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Abstract: Cardiovascular diseases are one of the major problems of modern society. In addition
to reducing people’s quality of life, bringing high costs to the health system, and loss of economic
productivity, they are the leading cause of death in the world. Early diagnosis and treatment are the
best actions to minimize the damage and costs caused by them. For this, developing techniques and
technologies that have better accuracy in the analysis of electrocardiogram (ECG) signals is necessary.
This work presents a method and system for heart rate estimation using linear prediction filtering. The
system design centers on an ESP32 microprocessor module and an AD8232 ECG signal conditioning
module. The implementation of the LPC algorithm for determining heart rate with real-time processing
was validated with a Tektronix AFG1022 function generator that produces ECG signals and obtains
measurements with accuracy above 98.8667%, showing performance similar to works presented in the
literature.

Keywords: Heart rate; Linear prediction; ESP32

1. Introduction

Cardiovascular disease (CD) is a general denomination for an illness that affects the blood vessels
and the heart tissue [1]. According to the Brazilian Society of Cardiology, the CD is between Brazil’s
prior causes of fatalities and the world (confirmar com a WHO). [2]. It is believed that cardiac
insufficiency, heart attacks, atrial fibrillation, and arterial hypertension affect approximately 45,7
million people in Brazil, that is, 32% of the adult population [3]. [4] An estimated number of obits in
Brazil was disclosed as about 400 thousandth people in the year 2019, the primary cause of death in
that year.

The CD treatment and diagnosis demand high budgets for the public health service and derate
the well-being of the population. A high priority is necessary with investments in prognosis and pre-
vention, which must significantly impact productivity losses and the high costs of posterior treatments
[4].

An interesting approach to improving the attention of patients with CD is telemedicine.
Telemedicine focusing on CD is associated with a reduction of cost treatment, international, and
readmissions, as well as a decrease in mortality rate and better patient comfort and satisfaction [5].

In the work [6], the comparative effectiveness of telemedicine interventions with conventional
healthcare in patients with cardiac insufficiency was examined, and it found that medically supported
telemedicine systems were more effective for adults, particularly in reducing all-cause hospitalization,
cardiac hospitalization, all-cause mortality, cardiac mortality, and length of stay. In [7], a case study
of the use of telemedicine with the auxiliary tool of artificial intelligence in the city of Taruma - SP is
presented, in which there was a 21% decrease in premature deaths due to cardiovascular diseases and
25% in premature deaths due to circulatory diseases.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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To detect CD and to give an accurate diagnosis, the electrocardiogram - ECG - is one of the main
types of test/exam, and the innovation trends and available technologies make this exam vary adherent
to telemedicine procedures . It consists of recording the variation in the bio-electrical activity of the
heart, which represents the cyclic contractions and relaxations of the human heart muscle and provides
important information about the functional aspects of the heart and the cardiovascular system [8]. It is
a procedure that has the benefits of having well-defined parameters, low cost, and high sensitivity in
detecting CD [9]. The use of Al in analyzing ECG signals to detect arrhythmia and CD has been a trend.
[1] stated that automation is necessary to reduce errors and human burden during the interpretation
of ECG signals is shown to have better performance in ECG classification/ measurements and also
showed that automated classification/measurements of ECG signals can improve the accuracy and
efficiency of diagnoses.

Heart rate - or heart rhythm or cardiac frequency, is one of the most relevant measures that can
be estimated via ECG signals, and its unity is beats per minute (bpm); its measure has a diversity
of applications, e.g., [10]. Interpreting this measure is more significant if it can be detected in small
windows than a single computation of a mean in larger time intervals. The variability of the heart
rhythm in short time intervals [11] can be a rich signature to help classifier systems in automated
diagnosis. Several works in the specialized literature approach the cardiac frequency estimation with
different sensors, systems or methods to estimate this paramount quantity to diagnosis tools [12-19].

In this work, an LPC-based automated heart rhythm estimator based on the reconstruction
and error of the ECG signal with low-order linear prediction coefficients is concept-proved in an
experimental test bed. The method was previously described in [20] in a theoretical and simulated test
and comparison with other methods using some canonical datasets . The prototype system composed
of an ESP32 microprocessor module and an AD8232 ECG signal conditioning module is described in
the next section, and the experimental tests conducted using a synthetic ECG wave produced with a
Tektronix AFG1022 function generator are plotted in the results section. The last section reports some
conclusions and the perspective for future works.

2. Materials and Methods
2.1. Electrocardiogram Signals

The ECG signal (Figure 1) carries information about biological changes that occur in the heartbeat
generated by stimulus from the ventricle and atrium. The signal presents three major characteristics:
Length given in samples (or seconds), amplitude in milivolts and morphology, where it is possible to
identify your waveform.

