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ABSTRACT: Mental health disorders such as stress, anxiety, and mental fatigue have become increasingly prevalent
in modern society due to rapid technological advancements, increased workload, and prolonged screen exposure.
Continuous stress without proper monitoring can lead to severe physical and psychological health problems. Traditional
stress detection methods rely on manual observation, questionnaires, or clinical diagnosis, which are often time-
consuming and unsuitable for real-time monitoring. This paper proposes a real-time mental health monitoring system
that utilizes multimodal artificial intelligence techniques combined with webcam-based facial analysis and Internet of
Things (IoT) physiological sensing. The system collects facial expressions through a webcam and physiological
parameters such as heart rate and body temperature through IoT sensors. Machine learning and deep learning
algorithms process the collected data to identify stress patterns and classify stress levels accurately. The system
generates alerts when abnormal stress levels are detected and stores data for further analysis. The proposed system
improves detection accuracy by integrating multiple data sources and enables continuous monitoring of mental health
conditions. The system can be implemented in workplaces, educational institutions, healthcare facilities, and remote
monitoring environments to support early stress detection and preventive healthcare.

KEYWORDS: Mental Health Monitoring, Stress Detection, Machine Learning, Deep Learning, IoT Sensors,
Computer Vision

L. INTRODUCTION

Mental health has emerged as a significant global concern in recent years due to rapid technological advancement,
increased digital dependency, and demanding work environments. Individuals working in information technology,
education, healthcare, and corporate sectors often experience prolonged stress due to heavy workloads, continuous
screen exposure, tight deadlines, and limited rest periods. These conditions can lead to mental fatigue, anxiety,
decreased productivity, and long-term health complications.

Stress is a physiological and psychological response to external or internal challenges. While short-term stress may
enhance performance, chronic stress can negatively affect cognitive function, emotional stability, and physical health.
According to recent studies, continuous stress is associated with increased risk of cardiovascular diseases, depression,
sleep disorders, and reduced workplace efficiency. Therefore, early detection and continuous monitoring of stress levels
are essential for improving individual well-being and organizational productivity.

Traditional stress detection techniques rely on manual observation, psychological surveys, and clinical assessments
conducted by mental health professionals. Although these methods provide reliable results in controlled environments,
they are time-consuming, subjective, and unsuitable for continuous real-time monitoring. Furthermore, self-reported
surveys often depend on individual honesty and awareness, which may lead to inaccurate assessments.

Recent developments in Artificial Intelligence (AI), Machine Learning (ML), Computer Vision, and Internet of
Things (IoT) technologies have enabled the development of automated stress detection systems capable of analyzing

IJIRSET©2026 | AnISO 9001:2008 Certified Journal | 7635



http://www.ijirset.com/

Impact
Factor

9935

= = o
ﬂ—\!g‘ég International Journal of Innovative Research of

[EI nﬁ Science, Engineering and Technology (JIRSET)

|www.ijirset.com |A Monthly, Peer Reviewed & Refereed Journal| e-ISSN: 2319-8753| p-ISSN: 2347-6710|

Volume 15, Issue 5, May 2026
|DOI: 10.15680/1JIRSET.2026.1505023|

behavioral and physiological data in real time. These technologies allow continuous monitoring of mental health
conditions without requiring manual intervention.

The proposed research focuses on developing a real-time mental health monitoring system that integrates webcam-
based facial analysis with IoT-based physiological sensing to detect stress levels accurately. By combining multiple
data sources, the system improves detection reliability and reduces the limitations associated with single-source
monitoring systems. The system is designed to provide early warnings, support preventive healthcare, and enhance
workplace productivity.

II. LITERATURE REVIEW

The field of stress detection has gained significant attention in recent years due to the increasing prevalence of mental
health issues in modern society. Researchers have explored various techniques using machine learning, deep learning,
natural language processing, and sensor-based technologies to identify stress levels in individuals.

The research study titled Detection of Stress in IT Employees using Machine Learning Technique focused on
analyzing workplace-related data to detect stress levels among employees. The system used supervised machine
learning algorithms to classify stress patterns based on workload, working hours, and behavioral indicators. The study
demonstrated that machine learning techniques can effectively identify stress conditions; however, the system relied
primarily on behavioral data and lacked physiological monitoring.

Another research work, Stress Detection Using Machine Learning and NLP Over Social Interactions, proposed a
system that analyzes social communication patterns using natural language processing techniques. The system
evaluated text messages, emails, and online conversations to detect emotional stress indicators such as negative
sentiment and anxiety-related language. Although the system achieved good accuracy in detecting emotional stress, it
raised concerns regarding privacy and ethical considerations associated with analyzing personal communication data.

The research paper Stress Detection with Machine Learning and Deep Learning using Multimodal Physiological
Data introduced a multimodal stress detection system using physiological signals such as heart rate, body temperature,
and galvanic skin response. The integration of multiple physiological signals significantly improved stress detection
accuracy compared to single-sensor systems. However, the system required specialized sensors and complex hardware
infrastructure, which increased implementation cost and system complexity.

Another study, Machine Learning and IoT for Prediction and Detection of Stress, proposed an IoT-based system
capable of collecting real-time sensor data from wearable devices. The system used machine learning algorithms to
analyze physiological signals and predict stress levels. The study demonstrated the feasibility of real-time stress
monitoring using [oT technology; however, it did not include behavioral analysis such as facial expression detection.

The research paper Stress Detection in Videos using Machine Learning focused on detecting stress using facial
expressions and video analysis. The system used computer vision and deep learning techniques to identify emotional
states such as sadness, anger, and anxiety from facial features. While this approach provided non-invasive stress
detection, its performance depended heavily on lighting conditions and camera quality.

