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ABSTRACT

The article describes the principles of developing a preprocessing algorithm for electro cardio signals
in an in-house wireless automated Holter cardiac activity monitoring system. The system stands out
for lower energy consumption due to the compression and processing of transmitted information. The
article's authors propose a wireless electro cardio signal transmission method based on energy-saving
Wi-Fi technologies for transmitting electro cardio signals. The article also includes a step-by-step
electro cardio signal filtering technique, which lies in an algorithm combining wavelet compression
and low-frequency filtering and an algorithm for high-frequency and neural network filtering of
transmitted electro cardio signals, ensuring high reliability of the transmitted electrocardiographic
(ECG) information. The authors developed a Holter monitoring system model, which includes
real-time MATLAB system packages, the PhysioBank’s Automated Teller Machine electro cardio
signal database, and an external wireless subsystem for transmitting ECG information. The authors
also present a real-virtual complex for setting up and implementing the algorithm of the developed
system, providing a wide range of software and hardware tools, including specialised MATLAB

system packages for setting up, debugging,
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preservation of diagnostically important signal features. The proposed methods and algorithms
ensure high-quality, multi-day wireless transmission of ECG signals with low energy consumption.

Keywords: Signal preprocessing, electro cardio signal, electrocardiograph, Holter monitoring, wavelet, Wi-Fi

transceiver, real-time signal processing

INTRODUCTION

Holter daily monitoring is a diagnostic procedure in electrocardiography that includes
recording the electrical heart activity using a portable device for 24 hours or more during
the patient’s free activity. Decoding and interpretation are often performed offline on special
decoders. This type of ECG monitoring is used to diagnose heart rhythm and conduction
disorders that cannot be detected by the standard ECG recording (Cai et al., 2019).

Typically, Holter monitoring involves recording ECG onto an autonomous storage
device, such as flash memory, over a long period (Khong et al., 2021). However, the
recorded data, in this case, becomes available and can be analysed only after the registration
is complete. Therefore, wireless ECG transmission from patients directly to a computer
has recently been increasingly used for continuous ECG monitoring of patients and further
interpretation (decoding) of ECG in real-time (Sahoo et al., 2022). Here, a general server
in a cardio centre or a separate minicomputer at home can be used as the computer. This
system allows for promptly informing the patient and/or doctor about deviations in cardiac
activity.

Identifying ECG elements involves determining the boundaries of specific sections,
amplitudes, and durations of ECG waves, as well as the morphological features of all ECG
elements, using modern methods of automated electro cardio signal (ECS) processing
(Shaikh et al., 2022; Setiawidayat, 2023). Calculating the time and amplitude parameters
of specific ECG fragments requires preliminary ECS processing, which includes low-
and high-frequency filtering of ECS, elimination of ECG baseline drift, and software
compression of the transmitted ECG data.

Although the theory of detecting ECG signal features and estimating its parameters
is quite well developed, applying several classical solutions to their study takes time
and effort. This is primarily due to the significant degree of a priori uncertainty in the
properties of ECG signals and noise, which are determined by the individual characteristics
of patients. Sources of noise can include the electrical activity of tissues, such as muscle
tremors, interference from equipment, such as 50 (60) Hz noise, and slow changes in
electrode polarisation potential because of the patient’s forced breathing and coughing,
which can cause baseline drift (Singh et al., 2017). Therefore, one of the requirements for
any automated electrocardiography systems, including Holter monitoring systems, is to
provide high-quality ECG data. Thus, the problem of ensuring high-quality preliminary
processing of the measured electro cardio signal becomes relevant.
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LITERATURE ANALYSIS AND PROBLEM STATEMENT

The preliminary processing of the measured electro cardio signal and its preparation
for wireless transmission to a computer diagnostic system can be divided into several
stages (Ivel et al., 2019). The main stages include packet packing and compression of the
transmitted ECG data, Wi-Fi data transmission, Wi-Fi ECG data reception, restoration and
low-frequency filtering of the received ECG data, high-frequency filtering (elimination of
baseline drift), band-stop, and neural network filtering.

