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Abstract:  Driver fatigue significantly contributes to road accidents, but current detection methods often rely 

on intrusive sensors or computationally heavy models. We propose a vision-based driver alertness monitoring 

system using a standard webcam. The system analyzes facial cues by calculating the Eye Aspect Ratio (EAR), 

Mouth Aspect Ratio (MAR), and head pose from Dlib facial landmarks. These metrics indicate signs of 

drowsiness. We compare our approach with recent deep learning solutions (YOLOv8-Face, MobileNetV3-

based keypoint regression, and ResNet50-LSTM classifiers). On a standard CPU, our lightweight method 

achieves ~92.6% detection accuracy and ~94.1% sensitivity with an average latency of 1.1 seconds, while 

being 30% faster and 45% smaller than the MobileNetV3 model. These results suggest our system is well-

suited for low-power, real-time deployment in smart vehicles for enhanced driver safety. 

 

IndexTerms: Driver drowsiness detection, Eye Aspect Ratio, Mouth Aspect Ratio, Head-pose estimation, 

Real-time monitoring, Facial landmark tracking, Computer vision   

I. INTRODUCTION 

Road safety remains one of the most critical global public health concerns, with driver fatigue and 

drowsiness accounting for a substantial portion of traffic accidents and fatalities. According to the World 

Health Organization (WHO), over 1.35 million people die annually in road crashes, and a significant 

percentage of these incidents are linked to drowsy driving. Long-distance transportation, night-time driving, 

and monotonous highway conditions often exacerbate the risk of driver inattention and microsleep. Thus, 

detecting driver drowsiness in real time is essential to improving vehicular safety and preventing fatal 

incidents. 

Historically, driver fatigue detection has relied on physiological sensors such as electroencephalogram 

(EEG) headbands, heart rate monitors, and steering wheel grip sensors. While effective, these systems are 

intrusive, expensive, and impractical for large-scale deployment. Recent research has shifted toward vision-

based methods using facial features captured via in-cabin cameras. Algorithms such as YOLOv8 facial 

keypoint detection, CNN-LSTM fatigue classifiers, and MobileNet-V3-based eye trackers have 

demonstrated significant potential. However, these models often require high computational resources (e.g., 

GPUs) and are not suitable for real-time deployment on low-power embedded systems. Moreover, many lack 

robustness under varying lighting conditions and diverse driver profiles. 

This study addresses the need for a non-intrusive, low-cost, and real-time drowsiness detection system. 

Our proposed solution uses a standard webcam to analyze visual cues—specifically, Eye Aspect Ratio (EAR), 

Mouth Aspect Ratio (MAR), and head pose—calculated from 68 facial landmarks using Dlib. The system 

triggers an audible alert when drowsiness indicators exceed calibrated thresholds. Unlike deep learning 

models, our method operates efficiently on standard CPU hardware, making it highly deployable in consumer 

vehicles and    fleet monitoring setups. 
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The objectives of this study are: 

 To design a lightweight, real-time driver drowsiness detection algorithm based on visual behavior 

cues. 

 To evaluate its performance against recent deep learning-based approaches on accuracy, speed, and 

hardware efficiency. 

 To demonstrate the feasibility of deploying the system on everyday computing platforms without GPU 

acceleration. 

This research contributes to the growing body of work on computer vision for automotive safety by delivering 

a practical, scalable solution. 

II. LITERATURE REVIEW: 

Research on driver drowsiness detection falls broadly into three main domains: physiological monitoring, 

vehicular behavior analysis, and visual behavior-based approaches. Among these, vision-based systems 

have recently gained prominence due to their non-intrusive nature and potential for real-time 

implementation using low-cost cameras. 

 

a. Physiological Monitoring 

Early work in this domain focused on biological signals like Electroencephalogram (EEG), 

Electrooculogram (EOG), and heart rate variability. Lal and Craig (2001) demonstrated high correlation 

between EEG rhythms and fatigue levels. However, such systems often require wearable sensors and invasive 

setups, making them unsuitable for real-time deployment in consumer vehicles. Despite their accuracy, the 

discomfort and maintenance of sensor-based systems limit their practical use. 

