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Abstract

This paper presents methods of heart rate variability analysis based on electrocardiographic and photoplethysmo-
graphic signals obtained using mobile devices. An approach to processing the recorded data involving noise suppres-
sion, peak detection, and determining inter-pulse intervals in the physiological signal was developed. Detection of R
peaks in ECG and maxima of a PPG wave was performed using convolutional and recurrent neurawl networks. The
accuracy of the models was measured in comparison to the classic algorithms and reference data. The results show a
high accuracy of peak identification and allow mobile devices to be employed to monitor cardiac parameters in home

environments, particularly under resting-state conditions.
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1. Introduction

Heart rate variability (HRV) is an important param-
eter in assessing cardiovascular health, as it reflects the
balance between the sympathetic and parasympathetic
nervous systems. Traditional measurements conducted
in clinical settings are characterized by high precision
and stability, utilizing specialized heart rate monitors to
acquire photoplethysmographic or electrocardiographic
measurements. However, these clinical methods are often
limited by high costs and restricted recording durations.

In recent years, advances in mobile technology have
enabled the monitoring of cardiac activity in daily life.
In mobile applications, the signal quality is generally
sufficient for use in home environments, while maintain-
ing the advantages of universality, low cost, and broad
hardware accessibility. To balance these benefits with the
need for high signal fidelity required for accurate HRV
estimation, this study focuses on system validation under
resting-state conditions.

1.1. Aim of the study

The aim of this study was to evaluate whether a
low-cost, mobile photoplethysmographic acquisition sys-
tem supported by deep learning—based beat detection can
provide heart rate variability measurements comparable
to those obtained from an electrocardiographic reference.
Specifically, the study investigated the accuracy and
robustness of classical peak-detection algorithms and
neural network models when applied to both signals,
with the goal of determining their suitability for reliable
HRYV estimation in real-world conditions. To achieve this
objective, resting-state PPG recordings captured by an
Android smartphone application were validated against
synchronous ECG measurements acquired using the
Polar H10 sensor, serving as the reference device. The
comparison focuseon the precision of peak detection and
the consistency of computed cardiac interval metrics.

Paper structure. The remainder of the paper is struc-
tured as follows. Section 2 reviews the theoretical back-
ground of analytical and modeling methods in biomed-
ical signal processing. Section 3 characterizes the pro-
posed system architecture, including the signal process-
ing pipeline and neural network models. Section 4 details
the experimental setup, data acquisition procedures, and
dataset organization. Section 5 evaluates the performance
of the proposed methods and discusses the experimental
results. Finally, Section 6 summarizes the study and out-
lines limitations as well as directions for future research.

2. Filtration and biomedical signal
modeling techniques

Electrocardiography and photoplethysmography are
among the most fundamental sources of biomedical sig-
nals used in modern diagnostic and monitoring systems.
The signal processing is aimed at ensuring the reliability
of physiological data in the presence of interference
such as patient movements, environmental noise, and
hardware limitations. Two dominant approaches are
used: data filtering and artificial intelligence-based mod-
eling. These approaches are often combined to improve
the accuracy and robustness of the analysis in clinical
settings [1].

2.1. Data filtration

Initial processing of physiological signals is based on
interference elimination, improving the signal-to-noise
ratio (SNR). Measurement errors caused by motion arti-
facts, power line interference at 50/60 Hz, and baseline
wander are major sources of distortion in electrocardiog-
raphy and photoplethysmography [2]. Filtering enhances
signal quality and improves the accuracy of feature
detection as well as classification performance.

A band-pass filter restricting the frequency band to
values characteristic of the given waveform is a funda-
mental method in signal analysis. The processing range
is 0.5-40 Hz for ECG signals and 0.3-8 Hz for PPG sig-
nals, corresponding to the heart rate [3]. Butterworth,
Chebyshev, and elliptic filters, implemented in both in-
finite impulse response (IIR) and finite impulse response
(FIR) forms, are used in digital applications. FIR filters
modeled using the window method provide stability and
a linear phase response [4].

