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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-
ues of 0.75-0.85. Results deteriorated further in everyday
environments due to motion artifacts, necessitating the
use of filtering and data correction procedures to handle
distorted signals.

2.4. Reference algorithms: Pan-Tompkins

The Pan-Tompkins algorithm is a classic method for
R-peak detection in ECG signals, widely used as a base-
line for comparison. It is based on multi-step processing;
the first phase involves band-pass suppression of low and
high-frequency distortionary components. Waveform dif-
ferentiation enhances the steep slopes of the QRS com-
plex. Subsequently, the mean of the squared samples is
computed in a moving integration window. The final peak
detection is realized using analysis of the integrated curve
and local maximums [27].

3. System architecture
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Figure 1: Block diagram of the proposed HRV analysis pipeline. The
system processes ECG and PPG signals in parallel streams, applying
specific filtering and deep learning models to extract peak timings for
final HRV metric calculation.

This section outlines the comprehensive system
architecture designed for heart rate variability (HRV)
analysis. The solution integrates signal acquisition
(which is discussed in a further section), preprocessing,
and advanced machine learning techniques to ensure
robust performance. The workflow begins with data
acquisition from dual sources: video input for photo-

plethysmography (PPG) and chest-strap sensors for
electrocardiography (ECG). The raw data undergoes
signal extraction and digital filtration to remove noise
and motion artifacts. Subsequently, the processed 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
output allows for precise peak detection, which serves
as the basis for the final Heart Rate Variability (HRV)
calculation.
illustrated in Figure 1.

The complete data processing pipeline is

3.1. Signal filtration - Butterworth filter

The Butterworth filter was originally developed as an
analog solution with a maximally flat amplitude response
in the passband, minimizing oscillations and signal dis-
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-
liptic filters [22]. In digital implementations, it is realized
as an Infinite 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 filters with a limited number of coef-
ficients, making it suitable for real-time applications [23].
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Figure 2: A comparison between raw and filtered ECG signals.

A fifth-order digital filter was employed to process
the ECG signal. The filter has a passband frequency range
of 0.5 Hz to 45 Hz and suppresses both noise and interfer-
ence. The lower cutoff frequency reduces slow baseline
variations caused by body movements or unstable elec-
trode placement [24], while the upper cutoff frequency
attenuates power line, electromagnetic, and muscle arti-
facts [25]. Signal filtration was performed using the Neu-
roKit2 library.

To improve PPG signal quality, a fourth-order digital
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Figure 3: A comparison between raw and filtered PPG signals.

filter with a frequency range of 0.5-5 Hz was employed.
The lower cutoff frequency reduces interference caused
by body movements or unstable detector placement, while
the upper cutoff frequency attenuates device noise and op-
tical artifacts [26]. Signal filtration was implemented us-
ing the SciPy library, ensuring minimal phase distortion
of the waveform.

3.2. Detection models

3.2.1 R-Peak detection model

A neural network combining convolutional and
recurrent layers was developed for R-peak detection in
ECG recordings. This network constitutes the first step in
computing RR intervals and deriving heart rate variability
(HRV) parameters. The model processes one-dimensional
voltage signals divided into segments, with each segment
containing 256 samples and serving as a basic unit for
waveform analysis.

The convolutional portion of the network consists of
four 1D convolutional layers, with their parameters sum-
marized in Table 1. These layers are responsible for ex-
tracting features from the input signal and expanding its
representation by increasing the number of channels from
16 to 128 using filters of sizes 3 and 5. Each convolu-
tion is followed by BatchNorm1d normalization and the
nonlinear activation function LeakyReLU. Dimensional-
ity reduction is performed using a MaxPooling1D opera-
tion with a kernel size of 2, which shortens the sequence
from 256 to 16 samples along the time axis, increasing the
model’s robustness to noise and interference. The result-
ing [128 x 16] matrix serves as input to a unidirectional
LSTM. The LSTM output is then flattened and passed to a
dense layer with 128 neurons, followed by a final block of
256 elements, each corresponding to a sample in the in-

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 classification at every point in the wave-
form.

Table 1: Block parameters of convolutional networks.

Block In. | Out. | Filter | Padding | Act./Norm.
Convi1D-1 1 16 5 2 LReLU+BN
Conv1D-2 16 32 5 2 LReLU+BN
Convi1D-3 32 64 3 1 LReLU+BN
ConvlD-4 | 64 128 3 1 LReLU+BN

The model was trained in a supervised mode based
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-
tern classification corresponding to actual R peaks. The
learning process was performed in mini-batches of 32 el-
ements using the BCEWithLogitsLoss loss function. The
Adam algorithm was used for optimization with a con-
stant learning rate of 0.0001.