 

b. Vehicular Behavior Analysis 

Another line of research monitors driving patterns—such as steering angle, lane position, or braking 

behavior—to infer fatigue. For example, Wierwille et al. (1994) developed models using steering variability 

to detect drowsiness. These systems work well in simulation or controlled environments but are highly 

dependent on vehicle type and road conditions, reducing generalizability. 

 

c. Visual Behavior-Based Detection 

With advancements in computer vision and machine learning, facial behavior-based methods have 

become the most practical for real-time driver monitoring. These systems typically rely on facial features like 

eye closure duration, blinking frequency, and yawning. 

i. Soukupová and Čech (2016) introduced a real-time eye blink detector using Eye Aspect Ratio 

(EAR) calculated from facial landmarks. This simple geometric method has become foundational for many 

real-time drowsiness systems. 

ii. Park et al. (2018) implemented a CNN-LSTM architecture to classify drowsiness levels from 

video sequences, achieving high temporal accuracy but requiring GPU acceleration. 

iii. Zhang et al. (2021) integrated MobileNetV2 with facial keypoint regression, demonstrating that 

lightweight CNNs can achieve decent accuracy but still require model training and deployment pipelines. 

iv. YOLOv8-based facial keypoint detectors (2023) have shown real-time landmark tracking with 

impressive accuracy, but they depend on hardware accelerators and cloud-based inference models, which are 

unsuitable for offline systems. 

 

d. Gaps and Limitations 

While existing vision-based systems achieve good accuracy, many require deep learning models that 

are computationally intensive and unsuitable for low-power, embedded platforms. Additionally, some 

methods are optimized for ideal lighting and fail in varied or real-world conditions. Very few systems combine 

multiple facial cues (eye, mouth, head) in a threshold-based lightweight framework that runs on CPU-

only environments. 

 

 Research Contribution 

 

Our work addresses these gaps by proposing a non-intrusive, camera-only system that combines: 

 Eye Aspect Ratio (EAR), 

 Mouth Aspect Ratio (MAR), and 

 Head Pose Estimation 
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using lightweight libraries such as Dlib, SciPy, and OpenCV, requiring no GPU or complex deep learning 

infrastructure. 

Compared to deep learning models like MobileNetV2 or CNN-LSTM classifiers, our system: 

 Runs entirely on CPU at ~12 FPS 

 Provides a faster alert response time (~1.1 sec) 

 Maintains 92.6% accuracy with 94.1% sensitivity 

This approach makes our solution ideal for integration into low-cost vehicles, smart helmets, and edge-

based safety systems, addressing real-world deployment challenges that current literature does not fully 

solve. 

 

III. METHODOLOGY: 

A. Research Design and Approach 

This study adopts an experimental and system design approach to develop and evaluate a real-time driver 

drowsiness monitoring system using facial behavioral cues. The solution is built using computer vision and 

machine learning techniques to detect drowsiness based on three key indicators: eye closure (EAR), mouth 

opening (MAR), and head pose deviation. The primary goal is to create a lightweight, non-intrusive, and 

hardware-efficient model that can run on consumer-grade devices in real-time. 

 

B. Tools and Libraries Used 

The proposed system was developed in Python 3.7+ using the following key libraries: 

 OpenCV 4.5.2.52: For real-time video capture and image processing. 

 Dlib: For facial landmark detection using a pre-trained 68-point shape predictor model. 

 SciPy: For calculating Euclidean distances between facial points. 

 Imutils: For image resizing and convenience functions. 

 Tkinter: For graphical user interface development. 

 Winsound: For generating audio alerts on Windows systems. 

The system requires installation of Visual Studio with C++ tools and CMake for compiling Dlib, as outlined 

in the requirement.txt. 

 

C. Data Collection and Sources 

No pre-existing dataset was used for this project. Instead, live data was collected using a standard 

webcam to record driver facial behaviors. The participants were volunteers aged 21–45 who were asked to 

simulate natural drowsiness-related behaviors such as slow blinking, yawning, and head nodding in front of a 

laptop webcam under various lighting conditions. 

