effective device capable of both acquiring ECG signals and processing them to detect
abnormalities associated with cardiovascular diseases.

Numerous studies have focused on the collection and processing of ECG signals using both dedicated
and custom-designed circuits. Lv, W. et al. [4] proposed a real-time ECG signal acquisition and
monitoring system that collects ECG signals and transmits the data via Bluetooth wireless
communication, with storage in the cloud. However, this study is limited to data acquisition and does not
implement noise filtering or cycle segmentation (QRS detection). In the research conducted by Bui, N.
T. et al. [8], a real-time ECG signal acquisition model was developed based on the ADS1293 dedicated
chip. However, signal filtering and processing algorithms were executed on a computer using MATLAB.
Similarly, Guerrero, F. N. [11] proposed a method for ECG data acquisition by combining the MAX 10
Field Programmable Gate Array (FPGA) chip with the ADS131E08 module. This work also focused on
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real-time acquisition without implementing signal processing algorithms on the designed system. Chu,
H. et al. [12] designed an ECG signal acquisition and processing system that includes a peripheral circuit
module for ECG acquisition and a LabVIEW-based processing and display module. However, the study
is limited to real-time ECG signal acquisition due to the necessity of further filtering steps in LabVIEW to
address signal noise. Ding, J. et al. [13] developed an electrode sensor for ECG signal acquisition, which
partially reduced signal noise. However, the study did not implement algorithms for ECG signal
classification. Lazaretti, G. S. et al. [14] proposed an ECG signal acquisition and processing system
using BITalino sensors, but the study relied on MATLAB for processing. Similarly, Morello, R. et al. [7]
designed a system using the NI MyRIO board for ECG acquisition and processing, employing analog
filters within the signal acquisition circuit. Jeon, T. et al. [15] implemented a real-time ECG signal
acquisition and analysis device using ARM microcontrollers (MCUs), but the study did not include
algorithms for noise filtering or cycle segmentation. Nguyen, T. N. et al. [16] proposed an ECG acquisition
system utilizing the ADS1293 chip, displaying the data on a computer via an Arduino Nano integrated
with the FT232L chip. However, this study did not address ECG signal filtering or segmentation. Jhang,
Y. S. etal. [17] developed a small, portable ECG signal acquisition device with Bluetooth communication,
designed and integrated with the Nvidia Jetson Xavier NX. Nevertheless, their research did not
implement signal classification or cycle segmentation algorithms. Similarly, Su, S. et al. [18] proposed
an ECG analysis and acquisition system using AD8232 and STM32F103. However, this study also
lacked algorithms for signal classification and beat segmentation. These studies demonstrate significant
interest in ECG signal acquisition using low-power MCUs. However, post-processing steps such as
filtering, QRS detection, and beat segmentation are predominantly executed on computers or mini-
computers. This approach poses challenges for the widespread adoption of measurement systems due
to high power consumption and associated costs.

ECG signals are often contaminated by noise due to various factors, including patient movement,
environmental interference, and other physiological phenomena. Consequently, the application of signal
filtering methods is crucial to ensure the acquisition of high-quality ECG signals, which in turn supports
accurate diagnosis. Two commonly used filters in ECG signal processing are the low-pass filter (LPF)
and high-pass filter (HPF). The LPF is employed to eliminate high-frequency noise originating from
sources such as electromagnetic interference, power line disturbances, or patient movement [16], [19],
[20]. In contrast, the HPF is used to remove low-frequency noise caused by respiration or slow patient
movements [21], [22], [23]. Additionally, other filters have also been applied, such as band-pass filters
(BPF) [11], [14], [17], notch filters for suppressing 50 Hz or 60 Hz power lines [4], [5], [24], [25], Wavelet
filters [18], adaptive filters [18], and Kalman filters [26]. Although numerous filtering techniques have
been implemented to improve ECG signal quality, most have been developed and tested on computers
using pre-collected data rather than deployed on systems utilizing MCUs. This limitation can be attributed
to two primary reasons. First, while MCUs have significantly advanced, they still face constraints in
memory and computational resources. Second, post-processed data is often used for applications
requiring diagnostic or Al-based classification, which demand substantial computational and storage
capabilities, making direct implementation on MCUs challenging. To enable the widespread adoption of
diagnostic systems in the community, it is imperative to implement ECG signal processing algorithms
directly on MCUs, potentially followed by artificial intelligence (Al) models. To advance toward fully
processing ECG signals on MCUs, this study applies LPF and HPF to denoise ECG signals, ensuring
system performance.

