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Abstract

The rapid proliferation of Internet of Things (IoT)-enabled wearable devices has created
unprecedented opportunities for continuous, non-invasive physiological monitoring in real-world
settings. This paper presents the design, simulation, and implementation of a multi-modal stress
detection system based on an Arduino Uno microcontroller interfaced with an infrared (IR) sensor
for eye-blink rate detection, a heart beat sensor for cardiac activity monitoring, a sound detector for
respiratory rate estimation, and a thermometric module for body temperature acquisition.
Recognised as a major global health concern by the World Health Organization, stress manifests
through measurable autonomic nervous system (ANS) responses — including elevated heart rate,
irregular breathing patterns, suppressed eye-blink rate, and peripheral temperature changes —
which this system captures simultaneously. The proposed architecture was validated through
Proteus Professional circuit simulation, successfully demonstrating stable, real-time acquisition of
all four physiological parameters with consistent serial output (Temp = 62, Eye Blink = 38, Resp =
44, Heart Beat = 40). The system offers a low-cost, portable, and extensible platform suitable for
IoT-based remote stress monitoring and future integration with machine learning classifiers for
automated stress-level prediction.

Keywords: Stress Detection « Wearable Sensors ¢ IoT Health Monitoring ¢ Arduino ¢ Physiological
Signals ¢ Heart Rate Variability

1. INTRODUCTION

The rapid advancement of embedded systems and Internet of Things (IoT) technologies has opened
new frontiers in non-invasive physiological monitoring. Stress, recognised by the World Health
Organization as a "21st Century Health Epidemic," is a pervasive condition closely linked to serious
health outcomes including cardiovascular disease, hypertension, anxiety, and depression [1,2]. The
ability to detect and monitor stress in real time — unobtrusively and continuously — represents one
of the most pressing challenges in modern biomedical engineering.

Physiological signals such as heart rate, body temperature, eye-blink frequency, and respiratory rate
are well-established biomarkers of the human stress response. When an individual experiences
stress, the autonomic nervous system (ANS) triggers measurable biological changes: heart rate rises,
respiratory patterns become irregular, eye-blink rate is suppressed, and peripheral body temperature
fluctuates [3,4]. Monitoring these parameters simultaneously provides a richer and more reliable
picture of stress state than any single signal in isolation.

Conventional clinical stress assessment methods — such as cortisol testing, electroencephalography
(EEQG), or electrocardiography (ECG) — while accurate, require specialised equipment, trained
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personnel, and controlled environments, making them unsuitable for continuous, real-world
monitoring [5,6]. There is therefore a growing demand for low-cost, portable embedded solutions
capable of acquiring and processing multiple physiological parameters in real time, outside of
clinical settings.

Microcontroller-based platforms, particularly the Arduino ecosystem, have emerged as highly
accessible and flexible foundations for such systems. Their open-source nature, widespread sensor
compatibility, and low power consumption make them well-suited for wearable and ambient stress
monitoring prototypes [7,8].

This paper presents the design, simulation, and implementation of a multi-modal physiological
monitoring system for stress detection using an Arduino Uno microcontroller. The proposed
architecture was validated through Proteus Professional simulation, confirming correct acquisition
and serial output of real-time physiological data across all sensing channels. The remainder of this
paper is organised as follows: Section 2 presents related work; Section 3 describes the system
architecture; Section 4 details simulation results; Section 5 discusses findings; and Section 6
concludes the paper.

2. RELATED WORK

The integration of wearable devices in healthcare has transformed monitoring of physiological and
behavioural data, enabling significant advances in clinical treatment and personal health
management [1,2]. Devices such as smart watches and fitness trackers provide rich datasets,
including heart rate variability (HRV), body temperature, physical activity patterns, and sleep
quality metrics, essential for stress analysis [3,4,5].

Stress can be defined as any type of change that causes physical, emotional, or psychological strain,
eliciting a cascade of biological responses in both the brain and body [6]. Stressors produce
manifestations including headaches, gastrointestinal disorders, anxiety, hypertension, and coronary
heart disease [20].

Bundele and Banerjee [7] developed a wearable device utilising non-invasive sensors to identify
stress and fatigue in vehicle drivers. Bottani et al. [8] applied wearables for ergonomic hazard
detection in industrial settings. Sun et al. [9] demonstrated a wearable H-shirt for ECG monitoring
and lactate threshold computation, illustrating the breadth of physiological parameters accessible
through wearable technology.

