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Abstract: Mental stress has emerged as a pervasive challenge in contemporary society, profoundly impacting physical health, emotional stability,
and cognitive performance. This paper presents a robust, software-centric framework designed for the automated detection of mental stress by
leveraging the rich biometric data streams generated by modern wearable technologies. By capturing and analyzing key physiological
indicators—including Heart Rate (HR), Heart Rate Variability (HRV), Electrodermal Activity (EDA), and Peripheral Skin Temperature—the
system creates a multidimensional profile of the user’s autonomic nervous system response. The core of the proposed solution utilizes a
synergistic combination of Machine Learning (ML) and Deep Learning (DL) architectures to process high-frequency sensor data, filter signal
noise, and extract discriminating features associated with physiological arousal. These models are trained to recognize complex, non-linear stress
patterns that traditional diagnostic methods might overlook. Experimental results indicate that the system can distinguish between stressed and
non-stressed states with high predictive accuracy, providing a reliable tool for real-time monitoring. Beyond simple detection, this approach
facilitates a proactive paradigm in mental healthcare. By enabling continuous, non-invasive observation in daily life settings, the framework
supports early intervention strategies and empowers individuals to manage their mental well-being more effectively. Ultimately, this research
contributes to the development of scalable, intelligent health systems that bridge the gap between wearable hardware and actionable psychological
insights.
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1 INTRODUCTION

The rapid escalation of mental health concerns in the modern era has necessitated the development of objective, real-time
monitoring solutions to combat the pervasive effects of psychological stress. Mental stress is no longer viewed merely as a transient
emotional state but as a physiological catalyst for chronic conditions including hypertension, cardiovascular disease, and clinical
anxiety. While traditional psychological assessments rely heavily on self-reporting and periodic clinical interviews—methods
often prone to subjectivity and recall bias—the advent of wearable technology offers a transformative opportunity for continuous,
non-invasive health surveillance.

This research explores the integration of sophisticated computational models with biometric sensors to create an autonomous
system capable of identifying stress patterns with high precision. At the core of this research is the utilization of multisensory data
streams that reflect the activity of the Autonomic Nervous System (ANS). Wearable devices are now capable of recording high-
fidelity signals such as Heart Rate (HR), Heart Rate Variability (HRV), Electrodermal Activity (EDA), and skin temperature.
Among these, EDA and HRV serve as particularly sensitive biomarkers; EDA measures the subtle changes in skin conductance
caused by sweat gland activity during sympathetic arousal, while HRV captures the complex timing between heartbeats that shifts
under psychological pressure.

By aggregating these disparate signals, the proposed system can construct a comprehensive digital signature of an individual’s
internal physiological state. The technical framework of the research transitions from raw data acquisition to advanced signal
processing and feature engineering. Because wearable data is often "noisy" due to physical movement or environmental
interference, the system employs preprocessing filters to ensure data integrity. Subsequently, the architecture leverages a
combination of Machine Learning and Deep Learning models, such as Random Forests, Support Vector Machines, and Long
Short-Term Memory (LSTM) networks, to classify these states.

These models are uniquely suited for this task as they can identify intricate, non-linear correlations between physiological
spikes and emotional triggers that are invisible to the naked eye. By training on diverse datasets, the system learns to differentiate
between physical exertion and genuine psychological stress, thereby reducing false positives and increasing the reliability of the
output. Ultimately, the goal of this study is to move toward a proactive and preventative mental health paradigm.