Embedded systems are rapidly advancing, with MCUs playing a pivotal role in processing and controlling
smart devices. The ability to filter noise and analyze signals directly on MCUs not only improves signal
quality but also optimizes system performance and reduces hardware costs. However, implementing
signal processing algorithms on MCUs requires careful consideration of their limited resources, including
memory and processing speed. In [27], a digital infinite impulse response (lIR) Chebyshev type Il filter
was implemented to detect fetal heartbeats using infrasonic waves within a filtering frequency range of
2-3 Hz. The filter was designed using MATLAB and deployed on an FPGA Spartan-3E board through
hardware description language. The design was based on a bilinear transformation of an analog transfer
function, employing Chebyshev polynomials to optimize the desired frequency response. This approach
ensured significant attenuation in out-of-band frequencies while maintaining a flat response in the
passband. The fourth-order filter achieved a minimum attenuation of 18 dB outside the passband. The
study demonstrated that the Chebyshev IIR filter could be effectively implemented on FPGA, meeting
technical requirements and paving the way for similar filters to be deployed on various processors and
MCUs. In this study, both LPF and HPF filters are implemented directly on MCUs, rather than relying on
external design tools. This approach enhances the convenience and applicability of the designed
solution, making it a more practical and cost-effective option for embedded systems.
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In addition to signal filtering, QRS complex detection and the segmentation of individual heartbeats have
garnered significant research interest, as most Al-based diagnostic and classification models require
input in the form of single ECG beats. Some QRS detection algorithms were proposed, such as Pan-
Tompkins [28], peak threshold and peak filter [29], adaptive thresholds [30], curve-length transform
combined with adaptive thresholds [31], combined derivative filtering, Hilbert transform, and Wavelet
transform [32], exponential transform (ET) combined with an adaptive threshold based on a proportional
derivative (PD) controller [33], and the complex-Pan-Tompkins-Wavelets (CPTW) algorithm [34]. These
algorithms were mainly implemented on computers or FPGAs and tested with available online ECG
databases. Further study should be conducted to evaluate their real-time performance for integrating on
embedded systems. For online QRS detection and beat segmentation, the work in [35] combined the
offline Englese & Zeelenberg (E&Z) method with Christov’s online adaptive thresholding and tested it
with fingertip-measured ECG signals. Tested with bioPLUX commercial device data, the algorithm
achieved a mean valid percentage of 94.5%. However, this algorithm was limited to fingertip ECG signals
and has not been applied to standard ECG measurements. Similarly, [36] also proposed a real-time
detection and segmentation algorithm, but it was also confined to fingertip ECG signals. Finding a
suitable QRS algorithm for real-time processing on an embedded system is crucial for developing a
stand-alone ECG diagnosis system.

The objective of this research is to develop an independent system capable of collecting, storing, and
directly processing ECG signals on an MCU. The system is aimed at capturing 8-lead ECG signals from
the sensor, deriving 12-lead ECG signals, and storing long-term data in real-time to support ECG-based
studies. Real-time signal processing algorithms, including noise filtering, R peak detection, and cycle
segmentation, are implemented directly on the system. The system firmware operates under a
multitasking mechanism on a dual-core MCU. This system is designed to be compact, energy-efficient,
and cost-effective, with the capability to collect ECG data directly from patients. The performance of all
system components will be thoroughly evaluated to demonstrate its potential for practical applications.
Experiments show that the system's computational resources are sufficient to integrate Al in the future,
enabling it to evolve into an independent diagnostic platform. The developed device is also potentially
useful for long-term ECG monitoring, supporting the analysis and detection of cardiovascular conditions
such as sleep apnea, atrial fibrillation, etc.