One of the primary quality indicators of the wireless Holter ECG monitoring system
performance is the speed of ECG data transmission and noise resistance. Wireless
transceivers maintaining all necessary characteristics while having relatively low power
consumption are particularly interesting. Leading devices in this class include transceivers
based on ESP32 chips (Gerasimova et al., 2024). ESP32-based Wi-Fi modules provide
extended range, larger memory, dual-core processing capabilities, improved support for
maintaining stable wireless connections with low power consumption, making them
particularly suitable for wearable biomedical devices.

Given this, there is a need to select or develop an efficient algorithm for compressing
the transmitted signal's volume and subsequent filtering, allowing the electro cardio signal
to be restored for proper interpretation.

The wavelet transformation procedure is interesting in this context due to its advantages.
The wavelet transformation application successfully resulted in the processing of noisy
electro cardio signals (Kumar et al., 2021; Malik et al., 2023). Since some noise sources
contain frequency components within the ECG spectrum, removing them using standard
filtering is quite challenging. In such cases, signal noise reduction is possible using wavelet
de-noising. In studies (Asif et al., 2023; Jain et al., 2024), wavelet transformation is used
for analysis to detect various pathologies. However, these works do not consider its use
for data compression for subsequent transmission. Chuiko et al. (2021) presented a new
algorithm and filter based on wavelet transformation for analysing and interpreting signals,
though the focuss here was primarily on electromyogram signals, although electro cardio
signals are quite similar in some parameters.

In some studies (Lin et al., 2024; Mohonta et al., 2022), the authors merely mention the
application of DWT or CWT without providing a detailed description of the algorithm and
wavelet transform parameters. Similarly, in Wang et al. (2021) and Maleki et al. (2024),
the transform is used only as a feature extraction step, while key algorithmic parameters
remain undisclosed. The absence of detailed descriptions of the wavelet transform algorithm
complicates reproducibility of results and objective comparison with other methods.

This work presents an efficient algorithm for compressing and filtering electro cardio
signals. This algorithm not only improves the quality of the transmitted information but
also significantly reduces its volume. Compressing the transmitted data also contributes
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to system energy conservation, which is crucial for a device worn by a patient throughout
the day.

AIM AND OBJECTIVES OF THE RESEARCH

This work aims to develop principles for the preliminary processing of the electro cardio
signal that ensures their quality interpretation with sufficient compression of the transmitted
ECG data and in the presence of broadband noise for wireless Holter monitoring systems.
Alongside the application of energy-efficient wireless transceivers, developing an efficient
algorithm for ECG data compression will contribute to the system’s energy conservation.
This will reduce the mass and size of the power element of the portable electro cardio
diagnostic device when creating the system.
To achieve this aim, the following objectives were set:

* todevelop and study an algorithm for the ECG data transmission and processing using
wavelet transformation for the Holter monitoring system; and

* to develop a filter for the electro cardio signal transmission and processing.

MATERIALS AND METHODS

The Holter monitoring system is based on the structure described in Gerasimova et al.
(2025), the schematic of which is shown in Figure 1, and includes the following components:

» lead cable with disposable electrodes;
+ amplifier module based on the AD8232 chip;

e ADuCM350 microcontroller (Li et al., 2019), built on the ARM CortexTM-M3 core
from Analog Devices;

e Wi-Fi transmitter ESP32, connected to the microcontroller via the 12C interface;
* 18650 Lithium Battery Shield for powering the autonomous part of the system; and

*  Wi-Fireceiver (identical to the transmitter), connected to a personal computer via the
Arduino DUE.

The programme for the ADuCM350 microcontroller and the Wi-Fi transmitter
microcontroller was written in C++. The personal computer is intended to receive and
interpret ECG data on the receiving side, visualise the results of automated diagnostics,
and transmit them to a printer for presenting a preliminary report.