Adaptive filters are applied to signals containing dis-
turbances with varying parameters. LMS and RLS algo-
rithms enable dynamic adaptation of system coeflicients
to signal characteristics, increasing the effectiveness of
suppressing motion artifacts and power line interference.
Notch filters are used to suppress the 50/60 Hz compo-
nent [5].

Pulse artifacts and short-term impulse artifacts are
suppressed using a median filter as well as morphological
methods, which preserve diagnostic features such as QRS
complexes [6]. Empirical Mode Decomposition, Wavelet
Packet Transform, and wavelet analysis enable signal
decomposition into frequency components and selective
noise suppression while preserving the structure of
measurement peaks [7].

In advanced biomedical devices, algorithms based
on probabilistic models are used. One such method is



the Kalman filter, which estimates the actual measure-
ment based on noise-affected observations [8]. Another
method is Independent Component Analysis, employed
to separate signal sources and eliminate motion artifacts
in photoplethysmography [9]. Modern data isolation
techniques combine traditional computing with machine
learning. Signal refinement precedes feature extraction
with neural networks, which increases the robustness of
analysis under real-world conditions [10].

2.2. Machine learning

Artificial intelligence-based techniques represent
one of the key approaches in biomedical signal analysis.
The application of such algorithms enables automatic
information extraction, reduces the reliance on prepro-
cessing, and improves classification performance in the
presence of interference.

2.2.1 Traditional Machine Learning

Traditional supervised approaches are widely
utilized for heart rate measurement and arrhythmia
detection. Algorithms such as Support Vector Machines
(SVM), k-Nearest Neighbors (k-NN), and Random Forests
classify signal features based on labeled training data.
Additionally, logistic regression and linear discriminant
analysis (LDA) provide simple and effective identification
of signal patterns. The implementation of these methods
in mobile diagnostic systems and monitoring devices, as
well as their real-time processing, is enabled by their low
computational complexity [11].

Beyond standard classification, probabilistic models
are used to handle sequential data. Hidden Markov Mod-
els (HMMs) are employed to identify anomalies and im-
prove the effectiveness of dynamic heart rate analysis as
well as the detection of cardiological abnormalities [13].

2.2.2 Deep Learning Approaches

Deep learning architectures offer advanced capabili-
ties for capturing complex dependencies in electrocardio-
graphic and photoplethysmographic signals. Sequential
models, specifically Recurrent Neural Networks (RNNs)
and their extended forms—Long Short-Term Memory
(LSTM) networks and Gated Recurrent Units (GRUs)—are
designed to capture both short-term and long-term
temporal variations in the signal [12].

Convolutional Neural Networks (CNNs) are com-
monly used to extract local features, such as peak
detection in PPG signals and QRS complexes in ECG
signals [14]. More recently, Transformer models based
on the attention mechanism provide parallel mapping
of temporal dependencies at multiple scales, increasing

the system’s robustness against motion artifacts and
amplitude variability [15]. Hybrid solutions, in which
convolutional layers are combined with recurrent layers
to integrate both local and global features within a single
system, are also gaining increasing relevance.

A key advantage of these deep learning approaches
is their ability to adapt to new datasets. The transfer of
models trained on large reference datasets to real-world
clinical conditions is achieved through transfer learning,
improving both generalization and classification accuracy
[16].

2.3. Heart rate variability assessment based on
ECG and PPG waveforms

Photoplethysmographic signals are commonly used
to estimate heart rate, while electrocardiography serves
as the reference standard. The literature features both
multichannel PPG datasets with parallel ECG recordings
and ultra-short-term HRV analyses performed using deep
learning algorithms.

An end-to-end approach to evaluating heart rate
variability parameters from 10-second fragments of
optical measurements was developed in the Wang and
Najafizadeh study [17]. To recreate the necessary fea-
tures, a recurrent LSTM neural network was employed.
The cardiographic reference signal was registered using
a standard clinical system. Acquired coefficients of
correlation to reference values exceeded 0.9 with average
relative error below 10%, which signifies a high accuracy
of the model for any minimal-length sample.

