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Abstract —- Driver drowsiness is one of the leading causes of road accidents worldwide. Long hours behind
the wheel, lack of sleep, and monotonous driving conditions can significantly reduce alertness, slowing
reaction times and impairing decision-making. To address this, we propose a non-intrusive, camera-based
system that monitors driver alertness using computer vision techniques implemented with OpenCV. The
system tracks facial features, particularly eye closure and blinking behavior, to assess drowsiness in real
time. The Eye Aspect Ratio (EAR) is used as a reliable indicator to detect prolonged eye closure, which
signals fatigue. Experiments demonstrate that the system accurately detects drowsy states and issues timely
alerts, offering a practical and cost-effective solution for enhancing road safety and intelligent driver
monitoring.

Index Terms —  Driver Drowsiness Detection, OpenCV, Computer Vision, Eye Aspect Ratio, Fatigue
Detection, Camera-Based Systems.

l. INTRODUCTION

Road traffic accidents remain a major global public safety issue, causing thousands of fatalities and
serious injuries every year. Among the various contributing factors, driver fatigue is recognized as one of the
most critical yet preventable causes of accidents. Drowsy driving reduces alertness, slows reaction times,
impairs judgment, and increases the likelihood of severe collisions. Long hours on the road, irregular sleep
patterns, and monotonous driving conditions exacerbate the problem, making it a persistent challenge for
traffic safety authorities worldwide.

Traditional safety measures, such as periodic rest breaks, traffic signage, or driver education campaigns,
provide limited protection against fatigue-induced accidents. These approaches rely heavily on human
compliance and cannot detect or respond to the onset of drowsiness in real time. Consequently, there is an
urgent need for intelligent monitoring systems that can continuously assess driver alertness and provide
timely interventions before accidents occur.

Advances in computer vision and artificial intelligence have made it possible to develop automated
systems that monitor drivers non-intrusively. Among the available technologies, camera-based monitoring
systems are particularly promising due to their simplicity, cost-effectiveness, and ability to operate
continuously without distracting the driver. By analyzing facial cues such as eye closure, blink frequency,
and gaze patterns, these systems can detect early signs of fatigue and issue alerts to prevent accidents.

This work focuses on designing and implementing a vision-based driver drowsiness detection system
using OpenCV. The system leverages the Eye Aspect Ratio (EAR) as a primary indicator of prolonged eye
closure, a strong signal of fatigue. Unlike wearable or intrusive methods, the proposed system captures real -
time visual information without affecting the driver’s comfort. By generating timely warnings upon detecting
drowsiness, the system can significantly reduce the risk of fatigue-related crashes, improve overall road
safety, and serve as a practical component of modern intelligent driver assistance systems.

Furthermore, the proposed system is adaptable to different vehicle environments and lighting conditions,
making it suitable for widespread deployment. Its lightweight and cost-effective design ensures that it can be
integrated into both commercial and personal vehicles, providing an accessible solution for enhancing driver
safety across diverse road conditions and driving scenarios.
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Il. LITERATURE REVIEW

Driver drowsiness detection has received considerable attention in recent years due to its critical role in
road safety. Various approaches leveraging computer vision, machine learning, and deep learning have been
proposed to monitor driver alertness in real time. The following studies provide a comprehensive overview of
existing techniques, their strengths, and limitations.

Sawant et al. [1] developed a real-time driver drowsiness detection system using OpenCV and MediaPipe,
where the Eye Aspect Ratio (EAR) was employed as the primary metric to monitor eye closure. The system
successfully tracked eye behavior and triggered alerts during prolonged closure, demonstrating practical
applicability for continuous monitoring. Its lightweight design made it suitable for real-time implementation;
however, the system’s accuracy was sensitive to lighting variations, particularly under low-light or nighttime
conditions, highlighting a common challenge in vision-based systems.

