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ABSTRACT

This paper presents the development and experimental validation of a wearable system for stress and
cardiovascular monitoring that integrates three sensors: a Photo-Plethysmography (PPG) sensor, a
Galvanic Skin Response (GSR) sensor, and a DS18B20 digital temperature sensor. The ESP32
microcontroller serves as the core of the system, performing signal filtering using the Exponential Moving
Average (EMA) method and lightweight on-device classification with machine learning models (CNN,
LSTM). Wireless communication is enabled using Wi-Fi and Bluetooth Low-Energy (BLE), allowing
remote monitoring and cloud-based analytics. The system was tested on 10 volunteers under various
physical and emotional scenarios, including sitting, walking, exercising, yoga, cycling, and watching
movies. The results demonstrated significant physiological variations: the heart rate increased from 75
bpm at rest to 125 bpm during stress episodes, the skin conductance increased by up to 25%, and body
temperature changed by 2-3°C depending on activity level. The embedded ML models achieved a stress
classification accuracy of 92% (F1 = 0.90). The prototype also showed high energy efficiency, operating for
more than 12 hours on a single charge. The proposed architecture offers promising applications for
personalized health monitoring, stress management, and integration with medical information systems
(FHIR, HL7).

Keywords-stress monitoring; cardiovascular indicators; wearable devices; machine learning; IoT; wireless
data transmission

I INTRODUCTION political instability, and economic

perturbations

Stress is an integral part of human life that significantly
affects well-being and quality of life. The need to understand
and manage stress has become particularly urgent in recent
years, as global events such as the COVID-19 pandemic,

dramatically increased the prevalence of stress-related mood
and anxiety disorders around the world [1]. This psychological
state is not merely an abstract feeling, but is accompanied by
distinct physiological responses. Extensive research has
established a correspondence between subjective emotional
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experience of stress and measurable changes in the body,
particularly within the cardiovascular and autonomic nervous
systems [2]. Therefore, the development of accessible and
reliable technologies for monitoring these physiological
indicators is a crucial step toward better stress management and
the prevention of its negative health consequences. For
instance, data from the Organization for Economic Co-
operation and Development (OECD) highlight significant
cross-national differences in well-being indicators related to
stress. In [3], it was shown that populations in countries such as
South Korea, Chile, and the United States reported high levels
of stress.

The impact of stress can range from daily annoyances to
life-threatening situations. This psychological state is not
simply an abstract feeling, but is accompanied by distinct
physiological responses. Stress manifests itself through a
combination of well-documented emotional and physical
symptoms, which correspond to measurable changes in the
body [4]. Effective stress management plays a key role in
maintaining a normal heart rhythm. It is well-established that
monitoring cardiovascular indicators is crucial for tracking
changes that can negatively affect health. For example, resting
heart rate is a critical vital sign, and changes in its baseline can
predict adverse health outcomes and reflect the state of
physiological homeostasis [5]. Modern wearable technologies
enable this monitoring by analyzing Pulse Rate Variability
(PRV), which is obtained from optical sensors such as Photo-
Plethysmography (PPG). This metric provides deep insight into
the activity of the autonomic nervous system, which is directly
affected by stress [6]. To solve this problem, it is necessary to
develop accessible, cost-effective, and quality devices that can
simplify heart rate monitoring.

The rapid advancement of wearable sensor technology has
paved the way for new approaches to continuous health
monitoring. In particular, recent progress in flexible and
biocompatible sensors has significantly improved the ability to
track key physiological indicators in real-time [7]. Such
devices have been shown to have an affordable cost and ease of
use. Wearable sensors can be integrated with Internet of Things
(IoT) technologies, expanding their functionality. The use of
Galvanic Skin Response (GSR) for the detection of stress states
has been previously examined [8]. The MAX30102 sensor has
been applied to the diagnosis of viral diseases, with particular
attention to the measurement of oxygen saturation (SpO) and
Heart Rate (HR) [9]. The integration of biomedical sensors
with smartphones facilitates remote health monitoring and
improves medical supervision efficiency [10].

The use of PPG for stress assessment is a common
approach in modern wearable systems. To improve accuracy,
recent studies have focused on the development of multimodal
devices. For instance, some studies presented wearables that
integrate both PPG and GSR signals for more robust real-time
stress detection [11]. Other approaches have successfully
applied deep learning models, such as Convolutional Neural
Networks (CNNs), to analyze PPG data and automatically
recognize stress patterns [12]. This study showed that
combining different types of sensors improves measurement
accuracy and expands the data collection capabilities. In [13],

PPG sensors were used to determine stress levels, with the
results confirming that wearable devices can reliably assess
stress by analyzing the Autonomic Nervous System (ANS)
balance. Recent studies demonstrate the feasibility of
MAX30100-based health monitoring systems with wireless
connectivity. For example, in [14], an [oT solution used ESP32
and Bluetooth, while in [15], a portable PPG monitor with real-
time data transmission through ESP32 was developed. Previous
works used this sensor to measure HR and SpO; to assess stress
levels. In [16], a method was proposed to combine HR data
obtained from PPG sensors with video devices. In [17], it was
emphasized that changes in HR can serve as stress indicators,
and an irregular heartbeat can indicate the presence of serious
diseases or other health problems.