The UTSA-PPG dataset [18] was published in 2025.
It contains hours-long recordings of photoplethys-
mographic signals with parallel electrocardiographic
measurements, supplemented with accelerometer data.
Heart rate analysis showed an average deviation of less
than 2 beats per minute, and the correlation with ECG for
basic HRV indicators ranged from 0.85 to 0.95, depend-
ing on the metric used. Machine learning techniques,
including decision trees and multilayer perceptrons,
were employed for signal processing, enabling precise
profile reconstruction. Integrating these models into a
hybrid approach improved accuracy and reduced error.
The variety of samples supports the development of
architectures capable of high generalization.

De Ridder et al. [19] conducted a systematic review of
mobile applications based on optical pulse measurements,
which acquire data in contact mode with a sampling fre-
quency determined by the frame rate. Validation studies
in controlled environments confirmed strong agreement
between heart rate values and cardiac signals, with con-
sistency levels ranging from 0.95 to 0.99 and an absolute
error below 2 beats per minute [20]. A lower fit was ob-



served for short deviation intervals, with correlation val- plethysmography (PPG) and chest-strap sensors for
ues of 0.75 0.85. Results deteriorated further in everydaglectrocardiography (ECG). The raw data undergoes
environments due to motion artifacts, necessitating thesignal extraction and digital Itration to remove noise
use of ltering and data correction procedures to handleand motion artifacts. Subsequently, the processed signals
distorted signals. are segmented and fed into a hybrid deep learning model
combining Convolutional Neural Networks (CNN) and

. ) . Long Short-Term Memory (LSTM) layers. The model
2.4. Reference algomhms' Pan-Tompklns output allows for precise peak detection, which serves

The Pan-Tompkins algorithm is a classic method for2S the basis for the nal Heart Rate Variability (HRV)
R-peak detection in ECG signals, widely used as a basg@lculation.  The complete data processing pipeline is
line for comparison. It is based on multi-step processing!lustrated in Figure 1.
the rst phase involves band-pass suppression of low and
high-frequency distortionary components. Waveform dif- 3.1. Si
ferentiation enhances the steep slopes of the QRS com-
plex. Subsequently, the mean of the squared samples is The Butterworth lter was originally developed as an
computed in a moving integration window. The nal peak analog solution with a maximally at amplitude response
detection is realized using analysis of the integrated curvén the passband, minimizing oscillations and signal dis-
and local maximums [27]. tortions. It is characterized by monotonic attenuation in

the stopband and a gentler transition slope compared to
. higher-selectivity structures such as Chebyshev and el-
3_ SyStem al"Ch|teCtu re liptic lters [22]. In digital implementations, it is realized
as an In nite Impulse Response (IIR) system, where each
output sample depends on both current input values and

previous output values. This approach allows the deploy-

ment of higher-order lters with a limited number of coef-

gnal Itration Butterworth Iter

Smartphone | ( PolarHl0sen- )| cients, making it suitable for real-time applications [23].
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Figure 2: A comparison between raw and Itered ECG signals.
Figure 1: Block diagram of the proposed HRV analysis pipeline. The

e roceses 00 ord P sl st s At orerdigal Her was employed 0 process
npal HRV met?ic Calculaﬂon. g P g the ECG signal. The lIter has a passband frequenc_y range
of 0.5 Hz to 45 Hz and suppresses both noise and interfer-
This section outlines the comprehensive systenfnce. The lower cuto frequency reduces slow baseline
architecture designed for heart rate variability (HRV)variations caused by body movements or unstable elec-
analysis. The solution integrates signal acquisitiontrode placement [24], while the upper cuto frequency
(which is discussed in a further section), preprocessinggttenuates power line, electromagnetic, and muscle arti-
and advanced machine learning techniques to ensurfcts [25]. Signal Itration was performed using the Neu-
robust performance. The work ow begins with data roKit2 library.
acquisition from dual sources: video input for photo- To improve PPG signal quality, a fourth-order digital



put signal. The output from the LSTM layer is processed
by linear modules, propagating the extracted features into
logit space. Each element of the output vector represents
the probability of an R peak at the corresponding sample,
enabling binary classi cation at every point in the wave-
form.