In Figure 1 is shown the major waves of the ECG signal: P wave, QRS complex and T wave. The
QRS complex is composed of the Q, R and S waves [21]. In the majority of cases, the cardiac events
occur in these waves. For that, a large amount of research has focused on the complex QRS.

In the tests with the system, a Tektronix AFG1022 Arbitrary Function Generator is used to give
a reference ECG with a known set of cardiac frequencies, and the signals were then injected in the
acquisition interface to a real time processing.
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Figure 1. Typical morphology of normal sinusal rhythm see on ECG

2.2. Linear Prediction Coefficients Filtering
2.2.1. LPC—Linear Prediction Coefficients

The fundamental idea of LPC is to express the one-step prediction £[n] of a discrete signal x[]
from its previous p samples [22,23], whose difference equation is given by

P
£n) = — Y mex[n—kl, (1)
k=1

where a; are the coefficients of LPC and p is the order of the predictor.
The estimation error e[n] is then:

eln] = x[n] — 2[n] 2)
Knowing the Equation 1, the Equation 2 can be rewritten as

e[n] = x[n] + i agx[n —kj, 3)
k=1

whose linear prediction coefficients 4y minimize the mean square of error e[n] and can be found using

the Equation 4
-1
ay 1o 1 ce Tp,1 1
ar r ry NN i’p_g Ty
= - 7 (4)
ap rp_l rp72 ce 1o Ty
where 7y is given by
N-1-k
=Y, xi[nxgyln] )
i=0

The error signal e[n] is sensible to sudden variations of signal x[n] due the behavior of high-pass
filter, as can be deduced applying Z-Transform to error e[n] (3).
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p=1
This property is used in the estimation of the heartbeat. The method is presented in the next
section.

2.3. LPC: Heart Rhythm Estimation

Knowing most researches about characteristic extraction of ECG signals are focused on QRS
complex, in this paper, it is proposed the use of a method based on LPC for identification of the instants
when occurring the QRS complex.

To understand the method, let considers the discrete-time ECG signal x[n], whose samples can
be predicted from the signal £[n] obtained by the 4th-order (p=4) LPC model (1). From the difference
x[n] — &[n], it is determined e[n] which is sensible to high-frequency components, and consequently, to
the variations of the signal level in the QRS complex. In this way, threshold search can be easily applied
on e[n] to retrieve information about heart rhythm, as can be seen in Figure 2. Since the error signal
carries only high frequency in this band, the off-set, drift caused by spurious interference and even
possible T wave prominence are absent. Then, the threshold logic detection of the peaks is effective.

i

Heart rthythm (HR): HR = % (bpm)
N (samples): interval between to events (R waves)
f. (Hz): is the sampling frequency

Figure 2. Heart thythm computation using detected R waves

The chosen threshold for detection has some degree of subjectivity [24]. However, given a sorted
sequence in ascending order of the normalized absolute value of the error error:

el = L )

sup,, [e[n][’
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its acceptable to discard the 10% greater values of the samples in &[n], generating a truncated sequence,
é:[n]. Considering that this new sequence gives to the spiking events a good prominence, a reference
to the threshold can be computed using the median y:

2

L=\/u,@n])), ®)

and, finally taken an adequate calibration for the threshold as:

D=BL, B >0. )

Adequate values for the parameter § for use with the MIT database were founded to g = 6. A
sample m is then considered as and event to be marked if the condition é[m] > D is matched. For each
two consecutive marked samples m; and my with my —m; = N, the heart rhythm HR in beats per
minute (bpm) can be estimated as:

60f,
N 4

HR = (10)

in which f; is the sampling frequency in hertz.

As an example, in Figure 3(a), an excerpt form a ECG signal from the MIT database with correction
of baseline is displayed in your basal state and also contaminated with wanderer and drift spurious
signals. In the Figure 3(b), one can see the very similar pattern for the normalized squared error
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Figure 3. Squared error patterns for ECG signals unperturbed (balck) and perturbed with wanderer (blue) and
drift (red) in a given window of measurement.