IJERSEM@2026 https://doi.org/10.58482/ijersem.v2i1.25 181


http://www.ijersem.com/
https://doi.org/10.58482/ijersem.v2i1.25
mailto:1darshini.sr@gmail.com
mailto:1darshini.sr@gmail.com
mailto:2soornahemanth123@gmail.com
mailto:2soornahemanth123@gmail.com
mailto:3divyamanju16a@gmail.com
mailto:3divyamanju16a@gmail.com
mailto:4ksandhya8899@gmail.com
mailto:4ksandhya8899@gmail.com
mailto:5gounipuramprudhvi@gmail.com
mailto:5gounipuramprudhvi@gmail.com
mailto:6rajgowtham119@gmail.com
mailto:6rajgowtham119@gmail.com

@ International Journal of Emerging Research in Science, Engineering, and Management
—\— Vol. 2, Issue 1, pp.181-187, January 2026.

| JERSEM www.ijersem.com elSSN —3107-9075

By providing users with real-time feedback regarding their stress levels, the system facilitates early intervention, allowing for
the application of relaxation techniques or clinical consultation before the stress manifests into physical illness. This software-
based approach democratizes mental health monitoring, making it accessible through everyday consumer electronics. As these
intelligent systems evolve, they represent a critical step toward a future where technology acts as a silent guardian of human well-
being, bridging the gap between digital data and actionable health insights. Through the seamless fusion of data science and
physiology, this paper provides a scalable, accurate, and ethical solution for the ongoing challenge of mental stress management
in a fast-paced world.

2 LITERATURE REVIEW
2.1. Traditional Physiological Analysis and Statistical Modeling

Historically, stress detection was confined to clinical settings using bulky Electrocardiogram (ECG) and Electroencephalogram
(EEQG) equipment. Early research focused on the Autonomic Nervous System (ANS) response, specifically the "fight or flight"
mechanism. Initial methodologies utilized statistical analysis of Heart Rate Variability (HRV) in the time and frequency domains.
Researchers such as Healey and Picard (2005) pioneered the use of wearable sensors to monitor drivers, identifying that
Electrodermal Activity (EDA) and heart rate were the most reliable indicators of psychological arousal.

During this phase, detection relied on handcrafted features such as the Root Mean Square of Successive Differences (RMSSD)
for heart rate and the frequency of skin conductance responses (SCRs) for EDA. However, these early heuristic-based models
struggled with "context-blindness," often failing to distinguish between physiological changes caused by physical exercise and
those caused by genuine mental stress.

2.2. Machine Learning and Supervised Classification

The integration of Machine Learning (ML) marked a shift toward automated, person-independent stress detection. Between
2015 and 2021, the academic community focused on supervised learning algorithms such as Support Vector Machines (SVM),
Random Forests (RF), and k-Nearest Neighbors (k-NN). These models proved effective at handling the non-linear nature of
physiological data. A significant milestone in the literature was the release of the WESAD (Wearable Stress and Affect Detection)
dataset, which became the gold standard for benchmarking. Research during this period emphasized Feature Engineering, where
raw signals were decomposed into statistical features (mean, variance, skewness) and frequency features (Low Frequency/High
Frequency ratios). While these ML models achieved accuracies between 80% and 85%, they remained limited by their inability to
capture long-term temporal dependencies in the data, often treating each time window as an independent event.

2.3. The Era of Deep Learning and Temporal Architectures

The advent of Deep Learning (DL) revolutionized the field by enabling end-to-end learning directly from raw sensor signals.
Recent studies (2022-2025) have increasingly leveraged Convolutional Neural Networks (CNNs) to automatically extract spatial
features from multi-channel sensor data. More importantly, the integration of Long Short-Term Memory (LSTM) networks and
Gated Recurrent Units (GRUs) has addressed the "memory" problem in stress detection. LSTMs are particularly effective because
stress is a cumulative process; the physiological state at time $t$ is highly dependent on the stimuli received at $t-1$. Modern
architectures now frequently employ Hybrid CNN-LSTM models, where the CNN layers perform spatial feature extraction from
EDA and Skin Temperature, while the LSTM layers model the temporal fluctuations in HRV. Accuracy rates in recent literature
have climbed to over 94% on laboratory datasets, with a growing focus on using Attention Mechanisms to identify which specific
physiological "spikes" are most indicative of a stress event.

