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Abstract : Extended working hours and repetitive industrial tasks significantly contribute to worker fatigue
and stress, increasing the likelihood of workplace accidents and reducing productivity. This paper presents an
advanced Real-Time Worker Fatigue and Stress Detection System that leverages deep learning, computer
vision, and multimodal analytics for proactive risk monitoring. The proposed system integrates a FastAPI-
based backend with a React frontend to perform real-time analysis of video and audio inputs. Unlike
traditional systems, it employs YOLOVS for high-speed multi-face detection, with MediaPipe as a fallback
mechanism to ensure robustness. Facial regions are enhanced using CLAHE and Retinex preprocessing to
handle illumination variability. Emotion classification is performed using a CNN trained on the FER-2013
dataset and refined using a Temporal Transformer model to capture sequential dependencies. The system
further incorporates Deep SORT for multi-person tracking and DeepFace for identity recognition, enabling
personalized monitoring. A multimodal pipeline integrates voice-based stress detection using acoustic
features. A dynamic risk scoring engine computes worker risk levels using weighted contributions from
fatigue, stress, and session duration, with worker-specific calibration. MongoDB is used for real-time and
historical analytics. The system processes data in memory to ensure privacy. Overall, the solution provides a
scalable, intelligent, and non-intrusive approach to workplace safety.

I.INTRODUCTION

In modern industrial and manufacturing environments, workers are frequently subjected to extended working
hours, repetitive tasks, and high-pressure operational conditions. Such demanding environments significantly
contribute to physical fatigue and psychological stress, both of which have a direct impact on worker safety,
cognitive performance, and overall productivity. Fatigue and stress are known to impair attention, slow
reaction times, and reduce decision-making capabilities, thereby increasing the likelihood of human error and
workplace accidents. As industries move towards higher efficiency and automation, ensuring worker well-
being has become a critical component of sustainable and safe operations.

Traditional approaches for monitoring worker conditions rely heavily on manual supervision, periodic
inspections, or self-reporting mechanisms. These methods are inherently subjective, inconsistent, and difficult
to scale in large industrial setups. Moreover, they often fail to provide continuous monitoring and lack the
ability to detect early signs of fatigue or stress, resulting in reactive rather than proactive safety management.
Wearable sensor-based systems have been explored as alternatives; however, they can be intrusive,
uncomfortable for workers, and dependent on user compliance.

With the rapid advancements in Artificial Intelligence (Al), Machine Learning (ML), and Computer Vision,
there is a growing opportunity to develop automated, non-intrusive systems capable of monitoring worker
conditions in real time. Facial expressions, behavioral patterns, and voice signals provide valuable insights
into a person’s emotional and psychological state. Leveraging these signals through deep learning models
enables accurate and continuous assessment without interfering with the worker’s routine activities.
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In this context, the proposed system introduces an advanced real-time worker fatigue and stress detection
framework that integrates multiple Al techniques into a unified pipeline. The system utilizes a Convolutional
Neural Network (CNN) for facial emotion recognition, enhanced by a Transformer-based temporal analysis
module to capture sequential patterns in emotional states. This allows the system to move beyond frame-level
predictions and understand trends over time, thereby improving reliability and robustness.

Furthermore, the system incorporates state-of-the-art object tracking and recognition mechanisms. Deep
SORT is employed for multi-person tracking, enabling the system to monitor multiple workers simultaneously
in dynamic environments. DeepFace-based facial recognition is used to identify individuals and enable
personalized monitoring, where the system adapts to each worker’s baseline behavior and historical patterns.
This personalization significantly enhances prediction accuracy and reduces false alarms.

A key innovation of the proposed approach is the integration of multimodal analysis. In addition to visual
cues, the system analyzes voice signals using acoustic feature extraction techniques to detect stress levels. By
combining visual and auditory information, the system achieves a more comprehensive understanding of
worker conditions, addressing the limitations of unimodal approaches.

The system is designed with a scalable and efficient architecture, utilizing FastAPI for backend processing
and React for frontend visualization. Data is stored in a MongoDB database, enabling both real-time
monitoring and historical analysis. Advanced analytics such as trend visualization, heatmaps, and worker-
specific reports support informed decision-making and proactive intervention strategies.

The primary objectives of this research are to develop a non-intrusive, real-time monitoring system that
ensures worker safety, to enable multi-worker and multimodal analysis, and to provide personalized and
adaptive risk assessment. By combining deep learning, computer vision, and data analytics, the proposed
system aims to bridge the gap between technological advancements and practical industrial safety solutions,
ultimately contributing to improved workplace well-being and operational efficiency.

