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Abstract. The quality of biomedical signals collected by wearable devices is crucial for accurate physi-
ological monitoring and detecting potential deviations. This study evaluates the effectiveness of various fil-
tering algorithms for photoplethysmographic (PPG) signals, including low-pass, moving average, weighted
average, and Kalman filters, to determine the optimal method for noise reduction while preserving key pa-
rameters such as heart rate (HR) and blood oxygen saturation (SpO,). Data were collected using an ESP32
microcontroller and MAX30102 sensor in stationary and motion conditions. Noise levels were analyzed
over 20-second intervals with high artifact presence. The results indicate that the Kalman filter achieves the
best balance between noise suppression and signal integrity, preserving peak components and ensuring
accurate physiological readings (HR: 87.06 bpm, SpO.,,: 85.37%). In contrast, the low-pass filter excessively
smooths peaks, affecting accuracy, while the moving and weighted average filters offer moderate noise
reduction with varying adaptability. The findings highlight the importance of selecting appropriate filtering
techniques based on computational constraints and noise levels. The Kalman filter is preferred for real-time
monitoring in dynamic conditions, while simpler filters may suffice in lower-noise environments. A compari-
son of the filters showed that the combination of a Kalman filter and a weighted average filter provides the
highest accuracy and reliability. Such filtering was used in an integrated home-use system that monitors
and predicts respiratory pathologies in patients outside of clinics, allowing them to monitor their health
status independently. The system supports doctors in diagnosing respiratory disorders through remote
access to patient information. Future research could explore machine learning-driven adaptive filtering for
enhanced diagnostic accuracy and real-time medical applications.
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AHomauis. Slkicmb 6iomMeduyHUX cuaHarige, 3ibpaHuX HaminbHUMU MPUCMPOSMU, Mae eupiliarnbHe
3HaYeHHs1 Or1s1 MOYHO20 (hi3ioroaiyHO20 MOHIMOPUH2Y ma BUSIBNIEHHST MOMEHUIUHUX 8iOXUNEHb. Y UbOMY
0ocnideHHI OUiHEHO egheKmuBHICMb PIi3HUX arzopummig insmpauii gpomonnemusmozpagpiyHux (@)
CueHarie, 8KIYardu inbmpu HU3bLKUX 4acmom, KO83H020 cepedHb020, cepedHb0o38axxeH020 ma Kari-
MaHa, Ors 8U3Ha4YEeHHsT ONMUMaribHO20 MemoQdy 3MEHWEHHST WyMy y pa3si 36epexeHHs1 KI4o8ux napa-
mMempie, makux sik yacmoma cepuesux ckopoderb (HCC) ma HacuveHHsi Kpoei kucHem (SpO,). [aHi 6ynu
3i6paHi 3a doromozoro MikpokoHmpornepa ESP32 i 0amyuka MAX30102 e ymosax cmauioHapy i pyxy. PigHi
wymy byrnu npoaHanizoeaHi npomsizom 20-ceKyHOHUX iHMepsariie 3 8UCOKUM eMicmom apmeghbakmia. Pe-
3ynbmamu nokasyroms, wo inemp KanmvaHa docsieae Halikpawio2o 6anaHcy MK rnpuOyueHHsIM Wymy i
uinicHicmio cueHary, 36epizaroyu rikosi KOMIOHeHMU i 3abe3are4qyrodu moyHi ¢izionoaiyHi nokasHuku (YCC:
87,06 yo/xs, SpO,: 85,37%). Ha npomueazy ubomy, qiribmp HU3bKUX Yacmom HadMipHO 32n1adxye riku,
w0 ennueae Ha Mo4YyHicmb, modi K hilbmpu KO83HO20 Ma cepedHb038aXKeHO020 cepeldHbo2o 3abesreyy-
oMb MOMIPHE 3MEHWEHHS WyMy 3 pi3Hoto adanmusHicmio. OmpumaHi pe3yrbmamu niOKpecriromb 8ax-
nusicmb subopy 8idrnosiOHUX Memodie ghilbmpauil Ha 0CHO8i 0b6YUCI08aIbHUX OOMEXEHD | PigHI8 WyMy.
@inbmp Kanmaxa € kpauwjum 01151 MOHIMOPUH2Y 8 pearlbHOMYy Yaci 8 QUHaMIiYHUX yMoeax, modi ik mpocmilui
insmpu mMoxyms 6ymu docmamHimu y cepedosuuiax 3 HU3SLKUM pigHeM wymy. [TopieHsIHHS binbmpie
rnokasarsno, wo KombiHauis ¢inbmpa KanmaHa ma cepedHb0O38axeHo20 hinbmpa 3abesnedvye Halusuwly
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moyHicmb ma HadiliHicmb. Taka ghinbsmpauiss bysria sukopucmaHa y cmeopeHil iHmeaposaHit cucmemi 0515
doMalHb020 BUKOPUCMAHHS, siKka eidcmexye ma rnpo2Ho3ye OuxarbHi namosoail nayieHmie 3a mMexamu
KniHiK i 0o3eors1si€ iM camMocmiliHo KOHmponteamu cmaH 30opoe’s. Cucmema 3abesriedye nidmpumky -
Kapig y OiaeHocmuyi duxanbHux posnadie Yepe3 giddaneHuli docmyn Ao iHghopmauii npo navieHmis. Y ro-
Oanbuiux 0ocidxeHHsIX MoxHa 6yrno 6 eugyumu adanmuegHy hiflbmpauito Ha OCHO8i MalWlUHHO20 Hag4yaH-
Hs 0r1 nid8uUWeHHSI MoYHOCcmi GiagHOCMUKU ma MeOUYHUX 3acmocyeaHb y peasibHOMY Haci.