2.4. Contemporary Trends: In-the-Wild Detection and Personalization

As of 2025 and 2026, the literature has shifted toward the "generalization" problem—moving models from controlled lab
environments to "in-the-wild" daily life scenarios. Current research explores Federated Learning to protect user privacy, allowing
stress detection models to be trained locally on a user's smartwatch without uploading sensitive health data to a central cloud. The
emergence of Multi-modal Fusion has become the state-of-the-art approach. Contemporary models fuse physiological data with
"contextual data" such as ambient noise levels, light exposure, and even smartphone usage patterns. Another significant trend is
Transfer Learning, where models pre-trained on large-scale heart rate datasets are fine-tuned for specific individuals to account
for baseline physiological differences (e.g., a high resting heart rate in athletes vs. sedentary users). This comprehensive evolution
underscores a move toward more proactive, explainable, and personalized mental health systems capable of providing actionable
interventions in real-time.
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3 DIGITAL COMPONENTS AND FUNCTIONAL MODULES OF THE MENTAL STRESS DETECTION SYSTEM

The successful detection of mental stress using wearable technology depends on the seamless integration of physiological
sensing, high-fidelity signal processing, and predictive modeling. The proposed system combines multi-modal biometric sensors
with advanced Deep Learning (DL) architectures to identify subtle autonomic nervous system shifts. Each module contributes to
a robust analytical pipeline—from the raw capture of skin conductance and heart rhythms to the generation of actionable mental
health insights. This framework ensures a continuous, non-invasive monitoring solution suitable for clinical, workplace, and
personal wellness applications.

3.1. Physiological Data Acquisition and Preprocessing Layer

The preprocessing layer serves as the critical entry point for the system. Wearable sensors frequently capture "noisy" data
caused by motion artifacts, sensor displacement, or environmental temperature changes. This module performs normalization and
signal cleaning using Butterworth filters and Fast Fourier Transforms (FFT) to isolate the primary physiological components. A
key feature of this layer is the extraction of Electrodermal Activity (EDA) tonics and phasic components, which highlight rapid
"spikes" in stress response against a baseline, providing a refined input for the machine learning engine.

3.2. Deep Feature Extraction and Temporal Mapping Module

This module leverages specialized neural architectures to automatically identify patterns within the multi-modal data streams.
While standard layers detect immediate physiological spikes, the core of this module utilizes Long Short-Term Memory (LSTM)
units to capture the temporal "memory" of stress. Because a stress state is often a cumulative result of previous stimuli, this layer
analyzes the sequence of heart rate fluctuations over time. This automated extraction identifies "micro-stressors" that traditional
threshold-based systems would miss, allowing the system to distinguish between a temporary heart rate increase (e.g., standing
up) and a sustained stress response.

3.3. Stress Classification and Anomaly Detection Engine

Beyond simple monitoring, this engine classifies the user's state into discrete categories such as "Baseline," "Stress," or
"Amusement." Using architectures like Random Forests or Deep Neural Networks (DNN), the system generates a probability score
representing the intensity of the stress event. This engine also integrates paper’s focus on Real-Time Anomaly Prediction,
identifying irregular physiological patterns that may indicate the onset of an acute anxiety attack or a chronic stress buildup. The
engine provides a visual output in the form of a "Stress Intensity Map," pinpointing exactly when physiological arousal deviated
from the user's normal baseline.

3.4. Personalization and Transfer Learning Layer

A major challenge in stress detection is physiological variability; a "normal" heart rate for one individual may indicate high
stress for another. This layer utilizes Transfer Learning to adapt a generalized model to the specific physiological profile of the
user. By leveraging weights from models trained on large-scale datasets (like WESAD) and fine-tuning them with the user's own
historical data, the system achieves a "personalized baseline." This ensures that the system remains accurate across diverse
demographics, age groups, and physical fitness levels, effectively reducing false positives.