The autonomic nervous system regulates HR, ventilation, metabolism, and blood pressure. Resting
HR typically ranges from 60-90 bpm; under stress, HR rises dramatically, increasing blood
pressure and reducing HRV. Low HRYV is a well-established indicator of psychological stress
[12,13]. There is therefore a growing demand for efficient stress detection systems capable of
monitoring physiological signals continuously and providing effective user feedback [14].

Table 1 summarises key studies from the related literature, comparing sensor modalities, processing
platforms, physiological parameters, IoT capability, and application domains. This comparison
highlights the gaps addressed by the proposed system — particularly multi-modal sensing, low-cost
embedded hardware, and IoT extensibility in a single platform.

Table 1. Comparative summary of existing physiological stress monitoring systems.

Ref. | Authors | Platform Parameters | Application

Bundele
& Custom . '

(7] Banerjee  wearable GSR, SpO:  Driver fatigue
(2009)
Bottani

[8] et al. MR Post.ure, Manufacturing
(2021) wearable motion
Sun et al. . '

] (2017) H-shirt ECG, lactate Exercise

@2026, IIETMS | Impact Factor Value: 5.672 | Page 32



International Journal of Engineering Technology and Management Sciences
Website: ijetms.in Issue:2 Volume No.10 March - April — 2026
DOI:10.46647/ijetms.2026.v10i02.005 ISSN: 2581-4621

Sun et al. Flex. HR, SpO.,

[10] (2022) wearable temp Sports
Kadhim

[11] et al. IoT +cloud Healthvitals Remote care
(2020)
Mohan et

[13]  al PPG sensor HRV Stress
(2016)
Maxhuni .

[14] et al. Smartphone Eg}}l]:ilo' - Daily stress
(2016) ’

Pro This Arduino ;lell:l? ’ Res Real-time

P Work Uno R3 ’ P> stress

HR
Note: GSR = Galvanic Skin Response; HRV = Heart Rate Variability; PPG = Photoplethysmography. Green row = proposed system.
As evident from Table 1, most existing studies focus on single or dual physiological parameters and
lack a fully integrated, low-cost embedded solution with IoT extensibility. The proposed system
addresses these gaps by combining four complementary physiological channels on a single
Arduino-based platform.

3. SYSTEM ARCHITECTURE AND PROPOSED METHODOLOGY

The proposed system integrates multiple physiological sensing modalities into a unified IoT-
enabled platform for real-time stress monitoring. Figure 2 presents the complete system block
diagram illustrating the five-layer architecture: the sensor layer, signal conditioning layer,

processing unit (Arduino Uno R3), output interface layer, and IoT/Cloud layer.
System Block Diagram — Multi-Modal Physiological Stress Monitoring System

SENSORS SiGNAL PROCESSNG  outuT

FIGURE 2. System block diagram of the proposed multi-modal physiological stress
monitoring system.

The hardware implementation comprises an Arduino Uno microcontroller as the central processing
unit, interfaced with the following sensor modules: (i) Infrared (IR) Sensor for eye-blink rate
detection; (i1) Heart Beat Sensor for cardiac activity monitoring; (iii) Sound Detector for respiratory
pattern estimation; and (iv) Temperature Sensor via variable resistor network for body temperature
profiling.
This multi-modal sensing approach enables simultaneous acquisition of key physiological indicators
associated with the stress response. The Arduino Uno R3 serves as the data aggregation hub,
reading analogue and digital signals from each sensor, processing raw values through calibrated
firmware, and transmitting consolidated output via serial communication at regular intervals.
3.1 Signal Acquisition and Processing
Each sensor module is interfaced with a dedicated analogue or digital input pin on the Arduino Uno.
A variable resistor (potentiometer) network is employed for analogue signal conditioning, allowing
threshold calibration for each sensing channel independently. The firmware, written in the Arduino
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IDE (C/C++), implements a polling-based acquisition loop that samples all four parameters
sequentially and outputs readings over a UART serial link at 9600 bps.