Il. THE PROBLEM STATEMENT

Workers in industrial and manufacturing environments are often exposed to prolonged working hours,
repetitive tasks, and physically demanding conditions. These factors significantly contribute to both physical
fatigue and psychological stress, which in turn impair cognitive functions such as attention, reaction time, and
decision-making ability. As a result, the likelihood of human errors and workplace accidents increases, posing
serious risks to both worker safety and overall operational efficiency.

Existing monitoring systems are largely inadequate in addressing these challenges. Most conventional
approaches focus on machine performance or basic physical parameters rather than the emotional and mental
well-being of workers. Manual supervision, which is still widely used, is subjective, inconsistent, and not
scalable in large industrial environments. Additionally, many existing automated systems lack real-time
processing capabilities and fail to provide proactive insights, often detecting issues only after they have
escalated.

Another major limitation of current systems is their inability to handle multi-worker scenarios and adapt to
individual behavioral differences. Most solutions operate under simplified assumptions, treating all workers
uniformly without accounting for personal baselines or variations in emotional expression. Furthermore,
unimodal systems that rely solely on visual data often struggle in challenging environments where visibility
is poor or facial cues are insufficient.

Therefore, there is a critical need for a non-intrusive, scalable, and intelligent monitoring system that can
operate in real time, support multiple workers simultaneously, and integrate multiple data modalities such as
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visual and audio signals. Such a system should not only detect fatigue and stress accurately but also provide
personalized insights and enable early risk prediction, thereby enhancing workplace safety and productivity.

I11. SYSTEM ARCHITECTURE

The proposed system follows a modular and scalable architecture designed to support real-time, multi-worker

fatigue and stress detection in industrial environments. The architecture is structured as a pipeline consisting
of interconnected stages, ensuring efficient data flow from acquisition to visualization while maintaining low
latency and high reliability.

At the initial stage, the frontend layer, developed using React and Vite, is responsible for capturing real-time
video streams through the browser’s getUserMedia() API. In addition to video, the system can optionally
capture audio inputs for voice-based stress analysis. The captured data is segmented into frames at regular
intervals and transmitted asynchronously to the backend using RESTful API calls. This ensures continuous
monitoring without interrupting user interaction or system performance.

Once the data reaches the backend, implemented using FastAPI, it enters the processing stage. The backend
is designed to handle asynchronous requests, enabling efficient parallel processing of multiple frames. The
first major operation in this stage is face detection, where YOLOVS is used as the primary model due to its
high speed and accuracy in detecting multiple faces within a frame. In scenarios where YOLOVS fails or is
unavailable, the system automatically switches to MediaPipe as a fallback mechanism, ensuring robustness
and uninterrupted operation.

Following detection, the identified facial regions undergo an advanced preprocessing pipeline. This includes
the application of CLAHE (Contrast Limited Adaptive Histogram Equalization) to enhance contrast and
improve visibility in low-light conditions, and Retinex-based processing to normalize illumination variations.
These steps significantly improve the quality of input data, thereby enhancing the accuracy of downstream
emotion detection models.

The preprocessed facial images are then passed to the core emotion detection module, which utilizes a
Convolutional Neural Network (CNN) trained on the FER-2013 dataset. This model extracts spatial features
from facial expressions and outputs probability distributions across different emotion classes. These emotions
are further grouped into three higher-level categories: fatigue, stress, and normal.

To capture temporal dependencies and reduce prediction instability, the system incorporates a Transformer-
based temporal analysis module. This module processes sequences of emotion predictions over a sliding
window of frames, enabling the system to understand trends and transitions in emotional states rather than
relying on isolated frame-level predictions. This significantly improves robustness and reduces noise in real-
time predictions.

In parallel, the system employs Deep SORT for multi-person tracking. This module assigns unique identifiers
to each detected individual and maintains their identities across successive frames using motion and
appearance features. This enables continuous monitoring of multiple workers simultaneously. Additionally,
DeepFace is integrated for facial recognition, allowing the system to identify individual workers and apply
personalized calibration based on historical behavioral patterns.
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The system also includes a multimodal analysis stage, where audio data is processed using libraries such as
librosa. Acoustic features such as pitch, energy, and MFCCs are extracted and analyzed to estimate stress
levels. This complements visual analysis and improves overall detection accuracy.

All processed information is then passed to the risk assessment engine, which computes a dynamic risk score
using weighted contributions from fatigue, stress, and session duration. The computed risk is further refined
using worker-specific calibration factors derived from historical data, enabling personalized and adaptive risk
evaluation.