Despite significant progress in stress detection technologies, most existing systems rely on a single data source, which

limits detection accuracy and reliability. Therefore, there is a need for a comprehensive system that integrates multiple
data sources and provides continuous real-time monitoring of mental health conditions.
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The proposed system architecture integrates hardware and software components to monitor mental health conditions
continuously and accurately. The system is designed to collect multimodal data from facial expressions and
physiological sensors, process the data using machine learning algorithms, and generate alerts when abnormal stress
levels are detected.

The architecture follows a modular design approach, allowing each component to operate independently while
contributing to the overall system functionality. This modular structure improves system scalability, maintainability,
and reliability.

Module Descriptions

1. Data Acquisition Module
The data acquisition module is responsible for collecting real-time data from multiple sources. This module ensures
continuous monitoring of both behavioral and physiological indicators related to stress.

Functions:
Capture facial images using webcam

Collect heart rate data

Measure body temperature
Monitor physiological changes

Store raw sensor data

2. Data Preprocessing Module
The data preprocessing module prepares the collected data for analysis by removing noise and standardizing input
values. This step is essential for improving machine learning model accuracy and performance.

Functions:

Noise removal
Data normalization

Missing value handling

Feature scaling
Signal filtering
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3. Feature Extraction Module
The feature extraction module identifies important patterns and characteristics from the collected data. These features
are used as input for machine learning algorithms.
Examples of Features:
e  Heart rate variability
Facial muscle movement
Eye blink frequency
Facial emotion intensity
Temperature variation

4. Machine Learning and Deep Learning Module
This module analyzes extracted features and classifies stress levels using trained machine learning models. The system
uses supervised learning techniques to identify stress patterns based on historical data.
Algorithms Used:
e  Support Vector Machine (SVM)
Random Forest
Convolutional Neural Network (CNN)
Decision Tree
Logistic Regression

5. Alert and Visualization Module
The alert module provides real-time notifications when stress levels exceed predefined thresholds. The visualization
module displays system results through graphs and dashboards.
Functions:
e Display stress level status
Generate warning alerts
Store historical data
Show real-time monitoring dashboard
Provide performance reports

IV.IMPLEMENTATION

The implementation phase involves the integration of hardware components, development of software modules, and
training of machine learning models. The system is developed using Python programming language due to its extensive
support for machine learning and data processing libraries.

The hardware setup includes a webcam for capturing facial images and IoT sensors connected to an ESP32
microcontroller for collecting physiological signals. The collected data is transmitted to the computer system for
processing and analysis.

Implementation Steps

1. Hardware components were selected and assembled
Sensors were connected to the microcontroller
Webcam module was configured for facial detection
Data acquisition software was developed
Machine learning model was trained using dataset
System modules were integrated
System testing and validation were performed

Nk wd

V. TESTING AND EVALUATION

Testing and evaluation are essential to ensure system reliability, accuracy, and performance. The proposed system was
tested under different operating conditions to evaluate its ability to detect stress levels accurately and consistently.

IJIRSET©2026 | AnISO 9001:2008 Certified Journal | 7638



http://www.ijirset.com/

Impact
Factor

9935

\J

[EI nﬁ Science, Engineering and Technology (JIRSET)

= . o
ﬂ"\ !Eig International Journal of Innovative Research of

|www.ijirset.com |A Monthly, Peer Reviewed & Refereed Journal| e-ISSN: 2319-8753| p-ISSN: 2347-6710|

Volume 15, Issue 5, May 2026
|DOI: 10.15680/1JIRSET.2026.1505023|

Testing Methods

e Unit Testing
Testing individual modules such as sensor input, facial detection, and data processing to ensure proper
functionality.

e Integration Testing
Testing combined modules to verify communication between hardware and software components.

e System Testing
Testing the complete system to evaluate overall performance and reliability.

e  Performance Testing
Measuring system response time, processing speed, and accuracy.

Performance Metrics
e Accuracy
Measures the percentage of correctly classified stress levels.
e  Precision
Measures the proportion of correctly identified stress cases among all detected cases.
e Recall
Measures the system's ability to detect all actual stress cases.
e Response Time
Measures the time required for the system to detect stress and generate alerts.

VI. RESULTS AND DISCUSSION

The experimental results demonstrate that the proposed system successfully detects stress levels using multimodal data
sources. The integration of facial expression analysis and physiological sensing significantly improves detection
accuracy compared to traditional single-source systems.

The system provides continuous monitoring and generates alerts when abnormal stress levels are detected. The results
indicate that the system is capable of identifying stress patterns in real time and providing timely notifications to users
or administrators.

The system also demonstrates high reliability under different operating conditions, including variations in lighting and
sensor readings. The performance evaluation confirms that the proposed system achieves faster response time and
higher accuracy compared to conventional stress detection systems.

VII. CONCLUSION AND FUTURE WORK

Conclusion

This research presents a real-time mental health monitoring system using artificial intelligence and IoT technology. The
system integrates webcam-based facial analysis and physiological sensing to detect stress levels accurately and
continuously. The use of multimodal data improves detection reliability, reduces false predictions, and supports
preventive healthcare strategies. The proposed system provides an efficient and scalable solution for monitoring mental
health conditions in workplaces, educational institutions, and healthcare environments. By enabling early detection of
stress, the system helps reduce health risks and improve overall well-being.

Future Work
Future improvements may include:

e Integration with mobile applications
Cloud-based data storage and analytics
Wearable device compatibility
Advanced deep learning models
Remote healthcare monitoring system
Real-time emotion recognition enhancement
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