Knroyosi cnoea: coomonnemusmozpacpisa (®rIlN), cbinompauis biomeduyHUX cueHarie, HOCUMI rpu-
cmpoi, pinemp Kanmara, inbmp HU3bKUX Yacmom, KO83He cepelHe, cepedHbo3saxkxeHul ¢hinbmp, me-
OUYHUL MOHIMOPUHe.

Introduction

With the development of technology, wearable medical devices have become an important component
of modern preventive and personalized medicine. These devices provide continuous monitoring of
physiological parameters, such as heart rate, blood oxygen saturation, respiratory rate, and other critical
indicators. The accumulated data opens up new opportunities for timely detection of pathological changes
in the body, including cardiovascular and respiratory disorders. However, the effectiveness of these devices
depends not only on the accuracy of the sensor modules, but also on the ability to process the received
biosignals in the face of significant external interference [1].

One of the main challenges in processing biomedical signals is their susceptibility to noise and artifacts
resulting from user movement [2], external electromagnetic interference, and changing environmental
conditions. Even a slight movement of the hand or a change in body position can cause significant distortion
of the photoplethysmography (PPG) or electrocardiogram (ECG) signals [3], which leads to erroneous
interpretations of biophysiological processes. Reducing the impact of these artifacts is a prerequisite for
ensuring reliable diagnostics and improving the accuracy of disease prognosis.

Modern signal processing methods are focused on the use of various filtering algorithms that allow for
effective noise removal and preservation of the informative part of the signal. These algorithms include low-
pass and high-pass filters, moving average filters [4], weighted average methods, and adaptive algorithms,
such as the Kalman filter [5]. The choice of the optimal approach depends on several factors: the type of
noise, the dynamic characteristics of the signal, and the limitations of the hardware platform on which the
processing is performed.

In the context of wearables, the main problem is the limited computing resources of microcontrollers
used for local data processing [6]. Unlike cloud platforms, where large amounts of memory and high
computing power are available, microcontrollers have limited RAM and relatively slow processors. This
creates additional challenges in the development of real-time systems, where each algorithm must not only
be efficient but also optimally adapted to hardware limitations. In addition, it is critical to minimize power
consumption to ensure long battery life of devices.