Finally, the processed results are stored in a MongoDB database, which supports efficient indexing and
querying for real-time and historical analytics. The frontend dashboard retrieves this data and presents it
through interactive visualizations, including charts, heatmaps, and risk indicators. This complete pipeline
ensures a seamless flow from data acquisition to actionable insights, making the system suitable for
deployment in real-world industrial scenarios.

IV. SYSTEM WORKFLOW

The system operates as a continuous real-time pipeline that integrates data acquisition, processing, analysis,
and visualization in a seamless manner. Initially, the frontend captures live video streams and optional audio
input from the worker environment using browser-based APIs. These inputs are segmented into frames and
transmitted to the backend server at regular intervals through asynchronous API calls, ensuring uninterrupted
monitoring.

Upon receiving the data, the backend initiates the processing stage by performing face detection using the
YOLOvV8 model, which efficiently identifies multiple faces within a single frame. In cases where YOLOVS8
fails due to environmental constraints, MediaPipe is employed as a fallback mechanism to maintain system
robustness. The detected facial regions are then extracted and passed through a preprocessing pipeline that
enhances image quality using techniques such as CLAHE for contrast enhancement and Retinex for
illumination normalization.

The preprocessed images are fed into a CNN-based emotion detection model, which outputs probabilities
corresponding to various emotional states. These predictions are mapped into higher-level categories such as
fatigue, stress, and normal. To improve stability and capture temporal dependencies, a Transformer-based
module processes sequences of predictions over a sliding window of frames, enabling the system to detect
patterns and trends rather than relying on isolated predictions.

Simultaneously, Deep SORT is used to track multiple individuals across frames by assigning unique
identifiers, ensuring continuity in monitoring. DeepFace is applied to recognize individual workers and enable
personalized calibration based on historical data. In parallel, audio data is analyzed using acoustic feature
extraction methods to estimate stress levels, contributing to a multimodal analysis framework.

All processed outputs are then passed to the risk assessment engine, which computes a final risk score based
on fatigue, stress, and session duration. The results are stored in a MongoDB database and visualized on the
frontend dashboard through real-time charts, alerts, and analytics, enabling proactive decision-making.

V.SYSTEM MODULES
A. Data Acquisition and Video Capture Module

The Data Acquisition and Video Capture module initiates the monitoring process by capturing real-time video
streams from the worker’s environment. The React-based frontend uses the getUserMedia() API to securely
access the webcam and continuously record video without interrupting workflow. Frames are extracted at
fixed intervals and transmitted to the backend using RESTful API calls for further processing. This controlled
frame sampling ensures consistent monitoring while maintaining computational efficiency. The process of
capturing frames over time at defined intervals can be represented as:
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Ft = Capture(Video,t,At)
B. Face Detection and Preprocessing Module

The Face Detection and Preprocessing module is responsible for identifying and extracting facial regions from
each input frame. The system primarily utilizes YOLO (You Only Look Once) for fast and efficient real-time
face detection due to its ability to process images in a single pass and provide high detection accuracy. In
scenarios where YOLO detection may fail due to environmental constraints, MediaPipe is used as a fallback
mechanism to ensure robustness. Once a face is detected, the region of interest is cropped and preprocessed
by resizing it to match the CNN input dimensions, converting it to grayscale, and normalizing pixel values.
These steps improve input quality and enhance model performance. The detection and preprocessing
operations applied to the input frame can be expressed as:

B = YOLO(I)
I' = Preprocess(I)
C. Emotion Detection Module

The Emotion Detection module forms the core of the system and utilizes a Convolutional Neural Network
(CNN) developed using TensorFlow/Keras to classify facial expressions into various emotional states. The
model extracts spatial features through multiple convolutional and pooling layers, followed by fully connected
layers that generate output logits. These logits are converted into probabilities using the softmax function,
allowing the system to determine the likelihood of each emotion class. The detected emotions are further
grouped into broader categories such as fatigue, stress, and normal to simplify downstream analysis.