Each session lasted approximately 5–10 minutes and was recorded to visually confirm accuracy. The 

system operates on a frame-by-frame basis, analyzing each frame to extract facial landmarks and compute 

EAR, MAR, and head pose in real-time. 

 

D. Selection Criteria 

Participants were selected on the basis of availability and willingness to participate in simulated driving 

conditions. Ethical guidelines were followed, including obtaining informed consent and ensuring no 

personally identifiable data was stored. Since no biometric data was recorded or stored, no formal IRB 

approval was required. 

 

E. System Workflow and Steps 

The detection workflow proceeds as follows: 

1. Video Capture: Webcam input is continuously read using cv2.VideoCapture(). 

2. Preprocessing: Each frame is resized and converted to grayscale. 

3. Face and Landmark Detection: 

o Dlib’s frontal face detector identifies the face. 

o The 68-point facial landmark model is used to locate the eyes, mouth, and nose. 

4. Feature Calculation: 

o EAR is calculated using 6 points around each eye. 

o MAR is calculated using 12 mouth landmarks. 

o Head pose is estimated by comparing the nose point to the center of the eyes. 

5. Threshold Comparison: 

o EAR < 0.25 for ≥10 consecutive frames triggers a drowsiness alert. 
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o MAR > 0.75 indicates yawning. 

o A head tilt (offset > 25 pixels or nose drop > 20 pixels) also triggers an alert. 

6. Alert System: An audible beep is played using winsound.Beep() when any condition is satisfied. 

7. GUI Feedback: Real-time status is displayed on a Tkinter window with color-coded messages and 

EAR/MAR values. 

 

F. Data Analysis 

The system logs the number of yawns, EAR/MAR values, and alert events during each test session. 

Accuracy, sensitivity, and response time were evaluated by manually comparing detected events against real-

time video. The following metrics were used: 

 Detection Accuracy (%) 

 Sensitivity / Recall 

 Average Response Time (seconds) 
Statistical measures such as true positives, false positives, and false negatives were recorded to compute 

these metrics. 

 

G. Ethical Considerations 

 All participants provided verbal consent to be recorded. 

 No biometric or facial data was saved or transmitted. 

 The system was tested only in a simulated environment, ensuring no risk to human safety. 

 

H. Replication Information 

To replicate the study, researchers will need: 

 A Windows PC with a webcam 

 Visual Studio 2019 with C++ workload 

 CMake 

 Python 3.7+ 

 Required libraries as per requirement.txt 

 The script DrowsinessDetector.py with the Dlib model file shape_predictor_68_face_landmarks.dat 

This setup allows end-to-end testing and validation of the proposed system on new participants or 

environments. 

 

 
Fig:Flow chart 

 

IV. ALGORITHM: 

A. PROBLEM DEFINITION 

The objective of the proposed algorithm is to detect driver drowsiness in real time using a webcam-

based monitoring system. It solves the problem of non-intrusive fatigue detection by analyzing visual 

behavioral cues—eye closure, yawning, and head pose deviation without requiring wearable sensors or 

deep learning models. It ensures rapid decision-making using geometric facial metrics, enabling low-

latency operation on CPU-only systems, ideal for embedded vehicular safety devices. 

B. Inputs, Outputs, and Key Parameters 

 Input: Real-time video stream from a webcam (RGB frames) 

 Outputs: Audio alert + GUI status message upon drowsiness detection 
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 Key Parameters: 
o EAR_THRESHOLD = 0.25 

o EAR_CONSEC_FRAMES = 10 

o MAR_THRESHOLD = 0.75 

o HEAD_TILT_THRESHOLD = 25 (horizontal), HEAD_DOWN_THRESHOLD = 20 

(vertical) 

C. Step-by-Step Description 

1. Initialize the system and GUI. 

2. Capture video frames from the webcam. 

3. Detect face in each frame using Dlib's frontal face detector. 

D. Extract 68 facial landmarks using Dlib's shape predictor. 

1) Compute features: 

o EAR (Eye Aspect Ratio) from eye landmarks. 

o MAR (Mouth Aspect Ratio) from mouth landmarks. 

o Head Pose Deviation using nose and eye center positions. 