This article aims to investigate different algorithms for filtering biomedical signals and evaluate their
effectiveness in the context of using them on microcontrollers with limited resources. We will consider both
classical approaches and modern adaptive methods that can be implemented on portable devices with
minimal performance loss. Particular attention is paid to analyzing the impact of filtering on signal quality
and real-time processing delay. The results of the study will allow us to formulate recommendations for
developers of portable medical devices on the optimal choice of data processing algorithms depending on
the specifics of the application and technical limitations.

Thus, the reasonable implementation of effective filtering algorithms at the microcontroller level can
provide a significant improvement in the quality of diagnostic data, increase the reliability of real-time
systems, and extend the battery life of wearable devices. This opens up new opportunities for the use
of personalized medical systems in everyday life, in particular for monitoring the health status of patients
outside of medical institutions.

Materials and Methods

PPG signal data collection

To conduct an experiment to evaluate the effectiveness of the filtering algorithms, a set of
photoplethysmographic (PPG) signals was collected using a hardware platform that included an ESP32
microcontroller and a MAX30102 optical sensor. This combination was chosen due to its availability, energy
efficiency, and widespread use in portable biomedical devices. The MAX30102 provides high sensitivity to
changes in blood circulation by measuring infrared and red-light absorption, which allows for accurate heart
rate (HR) and blood oxygen saturation (SpO,) readings.

The data was collected at a sampling rate of 100 Hz, which meets the standards for biomedical signal
processing and provides sufficient detail to detect artifacts and eliminate them using filtering methods.
This choice is based on Kotelnikov’s theorem (the counting theorem), which states that for accurate signal
reproduction, the sampling rate must be at least twice the maximum signal frequency. Since the human
heart rate usually does not exceed 3 Hz (180 beats per minute), a sampling rate of 100 Hz is sufficient for
accurate reproduction of PPG signals. This is also consistent with practice, where 100 Hz sampling rate is
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often used to collect PPG signals in wearable devices. The data was stored on a memory card for further
processing. To avoid data loss, a signal buffering mechanism was implemented at the microcontroller level,
which allowed us to maintain a sequence of values without gaps when writing to the memory card.

Data collection conditions

To ensure the reliability of the results, the data was collected in two different experimental conditions that
maximally approximate real-world scenarios of wearable device use:

— Resting state:

The patient was in a sitting or lying position with minimal motor activity. In this condition, signals with a
minimum level of artifacts were expected to be obtained, which allows them to be used as a benchmark for
comparison. This mode is important for testing filters for their ability to preserve signal information without
excessive smoothing of its key components, such as peaks and minimum fluctuations.

— Condition in motion:

The patient performed moderate physical activity, which included arm movements, walking, and changes
in body position. This condition simulated typical scenarios of using wearable devices in everyday life,
where motion noise is often observed, which significantly affects signal quality. The data obtained in this
condition is key to testing filters for their ability to effectively eliminate artifacts while preserving important
biomedical signal features.

For each of the two conditions, 5 independent signal recording cycles were performed, each lasting 5
minutes. This approach provided a significant amount of data for statistical analysis and comparison of
different filtering algorithms.

Selecting segments for analysis

The collected signals were characterized by various noise levels that varied depending on the intensity
of motor activity. To investigate the effectiveness of the filtering algorithms in the most difficult conditions,
a 20-second segment (Figure 1) with the maximum level of artifacts was selected from each recording.
The choice of this interval was based on visual analysis of the signal and automatic detection of areas with
the largest deviations from the baseline, which are usually associated with movement or electromagnetic
interference.
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Fig. 1. Raw photoplethysmographic (PPG) signal at rest

The graph (Figure 1) shows the raw photoplethysmography (PPG) signals collected using the MAX30102
sensor and the ESP32 microcontroller under controlled experimental conditions. The signals reflect two
main channels: the infrared channel (IR) and the red channel (Red), which are used to determine the heart
rate (BPM) and blood oxygen saturation (SpO,). In addition, the graph shows peak points that correspond
to moments of systolic blood pressure.

