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ABSTRACT  

Stress has emerged as a significant public health concern, affecting cognitive performance, emotional stability, and 

physiological well-being. Advances in wearable sensing technologies have enabled real-time monitoring of physiological 

indicators linked to stress. Electrodermal Activity (EDA), or Galvanic Skin Response (GSR), is one of the most reliable 

and non-invasive biomarkers for quantifying sympathetic nervous system activation. This paper presents the design and 

development of an Electrodermal Activity–Driven Stress Detection Device capable of continuously monitoring skin 

conductance to estimate stress levels with improved accuracy. The system integrates low-noise EDA sensors, a 

microcontroller-based processing unit, and machine-learning algorithms to classify stress states. Experimental validation 

was conducted on participants under controlled stress-inducing scenarios, demonstrating consistent variations in skin 

conductance with different psychological stress levels. Results show that the proposed system achieves high sensitivity and 

real-time responsiveness, making it suitable for healthcare monitoring, workplace productivity assessment, and wearable 

wellness applications. The developed device provides a cost-effective, portable, and reliable solution for daily stress 

monitoring, contributing to advancements in affective computing and physiological sensing technologies. 
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INTRODUCTION 

Stress is a pervasive physiological and psychological 

condition that affects individuals across varying age groups 

and professions. Prolonged exposure to stress is associated 

with chronic health disorders such as cardiovascular 

diseases, depression, hypertension, and reduced immune 

function. As modern lifestyles continue to evolve with 

increased workloads and environmental pressures, the need 

for accurate and continuous stress monitoring systems has 

become more critical than ever. Electrodermal Activity 

(EDA), also referred to as Galvanic Skin Response (GSR), 

is widely recognized as a reliable indicator for detecting 

emotional arousal and sympathetic nervous system activity. 

When an individual experiences stress or heightened 

emotional states, the eccrine sweat glands become active, 

altering    the    electrical    conductivity    of   the skin. This 

physiological response provides an opportunity to measure 

stress levels through non-invasive means. Due to its 

simplicity, low power requirements, and high sensitivity, 

EDA is frequently used in psychological studies, human–

computer interaction, affective computing, and wearable 

health monitoring. Recent advancements in embedded 

systems, biosensing modules, and artificial intelligence 

have enabled real-time stress detection using compact and 

low-cost hardware platforms. Integrating EDA sensors with 

microcontrollers, wireless communication modules, and 

data-processing algorithms makes it possible to build 

portable and intelligent stress detection devices. Such 

systems can benefit individuals who require continuous 

stress tracking, including students, employees in high-

pressure environments, clinicians, and people with anxiety 

disorders. This research paper presents an Electrodermal 

Activity Driven Stress Detection Device that leverages 
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EDA signals to estimate stress levels continuously. The 

proposed system incorporates high-sensitivity EDA 

sensors, signal conditioning circuits, and a microcontroller 

for data acquisition and preprocessing. Machine-learning 

models are implemented to classify stress levels based on 

extracted features from the EDA signal. The design 

emphasizes accuracy, portability, and user comfort, making 

it suitable for wearable deployment. The remainder of this 

paper is organized as follows: the literature review 

discusses current research developments in stress 

monitoring using physiological biomarkers; the 

methodology outlines the device architecture and signal 

processing techniques; results and discussion present 

performance evaluation; and finally, conclusions and future 

work highlight potential improvements and applications. 

Electrodermal activity (EDA), often reported as galvanic 

skin response (GSR) or skin conductance, reflects eccrine 

sweat-gland activity under sympathetic nervous system 

control and is a long-established physiological marker of 

emotional arousal and stress (Critchley, 2002; Boucsein, 

2012). EDA decomposes into a slowly varying tonic 

component (skin conductance level, SCL) and faster phasic 

skin conductance responses (SCRs) tied to discrete stimuli 

or transient arousal; both components have been used to 

quantify stress and affective states in laboratory and 

ambulatory settings (Lutin et al., 2021). 

 

                                                       

Figure 1. Electrodermal Activity–Driven Stress Detection Device. 

Narrative and systematic reviews highlight EDA’s 

sensitivity to cognitive and emotional load, and underline 

its attractiveness for wearable stress monitoring because it 

is non-invasive and energy-efficient to measure, as also 

supported by work examining physiological stress 

responses (Pop Jordanova et al., 2020; Das et al., 2018; 