3.2.2 Wave peak detection model

Analogous to the approach applied in ECG signal
analysis, a convolutional model for identifying local peaks
in the photoplethysmographic waveform was developed.
This model forms the basis for determining inter-beat
intervals (IBIs) used to estimate heart rate parameters.
The network processes data as a single-channel vector
containing 50 samples, with each sample representing
changes in blood volume within the vessels.

A one-dimensional convolutional layer with 32
filters, each 7 samples wide, complemented by Batch-
Norm1d normalization and the GELU activation function,
constitutes the first element of the architecture. The
purpose of the activation function is to increase the
stability of the learning process while providing gentle
non-linearity. The next four residual blocks process local
signal patterns.
of channels from 32 to 64 using a kernel of size 9. The
following block expands the number of channels from 64
to 128 with a kernel width of 5 samples. The remaining
two blocks maintain the same depth while using filters of
sizes 3 and 7, respectively. The initial transformations are
followed by a dropout (DO) layer to reduce overfitting.
The squeeze-excitation (SE) module increases the model’s
selectivity, improving the accuracy of local waveform
peak detection.
size of 1 compresses the number of channels from 128
to 64, while two fully connected linear layers reduce
the dimensionality to 64 and 32, each followed by a
GELU activation function. The resulting one-dimensional

The first block increases the number

A convolutional block with a kernel




output vector is passed through a sigmoid function,
allowing the values to be interpreted as probabilities of
local peaks in the PPG signal. Detailed block parameters
are provided in Table 2.

Table 2: Convolutional network’s block parameters.

Block In. | Out. | Filter | Padding Act./Norm.
Conv1D 1 32 7 3 GELU+BN
ResidualBlock 1 32 64 9 4 GELU+BN+DO
ResidualBlock 2 | 64 128 5 2 GELU+BN+DO
ResidualBlock 3 | 128 | 128 3 1 GELU+BN+DO
ResidualBlock 4 | 128 | 128 7 3 GELU+BN+DO
SEBlock 128 | 128 - - SE scaling
Conv1D 128 64 1 0 GELU+BN
FC 128 64 - - GELU

FC 64 32 - GELU
Output 32 1 - - Sigmoid

The supervised learning process for PPG data was
performed on signal segments acquired from a mobile
device, which were preprocessed using filtration and
normalized to the range [-1, 1]. To enable model training
without manual annotation, a weak supervision strategy
was employed. Ground truth labels were generated
algorithmically using a heuristic peak detection method
based on signal prominence and minimum time distance
between beats. A binary target vector was assigned to
each segment, where indices corresponding to identified
maxima were marked as 1, allowing the network to learn
the morphological features of the systolic peak. The
network was trained on 50-sample waveform fragments
in mini-batches of 32, using the BCELoss function and the
Adam optimizer with a constant learning rate of 0.001.

3.3. Signal synchronization and alignment

Different timestamp schemes are used during ECG
and PPG recordings. In electrocardiography, R peak oc-
currences are defined relative to the start of acquisition
and saved in seconds as relative time. During data pro-
cessing, these values are converted to absolute UNIX time,
allowing comparison with the PPG waveform. In pho-
toplethysmography, wave peak detection is recorded di-
rectly using the system time.

To unify the time systems, ECG data are converted
from relative time to UNIX timestamps according to Equa-
tion (1)

TUNIX = trel + 10, (1)

where tynx - time in UNIX format, .. — relative time, and
fo — beginning of the acquisition.

Waveforms are presented on a single time axis, en-
abling their automatic synchronization. Peak pairing is
performed by assigning each R peak in the electrocardio-
graphic record to the closest extremum in order of occur-
rence from the photoplethysmographic signal. Not every
recorded ECG peak has a corresponding PPG peak, which

can be attributed to movement interferences or sample
loss. Time differences between matched maxima are de-
fined as the PTT (Pulse Transit Time) and are computed
according to Equation (2)

PTT = tppg — tecG, (2)

where tppg, f5cg - PPG and ECG peak detection moments.
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Figure 4: Time differences between ECG and PPG peaks.

Descriptive statistics were computed from the value
vector, including the mean, which defines the average
time of the heart rate phase shift, and the standard
deviation, which represents its variability.