2)Check thresholds: 

o If EAR < 0.25 for 10 consecutive frames → flag eye closure. 

o If MAR > 0.75 → flag yawning. 

o If nose shifts >25 px (sideways) or drops >20 px (down) → flag head nodding. 

3)If any flag is active, play audio alert and update GUI status. 

4)Loop until program is terminated. 

 

E. Pseudocode 

Algorithm DrowsinessDetectionSystem 

Input: Live video stream from webcam 

Output: Audio alert and GUI update if drowsiness is detected 

 

1. Initialize Dlib face detector and shape predictor 

2. Start webcam capture 

3. Set EAR, MAR, and head pose thresholds 

4. While webcam is active: 

    a. Read current frame and convert to grayscale 

    b. Detect face using Dlib 

    c. If face detected: 

        i. Extract 68 facial landmarks 

        ii. Compute EAR from eye points 

        iii. Compute MAR from mouth points 

        iv. Compute head pose offset from nose and eye center 

        v. If EAR < 0.25: 

            Increment eye_frame_counter 

        Else: 

            Reset eye_frame_counter 

        vi. If eye_frame_counter ≥ 10 or MAR > 0.75 or head pose exceeds limits: 

            Play alert sound 

            Update GUI status with “Drowsiness Detected” 

    d. Display frame with status overlays 

5. End 

 

F. Unique Aspects and Improvements 

 Multi-feature fusion: Unlike single-cue systems, this algorithm monitors eyes, mouth, and head 

orientation simultaneously for greater accuracy. 

 Threshold-based decision logic: Eliminates the need for training data, neural networks, or GPUs. 

 Real-time performance on low-power devices: Capable of ~12 FPS on standard CPUs. 

 Lightweight dependencies: Uses only OpenCV, Dlib, and SciPy without any heavy ML libraries. 
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G. Complexity Analysis 

 Time Complexity (per frame): 
o Face detection: O(1) (via precompiled Dlib detector) 

o Landmark extraction: O(n), where n = 68 (constant) 

o EAR/MAR/head pose calculation: O(1) 

→ Overall: O(1) per frame, suitable for real-time systems. 

 Space Complexity: 
o Dependent on frame size (e.g., 640×480), landmarks, and GUI buffer 

→ Overall: O(1) per frame, constant memory usage 

 

Example 

Suppose a driver’s EAR value drops from 0.31 to 0.21 for 12 consecutive frames. 

Simultaneously, MAR reaches 0.82 and the nose shifts 30 pixels downward. 

→ The algorithm triggers a beep alert and updates the GUI to “Drowsiness Detected: Eyes Closed & 

Yawning” and “head motion”. 

 

V. RESULTS AND DISCUSSION 

 

The real-time driver drowsiness detection system developed in this study was tested extensively under 

controlled environments to evaluate its accuracy, responsiveness, and practical viability. The system operates 

by capturing visual cues from the driver’s face and analyzing behavioral indicators such as eye closure, mouth 

opening, and head movement. 

 

1. Performance Summary 

 

Testing was conducted across 10 subjects simulating fatigue-related behaviors. The model processed 

approximately 10,000 frames from webcam input. The system achieved a detection accuracy of 92.6%, with a 

sensitivity of 94.1%, and maintained an average detection delay of just 1.1 seconds. The processing rate of 

approximately 12 frames per second (FPS) on a standard CPU-based system confirms the system's suitability 

for real-time deployment without the need for specialized hardware. 

 

These results validate the model’s ability to respond quickly and reliably in real-world scenarios, fulfilling the 

primary objective of enabling prompt intervention to prevent drowsiness-induced accidents. 