— Blue curve (Raw IR Data): Displays the raw signal received from the infrared channel. This signal is
the main one for estimating heart rate because it is sensitive to changes in blood volume in tissues.

— Green curve (Raw Red Data): Shows data from the red channel used to calculate SpO,,. This channel
reflects the amplitude fluctuations caused by the oxygen saturation of the blood.

— Orange marks (Peaks): Indicates the peak values of systolic waves that correspond to the moments
of maximum blood filling of the vessels. These peaks are critical for calculating BPM.

The signals collected during the user’s motor activity are characterized by a significant level of noise and
artifacts, which is a typical problem for wearable devices in real-world use cases. During the experiment,
the data was collected in a moderate motion mode that simulated walking, hand movements, or changes
in body position. This resulted in significant distortions in the signal amplitude, in particular in the form of
sudden spikes or oscillations that went beyond the characteristic fluctuations of the heart rate.

The graph (Figure 2) shows the raw signals collected during the user’s motor activity, illustrating the
typical artifacts characteristic of this condition. The signals are obtained from two main channels: infrared
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(IR) and red (Red), which are the basis for calculating biomedical indicators, such as heart rate (BPM) and
blood oxygen saturation (SpO,).
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Fig. 2. Raw photoplethysmographic (PPG) signal during the user’s motor activity

The graph shows several key features:

— Unstable amplitude: Both the IR and Red channels show significant fluctuations due to the movement
of the sensor on the skin or slight changes in body position.

— Sudden peaks and dips: The signal occasionally contains sudden spikes in amplitude that may be due
to slippage of the sensor or short-term loss of skin contact.

— Low frequency noise: Smooth changes in the baseline of the signal indicate drift caused by slow
movements or uneven pressure on the skin.

These features demonstrate the complexity of processing raw signals while in motion. Without proper
filtering, such artifacts can lead to erroneous heart rate and SpO,, values, which critically affects the reliability
of measurements. The selected data segments (Figure 2) are ideal for testing filtering algorithms because
they contain typical distortions encountered in real-world wearable device use.

Methodological foundations and implementation of filtering algorithms

Signal filtering is an integral part of biomedical data processing, especially when it comes to real-time
wearable devices. Biomedical signals, such as photoplethysmography (PPG) and electrocardiogram
(ECG), are prone to a variety of noise and artifacts that can be caused by the user’s motor activity, external
electromagnetic interference, or unstable contact between the sensor and the skin. High noise levels make
it difficult to detect important physiological events, such as heart rate peaks or blood oxygen saturation.
To ensure the reliability of such measurements, efficient filtering algorithms adapted to the conditions of
operation on microcontrollers with limited resources are needed.

The study examined four main types of filters used to process biomedical signals: low-pass filter, moving
average filter, weighted average filter, and Kalman filter. Time series, especially biomedical signals such
as PPG or ECG, are sequences of values ordered in time, which have a complex structure due to the
natural variability of physiological processes and external factors. The selected filters are highly effective in
processing such signals due to their ability to take into account the time sequence of the data and adapt to
different types of noise.

Low Pass Filter

A low-pass filter is one of the most common and easy-to-implement methods of processing biomedical
signals. Its main function is to pass low-frequency signal components and suppress high-frequency noise,
which often occurs due to patient movements or external interference [7; 8]. Mathematically, this filter is
described digitally by the convolutional equation:

1 M-1
yinl =2 " hlk] - x[n ~ k]
k=0

where M determines the size of the averaging window. The larger the value of M, the more the signal
is smoothed. For biomedical signals, such as photoplethysmography (PPG), the window size is usually
chosen to average short-term noise but not to smooth systolic wave peaks.