The study in [18] investigated the determination of stress
levels using commercially available smartwatches. Such
devices use Electrodermal Activity (EDA) sensors to detect
stress states. However, the results showed that the EDA
indicators may not be sufficiently accurate when using only
one wearable device. In [19], a wearable belt was used to
assess stress levels, establishing that budget sensors can
effectively handle this task, despite a significant drawback—
large device dimensions. In [20], smartwatches were used to
determine mental stress in real-time during various cognitive
tasks. This study relied on GSR, RR interval, and Body
Temperature (BT) data collected using commercial wearable
devices. This study noted that factors such as listening to music
during exercise can affect HR, which can lead to a
misinterpretation of stress levels [21]. Heart Rate Variability
(HRV) at rest is a well-established indicator of stress and
overall health [5]. Short-term stressors, including physical
activity, can significantly alter HR patterns, as demonstrated in
wearable sensor studies [22, 23]. In addition, wearable sensors
can be integrated with the IoT to expand their functionality.
Recent advances in IoT-fog-cloud computing models have
shown promising results in addressing latency issues and
improving real-time processing capabilities for health
monitoring applications. The integration of fog computing with
IoT devices enables edge processing, reducing data
transmission delays and energy consumption while maintaining
high accuracy in the prediction of cardiovascular diseases [24].

The purpose of this study was to analyze the influence of
various types of activities, including watching horror movies,
sitting, walking, running, exercising, yoga, and cycling, on
human physiological indicators. This study aimed to examine
changes in HR, GSR, and body temperature depending on the
level of physical activity and emotional state. This study also
examined the possibilities of using wearable devices, such as
the MAX30102 sensor, for real-time monitoring of the
psychophysiological state. Integration of collected data with
machine learning algorithms and IoT technologies will allow
the development of a personalized health monitoring and stress
management system, which can be useful in medical
diagnostics, fitness, and the entertainment industry.

Despite growing interest in wearable stress monitoring
systems, most existing solutions are limited to a single type of
sensor and lack comprehensive validation in real-life
conditions. Recent publications rarely feature the integration of
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multiple physiological signals—such as PPG, GSR, and skin
temperature—in combination with the implementation of
machine learning algorithms directly on resource-constrained
wearable devices for real-time stress detection. Furthermore,
the reliability of stress classification and the impact of wireless
data transmission technologies in mobile everyday
environments remain insufficiently explored. This study aimed
to address these gaps by developing a multi-sensor system with
embedded machine learning, on-device data processing, and
validation across diverse activity scenarios. The main scientific
and practical contributions of this work are as follows:

e Develops a multi-sensor wearable device architecture that
integrates PPG, GSR, and a temperature sensor for
comprehensive monitoring of physiological indicators.

o Performs embedded signal processing using the
Exponential Moving Average (EMA) algorithm and
lightweight machine learning models (CNN, LSTM)
directly on the ESP32 microcontroller.

e Offers integration with IoT technologies (Wi-Fi, BLE) for
wireless data transmission and cloud analytics, including
compatibility with medical information systems such as
FHIR and HL7.

e Experimental validation in real-life activity scenarios
(sitting, walking, exercising, yoga, watching movies)
confirms the reliability of measurements and the system's
ability to capture stress responses.

e Demonstrates energy efficiency and device autonomy,
enabling long-term use in medical and domestic
applications.

II. METHOD

The proposed method consists of real-time monitoring of
physiological parameters using a wearable device that
integrates PPG (MAX30102), GSR, and temperature
(DS18B20) sensors. Raw sensor data are filtered using EMA,
and relevant features—such as HR, skin conductivity, and
temperature changes—are extracted using the ESP32
microcontroller. Lightweight machine learning models, trained
on annotated physiological datasets, are deployed on the device
to classify stress states in real time. The results and raw data are
wirelessly transmitted to a smartphone or cloud platform via
BLE and Wi-Fi for further analysis and user feedback.

A. System Architecture

The wearable stress monitoring device developed in this
study integrates three main types of sensors: a PPG sensor
(MAX30102) for heart rate and SpO, measurements, a GSR
sensor for electrodermal activity, and a digital temperature
sensor (DS18B20) for skin temperature monitoring. The
sensors are managed by an ESP32 microcontroller, which also
handles wireless communication and local data processing.
Figure 1 illustrates the overall system block diagram, detailing
the connection of each sensor and key functional modules.

TP4056 GSR

| i !

Li-Po ESP32 < >

—

PPG OLED Display

DS18B2

Fig. 1. Block diagram of the wearable stress monitoring device.

The novelty of this work lies in the design and
implementation of an innovative stress and cardiovascular
monitoring system that integrates several biometric sensors
(GSR, PPG, and temperature sensor) to comprehensively
analyze physiological parameters in real time. The use of EMA
algorithms and machine learning techniques to filter data and
predict physiological abnormalities is a novel and suitable
technique that improves the accuracy and reliability of stress
level and HR monitoring. In addition, wireless technology
(BLE and Wi-Fi) can integrate with cloud systems for remote
monitoring, which makes the system convenient and accessible
to users in real-life environments. The system demonstrates
high energy efficiency and stable performance, which is an
important step in creating personalized and efficient
technologies for healthcare.