3.4. HRV indicators

Gaps between consecutive heartbeats were analyzed
independently in both signals. Relative time was used
in electrocardiography, resulting from windowed process-
ing of the samples, whereas in the photoplethysmography
system, timestamps were employed to ensure consistency
with the recorded waveform and to allow synchronization
with different data sources. RR intervals were determined
from the ECG recordings, corresponding to the distances
between R peaks. For PPG, IBI (Inter-Beat Interval) dis-
tances were computed. Based on these values, standard
HRV parameters were calculated in RR form, and analo-
gous calculations were performed for IBL
1) Average RR interval length: Arithmetic mean of RR in-
tervals expressed with the Formula (3):

1 N
Mean = — Y RR; 3
ean Ni:ZI i 3)

where RR; - i-th RR interval, and N - analyzed interval
count.

2) NN intervals standard deviation: Total heart rate
variability value, calculated based on all RR intervals
expressed with the Formula (4):

N

SDNN = | —— Y (RR; —Mean)? (4)
N-135




where Mean — average RR interval length, RR; — i-th RR
interval, and N — analyzed interval count.

3) Square root of averaged squares of differences between
subsequent NN intervals: Benchmark used in short-term
heart rate fluctuations assessment expressed with the For-
mula (5):

N—-1

1

where RR; - i-th RR interval, and N - analyzed interval
count.

4. Experimental Setup and data
characterization

4.1. ECG data acquisition

Data used for R-peak detection model training and
validation was acquired using the Polar H10 heart mon-
itor, which is capable of recording electrocardiographic
signals at a sampling frequency of 130 Hz. This resolution
enables the creation of a profile essential for HRV analysis.
The Polar H10 sensor is a heart rate detector commonly
used in sports and diagnostics. The device employs chest
electrodes to register electric potentials associated with
cardiac activity, providing higher measurement precision
compared to optical methods. Data transmission is carried
out via the Bluetooth Low Energy (BLE) standard, while
internal memory allows offline storage of recordings. The
accuracy of the Polar H10 is comparable to that of single-
channel ECG systems used in clinical diagnostics, making
mobile signal acquisition feasible [21].

To collect the training dataset, eight measurement
sessions were conducted with five participants. Each
recording contained approximately 230,000 samples,
corresponding to about 30 minutes of continuous signal
per session. Data was transmitted in real time in 13-point
packets, consistent with the established sampling rate,
and subsequently stored in CSV format. These recordings
captured varied heart rate dynamics and were used
exclusively for model training to prevent data leakage.

4.2. PPG data acquisition

Mobile application An Android-based application
utilizing the photoplethysmographic method for heart
rate measurement was developed. Signal acquisition was
performed by placing the participant’s fingertip directly
on the camera lens, illuminated by the integrated LED
light source. This setup enabled the detection of optical

changes caused by cyclical variations in blood volume
within the skin’s microvascular vessels.

PPG Heart Rate Monitor
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Figure 5: Mobile app interface.

The application provides a user interface enabling
real-time PPG waveforms visualization, as illustrated in
Fig. 5. The upper part of the screen contains a rectangular
area displaying the video stream from the smartphone’s
rear camera. A uniform red background indicates proper
lens occlusion. Below the preview panel, a dynamic signal
plot is presented and updated at the sampling frequency,
allowing observation of cyclic amplitude variations corre-
sponding to successive heartbeats. The interface includes
a “Wdech/Inhale” button, designed as a manual respira-
tory marker. While this control allows users to tag in-
halation onset times, the respiratory analysis was outside
the scope of the peak detection performance evaluation
presented in this study.

The recorded signal is processed using a low-pass fil-
ter. Peak detection is performed by analyzing three con-
secutive samples of the signal, where the central point is
classified as a peak if its value exceeds that of its neighbor-
ing points. To prevent false identifications caused by mo-
tion artifacts, a newly detected peak is only acknowledged
if it occurs at least 600 ms after the previous one. Each
identified extremum is stored together with its timestamp
and subsequently used to dynamically calculate the Beats
Per Minute (BPM) according to Equation (6):

ppm — & (6)
At

where Ar — average time span between consecutive signal
peaks.

The source code of the developed mobile application




has been hosted at the address:
https://github.com/JanBancerewicz/PPGbetter

Signal recording method Data used to train and val-
idate the wave peak detection model was acquired using
the developed application. Images were captured in real
time in the YUV 4:2:0 format at a resolution of 640x480
pixels. From each frame, the luma component was ex-
tracted, and the average brightness value was computed.
The resulting value represents a single sample of the raw
photoplethysmographic signal.

Data acquisition was divided into training and
validation phases to ensure result reliability. For model
training, separate recording sessions were conducted
using the mobile application, capturing 10-minute ses-
sions of raw PPG signal, with small finger movements
also taken into account. For validation, synchronized
ECG and PPG signals were recorded simultaneously. This
resulted in aligned datasets allowing for precise, sample-
to-sample performance evaluation on data unseen during
the training process.