Methodology

Hardware Design

To enable the system to handle real-time tasks related to ECG acquisition, such as real-time
measurement of 12-lead ECG signals, noise filtering, beat segmentation, data storage, and displaying
relevant information on a screen, a hardware block diagram is proposed, as shown in Figure 1 and Figure
2 is system schematic diagram. The design incorporates the TI ADS1298ECG-FE semiconductor chip
for direct processing and acquisition of 8-lead ECG signals, paired with a supporting electrode system.
A dual-core ESP32 MCU ensures efficient multitasking, enabling real-time data acquisition and
processing. The collected signals are continuously buffered into the MCU’s memory and stored on an
SD card for later processing. A Thin-Film Transistor (TFT) screen is used to display system-related
parameters and sampled signals from the 12-lead ECG.

Data acquisition Controller block Display and storage
block block
ECG cable
l ESP32 SD-card-integrated
microcontroller display module
ADS1298ECG-FE
board

Power supply unit
Li-on batteries 2B, VDTG
step down module

Figure 1. Block diagram of the system
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Figure 2. System schematic diagram

Embedded Algorithm

The ESP32 MCU acts as the central scheduler for the system’s tasks, ensuring that it simultaneously
acquires data from 8-channel ECG measurements directly from the ADS1298ECG-FE at a rate of 500Hz,
computes the remaining 4-lead ECG signals, performs noise filtering for the LIl lead, and stores all data
on the memory card. At the same time, it executes the algorithm for extracting the most recent complete
ECG beat. The extracted ECG cycle is downsampled to 360 Hz to be compatible with current databases.
Additionally, parameters such as the RR interval, QRS duration, and P-wave are displayed on the TFT
screen for real-time monitoring.

Figure 3 depicts the main algorithm of the system, which performs data transmission tasks, including
sending configuration data to the ADS1298ECG-FE, SD card, and TFT screen, as well as reading data
from the ADS1298ECG-FE. Data transmission and reception are carried out via the serial peripheral
interface (SPI). Since the data-ready (DRDY) signal pin of the ADS1298ECG-FE is connected to an
external interrupt of the ESP32, the external interrupt function is configured to prevent any data loss.
The read data is then converted to voltage values, followed by filtering using high-pass and low-pass
filter functions. Simultaneously, the acquired data is displayed on the TFT screen. Finally, the data is
stored on the SD card.
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Figure 3. Algorithm flowchart of the system

The firmware algorithm consists of three main tasks: dataAcquiProcess, dataSave, and ISRRoutine,
scheduled as multitasks based on the freeRTOS platform [36]. The dataAcquiProcess and dataSave
tasks are pinned to core 0 and core 1 of the ESP32, respectively, to run in parallel, while the ISRRoutine
is handled by Core 1. The ISRRoutine is triggered by a falling edge of the DRDY signal. Immediately
after this, both the dataAcquiProcess and dataSave tasks are activated to receive data streams from the
ADS1298ECG-FE, filter the signals, extract a full LIl cycle, display it on the TFT, calculate the indirect
channels, and store the data on the SD card. On each interrupt, dataAcquiProcess directly receives 8
channels of data from the ADS1298ECG-FE (Lead |, Lead Il, V6, V5, V4, V3, V2, and V1) and calculates
the remaining 4 channels (Lead Ill, avR, avL, and avF) using (1), (2), (3), and (4). When 500 data samples
are collected on each channel, equivalent to 500 interrupts occurring, a total of 4000 samples will be
stored on the SD card.

L3=12-11 (1)
aVR = —(L1+L2)/2 )
aVL = (L1 —L2)/2 3)
aVF = (2L2 — L1)/2 (4)

Beat Segmentation

In ECG signal processing, the extraction of a complete cardiac cycle is typically performed in three main
steps—signal preprocessing, QRS complex detection, and cycle segmentation—as illustrated in
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Figure 4. In the first stage, the quality of the ECG signal is enhanced by removing noise and unwanted
distortions. Both LPF and HPF are applied to eliminate noise from high frequencies, body motion, or
power line interference. The cutoff frequencies of the LPF and HPF are set at 40 Hz and 0.5 Hz,
respectively. The 4th-order LPF and 2nd-order HPF are applied and designed based on IIR filters, with
the transfer functions represented by (5) and (6). The design and implementation of the filters on the
MCU are presented in detail in [36].
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preprocessing detection segmentation
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Figure 4. ECG signal processing procedure