Table 1: Block parameters of convolutional networks.

Block In. | Out. | Filter | Padding | Act./Norm.

ConvlD-1| 1 16 5 2 LReLU+BN
ConvlD-2| 16 | 32 5 2 LReLU+BN
ConvlD-3| 32 | 64 3 1 LReLU+BN
ConvlD-4| 64 | 128 3 1 LReLU+BN

The model was trained in a supervised mode based

Figure 3: A comparison between raw and ltered PPG signals.  on the signals acquired from the Polar H10 detector. Each
point was assigned a binary label identifying the presence

or absence of an extremum. Labels were then used for pat-
The lower cuto frequency reduces interference cause em (_:Iassi cation corresponding .to ac_tL_JaI R peaks. The
jarning process was performed in mini-batches of 32 el-

by body movements or unstable detector placement, whi . . ) :
the upper cuto frequency attenuates device noise and OID_ements using the BCEWithLogitsLoss loss function. The

tical artifacts [26]. Signal ltration was implemented us- Adam algorithm was used for optimization with a con-

ing the SciPy library, ensuring minimal phase distortionStant learning rate of 0.0001.
of the waveform.

Iter with a frequency range of 0.5 5 Hz was employed.

3.2.2 Wave peak detection model

3.2 Detection models Analogous to the approach applied in ECG signal
o analysis, a convolutional model for identifying local peaks

in the photoplethysmographic waveform was developed.

3.2.1 R-Peak detection model This model forms the basis for determining inter-beat
A neural network combining convolutional and intervals (IBIs) used to estimate heart rate parameters.
r"I'he network processes data as a single-channel vector

recurrent layers was developed for R-peak detection i - ! -
containing 50 samples, with each sample representing

ECG recordings. This network constitutes the rst step in s o
computing RR intervals and deriving heart rate variabilityCh"’lnges n bIQOd vqlume within th? vessels. .

(HRV) parameters. The model processes one-dimensional A ©né-dimensional convolutional layer with 32
voltage signals divided into segments, with each segment€’s, each 7 samples wide, complemented by Batch-
containing 256 samples and serving as a basic unit fd}lormld normalization and the GELU activation function,
waveform analysis. constitutes the rst element of the architecture. The

The convolutional portion of the network consists of PUrPose of the activation function is to increase the
four 1D convolutional layers, with their parameters sum-StaPility of the learning process while providing gentle

marized in Table 1. These layers are responsible for eon-linearity. The next four residual blocks process local

tracting features from the input signal and expanding itsSignal patterns. The rst blO_Ck increases th? number
representation by increasing the number of channels fror‘rP]c chgnnels from 32 0 64 using a kernel of size 9. The
16 to 128 using lters of sizes 3 and 5. Each ConVoluljollowmg block expands the number of channels from 64

tion is followed by BatchNorm1d normalization and the 10 128 with a kernel width of 5 samples. The remaining
nonlinear activation function LeakyReLU. Dimensional-° blocks maintain the same depth while using lters of

ity reduction is performed using a MaxPooling1D opera—SizeS 3 and 7, respectively. The initial transformations are

tion with a kernel size of 2, which shortens the sequencéOIIOWeOI by a drqpo_ut (DO) layer to_reduce over tting. ‘
from 256 to 16 samples along the time axis, increasing thtN€ Squéeze-excitation (SE) module increases the model's
model's robustness to noise and interference. The resulls-elecnv'ty’ |mprOV|ng the acc_:uracy of IOC"?‘I waveform
ing [128 O 16] matrix serves as input to a unidirectionaP€2K detection. A convolutional block with a kernel
LSTM. The LSTM output is then attened and passed to a'2€ of 1 compresses the number of channels from 128

dense layer with 128 neurons, followed by a nal block of©© 84, while two fully connected linear layers reduce

256 elements, each corresponding to a sample in the ifi€ dimensionality to 64 and 32, each followed by a
GELU activation function. The resulting one-dimensional
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