Data transmission between the smartphone and the
server was carried out using the WebSocket protocol.
The data was sent in packets containing individual
measurement points along with their corresponding
timestamps. The sampling frequency was consistent with
the frame rate, averaging about 30 Hz. The received data
was buffered on the server and stored in CSV format.

5. Results and discussion

5.1. R peak detection accuracy verification

The performance of the convolutional network
architecture for R peak detection in electrocardiographic
signals was evaluated against the classic Pan-Tompkins
algorithm and reference R peaks obtained using the Neu-
roKit library, which serves as a gold standard. The signal
was sampled at 130 Hz and processed in nonoverlapping
segments containing 256 samples.

The accuracy of the developed neural network was
assessed based on the results obtained from an indepen-
dent dataset using the model’s trained parameters. Clas-
sification results are presented as a confusion matrix in
Table 3.

Table 3: Confusion matrix for R peak detection.

Actual / Prediction | No peak | Peak
No peak 231170 53
Peak 83 2678

A total of 231,170 samples not containing an R peak

and 2678 samples with actual R peaks were correctly clas-
sified by the model. The number of false positive pre-
dictions totaled 53, while the number of false negatives
was 83. The F1 score of 0.9753 indicates a good balance
between precision and sensitivity, which is a key feature
in automated electrocardiographic signal analysis. Basic
quality assessment metrics are presented in Table 4.

Table 4: R peak detection parameters.

Metric Value | Description
Accuracy 96.99% | Percentage of correct classifications
of R peaks or lack thereof.
Incorrect detections | 0.00% | Percentage of samples falsely classi-
fied as containing R peaks.
Skipped peaks 3.01% | Percentage of samples with unde-
tected actual R peaks.

The total number of detected maxima was 54 for the
model, 56 using the Pan-Tompkins method, and 56 for
the reference data. The results are presented in Table 5,
showing the number of True Positives, False Positives, and
False Negatives, as well as the computed precision, sensi-
tivity, and F1 scores, with a tolerance corresponding to
1-2 waveform samples. Visual comparisons of the detec-
tion performance are shown in Figure 6 and Figure 7.

Table 5: Extrema detecting techniques assessment.

Method TP | FP | FN | Prec. | Sens. F1
Al vs Pan-Tompkins 54 0 2 1.000 | 0.964 | 0.982
Al vs NeuroKit 53 1 3 0.981 0.946 | 0.964
Pan-Tompkins vs Neu- | 55 1 1 0.982 | 0.982 | 0.982
roKit
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Figure 6: Comparison of R peak detection between the network and
Pan-Tompkins algorithm.
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Figure 7: Comparison of R peak detection between the network and
reference peaks.

The network’s performance in detecting R peaks is
comparable to the classic Pan-Tompkins algorithm and
shows high agreement with the reference values. Discrep-
ancies resulting from missed or shifted peaks can be re-
duced through optimized signal preprocessing or further
model training. Current machine learning systems are ca-
pable of achieving high performance in the automated de-
tection of local peaks in electrocardiographic signals.

5.2. Wave peak detection accuracy verification

Peak identification in photoplethysmographic wave-
forms was performed using the convolutional network
and a reference signal obtained through band-pass filter-
ing and local maximum detection. The data were divided
into segments of 100 samples each and normalized to the
range [-1, 1]. In windowed mode, the model predictions
were converted into point indices corresponding to
potential wave peaks.

The performance of the developed model was evalu-
ated on an independent dataset using the parameters ob-
tained during training. Classification results are presented
as a confusion matrix in Table 6.

Table 6: Confusion matrix for wave peaks detection.

Actual / Prediction | No peak | Peak
No peak 9609 9
Peak 7 375

For photoplethysmographic signals, the network
correctly identified 375 samples containing a wave peak
and 9609 samples without one. Incorrect predictions
included 9 false positives and 7 false negatives. The

obtained F1 score of 0.9774 is comparable to that of
the ECG model, confirming the validity of the applied
approach for analyzing both signal types. Basic quality
assessment metrics for the architecture are presented in
Table 7.

Table 7: Wave peak detection parameters.

Metric Value | Description
Accuracy 98.17% | Percentage of correctly classified
samples.
Incorrect detections | 0.52% | Percentage of samples falsely classi-
fied as containing the wave peak.
Skipped peaks 1.83% | Percentage of sample with unde-
tected actual wave peak.