3.5. Interactive Health Dashboard and Intervention Interface

The user interface provides a transparent layer of interaction between the system and the wearer. Users can view their stress
trends over daily, weekly, or monthly intervals through a web-based or mobile frontend. The interface displays real-time stress
levels alongside Actionable Insights, such as suggested breathing exercises or "time-out" alerts when stress thresholds are
exceeded. Visual indicators, such as color-coded risk levels (Green for calm, Red for high stress), simplify complex biometric
data, allowing users to make immediate lifestyle adjustments to protect their mental well-being.

3.6. Resilience and Context-Awareness Module

To ensure reliability in "in-the-wild" scenarios, this module incorporates Context-Awareness to filter out confounding
variables. It cross-references physiological data with accelerometer and GPS inputs to determine if a high heart rate is due to
physical exercise (e.g., running) rather than psychological stress. This ensures the system is production-ready and resistant to
"activity-based" false alarms. Additionally, the module ensures data security through End-to-End Encryption, maintaining the
privacy of sensitive health information as it moves from the wearable device to the cloud for deeper analysis.
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4 SYSTEM DESIGN

This section describes the overall architecture of the proposed mental stress detection system using wearable sensor data. The
system is designed as a modular pipeline that integrates physiological data acquisition, signal processing, feature learning, and
stress classification to enable accurate and continuous stress monitoring.

4.1. Overview of the Proposed Architecture
The proposed system consists of five major components: wearable data acquisition, data preprocessing, feature extraction,

stress classification, and decision support. Each module performs a specific function and interacts sequentially to transform raw
physiological signals into meaningful stress predictions. The system architecture is shown in Fig. 1.

[Wcarable SensorsHeart Rate (HR), HRV, EDA Skin Temperature

v

{Data Acquisition ModuleContinuous Signal CollectionTime SynchronizationJ

|

Data Preprocessing ModuleNoise Filtering, Normalization, Window Segmentation

!

Feature Extraction ModuleStatistical & Time-Frequency FeaturesCNN-Based Feature Lca.rnlngJ

v

Stress Classification ModuleLSTM / CNN LSTM Network

v

Decision Support LayerStress / No-Stress PredictionConfidence Score & Alerts

Fig. 1. System architecture of the proposed wearable-based mental stress detection framework

4.2. Description of System Components

e Wearable Sensors and Data Acquisition: The system begins with wearable devices equipped with physiological
sensors that continuously collect Heart Rate (HR), Heart Rate Variability (HRV), Electrodermal Activity (EDA), and
Skin Temperature data. These signals reflect autonomic nervous system activity and are strongly correlated with
mental stress levels. The data acquisition module ensures synchronized and continuous signal recording.

e Data Preprocessing Module: Raw sensor data are often affected by motion artifacts, noise, and missing values. The
preprocessing module applies noise filtering, normalization, and segmentation into fixed-length time windows. This
step ensures signal consistency and improves the reliability of downstream feature extraction and classification.

e Feature Extraction Module: Both handcrafted and deep features are extracted from the preprocessed signals.
Statistical and time—frequency features capture physiological variations, while convolutional neural networks (CNNs)
automatically learn discriminative representations from sensor data. This hybrid feature learning approach improves
stress pattern representation.

o Stress Classification Module: The extracted features are fed into a deep learning—based classification model, such
as LSTM or CNN-LSTM, which is capable of modeling temporal dependencies in physiological signals. This module
classifies each input window into stressed or non-stressed states based on learned temporal patterns.

e Decision Support Layer: The final module generates the stress prediction along with a confidence score. This output
can be used for real-time monitoring, alerts, or long-term stress analysis. The decision support layer enables practical
deployment of the system in healthcare and wellness monitoring applications.
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5 RESULTS

This section presents the experimental results obtained from the proposed mental stress detection system using wearable
physiological data. The performance of the system was evaluated using standard classification metrics to assess its effectiveness
in distinguishing between stressed and non-stressed states. The evaluation focuses on accuracy, precision, recall, and F1-score,
which are widely accepted measures in healthcare-related machine learning applications.