2.4. Experimental Setup

Having understood the dynamics of the ECG signal and the technological trends in their diagnosis,
the system specification was initiated according to the classification of [25], characterized as a single-
lead system for outpatient/home medical application, with the purpose of diagnosing diseases and at
low cost, identifying itself as a smart system due to the use of IoT, cloud and Artificial Intelligence (AI)
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technologies. Based on the analyses of traditional ECG systems and Smarts Health Care presented in
[26,27] and considerations on the form of data acquisition and preprocessing (filtering, resampling and
normalization), some functional requirements were established:

e  Sampling rate 250 samples/s and 12-bit resolution;

e Use of instrumentation amplifier;

®  0.5to 40 Hz bandpeass filter or a high-pass filter together with a low-pass filter;
e Notch filter at 60 Hz;

e Use of processor compatible with the implementation;

e  Use of 1GB micro-sd-card electronics;

e  Use of LCD, TFT or OLED screen;

*  Use of charge control electronics for lithium-ion batteries;

Silver and silver chloride (Ag/AgCl) electrodes and a Sparkfun AD8232 single-lead heart rate
monitor module illustrated in Figure 4 are used for data acquisition and preprocessing. This type of
electrode was chosen because it is easy to find and because of its low price, however. The Sparkfun
ADB8232 module is an electronic board based on the Analog Devices AD8232 integrated circuit that is
designed to extract, amplify, and filter small biopotential signals in the presence of noisy conditions,
such as those created by motion or remote electrode placement. The configuration implemented
in Sparkfun’s AD8232 is to obtain an ECG waveform with minimal distortion, with a second-order
high-pass filter and cutoff frequency of 0.5 Hz followed by a second-order low-pass filter and cutoff
frequency of 40 Hz with the use of a third electrode for optimal common-mode rejection '. Since a
60 Hz notch filter is not implemented via hardware in the module, it was implemented digitally in the
code.

Figure 4. Sparkfun AD8232 single-lead heart rate monitor module

The hardware development (processing) platform chosen to execute the project was the ESP32-
DevKit of Figure 5, which is a small ESP32-based development board produced by Espressif. The
ESP32 is a unique integrated circuit that combines 2.4 GHz Wi-Fi and Bluetooth technologies > and
has a 32-bit 240 MHz single/dual-core Xtensa processor, 448 KB ROM, 520 KB SRAM, 16 KB SRAM
in RTC, QSPI supports multiple flash/SRAM chips, 34 GPIOs, 4 SPI, 2 125, 2 12C, 3 UART, 1 host
(SD/eMMC/SDIO), 1 slave (SDIO/SPI), TWAI®, RMT (TX/RX), PWM Motor, PWM LED, 12-bit ADC,

1 https:/ /cdn.sparkfun.com/datasheets/Sensors/Biometric/ AD8232.pdf
2 https:/ /www.espressif.com/en/products/socs/esp32
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2 8-bit DAC, Wifi IEEE 802.11b/g/n (up to 150 Mbps) and Bluetooth v4.2 BR/EDR and BLE. Its choice
was based on the relatively low cost of the platform, reasonable processing power, and the availability
of integrated Wi-Fi Bluetooth communication, which allows ease of programming and reduction of
the prototype size. Although the ESP32 does not have Digital Signal Processor (DSP) functions, the
literature shows that it has good performance for implementations in ECG signals [28,29].

ESP32-DevKitC &) ESPRESSIF

3v3 @D
PU— T EN GPI023 [VSPIMOSI}
RTCGPIO36 & ESPRESSIF GPI022
[EERED ESP32-HROOM GPIO1 _ UOTXD
RTC GPI034 GPI03 | UORXD
RTCGPI035 GPI021
RTCGPI032
RTC_GPIO33 Misol oo/l
DAC_1 RTC GPI025,
DAC_2 RTC_GPI026

00/10 TOUCHT, RTC [ GPI027. GPIO17, OD/E
[Loo/ie/weu ZhispLSCK BN TL (VIR TOUCHG. RTC_GPIO14 GPI016, OD/IE
LU B TOUCHS. RTC_GPIO12 GPI104 IRTC ADC2_0 ZTOUCHO OD/IE/WPD
D GPIO0  RTC_ ADC2_1 _TOUCH1, BOOT _ OD/IE/WPU
(Vi (@ ADC2_4 JTOUCH4  RTC (GPIO13 GPI02 {RTC | ADC2_2 _ TOUCH2_, OD/IE/WPD
! LYY GPIO9 GPIO15 RTC | ADC2_3 [ TOUCH3 B/1{"[ X HSPLSS LOG | OD/IE/MWPU ]
! (BT GPIO10 GPIog BN )1 !
LI oo/ie/weu B LB GPIO11 GPI07 ST ooie/weu M
5V0 Z [T NSCKID CIEIRD !
ESP32 Specs
. ~/\,/— PWM Capable Pin
32-bit Xtensae dual-core @240MHz > GPIO Input Only
Wi-Fi IEEE 802.11 b/g/n 2.4GHz @GO GPIO Input and Output
DAC. Digital-to-Analog Converter 'WPU: Weak Pull-up (Internal)
BLuetooth 4.2 BR/EDR and BLE DEBG’é JTAG for Debugging RTC Power Domain (VDD3P3_RTC)  WPD: Weak Pull-down (Internal)
520 KB SRAM (16 KB for cache) FLASH? External Flash Memory (SPI) Ground ., PU: Pull-up (Extemal)
oo @D Power Rails (3v3 and 5V) IE: Input Enable (After Reset)
448 KB ROM CUIEEI) Analog to-Digital Converter PIF SR it FERSIB 1D: Input Disabled (After Reset)
34 GPIOs, 4x SPI, 3x UART, 2x I2C QEIUEIRY Touch Sensorinput Channel 1 regulor GPIO. o OF: Output Enable (ter Reset)
S, 4x , 3Xx , 2X B @ILAED Other Related Functions OD: Output Disabled (After Reset)
2x 12S, RMT, LED PWM, 1 host SD/eMMC/SDIO, @I serial for Debug/Programming