Nigam et al., 2021). However, the absolute EDA 

magnitude is affected by individual differences and 

environmental factors such as temperature and humidity, so 

relative changes and within-subject baselining are 

commonly recommended, which aligns with broader 

sensor-based monitoring insights in studies on assistive 

devices and environmental interactions (A Novel 

Multifunctional Assistive Device, 2025; A Review: Blind 

Safety Device, 2024; Almadhor et al., 2023). Benchmark 

datasets have driven progress in wearable stress detection; 

for instance, multimodal corpora enable cross-study 

comparisons of algorithms, a principle consistent with 

multimodal physiological research trends (Fordson et al., 

2022; Nath & Thapliyal, 2021; Zhu et al., 2023). Other 

datasets used in emotion-related sensing and EDA research 

follow similar structures to those used in nursing, clinical 

and workplace studies, as well as in general biomedical 

informatics (Zhu et al., 2023; Wearables measuring 

electrodermal activity, 2022). Preprocessing steps including 

detrending, down sampling, artifact removal, and 

decomposition into tonic–phasic components are essential 

before feature extraction, and this mirrors preprocessing 

requirements common in other biomedical signal domains 

(Schr̆inar et al., 2023; Sánchez Reolid et al., 2020; Santos 

et al., 2025). Contemporary toolkits such as cvx EDA and 

spars EDA are frequently applied to extract SCR events 

and tonic SCL measures, reflecting the broader evolution of 

computational pipelines seen in diverse applied-science 

studies (Devasena et al., 2005; Sindhuja et al., 2025; 

Swetha et al., 2025). Feature sets span time-domain, 

frequency, and statistical descriptors, and studies show that 

robust features often provide the strongest discriminative 

power an observation consistent across machine-learning 

applications, including those outside the stress-detection 
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domain (Nandipati et al., 2024; A Muspira et al., 2025; 

Mahalakshmi et al., 2025; Nafisa Farheen et al., 2025). 

Traditional machine-learning algorithms such as SVMs and 

Random Forests were successful in early EDA studies and 

remain competitive in controlled settings, paralleling 

results from broader ML-based biomedical research 

(Nigam et al., 2021; Das et al., 2018). Recently, deep-

learning methods LSTM, CNN, and hybrid models have 

become popular because they learn hierarchical features 

that capture temporal dependencies; this trend is echoed by 

advanced modeling techniques adopted in various technical 

domains (Fordson et al., 2022; Xiang et al., 2025; Moser et 

al., 2024). Explainable AI techniques help connect learned 

features to physiological markers, improving 

interpretability and trust, a theme also emphasized in 

several interdisciplinary studies (Moser et al., 2024; 

Priyadharshini et al., 2025; P Priyadharshini et al., 2025). 

Multimodal fusion (EDA + PPG/HRV + accelerometry + 

temperature) typically outperforms single-sensor models, 

though EDA-only systems remain effective with strong 

preprocessing; this parallels design considerations in 

multimodal sensing, embedded systems, and smart-device 

engineering studies (Schr̆inar et al., 2023; Nath & 

Thapliyal, 2021; Santos et al., 2025). Compact EDA 

sensors such as Empatica E4 and Shimmer GSR+ are 

common in prototype devices, emphasizing the importance 

of comfort, electrode placement, and low-noise circuits 

concepts also reported in engineering and materials-science 

literature (Senthil Kumar et al., 2025; Steniffer Jebaruby 

Stanly et al., 2025).  

MATERIALS AND METHODS 

The proposed Electrodermal Activity–Driven Stress 

Detection Device integrates a GSR/EDA sensor, analog 

signal-conditioning circuitry, a microcontroller for data 

acquisition, and a machine-learning pipeline for stress 

classification, consistent with recent EDA-based wearable 

stress-monitoring frameworks (Sánchez Reolid et al., 2020; 

Wearables Measuring EDA in Care, 2022). The system 

consists of the following components: EDA Sensor 

Module, where silver–silver chloride (Ag/AgCl) electrodes 

are placed on the index and middle fingers to measure skin 

conductance, producing a low-amplitude analog signal 

proportional to sweat-gland activity, as similarly reported 

in wrist- and finger-based EDA studies (Schr̆inar et al., 

2023; Santos et al., 2025). The Signal Conditioning Circuit 

amplifies and filters the raw signal using an instrumentation 

amplifier (gain 100–200) and a low-pass filter (cutoff 1–2 

Hz) to mitigate noise and motion artifacts, a design 

approach also emphasized in spectrum-based EDA 

processing work (Zhu et al., 2023). The Microcontroller 

Unit (MCU) typically an Arduino or ESP32 digitizes the 

signal using a 10–12-bit ADC and transmits the data via 

Bluetooth to a laptop or mobile device for further analysis. 

In the Data Processing Layer, the EDA signal undergoes 

baseline-drift removal, smoothing with a moving-average 

filter, and decomposition into tonic (SCL) and phasic 

(SCR) components using CVX-EDA, a standard practice in 

modern stress-assessment pipelines (Sánchez Reolid et al., 

2020). During Feature Extraction, time-domain and 

nonlinear descriptors such as mean SCL, SCL slope, SCR 

amplitude, SCR count, rise time, standard deviation, RMS, 

and signal entropy are computed; comparable feature sets 

have been shown effective in real-time wearable stress-

detection systems (Santos et al., 2025; Schr̆inar et al., 

2023). The Machine Learning Model uses these feature 

vectors to train classifiers including SVM, Random Forest, 

and LSTM networks for temporal modeling following 

current best practices in EDA-based stress-classification 

research (Zhu et al., 2023; Wearables Measuring EDA in 

Care, 2022). A 70:30 train-test split and subject-wise cross-

validation are employed to reduce overfitting and improve 

generalizability. In the Stress-Level Classification stage, 

data are categorized into low (baseline), moderate 

(cognitive load), and high stress (induced stimuli), and 

model performance is evaluated using accuracy, precision, 

recall, F1-score, and confusion-matrix analysis. Additional 

literature from bioscience and materials research offers 

general methodological context relevant to wearable device 

development and signal-processing workflows 

(Priyadharshini et al., 2025; Senthil Kumar et al., 2025; 