The feature of the ECS measurement and wireless transmission algorithm, shown
in Figure 2, is the division of system resources to execute the programme between two
processors. The primary function of the ESP32 transmitter processor is to form and
transmit the data array to the receiving side. The limited resources of this processor
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Figure 1.

do not allow for parallel computations.
Therefore, a second processor has been
added to the Wi-Fi transmission device,
which operates in ECS recording and
preliminary processing mode. At the same
time, the transmitter transmits data to the
receiving side. The second processor is
the ADuCM350 microcontroller, whose
software and hardware capabilities allow
implementing programmes with parallel
execution of various operations, including
the discrete wavelet transform (DWT)
algorithm.

The algorithm for the transmitting part
of the system starts with measuring the ECG
signal in one lead and forming an array M(i)
in the ADuCM350 microcontroller. This
array includes about 21,600 measurements
with a period between measurements of 1
ms or a frequency of 1 kHz. This number
of measurements corresponds, on average,

Functional diagramme of Holter monitoring system
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Figure 2. ECG transmission algorithm for the Holter
monitoring system

to twenty-one cardiac cycles. The obtained data array is then subjected to multilevel one-

dimensional wavelet decomposition (MOWD) (Slyusar et al., 2021).

As a result, a vector C containing approximation and detail coefficients and a

vector L fixing the coefficient junction numbers are formed (Harang et al., 2012), while

the detail coefficients are zeroed at a certain level N. The programme for creating the
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array M(C, L) from vectors C and L is

implemented in the Tensilica L106 Wi-Fi

transmitter processor (MC,,). It should be v
| Receiving packet of C, L |

noted that the two microcontrollers operate

independently of each other. Simultaneously = 1 "
with the Wi-Fi transmission of ECG data, | SEIE paclkage el I
the ADuCM350 microcontroller continues |

. . ECG data recovery |
collecting data from the patient. At the I
same time, the wavelet decomposition and | Notch filtoring |
the obtaining of detail coefficients C and L ]
are performed. Thus, a parallel operation | bowipessHlising I
effect for processing and transmitting data I
is created. | Neural network filtering |

Next, the ECG data packet is transmitted
via the Wi-Fi interface to the receiving

side, where the final recipient, a personal

computer, performs wavelet reconstruction: [ Diagnosis ]
it recreates the array M(i) of ECG data
based on the coefficients C and L. Figure 3

Figure 3. Algorithm for receiving and processing ECG
presents the algorithm for the receiving part  data for the Holter monitoring system

of the system.

Thus, ECG data is transmitted over the Wi-Fi network not as direct ECG signals but
as vectors C and L. Zeroing specific detail coefficients of vector C leads to significant
compression of the transmitted information and suppression of high-frequency noise in
the reconstructed ECG signal. Consequently, wavelet transformation technology in Wi-Fi
information transmission improves the quality of transmitted ECG data and reduces the
system’s power consumption. The main task of the algorithm presented in Figure 3 is the
preliminary processing of the received ECG data.

RESULTS OF THE ECG TRANSMISSION AND PROCESSING ALGORITHM
DEVELOPMENT

The algorithm is implemented in the MATLAB environment. The pre-obtained packet of C
and L vectors is recorded in the MATLAB Workspace, and then, after the inverse wavelet
transformation, the recorded ECG array is filtered step-by-step.

Noteworthy is the band stop filtering placement on the system's receiving side. However,
filtering the ECG signal from 50 Hz interference on the transmitting side would be logical.
This is because the ADuCM350 microcontroller lacks the resources for simultaneous
discrete wavelet transformation and high-quality selective filtering of the ECG.
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Figure 4. Graphs of the original ECG signal and detail coefficient vectors C and L

It should be noted that the entire Holter ECG monitoring process is continuous
except for the initial time delay for the first measurement of the ECG data array, which is
approximately 21 seconds.

Semi-realistic modelling was used for debugging and adjusting the parameters of the
wireless ECG transmission system, as well as testing the ECG analysis algorithms and
various operating modes of the system. This principle involves using computer models
alongside real system components. The developed model contains real Wi-Fi transceivers, a
router, computer software models of the direct and inverse wavelet transformation systems,
and ECG signals from the PhysioBank archive database. Special software packages and
hardware are used to implement the interface between the real components and the computer
models of the Holter monitoring system.