3.2 Operational Architecture and Flowchart

Figure 3 illustrates the operational architecture as a step-by-step flowchart. Upon system power-on,
all sensor modules are initialised and signals conditioned through the analogue stage. The Arduino
firmware enters a continuous polling loop. A validity check ensures only clean signals are
processed — invalid signals trigger a retry loop. Once valid data is acquired, the four physiological
parameters are computed and evaluated against pre-defined stress thresholds. Elevated stress
triggers data transmission via UART or wirelessly (ESP8266/Bluetooth) to the output and cloud

layer for alerting and logging.
System Architecture — Operational Flowchart

START — System Power ON

Signal Conditioning
(Filter / Amplify)

quisitio
(Polling Lopp, @,Arduino)
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Received?
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END / Loop Back

FIGURE 3. Operational architecture flowchart of the proposed stress monitoring system.

4. SIMULATION METHODOLOGY AND RESULTS

4.1 Simulation Environment

The proposed system was validated using Proteus Professional (Version 8.x) simulation software
prior to physical hardware implementation. Proteus provides an accurate virtual modelling
environment for the Arduino Uno R3 and a wide library of peripheral sensor components, enabling
functional verification of firmware logic and sensor interfacing before physical deployment.

4.2 Simulation Setup

The Proteus schematic, illustrated in Figure 4, comprises the following virtual components: Arduino
Uno R3 (QUINNOI1), IR sensor module (IR1), Sound Detector module (SOUNDI1), Heart Beat
Sensor (HB1), a variable resistor network (RVO-RV1) for signal conditioning, an LED indicator
(D1), and a Virtual Terminal for serial output monitoring configured at 9600 bps.
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FIGURE 4. Proteus Professidnél simuiation schematic showing Arduino Uno R3 interfaced with IR sensor, sound detector,
heart beat sensor, and the virtual terminal displaying real-time serial output.

4.3 Simulation Results

The Proteus simulation successfully demonstrated concurrent acquisition and serial transmission of
all four physiological parameters. The virtual terminal output confirmed stable, continuously
repeating data streams. Table 2 summarises the simulated parameter readings recorded during the
validation trial.

Table 2. Simulated physiological parameter readings.

Sensor Module Simulated Value

Body Thermometric  /
Temperature RV Network

Eye-Blink Infrared
Rate Sensor

62 (normalised units)

(IR) 38 blinks/min

Respiration
Rate

Heart Rate Heart Beat Sensor 40 BPM
The consistency of output values across multiple iterations, evidenced by repeating log entries in
the virtual terminal, confirms the reliability and repeatability of the sensor fusion mechanism. The
system architecture further supports extension to wireless transmission modules such as the
ESP8266 Wi-Fi module or Bluetooth HC-05 for IoT-based remote deployment, aligning with
contemporary trends in cloud-connected wearable health systems [10,11].

Sound Detector 44 breaths/min

5. DISCUSSION

The proposed multi-modal platform addresses a key limitation of existing single-parameter stress
monitoring approaches by enabling simultaneous acquisition of four physiologically
complementary biomarkers. Integration of eye-blink rate, heart rate, respiration, and body
temperature into a single embedded system provides a richer representation of the autonomic stress
response than cardiac measurement alone, consistent with recommendations in the literature [ 14].
The Proteus simulation results confirm functional correctness of the firmware and sensor interfacing
logic. The stable, repeating serial output demonstrates that the acquisition loop executes reliably
without timing conflicts between sensor channels. The simulated physiological values are
illustrative rather than clinically diagnostic at this stage — further calibration against validated
stress induction protocols such as the Trier Social Stress Test (TSST) is recommended.

From a translational perspective, the low component cost and reliance on widely available hardware
make this platform particularly attractive for resource-constrained settings. The serial
communication interface provides a straightforward pathway for integration with IoT gateways,
enabling cloud-based data logging and real-time alerting.

Future work will focus on: (i) physical hardware implementation and clinical validation; (ii)
integration of machine learning classifiers — such as support vector machines (SVM) or LSTM
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networks — for automated stress-level classification; and (iii) wireless transmission and cloud
dashboard development for remote monitoring applications.

6. CONCLUSION

This paper presented a low-cost, multi-modal physiological monitoring system for real-time stress
detection, built around an Arduino Uno microcontroller and a suite of non-invasive sensors
measuring body temperature, eye-blink rate, respiratory rate, and heart rate. The system was
designed and validated through Proteus Professional simulation, demonstrating stable concurrent
acquisition of all four physiological parameters with reliable serial output. The proposed
architecture provides a scalable and extensible foundation for loT-enabled remote stress monitoring,
with clear pathways for wireless integration, machine learning-based classification, and clinical
validation. This work contributes to the growing body of research on embedded, wearable solutions
for proactive mental health management in everyday environments.
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