After filtering, the QRS complex is detected through the R-wave detection algorithm. Three typical R-
wave detection algorithms are utilized, including Pan-Tompkins, Hilbert transform, and E&Z. They are
conducted and assessed into identify the optimal algorithm in terms of performance and execution time.
The R-peaks are detected based on an adaptive threshold defined by the algorithm proposed in [29]. By
initializing a sliding window containing N data samples, the window gradually slides one sample to the
right of the signal. Each time the window slides, the maximum value, or the peak, is found, and the
threshold is recalculated as in Eq. (7):

Threshold = ayPeak — (1 — a)Threshold (7)

Where ais the smoothing coefficient, within the range [0, 1], providing flexibility in updating the threshold,
and y is the scaling constant, adjusting the sensitivity of the threshold in relation to the maximum value
of the sliding window.

The adaptive threshold applied to the output signal of algorithms such as Pan-Tompkins, Hilbert
Transform, and E&Z optimizes the QRS detection process, allowing for faster and more accurate
identification of R-peaks. By adjusting the threshold according to each specific signal and scenario, the
ability to detect QRS complexes is significantly improved, thereby enhancing the reliability and efficiency
of ECG signal processing methods. In an ECG cycle, a data point x/n] is considered the R peak of the
complex if the values on both sides of x[n] are smaller than the value itself and all must be greater than
the threshold, as described in Eq. (8):

x[n] > x[n — 1], x[n] > x[n + 1], x[n] > Threshold (8)

By initializing a sliding window containing 250 samples from the filtered signal, the window will gradually
move to the right, one sample at a time. As the window slides, the oldest sample x/n] is discarded, and
the newest sample x[n + 250] is added to the end of the sliding window. When the newest sample is at
a position where an R peak is detected, the current 250 samples in the sliding window will be recorded.
Afterward, the sliding window will shift by 250 samples, making the R peak position the oldest sample in
the window. Then, 250 new samples will be recorded in the window, forming an ECG cycle with a total
of 500 samples.

Signal Downsampling

To ensure that the data collected from the system is compatible with existing online databases like MIT-
BIH Arrhythmia, the ECG cycle after segmentation will be further downsampled to 360 Hz. The
downsampling algorithm used is based on linear interpolation, a technique that reduces the number of
samples while maintaining the important features and characteristics of the ECG signal [37]. Linear
interpolation is a method for estimating values between two adjacent known points by the following
equation.
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Ocgli] = iccglindex] + frac(iecqlindex + 1] — ipcqlindex]) (9)

Where 0ecq is the downsampling output, iecg is the input, and frac is the ratio of input and output sampling
speed. In this study, the ECG is downsampled and returned one beat at a time, with the goal of using it
as input for Al models for classification.

Real-time Testing and Data Acquisition

The experiment was conducted at the PLC technology and Industrial 1oT laboratory, Can Tho University,
Vietnam. The experiment was conducted on a group of volunteers who were students at Can Tho
University, consisting of 10 male participants aged between 21 and 28. All participants volunteered to
take part and met the study’s selection criteria. The ECG signals were collected from electrodes placed
at the lead positions on the volunteer's body as shown in Figure 5. The limb leads were clipped at the
following positions: right wrist (RA), left wrist (LA), right ankle (RL), and left ankle (LL). The precordial
leads had electrodes placed at the following locations: the 4th intercostal space at the right of the sternum
(V1), the 41" intercostal space at the left of the sternum (V2), midway between V2 and V4 (V3), the 51
intercostal space along the left midclavicular line (V4), horizontally with V4 along the left anterior axillary
line (V5), and horizontally between V4 and V5 along the left midaxillary line (V6). The electrodes were
connected to an embedded system to collect, process, and store the signals onto a memory card before
sending them to be displayed on a computer for monitoring.