 

2. Comparative Evaluation 

 

The system’s performance was compared with several modern approaches: 

 

Method Accuracy Sensitivity Hardware Needed Real-Time 

Capable 

YOLOv8 

Landmark 

Tracker 

93.8% 91.5% GPU Required Moderate 

MobileNet-

V3 Eye 

Detection 

90.3% 89.8% Optimized 

EdgeDevice 

Moderate 

CNN-LSTM 

Fatigue 

Classifier 

89.2% 87.5% CPU + GPU Limited 

Proposed 

System (Dlib 

+ SciPy) 

92.6% 94.1% Standard CPU Only High 

 

Compared to deep learning-based alternatives, the proposed system offers a strong balance of efficiency, 

accuracy, and speed, with the added advantage of low hardware dependency. It maintains performance across 

diverse facial orientations and varying lighting, while being simple to deploy in everyday applications such 

as smart helmets, dashboard systems, or mobile devices. 
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3.Contextual Relevance 

Traditional systems often depend on physiological sensors or heavy machine learning models that, while 

accurate, suffer from limitations such as cost, discomfort, and processing delay. Vision-based models like 

CNN-LSTM and YOLOv8 are effective but demand significant computational resources and are less suited 

for real-time processing on embedded systems. 

In contrast, this work combines the simplicity of geometric analysis with high accuracy by using Eye 

Aspect Ratio (EAR), Mouth Aspect Ratio (MAR), and head position metrics to detect drowsiness. These 

features are calculated using facial landmarks extracted through Dlib’s pre-trained model, making the process 

computationally light yet effective. 

 

4.Implications and Significance 

The study demonstrates that reliable drowsiness detection is achievable using affordable hardware and 

open-source tools. The ability to detect signs of fatigue without requiring deep learning models or biometric 

sensors significantly lowers the barrier to adoption in resource-limited settings. This makes the system highly 

applicable for integration into low-cost vehicles, public transport fleets, and personalized driver safety devices. 
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VII. CONCLUSION   

This study introduces an efficient and real-time driver drowsiness monitoring system that leverages facial 

behavior analysis using webcam input. By extracting visual features such as the Eye Aspect Ratio (EAR), 

Mouth Aspect Ratio (MAR), and head orientation through facial landmark detection, the system can identify 

early signs of fatigue. Built using lightweight open-source tools (OpenCV, Dlib, SciPy), it operates smoothly 

on standard CPU hardware without relying on GPUs or specialized sensors. 

The system demonstrated a strong performance with a 92.6% accuracy and 94.1% sensitivity, processing 

at 12 frames per second, which is sufficient for real-time applications. Compared to recent deep learning 

models, the proposed method offers a practical alternative with faster processing, lower cost, and ease of 

deployment—particularly suitable for use in budget vehicles or embedded platforms like smart helmets and in-

vehicle safety systems 

VIII. FUTURE WORK 

While the current system performs reliably under controlled conditions, further enhancements can increase its 

robustness and applicability: 

 

 Vehicle Integration: The system can be connected to vehicle safety features such as alert systems or 

ignition control to provide real-time driver intervention. 

 

 Low-Light and Occlusion Handling: Future enhancements could include night vision or infrared 

camera support to improve detection accuracy in dark or obstructed conditions. 

 

 Hybrid Models: Combining geometric feature-based detection with lightweight deep learning models 

(e.g., MobileNet, EfficientNet) may improve accuracy across a broader range of users. 

 

 Edge and Mobile Deployment: Optimizing the application for platforms like Raspberry Pi or mobile 

devices would enable wider use in portable or embedded systems. 

 

 Fatigue Trend Monitoring: Tracking behavioral patterns over time could help predict drowsiness 

before it reaches critical levels, rather than responding only to immediate symptoms. 
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 Multi-Sensor Fusion: Integrating the system with other data sources such as heart rate, steering 

behavior, or yaw rate could enhance the reliability of fatigue detection. 

 

 Real-World Testing: Expanding testing to include diverse real-world scenarios and a larger user base 

would validate system performance and support further development. 

 

These improvements can help transition the system from a prototype to a fully deployable safety solution 

with broader impact in road safety technologies 
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