The PhysioBank’s Automated Teller Machine (PhysioBank ATM) archive database
is a web resource containing well-described ECG signals and corresponding open-
source software for the biomedical research community (Benmessaoud et al., 2023). The
application to the ECG database presents the technology for transferring ECG copies
to the MATLAB environment. This technology can record any copy of the ECG signal
in the MATLAB workspace. In this case, it is an ECG signal variable in the 1x21600
double format. It is advisable to use the “wavedec” function to implement multilevel one-
dimensional wavelet decomposition, and for clarity, the signal will be presented in the
range of 1:1024 (number of samples).

Figure 4 shows the original ECG signal of vector C (2700 sample length) and vector
L (8 sample length). The compression ratio (CR) is defined as:
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Norig
CR=—"
Ncomp [1]

where Ny is the number of samples in the original signal (21600), and N;opmp is
the number of samples in the compressed representation (2708).

Thus, the transmitted data array, i.e., vectors C and L, is approximately eight times
smaller than the original ECG signal array, while preserving diagnostically significant
information.

The “waverec” function is used on the receiving side for multilevel one-dimensional
wavelet reconstruction. For clarity, the signal is also presented in the range of 1:1024
Figure 5.
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Figure 5. Graph of the reconstructed ECG signal

Figure 5 demonstrates that the reconstructed ECG signal is free from the high-frequency
noise present in the original signal.

Simulink packages, Simulink Desktop Real-Time, the multifunctional PCI-1710HG
input-output board, and the ADAM-3968 switch with connecting cable are used for the
hardware implementation of the described process for transmitting and receiving arrays
of vectors C and L using Wi-Fi technology. Figure 6a shows the Simulink model (SM,,)
for transmitting vectors C and L, recorded in the Workspace, to the output contacts of the
PCI-1710HG board (Analog Output). Figure 6b shows the Simulink model (SM;,) for
receiving vectors C and L and recording them in the Workspace.

Since the output signal of the PCI-1710HG board has a positive polarity, a constant
component of “0.5_V” (Constant) is included in the circuit (Figure 6a) to eliminate the
harmful component. To restore the input signal, a constant component of "-0.5_ V" is added
to the circuit (Figure 6b).

A similar procedure is needed for an ECG signal mixed with a 50 Hz sinusoidal noise.
For this purpose, a Simulink model ESC_sin.slx was created Figure 7.

Figure 8 presents the results of forward and inverse wavelet transformation of an ECG
signal mixed with 50 Hz noise. To determine the harmonic with the maximum amplitude in
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Figure 6. Simulink models for data input and output using PCI-1710HG board: a — Transmission of Vectors

C and L; b — Reception of Vectors C and L

the spectrum of the restored ECSsinV signal,
the magnitude spectrum for the 1024-point
signal sequence must be computed and
constructed.

The spectral density magnitude graph
shows that two harmonics with the following
frequencies were formed after wavelet
transformations instead of a single 50 Hz
harmonic:

_kifp _ k1, ky
fi= N _NTD'fZ_NTD' [2]

where:

4y

Sine Wave
ECS +* ; o]
From Scope
Workspace
ECSsin
To
Workspace

Figure 7. Simulink model for recording ECG signal
with 50 Hz noise

ki, and k, are discrete normalised frequencies of the harmonics;

fp is the decimation frequency;

T is the decimation period or sampling time;

N is the length of the sequence (signal).

Numerical values: k;,= 113, k,= 146; T, = 0.0028 s; N = 1024.