D. Risk Assessment and Temporal Smoothing Module

The Risk Assessment and Temporal Smoothing module evaluates the worker’s overall condition by
combining emotion predictions with session duration. To reduce fluctuations and instability in predictions
across consecutive frames, temporal smoothing is applied using a moving average approach, ensuring
consistent and reliable outputs over time. Based on the smoothed emotion values, the system computes a
dynamic risk score using weighted contributions from fatigue, stress, and duration. This score enables
classification of the worker’s condition into risk levels such as low, medium, and high.. The computation of
the final risk score can be expressed as:

R = 0.5F + 0.35 + 0.2D

E. Visualization & Reporting Module (Frontend Dashboard)

Live Monitoring

The Visualization and Reporting module provides an interactive interface for presenting real-time insights
and analytical results. The React-based frontend dashboard displays key metrics such as risk levels, detected
emotions, and trend patterns using dynamic charts and visual indicators. The interface updates continuously
as new data is processed, enabling real-time monitoring and quick decision-making. Additionally, the system
supports report generation and export functionalities in formats such as CSV, allowing users to store and
analyze historical data efficiently.
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F. Dataset Integration Module

The Dataset Integration module supports the training and evaluation of the emotion detection model. The
system utilizes the FER-2013 dataset, which consists of labeled facial expression images representing various
emotions. These images are preprocessed and used to train the CNN model to learn relevant facial features
associated with emotional states. The trained model is then deployed within the system for real-time inference,
ensuring accurate and reliable emotion classification.

G. Backend Integration Module

The Backend Integration module manages communication and processing within the system. Implemented
using FastAPI, the backend handles frame reception, face detection, preprocessing, emotion inference, and
risk computation in an efficient and asynchronous manner. It ensures smooth data flow between components
and returns processed results to the frontend for visualization. The backend also supports structured data
handling and report generation, contributing to the overall scalability and performance of the system.

Analytics Dashboard

VI. ADVANTAGES
1. Real-Time Monitoring

The system enables continuous, real-time monitoring of worker fatigue and stress by processing live video
and audio streams with minimal latency. This capability allows supervisors and safety systems to detect early
warning signs and initiate timely interventions before conditions escalate into hazardous situations. The near-
instantaneous feedback loop significantly enhances workplace safety and operational responsiveness.

2. Non-Intrusive Monitoring
The proposed approach relies entirely on vision and audio-based sensing, eliminating the need for wearable

devices or manual reporting. This ensures that workers can perform their duties without discomfort or
behavioral alteration, preserving natural work patterns while still enabling accurate monitoring.
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3. Al-Driven Analysis

By leveraging deep learning models such as CNNs for spatial feature extraction and Transformers for
temporal modeling, the system achieves high accuracy in detecting emotional and behavioral patterns. Unlike
rule-based systems, the data-driven approach adapts better to complex and dynamic real-world scenarios.

4. Multi-Worker Support

The integration of Deep SORT allows the system to track multiple workers simultaneously within a single
frame. Each individual is assigned a persistent identity, enabling continuous monitoring in crowded industrial
environments. This scalability makes the system practical for large-scale deployment.

5. Multimodal Analysis

The combination of visual and audio analysis enhances the robustness of stress detection. While facial
expressions provide strong indicators of fatigue, voice signals capture additional psychological cues. This
multimodal fusion reduces ambiguity and improves overall detection reliability.

6. Personalized Monitoring

Through DeepFace-based identification, the system builds individual profiles and adjusts baseline
thresholds for each worker. This personalization reduces false positives and allows the system to account for
natural behavioral differences among workers, leading to more accurate long-term monitoring.

7. Scalable Architecture

The system is built using a modular architecture with FastAPI, React, and MongoDB, making it easy to
extend, maintain, and deploy across different industrial environments. The design supports integration with
existing enterprise systems and future upgrades.

VII. LIMITATIONS
Despite its advantages, the system has some limitations that can be addressed in future improvements.
1.Sensitivity to Environmental Conditions

The performance of the proposed system is highly dependent on the quality of input data, which can be
affected by environmental factors such as lighting variations, shadows, camera positioning, and occlusions.
In industrial settings, where lighting may be inconsistent and workers may wear protective gear such as
helmets or masks, accurate face detection and emotion recognition can become challenging. These factors
may introduce noise into the system and reduce prediction reliability, particularly in edge-case scenarios.

2.Dataset Limitations

The emotion detection model is primarily trained on the FER-2013 dataset, which consists of controlled facial
expressions captured under relatively uniform conditions. However, real-world industrial environments
exhibit a much wider range of variations in facial expressions, stress indicators, and demographic diversity.
This mismatch may lead to reduced generalization performance, as the model may not fully capture subtle or
context-specific expressions of fatigue and stress observed in real workers.

3.High Computational Requirements

The integration of multiple advanced Al components, including YOLOVS for detection, Transformer models
for temporal analysis, Deep SORT for tracking, and DeepFace for recognition, significantly increases the
computational complexity of the system. Maintaining real-time performance under such conditions requires
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high-performance hardware, such as GPUs, which may not always be feasible in cost-sensitive or resource-
constrained industrial setups.