Zaman et al. [2] introduced a deep convolutional neural network (DCNN)-based framework that analyzed
both eye and mouth states to identify drowsy drivers. By learning deep facial features, the model achieved
high accuracy in distinguishing drowsy and alert states. This study demonstrated the effectiveness of deep
learning for capturing subtle fatigue cues. Nevertheless, the high computational requirements limited its
feasibility for deployment on low-power embedded platforms or vehicles without GPU support.

Sengar et al. [3] proposed the VigilEye system, an Al-driven framework combining OpenCV with
convolutional neural networks. The system analyzed multiple facial cues, including eye and mouth
movements, to detect driver fatigue in real time. VigilEye provided timely alerts to prevent accidents,
showing the potential of multi-cue Al systems. Despite its high precision, the need for GPU acceleration
increased hardware dependency, which may limit scalability for widespread automotive applications.

Pooja D.C et al. [4] developed a simple and cost-effective drowsiness detection system using OpenCV and
Haar Cascade classifiers. The system monitored blink duration and triggered alarms when fatigue was
detected. While accessible for real-time deployment, the method struggled with drivers wearing spectacles or
glasses, often resulting in false positives or missed detections, highlighting limitations in geometric-based
approaches.

Ma’ajid and Khowarizmi [5] proposed a hybrid approach integrating EAR with convolutional neural
networks using OpenCV and FaceMesh. By combining geometric measurements and deep learning features,
the system achieved higher detection accuracy compared to purely geometric or purely deep learning
methods. However, challenges remained in handling occlusions caused by hands, masks, or head movements,
which occasionally led to missed drowsiness detections. The study emphasized the potential of hybrid
models for robust real-time monitoring.

Abbas and Ramya [6] implemented a CNN-based driver drowsiness classification system using OpenCV
and Keras. The system effectively categorized drowsy and alert states using features extracted from facial
images, demonstrating the utility of deep learning for fatigue detection. A major limitation was the use of a
limited dataset, which affected the model’s ability to generalize across diverse drivers, highlighting the need
for larger and more varied datasets.

Safarov et al. [7] developed a vision-based system that analyzed both eye blinking patterns and yawning
behavior using facial landmarks. By combining multiple behavioral indicators, the system improved
reliability over single-cue models. However, detection accuracy decreased under variations in head pose or
face orientation, demonstrating the challenges of real-world deployment where drivers frequently move their
heads.

Kumar et al. [8] proposed an EAR-based thresholding approach using traditional machine learning
techniques to detect driver fatigue. The method was computationally efficient and suitable for real-time
applications, but its reliance on fixed thresholds reduced adaptability to different drivers, eye shapes, and
varying lighting conditions. This study highlighted the trade-off between simplicity and flexibility in
threshold-based systems.
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Sruthi et al. [9] presented a deep learning-based vision system capable of automatically extracting facial
features to classify drowsiness states. The approach achieved good accuracy but required large amounts of
labeled training data and high computational resources, which can limit deployment in cost-sensitive
scenarios.

Navya Kiran et al. [10] implemented a non-intrusive camera-based system using the PERCLOS metric,
which measures eye closure duration to assess fatigue. The system performed effectively under normal
lighting but suffered reduced accuracy during night driving or in poorly illuminated environments,
underscoring the challenges of low-light operation in vision-based systems.

Deng and Wu [11] proposed a real-time framework using convolutional neural networks to analyze facial
features for drowsiness detection. The system achieved promising results in controlled environments;
however, it relied on high-performance hardware, which may not be feasible for low-cost vehicle
implementations.

Sahayadhas et al. [12] provided a comprehensive survey of driver fatigue detection techniques, covering
physiological (EEG, heart rate), behavioral (eye and head movements), and vehicle-based (steering patterns)
approaches. The study offered valuable insights into the strengths and limitations of existing methods but did
not include a real-time implementation or experimental validation.

Park et al. [13] developed a CNN-based eye state classification system using OpenCV. The system
accurately distinguished between open and closed eyes under controlled conditions, yet its performance was
sensitive to camera placement and angle, highlighting the practical challenges of in-vehicle deployment.