After substituting the values into the formula, the frequencies were determined as
£1=39.4 Hz and £,=50.9 Hz. This noise with two harmonics needs to be removed through

filtering.
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Figure 8. ECG signal with 50 Hz noise: a — Original; b — Restored
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Figure 9. Magnitude spectrum of the restored ECG signal

Results of Filter Development and ECG Signal Processing Research

To suppress interference with two adjacent harmonics, the windowing method with
the Kaiser window function was selected. The design of the notch filter was based on
determining the coefficients using the kaiserord method at a sampling frequency of 357 Hz.
The boundary frequencies were set to 24.4, 34.4, 55.9, and 65.9 Hz. The vector of the ideal
amplitude-frequency response was specified as [1 0 1], with allowable deviations of [0.05
0.01 0.05]. Based on these parameters, an FIR filter with a Kaiser window was calculated,
ensuring suppression of harmonic components within the specified range. The obtained filter
coefficients were imported into the Simulink model for subsequent simulation Figure 10.
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Figure 10. Simulink model for band stop filtering of ECG

The results of the filtering process simulation on the Simulink model are shown in
Figure 11.
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Figure 11. Results of band stop filtering of ECG: a — Original signal (Figure 4a); b — Reconstructed signal
(Figure 8b); ¢ — Signal after filtering
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Thus, after wavelet transformation, Wi-Fi transmission, and band-stop filtering, we
obtain a signal free from high-frequency noise and 50 Hz interference.

The next task for the system's receiving block is to remove the low-frequency
component of the ECG, i.e., the baseline drift. To address this task, it is also advisable
to use the windowed filtering method with the kaiserrord function. The coefficients for
the high-frequency filter are determined for boundary frequencies outside the range of
the useful signal frequencies. The contents of the b.mat file, saved to the Workspace, are
inserted into the numerator of the discrete filter in the Simulink model shown in Figure 12.

=

ECS Vst “”“; (2) »
Scope?
From Discrete Filter] P
Workspace

Figure 12. Simulink model for ECG high-frequency filtering

The input signal is the ECG signal obtained from the output of the band stop filter
Figure 11c. The simulation results are presented in Figure 13.
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Figure 13. Results of high-frequency filtering of ECG: a — Original signal; b — Signal after filtering

Visual analysis of the high-frequency filtering results Figure 13 shows that the baseline
drift in the output signal is virtually absent.
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A particular noise class includes those caused by muscle activity, motion interference
related to skin deformation and changes in skin potential, as well as noise related to
electrode polarisation, breathing effects, changes in skin-electrode potentials, and inter-
electrode impedance (Seena et al., 2014). This results in noise with a random, a priori
unknown frequency spectrum overlapping with the spectrum of the useful signal, making
its removal without distorting the useful signal a significant challenge.

This issue is especially acute when identifying the P wave, which has a low amplitude,
and its identification in the presence of the mentioned noises can be very challenging.
Additionally, detecting P waves during real-time signal analysis is complicated by the low
signal-to-noise ratio for P waves and their low amplitudes compared to the QRS complex
waves. This problem could be addressed using a classical single-layer linear neural network
with a delay line, including two delay taps. The following equation describes the output
of such a filter:

3
a(k) = z wyalk —i+1)+b [3]
i=1

A distinctive feature of the presented filter is its tuning, which aims to exclude
amplitude-limited oscillations or outliers in the frequency spectrum of the useful signal
at the filter’s output. Previous filters have already cleaned the remaining frequency range
of noise. The shape of the P wave remains unchanged. This processing is applied to the
0.3-second interval to the left of the QRS complex.

For the implementation of the filter, a single-layer linear neural network with a two-
step delay was used. The input data covered the range of 0-0.3 s relative to the QRS
complex. The network architecture included one neuron with delays [0 1 2], a learning
rate of 0.01, and 10,000 training epochs. Input and target vectors were formed to ensure
the suppression of low-amplitude oscillations while preserving the shape of the P wave.
The dependency of the training quality on the number of cycles is shown in the graph
in Figure 14.

Then, using the genism(net) command, a Simulink model of the obtained neural
network filter is created, which is used in constructing the model of the noise filtering
system in the frequency range of the useful signal Figure 15.

Here, the test signal generator Figure 16 is a model of the P wave created using an
input two-frequency sinusoidal signal as a mixture of the useful signal and noise, with
the time range limited to one half-wave Figure 17a. The graphical interface serves as a
coordinating buffer between the filter and the oscilloscope.

Figure 17a shows the graph of the input signal or the P wave model; Figure 17b shows
the graph of the signal at the filter output. As seen from the figure, the noise is absent from
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Figure 17. Simulation results: a — P wave with noise; b — P wave after filtering

the output signal after filtering, and the amplitude of the useful signal (P wave model)
increased fourfold.