b automation In the Digit ,

precordial
leads

limb electrodes

ECG Signal
Acquisition and
Processing Model

Figure 5. Experimental setup

Each volunteer will have their ECG recorded twice, with each recording lasting 30 seconds. The data
collection process follows these steps: (1) the volunteer lies relaxed on the table to have the electrodes
connected, (2) The measurement kit is powered on, and the signal is observed on the computer screen,
and (3) the measurement begins for 30 seconds, and data is stored if the signal is stable and without
noise. If the signal is unstable, step (1) is repeated. During the entire measurement process, the ECG
circuit is powered by a battery, and the laptop is not connected to the grid to minimize power supply
noise. The volunteer remains relaxed and still throughout the measurement. In addition to short-cycle
recordings, some volunteers will be recorded for longer cycles to evaluate the stability of the R peak
detection algorithm and beat segmentation.

Evaluation Indicators
The results of real-time detection and segmentation in this study are evaluated using three metrics: Se
(sensitivity), +P (positive predictive value), and Acc (accuracy). Their mathematical representations are
given by (10), (11), (12), and (13).

TP

—_ 0,
e=—"—x100% (10)
+P =2 x100% (11)
TP+FP
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DER = P+ FN x 100% (12)

The total number of QRS completes in the signal segment

ACC = 100% — DER (13)

Where TP is the number of correctly detected ECG cycles with R-peaks within the Q to S interval, FP is
the number of ECG cycles with R-peaks incorrectly detected outside the QRS complex (including the Q
and S peaks), and FN is the number of R-peaks missed between QRS cycles.

Results and Discussion

System Performance Analysis

As analyzed, FreeRTOS plays a key role in task scheduling and multitasking in the system. The firmware
is responsible for continuously reading the 8-channel ECG data stream from the ADS1298ECG-FE,
filtering, and processing the beat segmentation, while simultaneously displaying the data on the screen
and saving it to the memory card. Figure 6 illustrates the timeline for the two main tasks and the interrupt
service routine (ISR) handling the data stream. The ISR and the dataSave task are executed by core 1
of the ESP32, while the dataAcquiProcess task runs on core 0.

The use of two cores allows efficient parallel computation, ensuring real-time processing capabilities for
the system. When an interrupt occurs, the dataAcquiProcess task is scheduled to start immediately after
the interrupt. This task operates for approximately 430 us, then releases core 0 and waits for
rescheduling to restart. After every 500 executions of the dataAcquiProcess task, the dataSave task is
scheduled to start and operates for approximately 150,000 ps. During this time, the dataSave task
operates concurrently with the dataAcquiProcess task. Once completed, it releases core 1 and waits for
rescheduling to restart.

ISR M SS—. ss—1A I .

!
:
;

< s

) P >
t+ t+ t+ t+ t+ t+ t+  t+108 us

430 2.10% 2430 15.104 998.10% 998.103 108 +430
+430

- dataAcquiProcess task - dataSave task - Initialization - Interrupt

Figure 6. Relationship between tasks and interrupts in freeRTOS

Time

The dataAcquiProcess task plays a critical role in ensuring accurate ECG data stream reading and
processing. This task is responsible for communicating with the ADS1298ECG-FE board to transmit and
receive data using the SPI protocol at a frequency of 4 MHz. The received data consists of 8 leads,
including Lead I, Lead IlI, V6, V5, V4, V3, V2, and V1. Leads lll, aVR, aVL, and aVF will be enhanced
using formulas, so they are not currently computed on the ESP32. Lead Il (LIl) is filtered with an HPF
and LPF at cutoff frequencies of 0.5 Hz and 40 Hz, respectively, before applying the algorithm to detect
and segment the current ECG cycle. This cycle can be used for classification or diagnosis tasks in the
future. Filtering and segmentation are only performed on LIl for now but can be extended to 8 leads if
necessary. All captured data is then saved to the SD card.

