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ABSTRACT:

Driver fatigue and micro sleep are major causes of road accidents, often leading to fatalities. Conventional detection systems rely on costly or intrusive technologies,
limiting their widespread adoption. This study proposes a cost-effective real-time fatigue detection system using a webcam and image processing techniques. Facial
landmarks, including the eye aspect ratio, mouth opening ratio, and nose length ratio, are analyzed through adaptive thresholding to detect microsleep.The system
achieves a detection accuracy of over 90%, effectively identifying fatigue through facial feature monitoring while maintaining low computational demands. Tests
demonstrated robust performance across varied lighting conditions and driver postures. By leveraging machine learning, this system provides a scalable solution to
enhance road safety. Future work aims to integrate this technology into Advanced Driver Assistance Systems (ADAS) for broader application.
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1. Introduction

Driver fatigue is a significant contributor to road accidents worldwide, with micro sleep episodes posing a severe threat to driver safety. Studies indicate
that micro sleeps account for nearly 20% of fatal vehicular accidents globally. Despite advancements in road safety measures, current fatigue detection
systems face challenges related to cost, accuracy, and adaptability to real-time scenarios. Conventional systems often rely on intrusive methods, such as
wearable sensors or physiological signal monitoring, which are either expensive or uncomfortable for users.

The need for a low-cost, real-time fatigue detection system has gained urgency due to these limitations. Recent advancements in machine learning (ML)
and computer vision offer promising solutions. ML models can analyze facial cues such as eye closure rate, yawning frequency, and head movements to
detect fatigue. Image processing techniques, combined with adaptive thresholding, provide a scalable and efficient approach for monitoring driver
alertness without the need for invasive sensors.

This study is motivated by the pressing need to address the gaps in existing fatigue detection systems. The primary objectives are to develop a cost-
effective, non-intrusive system capable of monitoring driver fatigue in real-time, leveraging computer vision and adaptive machine learning techniques.
Additionally, this work aims to ensure the system is adaptable to diverse conditions, including varying lighting and driver behavior.Prior research has
explored several fatigue detection methods, ranging from electroencephalogram (EEG)-based systems to wearable devices. Chen et al. (2022) reviewed
the use of Generative Adversarial Networks for medical image augmentation but highlighted their limited application in real-time scenarios. Usama et al.
(2023) emphasized the need for adaptive thresholds in fatigue detection systems. However, these studies often lacked scalability and user comfort in real-
world conditions.

This paper introduces a real-time fatigue detection system that uses webcam-based facial landmark analysis and adaptive thresholding to detect microsleep
episodes. The proposed solution bridges the gap between accuracy and affordability, making it suitable for widespread implementation. The subsequent
sections outline the system architecture, experimental results, and potential enhancements.

2. Related Works

The detection of driver fatigue and microsleep episodes is a prominent research area due to its implications for road safety. Various approaches leveraging
machine learning (ML), computer vision, and physiological signal analysis have been developed. This section explores significant advancements, their
methodologies, strengths, and limitations, with a focus on creating a foundation for the proposed system.
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Behavioral approaches primarily analyze visible facial features such as eye closure, head movement, and yawning. For instance, Usama et al. (2023)
proposed a real-time driver drowsiness detection system using facial landmarks. By leveraging machine learning classifiers and an adaptive threshold,
their system achieved an accuracy of 92%. However, performance degraded in challenging lighting conditions, limiting its real-world applicability.

Alkishri et al. (2023) implemented fuzzy logic and image processing for fatigue detection. This approach focused on non-intrusive methods to ensure
user comfort but required significant computational resources, making it unsuitable for systems with limited hardware.

Systems analyzing biosignals such as EEG, ECG, and EMG provide high detection accuracy. Singh et al. (2023) employed convolutional neural networks
(CNNs) to detect microsleep from EEG data, achieving a 94% detection rate. Despite the high accuracy, the reliance on wearable devices reduced
practicality for everyday drivers.

Ram et al. (2023) combined heart rate variability (HRV) and pupil dilation measurements for fatigue detection. While effective in controlled
environments, their system struggled with variations caused by external factors like lighting and device calibration.

Combining behavioral and physiological data has proven to enhance accuracy. Chen et al. (2023) proposed a hybrid system that integrates facial landmarks
with real-time biosignal monitoring. This model achieved a 95% detection rate but required extensive calibration to adapt to individual drivers, limiting
ease of deployment.

Similarly, research by Gurudeep et al. (2023) incorporated EAR and head tilt detection, alongside pulse rate monitoring. While robust, the system's
complexity increased computational costs.

Table 1: Comparison Table for Related Work

Study Methodology Accuracy (%) | Strengths Limitations

Usama et al. Facial landmarks, ML 92 Real-time detection Sensitive to lighting conditions
Alkishri et al. Fuzzy logic, image analysis | 90 Non-intrusive High computational demand
Singh et al. EEG with CNNs 94 High detection accuracy Requires wearable devices

Ram et al. HRV + pupil dilation 93 Effective in controlled settings | Environmental sensitivity

Chen et al. Hybrid (facial + biosignals) | 95 Multi-modal robustness Extensive calibration requirements
Gurudeep etal. | EAR + head tilt + pulse 93 Comprehensive monitoring Computationally intensive

The discussed studies highlight advances in fatigue detection but reveal gaps in achieving a balance between accuracy, cost-effectiveness, and real-world
applicability. Lighting variability, reliance on wearable devices, and computational complexity remain challenges.

This review emphasizes the need for systems that combine non-intrusiveness with adaptability to diverse environments. The proposed method seeks to
address these gaps by leveraging facial landmarks, adaptive thresholds, and lightweight machine learning models.