The machine learning algorithm detected 76 peaks,
while the reference set contained 72. Detection perfor-
mance was evaluated within a tolerance window of 264
ms, corresponding to 8 samples at a sampling rate of 30
Hz, using True Positive, False Positive, and False Negative
metrics. The model produced 61 TP, 15 FP, and 11 FN, re-
sulting in a precision of 0.803, a sensitivity of 0.847, and
an F1 score of 0.824.
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Figure 8: Peak detection comparison between the convolutional net-
work and reference peaks.

The results, as illustrated in Figure 8, indicate a high
agreement between the network and the reference pho-
toplethysmographic waveform maxima. The low number
of false detections was primarily due to interferences and
limitations of short-segment analysis. These results sug-
gest the practical utility of the network in digital biomed-
ical signal processing.

5.3. HRV analysis results

HRV parameters were calculated dynamically using
a 60-second moving window. The results are presented in
Figure 9 for the PPG signal and Figure 10 for the refer-
ence ECG signal. Each figure is divided into three panels
illustrating the time course of key metrics:

» Panel (a) shows the Average RR interval length.
This metric reflects the instantaneous heart rate;
rhythmic fluctuations visible in this plot typically
correspond to respiratory sinus arrhythmia.




» Panel (b) presents the SDNN (Standard Deviation of
NN intervals). This parameter measures total heart
rate variability and indicates the overall autonomic
nervous system activity over the analyzed window.

» Panel (c) displays the RMSSD (Root Mean Square
of Successive Differences). This metric reflects
short-term variations in heart rate and is primarily
associated with parasympathetic activity.
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Figure 9: Waveforms of HRV indicators computed for the PPG sig-
nal.

Comparison of HRV indicators between PPG and
ECG methods (see Figure 9 and Figure 10) showed
that RMSSD and SDNN values calculated from ECG
were more stable and less prone to sudden fluctuations.
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Figure 10: Waveforms of HRV indicators calculated for the refer-
ence ECG.

In the case of PPG, greater variability and occasional
outlier values were observed. A possible explanation
is the method’s susceptibility to interferences, such as
variations in finger pressure against the camera. Despite
the greater variability in PPG waveforms, the average
HRYV indicator values (SDNN and RMSSD) are similar
to those obtained from ECG. This finding confirms that,
under proper recording conditions, PPG can serve as
a reliable alternative to ECG for heart rate variability
analysis, although it requires additional filtering and
artifact compensation.
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6. Summary

The evaluation showed that convolutional and
recurrent architectures provide a high level of agreement
with classical methods and reference data while mini-
mizing false detections. The proposed models achieved
high precision in detecting key points in the signals, with
the F1 score reaching 0.9753 for R peaks in ECG signals
and 0.9774 for wave peaks in PPG waveforms. The high
accuracy of peak detection in photoplethysmographic
signals demonstrates the strong potential of this method
for reliably estimating IBIs, which are the counterparts of
RR intervals in ECG signals.

Biomedical signal recording systems powered by
machine learning methods show high potential for
real-time health monitoring. Future efforts should focus
on increasing the robustness of algorithms against
environmental interferences, including motion artifacts,
noise, and varying physiological conditions. It is also
essential to develop mechanisms that enable integration
with advanced telemedicine systems for continuous data
uploading and analysis. Implementing these solutions
could facilitate early identification of cardiac disorders
and support clinical decision-making.

A specific design choice in the developed mobile
application was the imposition of a 600 ms refractory
period between detected peaks. While this constraint
limits the maximum detectable heart rate to approx-
imately 100 BPM, it was implemented as a deliberate
denoising strategy for resting-state measurements. In
non-clinical mobile PPG acquisition, camera sensor noise
and micro-movements often manifest as high-frequency
artifacts that can mimic rapid heartbeats. By enforcing
this threshold, the system significantly reduces false pos-
itive detections, prioritizing the high precision required
for HRV metrics (such as SDNN and RMSSD) over the
ability to monitor intensive physical exertion.

It is worth noting, however, that although the models
have been trained on data that included interferences like
sudden bodily movements or small finger shifting, their
validation happened in a controlled environment. This
highlights an important limitation — uncertainty remains
regarding the system’s performance in real-world condi-
tions, especially during intensive physical activity where
movement becomes a dominating source of interferences.
This problem is particularly clear in the PPG signal where
unstable contact of the detector with the skin and ambient
light interference may lead to significant measurement er-
rors. There may exist improvements which would reduce
the impact of the interferences on the results such as ap-
plying adaptation filters which would dynamically correct
their effect to account for the noise characteristic in the
signal or usage of more complex deep learning models to

process a variety of data.

The developed system, including the source code, has
been made publicly available on GitHub at the following
repositories:
https://github.com/JanBancerewicz/PPGbetter
https://github.com/JanBancerewicz/research-project.
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