The detailed execution time of the dataSave and dataAcquiProcess tasks is illustrated in Figure 7. The
dataAcquiProcess task also communicates with the TFT screen via the SPI protocol at a frequency of
40 MHz to display the LIl signal and related parameters such as heart rate, RR interval, QRS, and P-
wave in real-time. Figure 7(a) shows that the total execution time of dataAcquiProcess is approximately
430 microseconds. The dataSave task saves the data to the SD card using an SPI speed of 19 MHz.
Afterward, to ensure compatibility with databases like MIT-BIH, the segmented ECG cycle is
downsampled to 360 Hz using the algorithm described in the above section. The total execution time for
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dataSave is 0.15 seconds, as shown in Figure 7(b). Itis proved that core 1 still has more room to integrate
additional tasks such as running machine learning models for classification, diagnosis, cloud server
communication, etc.

Receive dat Filt Detect QRS display dat:
B Receive data Filter Detect QRS Display data B Receive data et etect Q Display data
3 (I il =1l —
’_g t+210° ’_g t+210%
totdt+ L+t r+ tt t tot+t+ t+ O+ tr t+ t ms
54 70 230 430 2108 210%  +10° 54 70 230 430 210 210°  +10°
+54  +230  +490 54 4230  +490

(a) (b)

Figure 7. Details the execution time of the (a) dataSave and (b) dataAcquiProcess tasks

Acquired 12-lead ECG

The ECG measurement system was used for experiments on volunteers with the goal of collecting data
for comparison with existing databases. The system was tested on 10 volunteers aged from 21 to 22,
with each volunteer undergoing two measurements, each lasting 30 seconds. Each volunteer produced
4 data segments, except for one who had 5 segments. In total, 41 data segments were successfully
collected from the volunteers. Only the 8 direct leads (including Lead |, Lead Il, V6, V5, V4, V3, V2, and
V1) and the data after LPF and HPF of LIl were stored. Four other leads are easily derived by equations
from (1) to (4) when necessary.

Signal Filter Results

The LIl data from all volunteers were filtered and stored directly using the designed circuit. This study
applies both LPF and HPF with cutoff frequencies of 40 Hz and 0.5 Hz, respectively. These filters were
used to remove ultra-low frequency noise, 50 Hz electrical grid noise, and high frequencies from the
data. Figure 8 depicts the filter results. Figure 8(a) shows a raw data segment, which clearly
demonstrates the presence of ultra-low frequency components at 0.033 Hz and 50 Hz noise, as shown
in the frequency analysis results. After passing through the HPF (Figure 8(b)) and LPF (Figure 8(c)),
these noise components were significantly reduced. The amplitude of the signal was attenuated, as
demonstrated in the filtered signal's spectrum in Figure 9. In Figure 9(a), the raw signal spectrum has
two distinct noise peaks at 0.033 Hz and 50 Hz, but after filtering (Figure 9(b)), these peaks are almost
eliminated, leaving the amplitude in the characteristic frequency range of the ECG signal, proving that
the noise and high-frequency components have been effectively removed. The filtering was performed
continuously on the data read from the ADS1298, with execution times for the LPF and HPF being 5 and
3 microseconds, respectively. The filtered LIl records will be used to test the cycle cutting algorithm and
measure ECG parameters for comparison with online databases.
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The parameters of the ECG signal from the volunteers and the MIT-BIH Arrhythmia database were also
calculated and statistically analyzed to evaluate the data collected from the designed circuit. The
statistical results are presented in Table 1. The results show that the average values of the R-R interval,
QRS duration, and P wave duration are consistent with those of the database. The minimum and
maximum values also fall within the range of the database values. This indicates that the data collected
from the study is initially compatible with the database parameters and can be used for subsequent
research, such as anomaly detection or classification.