The scientific significance of this work is the development
of methods to integrate wearable biometric sensors to monitor
human physiological conditions such as stress and
cardiovascular performance. A system capable of real-time
monitoring of changes in heart rate, stress level, and body
temperature using multiple sensors (GSR, PPG, DS18B20) is
important for improving health monitoring technologies. The
application of innovative data filtering algorithms (EMA) and
machine learning to analyze biometrics can improve the
accuracy of diagnosis and early detection of abnormalities in
physiological conditions, which can significantly improve the
quality of healthcare and personalized treatment. In addition,
wireless data transmission through IoT technologies and cloud
platforms opens new opportunities for remote monitoring and
integration with medical information systems, which is an
important step in the development of remote health monitoring
systems.

TABLE L MODEL AND CHARACTERISTICS OF THE
SENSORS USED
Specifications
Sensor Power Measurin;
model Resolution Interface 2 Accuracy
supply range
MAX30102| 16-19 bits 1.8-3.3V 12C N/A N/A
DS18B20 9-12-bits 3.0-5.5V | 1-Wire 35 Coto +0.5°C*
+125°C

a. From -10°C to +85°C. Accuracy is #2°C over the full range.

The system utilizes modern sensors that provide high
measurement accuracy. The main component 1is the
MAX30102 sensor, which has a resolution of 16-19 bits,
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transmits data via the 12C interface, and operates on a 1.8-3.3V
power supply, making it energy efficient.

To measure body temperature, the system uses the
DS18B20 digital sensor. It features a 9—12-bit resolution and
operates on a 3.0-5.5V power supply. The sensor is capable of
measuring temperatures in a wide range from -55°C to +125°C,
offering an accuracy of +0.5°C within the range of -10°C to
+85°C, and an accuracy of +2°C for its full range. With its 1-
wire interface support, this sensor can be easily integrated into
the system, providing stable readings. The Grove GSR sensor
measures the electrical conductivity of the skin. The sensor
operates in analog format, using a range of 0-1023 ADC values
to capture the smallest changes associated with the user's
emotional state. The collected data is displayed through a 1.3"
OLED display with a resolution of 128x64 pixels, connected
through an I2C interface, which provides a clear visualization
of information, especially important for wearable devices.

The central computing unit of the system is the ESP32,
which processes incoming data, analyzes signals using machine
learning algorithms, and transmits them via Wi-Fi or BLE to
cloud services or a mobile application. This microcontroller is
equipped with a dual-core Tensilica LX6 processor (240 MHz)
and supports a wide range of interfaces (I2C, SPI, UART,
PWM, ADC), making it ideal for IoT solutions.

B. Hardware Implementation

Figure 2 highlights the compact arrangement of the ESP32
microcontroller, sensor modules, OLED display, and
rechargeable Li-Ion battery on a custom PCB. The modular
design facilitates convenient testing and sensor replacement if
required. Figure 3 provides a detailed sensor connection
schematic, specifying power, signal, and interface lines
between all sensors and the ESP32.

a | ¥
> | ¥
<

y

Physical - Writing
activity Wearable devices device
Fig. 2. Photograph of the assembled wearable prototype.
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Fig. 3. Schematic diagram of sensor connections to the ESP32
microcontroller.

C. Experimental Setup

Experimental validation was conducted with ten healthy
volunteers (age 21-36, balanced by gender) under the
supervision of the University's ethics committee. Participants
wore the device on the non-dominant wrist, and data were
continuously collected during a series of controlled activities:
seated rest (baseline), walking, physical exercise (push-ups),
yoga, cycling, and emotional stress induced by horror movie
viewing. Each scenario lasted 10-20 minutes, with
synchronized video annotation and subjective stress rating
collected post-session (Likert scale).

The proposed architecture combines high-precision sensors,
energy-efficient computing components, and wireless
technologies, making it effective for continuous real-time
monitoring of physiological parameters. ESP32 via Wi-Fi
(TLS) collects and processes data (sensors, accelerometer,
machine learning), saves it locally in case of connection loss,
transmits it to a smartphone/cloud, notifies the user, monitors
the charge, and terminates with the results saved. The novelty
of this algorithm lies in the integrated approach to data
processing and transmission. The features include the use of
machine learning to analyze data directly on the device, which
speeds up processing and improves diagnostic accuracy. The
system also provides a high level of data security using
TLS/SSL encryption during data transmission. An interactive
smartphone user interface allows users to view real-time
results, receive notifications, and customize monitoring
settings, making the process convenient and accessible. In
addition, the algorithm can adapt to dropped connections by
storing data locally and synchronizing it when the connection is
restored, ensuring the integrity and continuity of monitoring.

D. Signal Processing and Data Management

All sensor signals are sampled and preprocessed on the
ESP32: Raw data undergoes noise filtering via EMA, artifacts
are detected using moving window statistics and thresholding,
and key features (HR, GSR peaks, temperature change) are
extracted and timestamped. Figure 4 illustrates the data
processing workflow.

E. Embedded Machine Learning

For on-device stress detection, lightweight machine
learning models are deployed on the ESP32 using TensorFlow
Lite Micro. A CNN is used for PPG time-series feature
extraction and stress event detection. An LSTM is used for
temporal pattern analysis across all sensor channels. Both
models were pre-trained on labeled physiological datasets and
quantized for embedded inference.

F. Wireless Communication

The device supports dual-mode wireless connectivity:

e BLE (Bluetooth Low Energy) for
integration and user notifications.

e Wi-Fi (with TLS/SSL) for secure data upload to a cloud
server and remote monitoring.

smartphone app

Data can be visualized in real time on both the OLED
display and the mobile application.
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Fig. 4. Workflow of sensor data processing and transmission.