s Arduino Related Functions
1 slave SDIO/SPI, TWAIe, 12-bit ADC, Ethernet @SITTD Strapring Pin Functons

Figure 5. Esp32-DevKit

The selected solution for the HMI was DFRobot LCD Keypad Shield “displayed in Figure 6. It is
a module that allows the development of a navigable interface. It consists of a 16x2 white character
LCD with blue backlight and 5 keys that allow selection, up, right, down and left. Initially the system
only shows the heart rate value calculated by the LPC method, but a menu can be developed in future

versions.

Figure 6. DFRobot LCD Keypad Shield

The system is powered by a shield for charging two 18650 Lithium-Ion batteries illustrated in
Figure 7. This has output voltages of 5 volts (2 amps) and 3.3 volts (1 amp), battery overcharge and
over-discharge protection, 0.5 amp USB (Micro, C) connectors, and LED indicators for charging and

full charge.

3 https:/ /wiki.dfrobot.com/LCD_KeyPad_Shield_For_Arduino_SKU__DFR0009
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a

1.Click to boot
2.Press and hold the button to shut down

Figure 7. Shield for 18650 Lithium-Ion batteries

MATLAB (Matrix Laboratory) is a programming and numerical computing platform for ana-
lyzing data, developing algorithms, and creating models that combine an environment tailored for
interactive analysis and design processes with a programming language expressed in matrix and array
mathematics *. It validates the LPC frequency estimation algorithm before deploying the code in the
ESP32-Dev-Kit.

The firmware implementation is through Arduino IDE which uses a C++ programming language
with some modifications. This choice was based on ease of use, availability of sample codes and
libraries for accessing peripherals.

In the system validation, a Tektronix AFG1022 arbitrary function generator was used, which can
emulate ECG signal as displayed in Figure 8. The system was evaluated by generating ECG signals at
heart rates of 30, 60, 120, and 180 beats per minute. The heart rate was estimated using 100 cardiac
cycles per frequency, and performance was assessed by calculating the accuracy.

Figure 8. Arbitrary function generator.

4 https:/ /www.mathworks.com/
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3. Results

The main code for LPC computations was tested in a function for MATLAB with excerpts of
signals form the MIT or PhysioNet databases [30,31] and the obtained results were quite plausible. As
an example, in Figure 9 a test with an bigemy-affected ECG excerpt from MIT database is displayed,
and the algorithm was able to capture the instantaneous heart rate as can be seen in the stem plot of
heartbeats events.
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Figure 9. Bigemy-affected ECG and estimated heart rate with LPC fintering.

The developed hardware is based on the block diagram shown in Figure 10. The system consists
of an ESP32 microprocessor module that reads the signal from the AD8232 ECG signal conditioning
module, executes the LPC algorithm to determine the heart rate, presents the data on an LCD display
and saves the data to an SD-Card, in addition to a charge control module for 18650 lithium-ion batteries
and a voltage source of 3.3 and 5 volts. Capacitors of 2.2 uF and 10 uF were placed near the power
pins of the ESP32 and AD8232 modules to eliminate possible 60 Hz noise.

Shiled - Battery
18650

Figure 10. Hardware block diagram (simplified).
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The developed firmware was based on the actions in the block diagram in Figures 11-13. Figure
11 provides an overview of the code produced. The sequence of initial configurations of internal and
external peripherals used, of parallel processing in two cores, and of digital filters is shown in Figure

12.
~
[ Start
_J

Two core o Data aqequisition
processing habilitation Initializations and processing
- ) Constants and
Libraries inclusion variables declaration

Figure 11. ESP32 firmware overview.