Table 1. Parameters of ECG data collected in this study compared with MIT-BIH ARRHYTHMIA

No. Parameter This study MIT-BIH
N Min Mean Max N Min Mean Max
1 R-R Interval (s) 1356 0.606 0.805 1.148 1062 0.431 0.808 1.452
2 QRS Duration (s) 1397 0.060 0.078 0.138 1062 0.039 0.092 0.136
3 P Wave Duration (s) 1387 0.026 0.101 0.188 1060 0.017 0.095 0.211
4 Heart Rate (bpm) 1356 52 75 99 1062 41 77 139

Beat Segmentation Result Analysis and Comparison

Real-time segmentation of the ECG signal plays a crucial role in real-time ECG classification. The
segmented data are used to implement ECG signal classification algorithms or diagnose cardiovascular
diseases. As previously described, the real-time algorithm in this study is based on common QRS
complex detection algorithms such as Pan-Tompkins, Hilbert, and E&Z. These algorithms primarily rely
on accurately identifying the R peak after processing the ECG with an adaptive threshold algorithm. To
simplify real-time processing, a single cardiac cycle is defined as the set of samples to the left and right
of the detected R peak.

In this study, the R peak detection algorithms are compared based on two criteria: the deviation rate of
the detected R peak compared to the true R peak and the execution time of each algorithm. Figure 10
depicts how to evaluate the peak deviation ratio n. Figure 11 illustrates the possible cases when cutting
an R peak. Figure 11(a) represents the case where all R peaks are correctly detected, while Figures
11(b) and 10(c) illustrate cases where the R peak is either detected incorrectly or missed. Table 2
presents the statistical results of the error in detecting the R peak compared to the true peak, measured
in sample misalignment (i.e., n in Figure 10). The results show that applying the Hilbert transform
achieved the highest R peak detection rate at 100%, with no error. The Pan-Tompkins and E&Z
algorithms both exhibit similar R peak detection accuracy, with an average error of 0.43 samples.
However, the standard deviation of the Pan-Tompkins algorithm is larger, at 0.53 samples, compared to
0.51 samples for the E&Z algorithm. The maximum sample deviation for both algorithms is 9 samples.
Therefore, in terms of R peak detection accuracy, the Hilbert transform-based algorithm outperforms the
others.

Real R]mk‘“ml
[\
| #,Delecmdkpeak

— nM

—»{ +—n samples

Figure 10. lllustration of the R peak detection results
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Figure 11. R peak detection results: (a) successful, (b) wrong R peak location, and (c) R peak ignored
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Table 2. Peak deviation rate (sample)

No. Method Samples StDev Mean Max
1 Hilbert 13050 0 0 0
2 E&Z 13055 0.51 0.43 9
3 Pan-Tompkins 13060 0.53 0.43 9

The real-time cycle cutting times differ mainly in the ECG signal preprocessing phase of the three
algorithms presented in Table 3. The algorithm using the Hilbert transform requires more complex signal
transformation algorithms, resulting in a processing time of 107 microseconds, while the E&Z and Pan-
Tompkins algorithms require only 2 and 3 microseconds, respectively, to complete. The total time for the
adaptive thresholding algorithm and cycle cutting for all three algorithms is the same, at 108
microseconds. Therefore, the total time for detecting and cutting the most recent cycle of LIl using the
Hilbert transform is nearly double that of the other two algorithms 222 microseconds compared to
approximately 120 microseconds. However, based on the results, all three algorithms ensure that the
system correctly reads data from the ADS1298ECG-FE chip. Thus, if the system requires precise R peak
detection, the Hilbert transform-based algorithm should be used. On the other hand, if the system does
not prioritize R peak accuracy compared to the true peak, the other two algorithms can be used.
Additionally, linear interpolation has been successfully applied to downsample the data from 500 Hz to
360 Hz, ensuring compatibility with online databases. Figure 12 presents the downsampling results for
any ECG cycle. The graph shows that the downsampled data fits well with the original data.
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Figure 12. ECG signal downsampling results

Table 3. Real-time beat segmentation algorithms performance

No. Task Hilbert E&Z Pan-Tompkins
1 Signal pre-processing 107 2 3
2 Thresholding 106 106 106
3 Beat segmentation 2 2 2
4 Total time (uS) 222 117 118

Table 4 presents and evaluates the performance results of accurate QRS complex detection and real-
time ECG cycle cutting success rates. A total of 13,069 ECG cycles were tested. The results show that
the Pan-Tompkins algorithm achieved the highest accuracy rate of 99.99% in detecting R peaks. The
Hilbert transform algorithm had a slightly lower QRS detection accuracy rate compared to the E&Z
algorithm, with a difference of about 0.20%.