G. Data Analysis

Collected data was statistically analyzed for mean, standard
deviation, and range within each scenario. ML model
performance was evaluated using standard classification
metrics: accuracy, Fl-score, and confusion matrix, with
scenario-specific stress annotations as ground truth.

III. MATHEMATICAL MODEL AND JUSTIFICATION
OF THE METHOD

A. Formalization of Sensor Signals

The system utilizes three types of biosignals represented in
the time domain:

xppg (£), Xgsr (1), x7(t) (1

where xppg (t) is the photoplethysmography signal, x;sg(t) is
the GSR signal, and x;(t) is the digital temperature sensor
signal. The signals are discretized with a sampling frequency
fs, and then, their discrete representations are used:

xppg[n] = xppg(nTy) 2
1
Ts = — 3
5= 1o 3)
These signals are time-dependent functions and are

influenced both by physical activity (walking, exercising, yoga,
cycling) and by psycho-emotional state (stress, arousal,
relaxation). For example, during emotional tension, an increase
in HR, a rise in skin conductance, and a slight elevation in
temperature are observed. In contrast, during relaxation or
meditation, the indicators tend to stabilize. By formalizing the
sensor signals as time series, it becomes possible to apply
further processing methods, such as digital filtering, feature
extraction, and machine learning algorithms, for the automatic
classification of stress states.

B. Filtering and Preprocessing

The raw signals obtained from the sensors are subject to
various sources of noise, such as:

e Motion artifacts (during walking or physical exercise),
e FElectromagnetic interference,
e Sensor measurement errors.
The EMA method is applied to suppress noise:
ym)=axnl+(1—-a)yln—1],0<a<1 4)

where x[n] is the current sample of the signal, and y[n] is the
smoothed value. The EMA filter is stable, since its impulse
response given by

hlk] = a(1 — a)*, k>0 5)
is absolutely summable:
Sicolhlkll = i = 1< (©6)

The noise variance after applying the EMA is reduced
according to the following formula:

a 2

-
Oout = Eain )

This explains the effectiveness of EMA for PPG and GSR
signals. Thus, EMA provides a compromise between
smoothing and preserving informative signal variations. For
PPG and GSR, this method is particularly effective, as it allows
characteristic peaks and trends associated with physiological
reactions of the body to be highlighted, while maintaining a
minimal level of processing delay.

C. Feature Extraction

After filtering and smoothing, the signals are used to extract
physiological parameters that can serve as indicators of stress
states and physical workload.

1) Heart Rate (HR)

HR is the primary parameter obtained from the PPG signal.
It is determined by counting the peaks of the pulse wave over a
fixed time interval T:

HR=§*60 (8)

where N is the number of detected peaks within the interval T.
An increase in HR is usually observed during physical activity
or emotional stress, which makes this parameter a key indicator
for monitoring the state of the human body.

2) Heart Rate Variability (HRV)

In addition to the average heart rate, HRV is an important
diagnostic indicator. It is calculated based on the sequence of
RR intervals (the time between successive heartbeats). HRV is
determined from the series of RR intervals as follows:

HRV = |25, (RR, - RR)? 9)

A decrease in HRV is often indicative of increased activity
of the sympathetic nervous system and is associated with stress.
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3) Galvanic Skin Response (GSR)

Electrodermal activity (Galvanic Skin Response - GSR)
reflects changes in the electrical conductance of the skin, which
are associated with the activation of sweat glands under the
influence of stress factors. For normalization, the deviation of
the signal from its mean value is used:

fosr() = Yesr(t) — Vesr (10)
4) Skin Temperature (T)

The skin temperature T (t), measured by a digital sensor, is
used as an additional indicator of physiological state. During
physical activity and stressful situations, small variations may
occur, reflecting the body's thermoregulation processes

fr@®) = yr(t) (11)
D. Mathematical Model of Classification

Based on the extracted features, a multidimensional vector
is formed, characterizing the current physiological state of the
user:

f(t): [HR!HRV!fGSR'fT!"'] (12)

where the components of the vector correspond to HR, HRV,
GSR, and skin temperature, respectively. For automatic state
recognition, a machine learning model (e.g.,CNN or LSTM) is
used, which implements a nonlinear mapping:

y =ML(f(t);6), y €{0,1} 13)

where y = 1 corresponds to stress, and 6 represents the trained
parameters of the network. The minimization of the loss
function L(6) is carried out using gradient descent algorithms
(such as Adam, RMSP, etc.), which allow the model
parameters to be optimized so that it can most accurately
distinguish between "stress" and "normal" states.

L(®) = X [yilog () + (1 —y)log(1 =) (14)

Thus, the classifier represents a decision function that,
based on the feature vector f(t), assigns the user to one of two
states. A high value of y = 1 indicates a stress condition, while
a low value of y; = 0 corresponds to its absence.

E. Error Estimation

When calculating HR from pulse intervals, an error may
occur due to inaccuracies in detecting R-peaks (or PPG peaks).
If the R-interval is measured with a maximum error &,,,,, then
the HR estimate satisfies:

|AR = Ry | < 82 4 (15)

F. Classification Reliability

Let the classifier g(f) be Lipschitz continuous with
constant Ly, and margin m =| g(f*) 1> 0. Then, under noise
&, if I EIIKm/L,, the classification label will not change
under sub-Gaussian noise with variance o2:

2
Perr = exp(_Z;nTIfq) (16)

G. Data Transmission Model

The developed system provides not only local data
processing  but also transmission through  wireless
communication channels (Wi-Fi or BLE) for subsequent
storage and analysis in cloud services or medical information
systems. In this case, the most important characteristics are the
latency and reliability of data transmission. The system latency
is given by:

At =2+t + tho a7
fs

where L/f; is the window delay, t;,, is the ML inference time,
and t,,,; is the data transmission time.