~

Initial configurations

J

Initialize: serial
port; AD converter;
digital ports; LCD

v

Digital filters
configuration

Parallel processing
configuration

Figure 12. Peripheral Configuration.
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Data aquisition
and processing
Core #1
T LPC
uffer
Sampling transfering computations
Data transfering No
released
Yes
Back uj Compute
P T1,-1Tp
sampled data (Eq. 5)
Compute
P (Bq. 4)
Sampling ¢
ECG
Compute Compute HR,
2] (Eq.1) save in SD card,
display in LCD
No ¢
i k=k+1 ;
Compute
Yes i (Eq.1)
Release data Compute
transfering e[n],e[n] (Eq.27)
Compute

LD  (Eq.89)

Figure 13. Acquisition and Processing.

The Acquisition and Processing block of Figure 11 is detailed in Figure 13. Core 0 was reserved
for future processing of the Wifi communication and the other tasks are executed in Core 1. The ECG
signal acquisition and filtering activities were assigned to a parallel processing task that is executed
within a time interval of 4 milliseconds, providing a sampling rate of 250 samples per second. A 60
Hz digital notch filter and a second-order low-pass digital filter with a cutoff frequency of 500 Hz are
applied to the signal. Upon reaching 600 acquired samples, another task is enabled from a semaphore
and the transfer of these samples from the acquisition buffer to another begins, avoiding overwriting
of this buffer during the processing of the heart rate determination algorithm. The LPC algorithm
for estimating the heart rate with order p = 4 and displaying it on an LCD are only executed after
enabling a semaphore at the end of the buffer sample transfer task. The flow control of the parallel
processing was executed using the Free RTOS real-time operating system.

The ECG signal emulated by the Tektronix AFG1022 function generator with a frequency of
30 BPM (0.5 Hz), Figures 8 and 14, is input into the developed system. The result of the real-time
processing of this signal by the LPC heart rate estimation algorithm is shown in Figure 15. The system
was evaluated by generating ECG signals at heart rates of 30, 60, 120, and 180 beats per minute. The
heart rate was estimated using 100 cardiac cycles per frequency, and performance was assessed by
calculating the accuracy. The generated signals was injected into the prototype real-time tracking of the
accuracy. The used function generator is displayed in Figure 14. In Table 1, one can see the accuracy of
the measured frequencies, and the tiny standard deviation demonstrates that the instantaneous heart
rate has been successfully estimated since the waves have a fixed frequency.
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Figure 14. A synthesized ECG with 30 beats per minute.

Figure 15. Acquisition with 30 beats per minute.
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Table 1. Heart rate system estimation performance.

Performance in one hundred

Heart rate (bpm) estimations

Mean (bpm) Std. deviation (bpm) Accuracy

30 bpm (66 samples)
29 bpm (34 samples)
60 bpm (87 samples)
59 bpm (13 samples)
120 bpm (94 samples)
119 bpm(6 samples)
180 bpm (87 samples)
178 bpm (13 samples)

30 29.66 0.48 98.88%

60 59.87 0.34 99.78%
120 119.94 0.24 99.95%

180 179.27 0.68 99.92%

4. Discussion

At 30 BPM, 66 measurements were 30 BPM and 34 measurements were 29 BPM, resulting in
a mean of 29.66 and an accuracy of 98.87%. At 60 BPM, 87 measurements were 60 BPM and 13
measurements were 59 BPM, resulting in a mean of 59.87 and an accuracy of 99.78%. At 120 BPM, 94
measurements were 120 BPM and 6 measurements were 119 BPM, resulting in a mean of 119.94 and
an accuracy of 99.95%. At 180 BPM, 67 measurements were 180 BPM and 13 measurements were 178
BPM, resulting in a mean of 179.27 and an accuracy of 99.82%.

The operation of the system is stable and the heart rate measurement results showed accuracies
between 98.87% (30 BPM) and 99.95% (120 BPM). These results were satisfactory compared to those
obtained by [32], which reached accuracies between 98.18% and 100% using the same algorithm in a
similar code for Matlab and with data from the MIT-BIH database and also reached accuracies between
42.47% and 97.02% using a code based on the Wavelet Transform [33].

5. Conclusions

This paper presents a method and system for heart rate estimation using linear prediction filtering
in an effective real-time firmware for applications of instantaneous heart rate detection. The obtained
experimental results are accurate and can be considered a proof of concept of a simulated, offline result
previously obtained by the authors. The next steps of the work involve using the instantaneous heart
rate measurement from the system to feed trained deep-learning CNN-1D for automated diagnosis of
heart diseases from captured real-time ECGs.
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