Wang et al. [14] proposed a vision-based driver monitoring system that combined multiple facial cues,
including eye closure, head pose, and gaze direction. By integrating multiple indicators, the system improved
reliability and reduced false alarms. However, the added computational complexity posed challenges for real -
time deployment on standard vehicle hardware.

Dwivedi et al. [15] presented a CNN-based framework for drowsiness detection across benchmark
datasets. The system demonstrated effective fatigue detection, but dataset bias affected generalization in real -
world scenarios, emphasizing the need for diverse and representative datasets for robust system performance.

Overall, these studies reveal a clear trend toward combining geometric indicators (such as EAR and
PERCLOS) with deep learning techniques for more accurate and robust drowsiness detection. While single-
cue geometric approaches are computationally efficient, they often struggle with occlusions, spectacles, and
lighting variations. Deep learning models provide higher accuracy but require significant computational
resources and large datasets. Hybrid models that integrate multiple cues and learning techniques offer a
promising direction for practical, real-time driver monitoring systems.

IJEDR2601241 | International Journal of Engineering Development and Research (www.ijedr.org) | 910



http://www.ijedr.org/

ISSN:2321-9939 | ©]JEDR 2026

January 2026, Volume 14, Issue 1 | www.ijedr.org

Table
TABLE I. LITERATURE REVIEW
S.No. AUt:I(Z;(:) & Methodology Key Features Advantages Limitations
OpenCV + b Computationally || Sensitive to lighting
. Real-time eye - . o
Sawant et al., || MediaPipe, Eye e efficient, suitable for| variations; reduced
1 . monitoring, EAR- . .
2020 [1] Aspect Ratio based alert svstem real-time accuracy in low-
(EAR) y deployment light conditions
Deep Eye and m0l_Jth High classification High co_mputatlonal
5 Zaman etal., || Convolutional state analysis, accuricy fortirows requirements;
2020 [2] Neural Network deep feature 7 a?lert states Y1l unsuitable for low-
(DCNN) learning ' power platforms
OpenCV + CNN || Multi-cue facial Accurqte fat|_gue Reqm.rgs GPU
3 Sengar etal., (VigilEye . detection using support; increased
2019 [3] gy ' multiple facial hardware
system) alerts
features dependency
Eye blink
+
Pooja D.C et OpenCV + Haar duration Simple and cost- Poor p('arforma.nce
4 Cascade o : for drivers with
al., 2018 [4] o monitoring, alarm effective
Classifiers . spectacles or glasses
on drowsiness
Ma’ajid & Hybrid EAR + Comb!nes Improved detection Occlusion issues
. CNN using geometric and accuracy over
5 || Khowarizmi, . . from hands, masks,
OpenCV & deep learning single-method
2021 [5] or head movements
FaceMesh features approaches
Abbas & . Facial feature . Limited dataset
CNN using . Effective drowsy vs. reduces
6 | Ramya, 2020 extraction and o .
OpenCV + Keras e alert categorization generalization
[6] classification )
across drivers
Eye blinking +
7 Safarov et al., |[yawning analysis || Multi-behavioral || More reliable than Acgurr?;:;/ dre((j)l;;:ed
2019 [7] via facial indicator fusion || single-cue methods y . P
variations
landmarks
EAR-based . Lightweight and fast Fixed threshol_d_s
Kumar et al., . Real-time eye . reduce adaptability
8 thresholding + i for real-time ) i
2018 [8] o closure detection o to different drivers
traditional ML monitoring L
and lighting
i i . Requires large
Sruthi et al., Deep Iea_rn_lng Automa‘Flc feature|| High accu_racy for datasets and high
9 based vision extraction from drowsiness .
2020 [9] L e computational
system facial images classification
resources
IJEDR2601241 | International Journal of Engineering Development and Research (www.ijedr.org) | 911