The main advantage of this filter is its simplicity and low computational complexity, which makes it suitable
for signal processing on microcontrollers. However, its limitation is the lack of adaptability to signals with
variable frequency and amplitude, which can lead to smoothing of peaks and loss of important information.

56



IHdbokoMyHiKaLiiHi Ta koMn'toTepHi TexHonorii, Ne 2 (08), 2024

This filter works effectively with time series because it passes low-frequency components that correspond
to slow changes in the signal and blocks high-frequency interference that is characteristic of noise. In
biomedical data, useful information is usually contained in the lower frequency range: heart rate or heart
rate variability occupies a spectrum of up to 3 Hz. This makes a low-pass filter ideal for eliminating fast
artifacts while preserving the underlying signal dynamics.

Moving Average Filter

A moving average filter is one of the simplest and most popular approaches to smoothing biomedical
signals. It is based on averaging signal values in a certain time window, which helps to reduce random
fluctuations and noise. Mathematically, it can be described as:

1 M-1
yinl =3 > xln—k]
k=0

where M determines the size of the averaging window. The larger the value of M, the more the signal
is smoothed. For biomedical signals, such as photoplethysmography (PPG), the window size is usually
chosen to average short-term noise but not to smooth out systolic wave peaks [9; 10]. The main advantage
of this filter is its simplicity and low computational complexity, which makes it suitable for signal processing
on microcontrollers. However, its limitation is the lack of adaptability to signals with variable frequency and
amplitude, which can lead to smoothing of peaks and loss of important information.

Weighted Moving Average Filter

The weighted average filter is an advanced version of the moving average filter. Its feature is to assign
a weight to each signal value, which determines its influence on the average value. The output signal is
calculated as:

] ko wilk] - x[n — k]

nl =

g o wik]

where wk] is a weighting factor that usually gives more weight to values closer to the center of the window
[11; 12]. This filter provides better adaptation to signal changes than a conventional moving average and
reduces the likelihood of losing peak characteristics. Due to its adaptability, it is widely used for filtering
biomedical signals, in particular for eliminating motion artifacts. The main limitation is that it requires more
computing resources than a simple moving average filter, but on wearable devices with limited power, its
performance can be optimized by choosing the right weights.

This filter is a modification of the moving average filter and is even better adapted for working with time
series due to the use of weighting coefficients. Greater weight is assigned to the most recent signal values,
allowing real-time consideration of current changes. This is particularly important for biomedical signals,
where even a minor variation over a short time interval can indicate significant physiological events. Thanks
to its ability to respond quickly to changes, the filter maintains a balance between noise smoothing and the
preservation of informative signal components.

Kalman Filter

The Kalman filter is a dynamic algorithm used to recursively estimate the current state of a system in the
presence of noise. Its advantage is that it combines information about previous signal states with current
measurements, allowing for adaptive noise reduction. State prediction equation:

k=1 = AXp_qjk—1 + Bug_1

Prk—1 = APr_q—1AT +Q
where x,,,_, is the predicted state value, A is the state transition matrix, P is the prediction error matrix, and
Q is the covariance noise matrix. The Kalman filter can effectively eliminate both low- and high-frequency
noise while preserving key signal characteristics, such as systolic peaks. Its use is appropriate for processing
PPG and ECG signals with significant motion artifacts [13; 14].

The low-pass filter was chosen because of its ability to effectively eliminate high-frequency noise that
typically occurs during movement. It is simple to implement and can be customized to suit different types
of signals. The moving average filter smooths the signal by averaging its values within a specified window,
providing a simple and fast way to reduce noise. The weighted average filter, being a modification of the
previous one, provides flexible adaptation due to the dynamic selection of weighting coefficients, which
allows you to more effectively preserve the peak characteristics of the signal.