Thus, minimizing the overall response time is possible
through the optimal choice of the window length L, the use of
lightweight ML models, and efficient data transmission
protocols. Therefore, the developed architecture not only
guarantees correct feature extraction and stress state
classification at the embedded device level but also ensures
secure and practically error-free data transmission to cloud or
medical systems, which is particularly important for integration
into e-Health infrastructures.

H. Integral System Model

All the stages considered above can be combined into a
unified system of equations that describes the complete
operating cycle of the wearable stress monitoring system.

Yppg[n] = EMA(xppg[n])
Yesrln] = EMA(xgsg[n])

yrlnl = EMA(xr[n])

N
HR = * 60, HRV = Var(RR) (18)
f = [HR,HRV,GSR,T)
y = ML(f)
L
At = e + ting + thet

where EMA is the exponential moving average used for signal
filtering, HR and HRYV are the cardiac activity indicators, f is
the feature vector, ML(f) is the classifier function
(CNN/LSTM) returning the user's state, and At is the total
delay of processing and data transmission. This integral model
reflects the complete operating cycle of the system: from
acquiring signals from the sensors to classifying the stress state
and transmitting the information to the cloud infrastructure. It
demonstrates the interconnection between the sensor level,
digital signal processing algorithms, machine learning models,
and communication protocols, thus providing a comprehensive
description of the device architecture.

IV. RESULTS

The prototype was verified by testing the functions of its
components, verifying the measurement results, calibration,
current, voltage and power consumption analysis, evaluating
the processing time, and testing the data visualization process.
A comprehensive analysis was performed to ensure that the
developed system functions meet the specified design
requirements. The developed instrument is a fixed device based
on wireless communication.
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A. Biosignal Sensor Schematic for Stress Monitoring

Figure 5 shows a schematic diagram of a biosignal sensor
for voltage monitoring. The system was assembled by carefully
connecting the MAX30102 sensor to the ESP32 pins as per the
schematic: power (3.3V), ground (GND), and I2C lines (GPIO
22 and GPIO 21). Then, the ESP32 was programmed to
connect to a Wi-Fi network or BLE for data transfer. Code was
written in the Arduino IDE to initialize the Wi-Fi, read the
values from the MAX30102 sensor over 12C, and process them
in the microcontroller.

B. Device Implementation

The MAX30102 sensor plays a key role in measuring HRV,
which is an important part of stress monitoring systems. In the
initial stage, careful selection of components, such as the
ESP32 microcontroller, sensor, and Wi-Fi module, is crucial.
This study used the ESP32 development platform to efficiently
manage test data. Next, the prototype was assembled,
integrating the MAX30102 sensor with the ESP32
microcontroller to ensure proper connectivity —and
synchronization. The prototype is a critical element for

Li-Po batteries

TP40S56

Switch

GSR Sensor

collecting the physiological data needed for stress analysis.
Once the prototype was successfully assembled, the
MAX30102 sensor could non-invasively measure HR,
providing valuable insights into a person's stress levels.

This study conducted tests in five different activity states:
sitting, walking, running, exercising, yoga, and cycling. These
conditions allow for a comprehensive study of stress patterns
under different physical conditions, investigating how stress
levels change with different activities. Figure 6 shows the
labeled components of an assembled prototype of a wearable
device. In addition, the study includes the introduction of
wireless portability by integrating Wi-Fi technology into the
stress monitoring system. This feature adds novelty and
improves the study by allowing individuals to move freely
during stress monitoring without physical limitations. With
wireless connectivity, the sensor transmits data to the receiving
device in real time, providing immediate access to stress
information. Wireless portability also simplifies long-term data
collection, allowing continuous monitoring over long periods
of time, and opens opportunities for remote monitoring and
telemedicine.

Temperature sensor

PPG sensor

Switch
(on side)

OLED display

Schematic diagram of a biosignal sensor for stress monitoring.

Figure 7 shows a measurement of BPM in the seated
position using the MAX30102 transducer, which allows for
determining resting respiratory rhythm and identifying possible
abnormalities. During the test, changes in blood flow reflecting
respiratory cycles are recorded, and the average respiratory rate
is calculated. Analyzing the data helps identify rhythm
stability, abrupt changes, or abnormalities such as rapid
(tachypnea) or slow breathing (bradypnea). These indicators
are used to assess stress levels, adjust breathing practices, and
monitor overall body condition.

Monitoring BPM during walking allows assessing the
response of the cardiovascular system to moderate physical
activity. The resting HR is first recorded, and then the changes
during movement are monitored, including HR adaptation at
the beginning, average values during walking, and recovery
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rate after stopping. Analyzing the data helps identify rhythm
stability, sudden fluctuations, and the level of stress on the
body. This approach makes it possible to monitor physical
activity, adjust the load, and improve the effectiveness of
wellness programs.

Fig. 7. Experimental setup for data collection in a seated, resting position.