DISCUSSION OF THE RESULTS

The proposed structure of the wireless Holter monitoring system, based on modern
component technology, allows the transmitting block of the system to perform discrete
wavelet decomposition of the ECG. The developed ECG preprocessing algorithm for the
Holter monitoring system provides eight-fold compression of the transmitted ECG data,
high-frequency and low-frequency filtering of the ECG signal, as well as selective filtering
to eliminate the 50 Hz noise. The proposed wavelet-based approach achieves an effective
ECG signal compression ratio of approximately 8:1, while preserving diagnostically
significant information for reliable analysis. Compared to the results reported by Devindi
et al. (2024) and Elgendi et al. (2017), this represents a sufficiently strong performance. A
neural network filter was also proposed to reduce the time required to recognise all ECG
elements and improve P wave identification accuracy. Visual analysis of the obtained
oscillograms shows that noise is absent after the signal transmission and processing
procedure, and the useful signal (using the P wave model as an example) is increased
fourfold. This enhancement of the useful signal with increased amplitude allows for
improved quality of P wave identification and interpretation and other ECG characteristics.
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The semi-physical modelling approach, on the one hand, enabled the transmission
and reception of arrays of vectors C and L using real Wi-Fi equipment. On the other hand,
complex computations of the forward and inverse wavelet transformations, as well as
ECG signal interpretation, were performed using computer models. Plans include the full
implementation of these processes by hardware.

The presented virtual complex for configuring and implementing the developing system
algorithm provides a wide range of software and hardware tools, including specialised
MATLAB packages for configuring, debugging, and optimising the operation modes of
the real Holter monitoring system.

The work represents the initial stage in creating a wireless, high-performance, and
cost-effective hardware-software ECG Holter monitoring system. The proposed method
also has certain limitations, including the fact that the evaluation was carried out only
on model datasets, which may constrain the generalisability of the results to real clinical
environments. The next stage will focuss on developing an algorithm for recognising all
morphological elements of the ECG using classical and alternative (Koshekov et al., 2020)
identification methods.

CONCLUSION

The results of virtual experiments on implementing the ECG preprocessing algorithm
showed that the chosen sequence and scope of filtering procedures can be considered
optimal for ensuring the required quality of Holter monitoring.

The obtained time diagrams of real ECGs demonstrate that using wavelet transformation
techniques for ECG signals allows for creating an effective Holter monitoring system
that provides high-quality morphological analysis in rhythm and conduction disturbance
cases. The results of semi-physical modelling demonstrated the feasibility of integrating
microcontrollers with ARM Cortex™-M3 cores and next-generation Wi-Fi transceivers.
Using original circuit and software solutions to increase noise immunity and minimise Wi-
Fi device power consumption has enabled the development of a cost-effective and efficient
ECG Holter monitoring system. Plans include expanding wavelet analysis for extracting
morphological elements of the ECG and enhancing the assessment of individual ECG
wave parameters. Additionally, there are plans to incorporate neural network technology
for classifying recorded ECGs and utilising ECG data for safe user authentication to
various information systems, as well as for assessing emotional states and hidden intentions
(Sulavko et al., 2020).

When building stationary ECG monitoring systems, it is advisable to apply band-stop
filtering at the initial stage, as processing is done directly on a personal computer, and there
are no limitations on software resources. Furthermore, in Holter monitoring, the trade-off
between signal compression and quality of low-frequency filtering is determined based on
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the requirements for the duration of autonomous operation or power consumption of the
Wi-Fi signal transmission device. Conversely, in standard ECG examinations, the main
requirement for applying discrete wavelet transformation is the quality of low-frequency
filtering. A particular issue arose when constructing the band stop filter. Using a filter
tuned to remove a 50 Hz harmonic did not yield results. Only spectral analysis of the
ECG revealed that after performing the direct and inverse discrete wavelet transforms,
two harmonics appeared in the signal instead of one. Taking these into account in the filter
design provided the desired result.
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