The Kalman filter deserves special attention because of its ability to adapt dynamically. By predicting
the state of the signal based on previous measurements, this filter can eliminate both high-frequency and
low-frequency noise, making it one of the most powerful tools for processing biomedical data. However, its
implementation requires more computing resources, which imposes certain limitations for use on wearable
devices.
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Results

The results of the experiments demonstrate the effectiveness of various filtering algorithms for improving
the quality of biomedical signals in real time. The main focus was on comparing the ability of filters to reduce
noise, preserve key amplitude-time characteristics of signals, and provide reliable calculations of heart
rate (HR) and blood oxygen saturation (SpO,). Experiments were conducted on samples of PPG signals
collected at rest and while users were moving to evaluate the filtering performance under different noise
and artifact levels.

This section presents quantitative and qualitative evaluations of each filter based on defined criteria
such as mean square error (MSE), peak preservation, and processing delay. Comparison of the results
allows us to highlight the advantages and limitations of each filtering method, as well as to formulate
recommendations for their use in monitoring systems based on microcontrollers with limited resources. The
presented results serve as a basis for optimizing the process of biomedical data processing and improving
the accuracy of diagnostic conclusions.

Each of the applied filters demonstrated different levels of effectiveness in terms of noise reduction,
systolic peak detection accuracy, and signhal smoothing, which allowed us not only to determine their
advantages but also to identify limitations for specific conditions of use. Low-pass filters showed a high
ability to suppress high-frequency interference, but showed a tendency to smooth out peak values, which
can negatively affect the accuracy of heart rate calculations.
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Fig. 3. Using filters on PPG data at rest

By comparing the raw data with different filters at rest (Figure 3) and during movement (Figure 4), each
of which aimed to provide accurate heart rate (HR) and blood oxygen saturation (SpO,), the methods
used demonstrated different efficiencies in noise reduction, peak preservation, and signal smoothing, which
allowed us to assess their advantages and possible limitations.

— The Low Pass Filter provided an average HR of 82.26 bpm and SpO, of 84.95%. Visual analysis of the
processed signal indicated that it was smoothed, but there were some dips and residual noise that could
lead to inaccuracies in peak detection. The filter effectively identified the main peak components of the
signal, but due to smoothing, some peaks were less pronounced, which could affect the overall accuracy
of the calculations.

— The High Pass Filter demonstrated average HR values of 91.39 bpm and SpO, of 105.40%, but the
processed signal remained significantly noisy with numerous artifacts. This led to an overestimation of
SpO, values and difficulties in correctly identifying peaks. Due to excessive noise and artifacts, the high-
pass filter was less suitable for accurate calculation of physiological parameters.

— The Moving Average Filter showed results of HR of 84.73 bpm and SpO, of 85.15%. The signal
after processing was well smoothed with well-defined peaks and minimal dips. This makes the moving
average filter a reliable tool for determining basic physiological parameters. The minimal level of residual
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Fig. 4. Using filters on PPG data during body movements

noise ensured high stability and accuracy of calculations, which allows this method to be used in real-time
systems.

— The Kalman Filter showed the best results among all the methods considered, providing HR values
of 87.06 bpm and SpO, — 85.37%. The signal after processing was almost completely cleaned of noise,
with clearly defined peaks and virtually no dips. Thanks to its ability to adaptively smooth and dynamically
compensate for artifacts, the Kalman filter provided high signal stability and calculation accuracy, making it
ideal for use in conditions with high noise levels or motion artifacts.

To evaluate the quality of the Kalman filter, the original raw signal (blue curve) and the signal after
filtering (orange curve) were superimposed (Figure 5a and Figure 5b), which allowed us to visually and
quantitatively analyze its effectiveness. The filtered signal demonstrated a high correspondence to the
original data in terms of the main amplitude and time characteristics. The Kalman filter ensured the accurate
preservation of key peak components and periodic oscillations, which are critical for calculating heart rate
(HR) and blood oxygen saturation (SpO,).