Fig. 8. Data collection during moderate physical activity (walking).
Monitoring heart rate (BPM) during exercise makes it
possible to assess the level of exertion and the body's
adaptation to physical activity. First, initial resting HR readings
were recorded, then changes were monitored during the warm-
up, the main workout, and the recovery phase. The sensor
registers peak and average BPM values, as well as the rate at
which the pulse decreases after exertion, which helps determine
an athlete's level of fitness. The data obtained make it possible
to optimize the training process, prevent overload, and increase
the effectiveness of cardio workouts. This approach contributes

to a personalized selection of loads and monitoring of the
cardiovascular system. Monitoring HR during yoga sessions
makes it possible to assess the impact of physical and breathing
exercises on the cardiovascular system. First, the pulse is
measured at rest, then changes in HR are recorded during static
and dynamic asanas, breathing techniques, and relaxation
phases. The sensor records peak loads, the average heart rate
level, and the recovery rate after exercise. Analyzing the
obtained data helps determine the effectiveness of yoga, the
influence of various techniques on HR, and develop individual
training recommendations. This method allows optimizing
exercise loads, controlling stress levels, and assessing the
body's adaptation to different types of physical activity.

Fig. 9. Data collection during high-intensity physical activity (push-ups).

Data collection during a yoga session.

Fig. 10.

The procedure for measuring HR during cycling involves
using a wearable device. Before starting the test, the subject
attaches the device to the wrist or another convenient area of
the body, ensuring that the sensor fits snugly on the skin.
Measurements are taken over a pre-set period, for example, 10—
30 minutes, during which HR changes are recorded at various
levels of exertion—from a steady pace to intense pedaling.
Special attention is given to analyzing the dynamics of HR,
detecting abnormalities, and determining load zones, which
allows for evaluating endurance and the subject's fitness level.
This data can later be used for personalized training
recommendations and the prevention of cardiovascular
diseases.
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Fig. 11.  Experimental setup for data collection during cycling.

C. Field Tests

Figure 12 shows the dynamics of skin surface temperature
changes during different types of activity. In a seated position
(green curve), the temperature remains stable in the range of
27.0-27.3°C, indicating low physical activity and minimal heat
generation. During walking (orange curve), the temperature
gradually rises, reaching 30.5°C, which is associated with
increased muscle activity and accelerated metabolic processes.
When performing yoga (dark green curve), the body
temperature changes from 28.0°C to 29.7°C, demonstrating a
moderate level of physical exertion. In the case of active
movement (purple curve), the body temperature increases most
significantly, starting from 27.2°C and reaching 31.0°C,
reflecting intensive body work and enhanced heat dissipation.
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Fig. 12.
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» Movement Pulse

Fig. 13.

15:38:53
+Walking Temperature «Yoga Temperature

This graph shows a pattern where, as physical activity
increases, body temperature rises, confirming the relationship
between heat generation and activity level.

Figure 13 shows the dynamics of raw signal values from
the PPG sensor during different types of activity. These values
represent the unprocessed output from the sensor and are
proportional to changes in blood volume. In a seated position
(green line), the sensor reading remains relatively stable in the
range of 1900-2100 units. When performing yoga (dark green
line), the signal varies from 2000 to 2500 units. In the case of
active movement (purple line), significant fluctuations in the
raw signal are observed, ranging from 1900 to 4200 units,
including sharp spikes that may indicate high-intensity exertion
or additional factors, such as emotional arousal or abrupt
changes in activity pace. This graph demonstrates how the
body adapts to different types of physical activity and helps
identify abnormal HR changes that may signal stress, fatigue,
or overload. Figure 14 shows the changes in GSR during
different types of activity. During movement (purple line),
GSR starts at around 2000 units and gradually increases to
about 2300, reflecting high nervous system activity. In a seated
position (green line), there is a sharp spike to approximately
2750, after which the level stabilizes. During walking (orange
line), GSR values fluctuate in the range of about 2700-2800
but gradually decrease to around 2550, which may be linked to
the body's adaptation. During yoga (dark green line), a spike is
recorded up to about 3000, followed by a decline to about
2450-2600, reflecting the transition from active arousal to
relaxation. This graph illustrates how activity and stress affect
skin conductance, with the most significant changes occurring
when transitioning from one activity to another.

P

18:39:36 18:52:16 18:53:18

Temperature(°C) measurements over time.

g

15:38:53

18:39:36 18:52:16 18:53:18

+Walking Pulse +Yoga Pulse

Dynamics of raw PPG sensor readings over time. The y-axis represents unprocessed signal amplitude, not beats per minute (BPM).
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Fig. 14.  Electrodermal Activity (EDA) - GSR sensor measurements over time.
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Fig. 15.

Figure 15 shows simple statistics for the main statistical
indicators of physiological data collected during the
experiment:

e Body temperature readings ranged from 27.06°C to
27.13°C, with an average of 27.10°C, indicating the
stability of thermoregulation during different activities.

e GSR varied between 2301.58 and 2316.70, with an average
of 2308.97, indicating changes in skin conductivity that
could be related to physical exertion or emotional state.

e Pulses showed a significant range, reflecting the
cardiovascular system's response to different levels of
activity.

These data help assess the impact of physical exertion on
the body and can be useful for further analysis of changes in
physiological parameters over time.

Simple statistical measurement results.