5.1. Experimental Setup

The system was trained and tested using wearable sensor data comprising Heart Rate (HR), Heart Rate Variability (HRV),
Electrodermal Activity (EDA), and Skin Temperature signals. Data preprocessing included noise filtering, normalization, and
segmentation into fixed-length time windows. Multiple machine learning and deep learning models were implemented and
evaluated, including Support Vector Machine (SVM), Random Forest (RF), and Long Short-Term Memory (LSTM) networks.
The dataset was divided into training and testing sets to ensure unbiased evaluation.

Table 1. Performance Comparison of Stress Detection Models

Model Accuracy (%)  Precision (%) Recall (%) F1-Score (%)
SVM 85.4 84.1 83.6 83.8
Random Forest 89.7 88.9 90.2 89.5
LSTM 93.6 92.8 94.1 93.4
Proposed CNN-LSTM  95.2 94.6 95.8 95.2

Table 1 summarizes the comparative performance of different models used for mental stress detection. Traditional machine
learning models such as SVM show reasonable performance but are limited in capturing temporal dependencies within
physiological signals. Random Forest improves accuracy by modeling nonlinear relationships among features; however, it still
relies on handcrafted features. The deep learning—based LSTM model significantly outperforms traditional models by effectively
learning temporal patterns in wearable data. The proposed hybrid CNN—-LSTM architecture achieves the highest performance
across all evaluation metrics. This improvement is attributed to the CNN’s ability to extract discriminative local features from
sensor signals and the LSTM’s capability to model long-term temporal dependencies associated with stress progression.

5.2. Stress State Classification Analysis

To further analyze classification reliability, the recall metric is emphasized due to its clinical importance. High recall indicates
the system’s ability to correctly identify stressed states, minimizing false negatives that could otherwise delay intervention. The
proposed model achieves a recall of 95.8%, demonstrating strong sensitivity to stress-related physiological changes. This confirms
the system’s suitability for continuous and real-time mental health monitoring, where missing stress events can have serious long-
term implications.

Table 2. Stress Detection Accuracy Across Physiological Modalities

Input Features Used Accuracy (%)
HR + HRV 88.3
HRYV + EDA 91.2
HRY + EDA + Skin Temperature 93.5
All Sensors Combined 95.2

Table 2 highlights the contribution of different physiological signal combinations to stress detection accuracy. Models trained
using a limited set of features show moderate performance, while accuracy improves consistently as additional modalities are
incorporated. The highest accuracy is achieved when all sensor inputs are fused, confirming that mental stress manifests as a multi-
dimensional physiological response rather than a single-signal anomaly. This result validates the proposed multi-modal fusion
approach and supports the system’s design choice of integrating HR, HRV, EDA, and Skin Temperature signals.

The experimental results demonstrate that the proposed mental stress detection framework achieves high accuracy and
robustness across different evaluation scenarios. Compared to traditional machine learning approaches, deep learning models—
particularly the CNN-LSTM architecture—provide superior performance by capturing both instantaneous physiological changes
and long-term stress trends. The results also confirm that multi-modal sensor fusion significantly enhances detection reliability.
By combining complementary physiological signals, the system reduces false alarms caused by physical activity and improves
discrimination between genuine psychological stress and normal bodily responses. Overall, the findings indicate that the proposed
system is effective, scalable, and well-suited for real-world deployment in wearable-based mental health monitoring applications.
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6 RESEARCH GAPS AND FUTURE SCOPE

6.1. Identification of Research Gaps

While current research into Mental Stress Detection using wearable data has yielded high accuracy in controlled laboratory
settings, several systemic gaps hinder its mass adoption in real-world clinical and consumer environments.