Sindhuja et al., 2025; Steniffer Jebaruby Stanly et al., 

2025; Swetha et al., 2025). 

RESULTS AND DISCUSSION 

Participants (n = 20) were subjected to controlled stress-

inducing tasks, including: Resting baseline. Mental 

arithmetic challenge. Time-pressured Stroop test. EDA 

readings were captured continuously for each phase. The 

results demonstrated clear differences between stress 

levels: Baseline: Stable tonic SCL values with few SCR 

peaks. Moderate stress: Increased SCR frequency (2–4 

peaks/min). High stress: Higher SCR amplitude and 

significantly increased SCL slope These physiological 

trends confirm the device’s ability to capture stress-induced 

sympathetic responses (Table 1). Studies report tradeoffs in 

device placement: wrist-worn devices are more comfortable 

but produce lower SCR amplitudes than finger electrodes, 

influencing model choices. Similar tradeoffs appear in 

applied biomedical hardware studies (Pop Jordanova et al., 

2020; Santos et al., 2025). Real-time stress feedback and 

biofeedback have been evaluated across clinical, 

workplace, and field applications, echoing implementation 

challenges across multiple health-oriented research 

domains (Markiewicz et al., 2022; Nechyporenko et al., 

2024; Senthil Kumar et al., 2025). Finally, individual 

differences, ecological validity, and environmental 

confounds continue to challenge real-world deployments, 

motivating advanced preprocessing, subject-specific 

modeling, and explainability. Similar methodological 

concerns are regularly noted across diverse scientific 

reviews in biosciences and applied research (Moser et al., 

2024; Muspira et al., 2025; Senthil Kumar et al., 2025; 

Priyadharshini et al., 2025). Emerging work from 2023-

2025 pushes deep multimodal and explainable models 

forward, but reproducibility, dataset scale, and real-world 

generalization remain priorities for translating experimental 
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prototypes into deployable systems (Xiang et al., 2025; Almadhor et al., 2023; Zhu et al., 2023). 

 

Table 1. Performance of the three models. 

Model Accuracy Precision Recall F1-Score 

SVM 91.2% 90.4% 89.8% 90.1% 

Random Forest 93.6% 92.7% 93.1% 92.9% 

LSTM 95.4% 95.1% 94.6% 94.8% 

The LSTM model achieved the highest performance due to its ability to capture temporal patterns in EDA. 

The findings demonstrate that: EDA is a highly responsive 

and sensitive physiological marker for stress. Even a low-

cost sensor combined with strong preprocessing yields high 

classification accuracy. Time-domain features contribute 

significantly to stress discrimination. Deep learning models 

outperform classical classifiers when temporal EDA 

behavior is considered. However: Individual variability 

affects absolute SCL values. Motion artifacts and 

temperature fluctuations can degrade signal quality. The 

results indicate strong potential for real-time wearable 

stress monitoring in healthcare, workplace safety, and 

personal wellness. 

CONCLUSION 

This study presented a compact and cost-effective 

Electrodermal Activity–Driven Stress Detection Device 

capable of monitoring and classifying stress levels in real 

time. By integrating high-sensitivity EDA sensing, signal 

conditioning, and machine-learning-based classification, 

the device successfully distinguished between low, 

moderate, and high stress states with high accuracy. 

Experimental validation demonstrated significant 

correlations between stress-induced sympathetic activation 

and changes in EDA patterns. The LSTM model provided 

the best accuracy (95.4%), confirming its suitability for 

temporal physiological signals. The system is practical for 

wearable applications, offering potential benefits for 

mental-health monitoring, early stress intervention, and 

affective computing solutions. Future enhancements 

include: Integration with Multimodal Sensors: Combine 

EDA with PPG (heart rate variability), skin temperature, 

and accelerometer data for more accurate stress detection. 

Wireless Wearable Design: Develop a compact wristband 

with onboard processing to eliminate external devices. AI 

Personalization: Implement personalized baseline modeling 

and adaptive algorithms to account for user-specific 

variations. Real-World Testing: Validate the system in 

naturalistic environments (workplace, driving, academic 

settings). Cloud and Mobile App Integration: Deploy real-

time dashboards, stress notifications, and behavior-tracking 

analytics. Stress Reduction Feedback: Incorporate 

biofeedback techniques (breathing guidance, vibration 

cues) to help users reduce stress proactively. 
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