Figure 16 shows the changes in the readings of the PPG
sensor over time during physical activity, such as cycling. The
x-axis represents the time in seconds, while the y-axis shows
the amplitude. In the beginning, there is a smooth increase,
which may be linked to the increasing intensity of the exertion.
In the middle of the graph, the signal remains at a higher level
with slight fluctuations, corresponding to steady physical
effort. In the end, there is a gradual decrease, indicating
reduced exertion and recovery of the body. These data can be
used to analyze endurance, monitor training intensity, and
assess the condition of the cardiovascular system.

Figure 17 shows changes in skin surface temperature during
a cycling workout. The x-axis represents the time in seconds,
while the y-axis shows the temperature in °C. At the beginning
of the workout, there is a gradual increase in temperature from
31.5 to 32.2°C, which is associated with increased physical
activity and increased heat production in the body. In the
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middle of the session, the temperature stabilizes with slight
fluctuations, indicating a consistent level of exertion and the
body's thermoregulation. At the end of the exercise, the
temperature begins to decrease, signaling the recovery process
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Fig. 16.
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Fig. 18.

Figure 18 shows the changes in GSR during a cycling
workout. The x-axis represents time in seconds, while the y-
axis shows the GSR values. At the beginning of the workout,
there is an increase in GSR from 2800 to 3100, which may
indicate initial physical strain and activation of the sympathetic
nervous system. Later, GSR values show periodic fluctuations,
which may be related to changes in exercise intensity and
sweating levels. At the end of the workout, there is a gradual
decrease in GSR, indicating a reduction in activity and body

10:34:35

10:34:35

and gradual cooling of the body. These data can be useful for
assessing the body's response to physical exertion and
identifying any deviations in thermoregulation.

10:38:54 10:43:13 10:48:54

Changes in raw PPG sensor readings over time during physical activity, such as cycling. The Y-axis shows the unprocessed sensor signal.

10:38:54 10:43:13 10:48:54

Changes in body temperature during a cycling workout.

10:43:13

10:38:54 10:48:54

Changes in GSR during a cycling workout.

recovery. These data can be useful for assessing the level of
physical strain and the response of the ANS to exertion.

D. Movie Watching

Wearable devices can be used to analyze the physiological
responses of viewers during movie watching. MAX30102
measures HR and SpO», helping to identify emotional arousal
and stress reactions, along with fluctuations in HRV. Real-time
analysis can assess the viewer's level of engagement, reaction
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to key moments, and even the potential impact of stress. This
data can be useful for psychophysiological research, marketing
studies in the entertainment industry, and medical applications
related to monitoring the condition of the ANS.

Figure 19 presents the measured temperature results during
the viewing of a horror movie, where the subject's body
temperature changed noticeably. At the beginning of the
session, it was in the range of 28.5°C to 29.5°C, corresponding
to a resting state. As the plot developed and tense moments
appeared, the temperature gradually increased, reaching a
maximum value of 31.35°C, which is associated with the
physiological response of the body to stress. During
particularly tense moments, brief temperature spikes were
observed, triggered by adrenaline release. After the film ended,
the temperature began to decrease, returning to 30.4°C,
indicating the recovery of normal conditions. These data
confirm the influence of emotional tension on the body's
physiological parameters.
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Figure 20 presents the measured GSR results during the
viewing of a horror movie. GSR showed significant
fluctuations, indicating the body's physiological response to
emotional stimuli. In the beginning, GSR level gradually
increased from 2300 to 2700 units, which could be linked to the
increasing tension in the plot. During sudden and frightening
scenes, spikes in skin conductivity were observed (up to 2900),
indicating a brief release of adrenaline. After the peak of
activity, roughly in the middle of the movie, the GSR value
began to decrease to 2100, likely due to adaptation to stress.
However, in the final part, sharp spikes were observed again,
which may be related to unexpected scenes or plot twists. At
the end of the viewing, the GSR gradually returned to the
baseline values, indicating a recovery of emotional state. These
data confirm that horror films trigger a strong emotional
response, measurable through changes in skin conductivity.

Measured temperature results during the viewing of a horror film.

Measured GSR results during viewing of a horror movie.

13:47:45 13:50:39 13:53:34 13:57:45
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Measured GSR results during the viewing of a horror movie.
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Figure 21 presents the measured raw PPG sensor signal
during the viewing of a horror movie. On average, the signal
value was in the range of 1650-2200 units, but during tense
scenes, there were spikes up to 2750-3300 units. This could be
linked to adrenaline release and the body's reaction to sudden,
frightening moments. The graph shows that HR remained
unstable throughout the viewing, which is typical for situations
that induce stress and arousal. The peak values correspond to
the scariest scenes, while in the intervals between them, the
pulse temporarily decreased but did not reach a level of
complete relaxation. These results confirm that horror films
trigger a significant physiological response, which can be
measured using wearable devices with the MAX30102 sensor.

To provide a physiologically relevant interpretation of the
data, the raw PPG signals were processed to calculate HR in
beats per minute (bpm). A statistical analysis was performed to
assess the reliability of these calculated HR values during the
viewing of the horror movie. This included the calculation of
the mean (M), standard deviation (SD), and the range of values
(Min-Max), as presented in Table II, which shows the final,
processed HR data.