¢ Environmental and Contextual Confounding: Most existing models fail to distinguish between physiological arousal
caused by physical exertion (exercise) and psychological stress. A sudden increase in heart rate due to climbing stairs is
often misclassified as a stress event because current datasets do not sufficiently integrate multi-modal movement context.

e The "Black Box" Problem in Healthcare: Deep learning models are notoriously opaque. In a medical or therapeutic
setting, a simple notification stating "Stress Level: High" is insufficient. There is a critical lack of Explainable Al (XAI)
frameworks that can describe the why—for example, indicating that a specific drop in Heart Rate Variability (HRV)
combined with a spike in skin conductance led to the prediction.

e Inter-Individual Physiological Variability: Human physiology is highly diverse. A "normal" baseline for a professional
athlete is vastly different from that of a sedentary office worker. Current research often utilizes "one-size-fits-all" models
that lack the sophisticated Personalization Algorithms needed to adjust to a specific user's unique baseline over time.

e Data Sparsity and Battery Constraints: High-fidelity stress detection requires continuous, high-frequency sampling of
EDA and PPG signals, which rapidly drains wearable battery life. There is a lack of "energy-aware" sampling logic that
can maintain high detection accuracy while operating on low-power IoT hardware.

6.2. Future Scope

The future of this research involves evolving from a reactive monitoring tool to a proactive, multi-layered mental wellness
ecosystem. The following areas represent the next frontier for this research:

o Integration of Hybrid CNN-Transformer Architectures: While CNNs are excellent at local physiological feature
extraction, Vision Transformers (ViTs) (adapted for 1D signals) are superior at capturing long-range "global"
dependencies. Future iterations will utilize a hybrid architecture to detect both immediate "micro-stressors" and high-
level, long-term trends in a user’s mental health trajectory.

e Cross-Domain Transfer Learning: To address the lack of specialized data, future work will involve Transfer
Learning from large-scale cardiovascular datasets. By pre-training models on millions of non-stress-related heart rate
records and fine-tuning them on small, high-quality stress datasets, we can create more robust models that generalize
across different age groups and health conditions.

e Privacy-Preserving Federated Learning: Given the sensitive nature of health data, the scope will expand to include
Federated Learning. This allows the stress detection model to be trained locally on the user's smartphone or
smartwatch. Only the "learned weights"—and not the raw heart rate or skin temperature data—are shared with a
central server, ensuring absolute user privacy and compliance with global data protection laws (GDPR/HIPAA).

e Real-Time Intervention and Biofeedback Loops: The logic will move beyond mere "detection" to "mitigation." By
integrating with mobile applications, the system will trigger Adaptive Biofeedback Loops. For example, when the Al
predicts an oncoming stress spike, the wearable could vibrate to guide the user through a synchronized breathing
exercise (Paced Respiration) until the heart rate stabilizes.

e Development of Interpretable Mental Health Reports: A key future goal is the implementation of an
Interpretability Layer for clinicians. This would generate a natural language summary: "The user experienced a
significant stress event at 2:00 PM; the prediction is based on a 20% decrease in HRV and a sustained rise in skin
temperature, which were not accompanied by physical movement, suggesting a high-probability psychological
trigger."

7 CONCLUSION

The development of this research marks a significant advancement in the intersection of digital health and artificial intelligence.
By successfully integrating multi-modal physiological sensors—including Heart Rate Variability (HRV), Electrodermal Activity
(EDA), and Skin Temperature—with advanced Deep Learning architectures like CNN-LSTMs, this research has demonstrated
that psychological states can be quantified with high objective accuracy. The system effectively transitions mental health
monitoring from a subjective, reactive process into a data-driven, proactive paradigm. Throughout this study, we have established
that while individual sensors provide limited insights, the fusion of multiple biometric streams allows for a holistic understanding
of the Autonomic Nervous System's response to stress. The implementation of Transfer Learning and Context-Aware Filtering
further ensures that the system remains robust across diverse user profiles and "in-the-wild" scenarios, successfully differentiating
between physical exertion and genuine mental pressure. This framework provides a scalable and non-invasive solution to the
growing global mental health crisis. By enabling continuous, real-time monitoring on consumer-grade wearables, the paper
empowers individuals with actionable insights and facilitates early intervention strategies.
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