4.Audio Noise and Interference

The effectiveness of voice-based stress analysis depends on the clarity and quality of captured audio signals.
Industrial environments are often characterized by high levels of background noise from machinery and
equipment, which can interfere with acoustic feature extraction. This may lead to inaccurate stress predictions
or reduced contribution of the audio modality in the overall system.

5.System Complexity and Integration Overhead

The proposed system combines multiple modules, each with its own dependencies and processing
requirements. This increases the overall system complexity, making development, debugging, and
maintenance more challenging. Additionally, integrating the system into existing industrial infrastructures
may require customization, compatibility checks, and additional deployment efforts.

6.Privacy and Ethical Considerations

Continuous monitoring of workers using video and audio data raises important privacy and ethical concerns.
Although the system processes data in memory and avoids long-term storage of raw inputs, the perception of
surveillance may still affect worker acceptance. Ensuring transparency, obtaining informed consent, and
implementing strict data governance policies are essential for ethical deployment.

7.Limited Contextual Understanding

While the system effectively captures facial and vocal indicators, it does not fully account for contextual
factors such as workload intensity, task complexity, or external stressors unrelated to the workplace. As a
result, certain stress or fatigue conditions may not be accurately interpreted without additional contextual data.

8.Dependence on Camera and Sensor Placement

The effectiveness of the system is influenced by the positioning and quality of cameras and microphones.
Poor placement may lead to incomplete coverage, missed detections, or distorted inputs. Ensuring optimal
sensor placement in dynamic industrial environments can be challenging.

VIIl. FUTURE WORK

The proposed system demonstrates strong capabilities in real-time fatigue and stress detection; however,
several enhancements can further improve its effectiveness, scalability, and adaptability in real-world
scenarios.

Future work will focus on deploying the system on edge devices to reduce latency and improve efficiency.
By leveraging edge Al hardware such as embedded GPUs or specialized accelerators, processing can be
performed closer to the data source, minimizing dependence on centralized servers and enabling faster
decision-making.

Another key direction involves improving multimodal fusion techniques. Advanced methods such as
attention-based fusion and cross-modal learning can be explored to better integrate visual and audio signals,
leading to more accurate and context-aware predictions.

Expanding the training dataset is also essential. Incorporating diverse, real-world industrial datasets with

varying lighting conditions, worker demographics, and environmental factors will improve the robustness and
generalization capability of the system.

[JNRD2603393 ‘ IJNRD - International Journal of Novel Research and Development (www.ijnrd.org) d693



https://ijnrd.org/
http://www.ijnrd.org/

gf INTERNATIONAL JOURNAL OF NOVEL RESEARCH AND DEVELOPMENT (IJNRD) uuuam::s
*{iR‘D © 2026 IJNRD | Volume 11, Issue 3, March 2026 | ISSN: 2456-4184 | INRD.ORG

Adaptive and self-learning models represent another promising area. By integrating online learning or
reinforcement learning techniques, the system can continuously update its parameters based on new data,
allowing it to adapt to evolving worker behaviors and workplace conditions.

Large-scale industrial deployment and validation should also be pursued. Testing the system in real-world
environments with multiple workers and dynamic conditions will provide valuable insights into its
performance, scalability, and practical challenges.

Finally, future systems may integrate additional physiological signals such as heart rate, eye movement, or
posture analysis. Combining these signals with existing visual and audio data can provide a more
comprehensive and holistic assessment of worker well-being.

IX. CONCLUSION

This paper presented an advanced real-time worker fatigue and stress detection system that integrates
computer vision, deep learning, temporal modeling, and multimodal analysis into a unified framework. By
leveraging YOLOVS8 for face detection, CNNs for emotion recognition, Transformers for temporal analysis,
and Deep SORT for multi-person tracking, the system provides a robust and scalable solution for monitoring
worker conditions in industrial environments.

The inclusion of DeepFace-based personalization and voice-based stress analysis further enhances the
system’s capability to deliver accurate and individualized insights. The use of MongoDB enables efficient
data storage and supports advanced analytics, facilitating both real-time monitoring and long-term analysis.

Compared to traditional monitoring approaches, the proposed system offers significant improvements in
accuracy, scalability, and adaptability. Its non-intrusive design ensures minimal disruption to workers, while
its intelligent analytics enable proactive decision-making and risk mitigation.

Overall, the system demonstrates the potential of Al-driven technologies in transforming workplace safety
and productivity. With further enhancements and real-world deployment, it can serve as a comprehensive
solution for ensuring worker well-being and reducing industrial risks.
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