The analysis of the superimposed curves revealed that the Kalman filter does not cause significant phase
shifts or smoothing of peak points, which could lead to the loss of important physiological characteristics
of the signal. Instead, it effectively eliminates high-frequency noise and short-term artifacts caused by
user movements or external interference. The preservation of the natural shape of the fundamental signal
oscillations confirms that the filter works adaptively and dynamically compensates for interference without
distorting useful information.

oo |||

116,600 I

(a) (b)

Fig. 5. Comparison of the infrared (IR) signal before filtering (blue curve) and the signal processed
by the Kalman filter (orange curve): (a) at rest; (b) during physical activity
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The results obtained indicate that the Kalman filter is the optimal choice for filtering biomedical time
series, as it ensures high signal quality, preserving its natural dynamics and eliminating interference that
could negatively affect the accuracy of calculations.

Discussion

The results of this study confirm the critical role of signal filtering in improving the accuracy and reliability
of biomedical data obtained from wearable devices [15]. The comparison of various filtering techniques
demonstrates that while all methods contribute to noise reduction, their effectiveness varies depending
on the nature and level of artifacts present in the signal. The Kalman filter emerged as the most effective
approach, maintaining the integrity of the original signal while minimizing high-frequency noise and motion-
induced artifacts.

The observed superiority of the Kalman filter can be attributed to its ability to dynamically adjust to
variations in the signal [14], compensating for transient distortions without significantly altering the
underlying physiological patterns. This adaptability makes it particularly well-suited for applications where
signal fluctuations due to motion artifacts are prevalent, such as ambulatory monitoring and fitness tracking.
In contrast, while low-pass filtering was effective in removing high-frequency noise, it also introduced
excessive smoothing, potentially distorting key features such as systolic peaks. Similarly, the moving
average and weighted moving average filters provided moderate improvements in signal stability but lacked
the adaptability required to maintain precise peak detection in dynamic conditions.

The practical implications of these findings extend to the development of more reliable wearable health
monitoring systems [16; 17]. Accurate heart rate (HR) and blood oxygen saturation (SpO,) measurements
are essential for early diagnosis and continuous monitoring of cardiovascular and respiratory conditions. By
integrating adaptive filtering techniques, future wearable devices could achieve higher precision in real-time
physiological monitoring, reducing false readings and improving user experience. Moreover, optimizing
computational efficiency remains a crucial factor, as complex filtering algorithms must operate within the
resource constraints of embedded systems [18].

While this study provides valuable insights into the comparative performance of different filtering
techniques, further research is needed to refine these approaches. Future investigations could focus on
hybrid filtering strategies that combine the computational simplicity of traditional filters with the adaptability
of machine learning-based models. Additionally, expanding the dataset to include a broader range of
physiological conditions and user activities would enhance the generalizability of the findings. The integration
of deep learning models for noise detection and signal reconstruction also presents an exciting avenue for
exploration, potentially leading to self-adjusting filtering frameworks capable of optimizing signal quality in
real-time.

Conclusion

The experiments showed that the correct choice of filtering algorithms is a key factor for high-quality
processing of biomedical signals, especially in the case of wearable devices, where the level of noise and
artifacts varies significantly depending on the user’s motor activity. The applied filters showed different
levels of efficiency at rest and during movement, which allowed us to determine their advantages and
limitations.

The Kalman filter has proven its effectiveness in biomedical data processing. It not only preserved
the natural dynamics of the signal but also effectively eliminated most artifacts and noise, ensuring high
accuracy in heart rate (HR) and blood oxygen saturation (SpO,) calculations. This ability to adaptively
respond to signal variations makes it an optimal choice for use in wearable devices.

These results have practical significance for developers of wearable devices and monitoring systems,
as they help balance computational efficiency and data quality. In the future, the integration of adaptive
machine learning-based algorithms could be considered to allow automatic adjustment of filtering
parameters depending on noise levels and usage conditions. This approach will open new horizons for the
development of intelligent health monitoring systems with even greater accuracy and reliability.
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