http://www.ijedr.org/

ISSN:2321-9939 | ©]JEDR 2026

January 2026, Volume 14, Issue 1 | www.ijedr.org

S.No. Aut?{c;;(rs) & Methodology Key Features Advantages Limitations
Navya Kiran ||[PERCLOS-based|| Eye closure ) . Reduced accuracy at
. . . Non-intrusive and | .
10 || etal., 2019 non-intrusive duration ) night or under poor
o simple . —
[10] system monitoring illumination
Dependent on high-
11 Deng & Wu, || CNN + facial ||Real-time fatigue || Promising accuracy performance
2020 [11] feature analysis detection with deep learning || hardware; not low-
cost friendly
Covers .
Survey of fatigue hysiological Comprehensive No real-time
Sahayadhas et y of lalig el 0 P! implementation or
12 detection behavioral, understanding of .
al., 2012 [12] i . = experimental
techniques vehicle-based existing methods N
validation
approaches
CNN-based eye Accurate in Sensitive to camera
Park et al., Open vs. closed
13 state . controlled placement and angle
2019 [13] — eye classification . -
classification environments variations
. - Eye closure, gaze || Improved reliability High computa.tlo'nal
14 Wang et al., ||Multi-cue vision- direction. head by combinin complexity limits
2020 [14] based DMS o y combining real-time
pose integration || multiple indicators
deployment
Dwivedi etal.,|| CNN-based Fatigue detection Effective detection Dataset b.' as Ted“.ces
15 on benchmark generalization in
2020 [15] framework across datasets .
datasets real-world scenarios

I11. PROBLEM STATEMENT

Despite significant advancements in driver drowsiness detection, existing systems continue to face several
critical challenges. Many solutions are either intrusive, requiring wearable sensors that may distract or
inconvenience the driver, or computationally intensive, making real-time deployment difficult in standard
vehicles. Some systems rely on expensive hardware such as high-resolution cameras or GPU-enabled deep
learning frameworks, which limits their accessibility and widespread adoption.

Additionally, many current approaches struggle to maintain accuracy under varying real-world conditions,
such as low-light environments, occlusions caused by hands, glasses, or masks, and diverse driver behaviors.
These limitations reduce the reliability and practicality of existing systems, particularly in large-scale, real-
time applications.

Therefore, there is a clear need for a lightweight, cost-effective, and non-intrusive drowsiness detection
system that can operate accurately in real time across diverse driving conditions. Such a system should
balance computational efficiency with robust performance, enabling widespread deployment in modern
intelligent driver assistance systems (IDAS) to enhance road safety and reduce fatigue-related accidents.
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IV. OBJECTIVES

The primary objective of this research is to develop a non-intrusive, real-time driver drowsiness detection
system that can enhance road safety by monitoring driver alertness effectively and efficiently. To achieve this
goal, the study focuses on the following specific objectives:

e Design a camera-based monitoring system that does not interfere with the driver’s comfort or
driving experience.

e Detect eye closure and blinking patterns in real time using computer vision techniques
implemented through OpenCV.

e Compute the Eye Aspect Ratio (EAR) to quantitatively assess drowsiness and identify prolonged
eye closure events.

e Trigger timely alerts when the system detects signs of fatigue, enabling preventive action to avoid
accidents.

e Develop a cost-effective and efficient real-time solution suitable for practical deployment in
vehicles without requiring high-end hardware.

e By addressing these objectives, the proposed system aims to provide a practical, accurate, and
lightweight solution that can operate under diverse driving conditions and contribute to reducing
fatigue-related road accidents.

V. PROPOSED METHODOLOGY

Driver drowsiness detection using a vision-based approach involves continuous monitoring of facial
features to classify the driver’s alertness state in real time. The proposed system follows a structured
workflow encompassing image acquisition, feature extraction, and decision-making, designed to provide
accurate, lightweight, and practical real-time monitoring. The methodology is divided into eight key stages:

1. Data Collection

The system captures real-time video of the driver using a front-facing camera mounted inside the vehicle.
The video data includes variations in eye openness, blinking patterns, and head orientation under typical
driving conditions. By acquiring live data rather than relying on pre-recorded datasets, the system adapts to
different drivers and driving environments, ensuring practical deployment and real -time responsiveness.