TABLEII. MAIN STATISTICAL INDICATORS OF HR
. Average HR | Standard Range (min-

Experiment stage (bpm) deviation max, bpm)
Resting state (before the film) 75.3 5.2 68 — 82
Begmmng c_)f the film 8.1 6.1 75_89

(waiting)

Tense scenes 110.5 9.8 95125

Peak moments (screamers) 125.2 12.3 105 - 140
End of the film 95.8 7.6 85-108
Recovery (5 minutes after) 78.5 54 70 - 85

Statistical analysis of the changes in HR (bpm) during the
viewing of a horror movie showed significant fluctuations
depending on emotional tension. In a calm state, the average
HR was 75.3 bpm, and during the anticipation of the movie, it
rose to 82.1 bpm. During tense scenes, there was a sharp
increase to 110.5 bpm, and during peak moments, the

maximum values reached 125.2 bpm. After the movie ended,
heart rate gradually decreased but remained above the initial
level (95.8 bpm), and full recovery took several minutes. The
high standard deviation (SD = 12.3 bpm) during peak scenes
indicates individual differences in the subjects' reactions. Data
analysis confirms that watching horror movies causes
significant physiological arousal, and the collected data is
reliable and reflects the typical bodily response to stress.

E. Comparison with Other Studies

Many technologies for stress monitoring already exist, but
the proposed system provides several key advantages. Unlike
solutions that rely on a single sensor (PPG or GSR), the
proposed architecture integrates PPG, GSR, and a temperature
sensor, improving accuracy and robustness. Furthermore, while
most existing approaches perform signal processing and
classification externally or in the cloud, the proposed system
implements embedded processing on the ESP32
microcontroller using EMA and lightweight machine learning
models (CNN, LSTM). This reduces latency and allows the
device to operate independently of smartphones or servers.
Another important difference is the experimental validation in
real-life activity scenarios (walking, yoga, movie watching,
etc.), which is rarely addressed in previous studies. Therefore,
the proposed system is more practical, energy-efficient, and
autonomous compared to existing technologies.

Table III presents a comparison between existing stress
monitoring systems [13, 18-20, 23] and the proposed
architecture. The analysis shows that most prior works are
limited to single-sensor configurations and rely on external or
offline data processing, with restricted validation scenarios. In
contrast, the proposed system integrates three complementary
sensors (PPG, GSR, temperature), implements embedded
signal processing and lightweight machine learning models
directly on the ESP32 microcontroller, and supports secure
wireless connectivity (Wi-Fi, BLE). In addition, the system
was validated under diverse real-life activity scenarios,
demonstrating higher accuracy, energy efficiency, and practical
applicability compared to existing technologies.

TABLE IIL. COMPARISON OF EXISTING STRESS MONITORING SYSTEMS AND THE PROPOSED SYSTEM
Study/year/(device) Sensors used Processing Connectivity Validation Limitations
[13] . . Single sensor, not stress-
2022) PPG External, offline - Physical effort specific
[18] i e Low accuracy, device
(2019) Smartwatch GSR, HR Basic on-device BLE Daily activities limitations
[19] HR sensor External analysis Wired / Bluetooth Stress tasks Low-reliability, low-cost
(2016) sensors
(2%(1)]7) GSR + HR (RR) Basic processing - Cognitive stress tasks Limited multimodality
[23] . No embedded system,
(2024) PPG + GSR Al framework (offline) - Laboratory dataset high complexity
On-device ML (CNN, - . . ..
Proposed system |PPG + GSR + Temperature| ~LSTM) + EMA Wi-Fi + BLE Real-life stress scenarios Compact, energy-efficient,
filtering (TLS/SSL secure) (yoga, cycling, movies) validated in practice

V. CONCLUSION AND FUTURE WORK

This study successfully developed and validated a
comprehensive wearable stress and cardiovascular monitoring
system that integrates multiple biometric sensors (MAX30102,
DS18B20) and an ESP32 microcontroller. The system

demonstrated its ability to monitor key physiological
parameters in real-time (HR, GSR, and body temperature)
across diverse scenarios, including various physical activities
and emotional states induced by watching a horror movie. The
results unequivocally confirmed the significant impact of both
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physical exertion and psychological stress on these
physiological indicators, with measurable surges in the raw
PPG signal (up to 3300 units), GSR (up to 3000 units), and
body temperature (from ~28.5°C to 31.3°C) during high-stress
events. The core scientific novelty lies in the synergistic
hardware-software architecture: the robust multi-sensor fusion
provides comprehensive physiological data, while the
application of advanced filtering algorithms (EMA) and
machine learning models (CNN, LSTM) directly on the ESP32
microcontroller enables accurate real-time anomaly detection
and stress level prediction, significantly enhancing diagnostic
reliability beyond single-sensor approaches. Furthermore, the
seamless integration of BLE and Wi-Fi facilitates efficient
wireless data transmission to cloud platforms and mobile
applications, enabling practical remote monitoring and
analytics.

The system's design emphasizes high energy efficiency and
long-term operational capability on a single charge, making it
suitable for deployment in diverse settings, from clinical
environments to daily personal health management. This work
represents a significant step toward personalized, accessible,
and continuous health monitoring, offering valuable tools for
stress management, cardiovascular disease prevention, fitness
optimization, and potentially psychophysiological research in
entertainment contexts. Future research will focus on
expanding the capabilities of the system by incorporating
additional physiological signals (e.g., ECG), validating the ML
models on larger and more diverse populations, refining the
algorithms for improved specificity in stress detection across
different contexts, exploring integration with medical
information systems (e.g., FHIR, HL7), and conducting
longitudinal studies to assess the system's efficacy in real-world
health management applications, particularly for the target
group of students in Kazakhstan.
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