Additionally, Table 4 compares performance indicators such as Se, +P, and Acc with previous studies.
In the application of the Pan-Tompkins algorithm, [28] achieved a 99.32% accuracy rate in successfully
detecting the QRS complex on 116,137 ECG cycles from an online database. In this study, Pan-
Tompkins achieved impressive results, testing approximately 1,500 online ECG cycles from volunteers,
with a detection rate of 100%. Therefore, if the test sample size is expanded, the system promises good
accuracy for QRS detection. Study [29] proposed a relatively lightweight algorithm with good real-time
performance, but the QRS detection success rate was quite low. Apart from studies [29] and [32], other
studies like [30], [31] and [33] reported QRS detection rates above 99.5%, while [28] and [35] had lower
success rates of 99.32% and 99.1%, respectively. The algorithms tested in this study achieved QRS
detection rates of 99.5% or higher, although the online test sample size was still much smaller than in
the mentioned studies. Therefore, the system needs further testing to confirm its accuracy. Nonetheless,
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the study has successfully integrated all tasks, such as data collection, processing, and storage of ECG
signals, directly on the embedded system. Additionally, the study demonstrated that with multitasking
programming, the system can accurately cut out ECG signals in real-time, and the processor still has
sufficient room to integrate additional advanced features like ECG anomaly detection, classification
based on tiny machine learning models, and enabling server connectivity for building remote monitoring
and pre-diagnosis systems.

Table 4. Summary table comparing QRS detection algorithms

No QRS detection method ECG dataset Total TP FN FP Se +P ACC
' (beats) (beats)  (beats) (beats)
1 Peak threshold [29] Self—ggltlaected ) . ) ) 74 62 92 39 70.30
> Peak filter [29] Self—g:ltlaected ) . ) ) 83.61 08 38 82 47
3 Algorithm 1 [30] MIT-BIH 110050 109548 294 215 99.69 99.8 99.53
4 Algorithm 2 [30] MIT-BIH 110050 109615 240 239 99.74 99.78 99.56
5 [31] MIT-BIH 109496 109342 154 177 99.86 99.84 99.7
6 MIT-BIH [32] MIT-BIH 109495 108568 928 856 99.08 99.12 98.19
7 [33] MIT-BIH 109966 109742 91 224 99.90 99.92 99.82
8 Pan-Tompkins [28] MIT-BIH 116137 - 277 507 - - 99.32
Complex-Pan-Tompkins-  Self-collected
9 Wavelets [35] data ) ] ) ) 99.57 99.58 99.10
10 Online Ag/f:?(;;4(]ll electrode MIT-BIH 12453 . . . . ) 9354
11 This study (Pan- Self-collected 15569 13055 5 9 100 99.99  99.99
Tompkins) data
12 This study (Hilbert Self-collected 45569 43050 4 15 99.92 9959  99.51
transform) data
13 This study (E&2) Se'f'gg't'aeded 13069 13060 3 6 100 9972  99.71
Conclusions

In this study, we successfully designed and implemented a direct ECG signal acquisition and processing
system on the MCU. The study delivers four key contributions. First, integrating two digital filters—an
HPF at 0.5 Hz and an LPF at 40 Hz—directly on a microcontroller demonstrated effective suppression
of ultra-low-frequency drift, 50 Hz mains interference, and unwanted high-frequency components, with
execution times of just 3 ys and 5 ps per sample, respectively, meeting near real-time processing
requirements on resource-constrained hardware. Second, three R-peak detection algorithms (Pan—
Tompkins, Hilbert Transform, and Englese & Zeelenberg) were simultaneously evaluated on data
collected from 10 volunteers, achieving QRS detection accuracies of = 99.5%, with Pan—Tompkins
reaching 99.99%. Third, the system accurately extracted complete ECG cycles for each heartbeat,
providing a reliable foundation for subsequent automated classification and diagnosis. Finally, the fully
microcontroller-based implementation paves the way for developing low-cost, portable medical devices
that support remote cardiovascular monitoring and diagnosis.
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