2. Data Preprocessing

The quality of input frames significantly affects detection accuracy. The video stream is split into
individual frames, which are then pre-processed to enhance facial feature visibility. Each frame is converted
from RGB to grayscale to reduce computational load. Noise removal, contrast normalization, and
illumination correction are applied to improve feature clarity and mitigate challenges such as minor motion
blur or uneven lighting conditions.

3. Face Detection

Pre-processed frames are analyzed to locate the driver’s face using OpenCV-based detection techniques,
such as Haar Cascade classifiers or Histogram of Oriented Gradients (HOG). Accurate identification of the
region of interest (ROI) ensures that subsequent feature extraction focuses only on relevant facial areas.
Errors in face detection can propagate through the system, affecting overall performance, so this step is
critical.
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4. Facial Landmark Detection

Once the face is localized, facial landmark detection algorithms identify key points around the eyes—
typically six points per eye. These landmarks provide geometric information essential for tracking eye
movement, blinking patterns, and dynamic changes in eye openness. This step enables precise, frame-by-
frame analysis of eye behavior over time.

5. Feature Extraction and Data Conversion

The Eye Aspect Ratio (EAR) is computed using the extracted eye landmarks. EAR quantifies eye
openness and serves as the primary feature for drowsiness detection. During normal blinking, EAR fluctuates
minimally, whereas prolonged eye closure leads to a significant drop in EAR. The landmark coordinates are
converted into numerical values, allowing for efficient real-time processing.

6. Drowsiness Detection and Decision Making

The system continuously monitors EAR values and compares them to a predefined threshold. If the EAR
remains below the threshold for a specified duration, the driver is classified as drowsy. A counter-based
mechanism differentiates between normal blinks and sustained eye closure, reducing false alarms and
ensuring reliable classification of alert versus drowsy states.

7. Alert Generation

Upon detecting drowsiness, the system activates a driver alert mechanism, which may include audio
alarms, visual warnings, or both. Immediate feedback helps regain the driver’s attention, preventing potential
accidents caused by fatigue.

8. Model Evaluation and System Validation

The proposed system is evaluated under real-time conditions to assess detection accuracy, response time,
and robustness under varying lighting and driver behaviors. Experimental results demonstrate reliable
performance with low computational overhead, confirming the system’s suitability for practical deployment
in modern intelligent driver assistance systems (IDAS).

VI. MATHEMATICAL MODEL (EYE ASPECT RATIO - EAR)

The Eye Aspect Ratio (EAR) is a widely used geometric metric for assessing the openness of the
driver’s eyes in real time. It provides a simple yet effective measure for detecting drowsiness by analyzing
eye landmarks extracted from facial images.

Definition and Computation

For each eye, six key facial landmark points—denoted as pl to p6 —are identified using a facial
landmark detection algorithm. These points correspond to the corners and upper/lower eyelids of the eye.
The EAR is calculated as the ratio of vertical to horizontal eye distances, capturing how open or closed the
eye is at any given moment. Mathematically, EAR is defined as:

P2 — Peil + |iPs — P

EAR —
2% ||p1 — ps

where:
e pland p4 are the horizontal endpoints of the eye,
e p2,p3 are points on the upper eyelid, and
e p5,p6 are points on the lower eyelid.
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Interpretation

Open Eye: EAR remains approximately constant when the eye is open.

Closed Eye: EAR decreases significantly during eye closure.

Drowsiness Detection: A sustained EAR below a predefined threshold for a specific duration
indicates prolonged eye closure, which is classified as driver drowsiness.

This metric is computationally lightweight, robust, and suitable for real-time monitoring, making it ideal

for camera-based driver drowsiness detection systems. Its simplicity allows for quick calculation without
the need for heavy processing, while its reliability ensures accurate detection of fatigue-related eye closure.

VII. ADVANTAGES OF THE PROPOSED SYSTEM

The proposed camera-based driver drowsiness detection system offers several notable benefits that make
it practical, efficient, and suitable for real-world deployment:

Non-intrusive Monitoring: The system does not require any wearable sensors or physical contact with
the driver, ensuring comfort and ease of use.