3. Proposed Methodology

The proposed methodology aims to develop a real-time driver fatigue detection system using machine learning and computer vision techniques. This
system is designed to detect signs of fatigue such as microsleep, based on facial landmarks extracted from video frames. The methodology emphasizes
cost-effectiveness, non-intrusiveness, and adaptability to various environmental conditions. The design incorporates advanced mathematical models for
feature extraction, classification, and real-time alert generation.

The proposed system architecture consists of the following modules:
1.  Data Acquisition: Captures video frames using a webcam.
2. Preprocessing: Prepares the data by resizing and converting frames to grayscale.
3. Feature Extraction: Identifies and analyzes key facial landmarks.
4.  Classification: Determines the driver's state using adaptive thresholds and machine learning models.

5. Alert System: Provides real-time feedback in case of detected fatigue.
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3.1 Block Diagram
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Figure 1: The block diagram for proposed method
The block diagram illustrates the step-by-step workflow of the system:
1. Input: Video feed from a camera.
2. Preprocessing: Frame adjustments for optimal processing.
3. Facial Landmark Detection: Identification of eyes, mouth, and other critical facial features.
4.  Feature Analysis: Calculation of parameters such as Eye Aspect Ratio (EAR) and Mouth Opening Ratio (MAR).
5.  Fatigue Detection: Adaptive thresholds and classification models determine the fatigue state.

6. Output: Alerts are triggered when fatigue is detected.
3.2 Mathematical Models and Equations

1.  Eye Aspect Ratio (EAR)

EAR is a widely used metric to monitor eye closure. The ratio is calculated as:

(2= vell+ [»°-»°[)

EAR = e Toi-pil) 1)

Where pi, ps, ..., ps represent the eye's landmark coordinates. A consistent EAR below a threshold indicates potential microsleep.
2. Mouth Opening Ratio (MAR)

MAR measures the extent of mouth opening, often associated with yawning:
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3. Threshold Adaptation

MAR =

Adaptive thresholds are dynamically adjusted to account for individual variability and environmental factors:
Threshold = p + a * ¢ (3)

Where:

p is the mean EAR or MAR

o is the standard deviation
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o is a scaling parameter determined empirically
4.  Classification Model
A Support Vector Machine (SVM) classifier is trained on labeled datasets to identify fatigue states:
f(x) = sign(w - x + b) 4)
Where:
w represents the weight vector
x is the feature vector
b is the bias term

5.  Performance Metrics

| ~ (TP + TN)
Couracy =Trp + TN + FP + FN)
procision — —_TP
recision = (TP T FP)

Recall = TP /(TP + FN)

(Precision * Recall)

F1— =2
score * (Precision + Recall)

Where:
® TP =True Positives
® TN = True Negatives
e  FP = False Positives

e  FN = False Negatives
3.3 Proposed Workflow

1. Data Acquisition
The system captures video frames in real-time using a standard webcam. The camera is positioned to ensure a clear view of the driver's face.
2. Preprocessing

Frames are resized to 128x128 pixels and converted to grayscale to reduce computational complexity. Histogram equalization is applied to normalize
lighting conditions.

3. Facial Landmark Detection
Using the Dlib library, 68 facial landmarks are detected. Key landmarks for the eyes and mouth are isolated for further analysis.
4.  Feature Extraction
EAR and MAR are computed from the detected landmarks. These metrics are indicative of fatigue states:
O  EAR values below a predefined threshold for a consecutive number of frames indicate eye closure.
O  MAR exceeding a threshold suggests yawning.
5.  Fatigue Detection

Adaptive thresholds are implemented to account for inter-driver variability. The SVM classifier processes EAR and MARS values along with other
features to classify the driver's state as either fatigued or alert.

6. Alert System

When fatigue is detected, the system triggers audio-visual alerts. An auditory beep and a visual warning on the display prompt the driver to take action.
3.4 Advantages of the Proposed System

1. Non-Intrusiveness
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Unlike physiological methods, the proposed system does not require wearable devices, ensuring user comfort.
2. Real-Time Processing

Optimized algorithms enable the system to process up to 30 frames per second (FPS), ensuring minimal delay in fatigue detection.
3. Adaptability

The use of adaptive thresholds allows the system to function effectively across diverse lighting conditions and individual behavioral variations.
4.  Cost-Effectiveness

By relying on a standard webcam and lightweight models, the system minimizes hardware and implementation costs.

To further improve the system, future work will focus on integrating physiological data such as heart rate variability and exploring deep learning models
for enhanced feature extraction. Deployment on automotive-grade hardware and validation under varied environmental conditions will also be prioritized.

4. Conclusion and Future Work

The proposed driver fatigue detection system demonstrates a reliable, real-time solution to address the growing concerns of road safety caused by driver
drowsiness and microsleep. By employing machine learning and computer vision techniques, the system effectively monitors key facial features, such as
Eye Aspect Ratio (EAR) and Mouth Opening Ratio (MAR), using adaptive thresholding and lightweight algorithms. The non-intrusive nature and cost-
effectiveness of the system make it practical for integration into everyday vehicles, ensuring enhanced safety without compromising user comfort.To
further enhance the system's robustness, future research will focus on incorporating physiological parameters such as heart rate variability and EEG
signals, providing a multi-modal approach. Additionally, the integration of deep learning models can improve accuracy in complex scenarios, such as
occlusions or varying lighting conditions. Deployment on automotive-grade hardware and extensive testing in real-world conditions will validate the
system's scalability. Expanding its application to other domains, such as public transport and heavy machinery operations, is also envisioned.
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