Cost-Effective Implementation: A single camera is sufficient to capture real-time facial features,
minimizing hardware costs and making the solution affordable for widespread adoption.

Real-Time Operation: The lightweight design and computationally efficient algorithms allow
continuous monitoring and instant detection of drowsiness without significant processing delays.
Simple and Interpretable Mechanism: The Eye Aspect Ratio (EAR) provides a straightforward yet
reliable indicator of eye closure, enabling transparent decision-making and easier system
understanding.

Seamless Integration: The proposed system can be easily incorporated into existing vehicle
monitoring or driver assistance frameworks, supporting enhanced safety features without major
modifications.

By combining accuracy, simplicity, and affordability, the system provides a robust platform for preventing
fatigue-related accidents while maintaining practical feasibility for deployment in modern vehicles.

VIII. LIMITATIONS

Although the proposed driver drowsiness detection system demonstrates reliable performance and
practical applicability, it has several limitations that need to be considered:

Lighting Sensitivity: The system’s accuracy can be compromised under poor or uneven lighting
conditions, such as night driving or harsh sunlight.

Obstructions: Detection performance is reduced when the driver wears sunglasses or other accessories
that partially obscure the eyes.

Feature Scope: The current approach focuses primarily on eye-based features (e.g., EAR) and does
not incorporate other physiological or behavioral fatigue indicators such as head nodding, yawning, or
heart rate.

Camera Dependence: Detection is sensitive to camera positioning and head pose variations, which
can affect the reliability of facial landmark extraction.

Occlusion Challenges: Hand movements, masks, or other obstructions may partially block facial
landmarks, reducing detection accuracy.

Addressing these limitations in future work can further enhance the system’s robustness and enable more
comprehensive, real-world driver monitoring under diverse conditions.

IX. FUTURE SCOPE

The proposed driver drowsiness detection system provides a solid foundation for real-time monitoring, but
several enhancements can further improve its accuracy, robustness, and practical applicability. Potential
future directions include:

Yawning Detection: Incorporating mouth aspect ratio analysis to identify yawning can provide an
additional behavioral indicator of fatigue.
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Head Pose and Gaze Tracking: Estimating head orientation and gaze direction can enhance detection
accuracy, particularly when drivers move their heads or look away from the road.

Night-Time Monitoring: Using infrared (IR) cameras can improve performance under low-light or
nighttime driving conditions.

Deep Learning Integration: Adoption of convolutional neural networks (CNNs) or long short-term
memory networks (LSTMSs) can enable adaptive learning and improve detection of complex fatigue patterns.

Embedded Platform Deployment: Implementing the system on lightweight, low-power devices such as
Raspberry Pi or NVIDIA Jetson would allow real-time, in-vehicle operation without high-end computing
hardware.

Multi-Modal Fatigue Detection: Combining eye-based features with other behavioral and physiological
indicators, such as heart rate or head nodding, can create a more comprehensive and reliable monitoring
system.

By exploring these avenues, the system can evolve into a fully adaptive, multi-modal, and deployable
driver assistance solution, contributing significantly to road safety and the prevention of fatigue-related
accidents.

X. CONCLUSION

This paper presented a real-time, camera-based driver drowsiness detection system leveraging OpenCV
and Eye Aspect Ratio (EAR) analysis. By continuously monitoring the driver’s eye behavior, the system can
accurately identify signs of fatigue and trigger timely alerts to prevent potential accidents. The approach is
non-intrusive, cost-effective, and computationally efficient, making it suitable for practical real-time
deployment in modern vehicles.

While certain limitations remain—such as sensitivity to lighting conditions, occlusions, and reliance on
eye-based features—the proposed system establishes a solid foundation for intelligent driver monitoring
solutions. Future enhancements, including integration of yawning detection, head pose estimation, deep
learning algorithms, and multi-modal fatigue assessment, can further improve robustness and adaptability.

Overall, the system demonstrates significant potential to enhance road safety and reduce fatigue-related
accidents when incorporated into advanced driver assistance systems (ADAS), representing a step forward in
the development of intelligent, real-time driver monitoring technologies.
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