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Abstract – Road accidents caused by driver drowsiness and inattention 

are a persistent public safety concern worldwide. This paper presents 

a vision-based real-time driver monitoring system built entirely using 

OpenCV and the dlib facial landmark predictor—without relying on 

MediaPipe. The system continuously processes video frames captured 

from a standard webcam, localising the driver’s face and extracting 68 

precise facial landmarks. Eye closure is quantified through the Eye 

Aspect Ratio (EAR), while mouth behaviour is tracked via the Mouth 

Aspect Ratio (MAR). When EAR drops below a calibrated threshold 

for a sustained number of frames, an audible alert is raised to warn the 

driver. Yawning, detected by a high MAR value, serves as an additional 

cue for fatigue. Head pose estimation through landmark geometry 

provides distraction detection by flagging significant deviations from a 

frontal gaze. The approach is evaluated on the NTHU Drowsy Driver 

Detection dataset and the UTA-RLDD dataset, showing competitive 

accuracy at low computational cost. The lightweight architecture makes 

deployment feasible on embedded platforms such as Raspberry Pi. 
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1. INTRODUCTION 

Fatigue and distraction are among the most underreported yet 

statistically significant contributors to road fatalities. Surveys by 

the World Health Organization consistently indicate that drowsy 

driving rivals alcohol impairment in terms of crash severity. 

Unlike alcohol, however, fatigue accumulates gradually and is 

rarely self-detected by the driver in time to take corrective action. 

Conventional driver alert systems installed in premium vehicles 

depend on steering-wheel torque patterns or lane-departure cam- 

eras, both of which respond only after the vehicle has already 

begun to drift—by which point the reaction window may have 

passed. 

Computer-vision approaches that monitor the driver directly 

offer a more proactive alternative. By tracking the face and 

eyes in real time, such a system can detect the micro-sleep 

onset—characterised by slow eyelid closure—seconds before 

any vehicle behaviour changes. The appeal of this approach 

has grown considerably as affordable, high-resolution webcams 

and single-board computers have become mainstream. The 

challenge, therefore, is not hardware cost but rather building 

a reliable software pipeline that operates at frame rates suffi- 

cient for real-time feedback under the varied lighting and pose 

conditions encountered inside a moving vehicle. 

Many recent works lean on heavyweight deep-learning frame- 

works or proprietary toolkits that are difficult to deploy outside 

research environments. This paper deliberately builds on two 

well-established open-source libraries—OpenCV for image cap- 

ture and processing, and dlib for facial landmark regression—to 

produce a pipeline that is transparent, auditable and efficient 

enough to run on modest hardware. The Eye Aspect Ratio 

metric, introduced by Soukupova and Cech [1], is adopted as 

the core drowsiness indicator because its geometric derivation 

makes it both interpretable and fast to compute. 

 

2. LITERATURE SURVEY 

2.1 Facial Landmark-Based Drowsiness Detection 

Soukupova and Cech [1] introduced the Eye Aspect Ratio in 

2016 as a lightweight, real-time indicator of eye closure. Their 

formulation expresses EAR as the ratio of vertical eye distances 

to horizontal eye span, and they demonstrated that it drops 

sharply and consistently when the eye closes. This work es- 

tablished the conceptual backbone for landmark-based driver 

monitoring and remains widely cited because of its simplicity 

and robustness. 

2.2 Benchmark Datasets for Driver Monitoring 

Weng et al. [2] presented the NTHU Drowsy Driver Detection 

video dataset, which captures drivers under four conditions: 

with glasses, without glasses, with sunglasses and during night 

driving. The multi-condition design makes it one of the most 

realistic benchmarks for assessing drowsiness detectors, and per- 

formance on this dataset is now a standard point of comparison 

in the literature. 

Ghoddoosian et al. [3] introduced the UTA Real-Life Drowsi- 

ness Dataset (UTA-RLDD), recorded in naturalistic conditions 

with no cues given to participants about when to act drowsy. 

The spontaneous nature of the recordings makes classification 

harder but more representative of real deployment scenarios. 

2.3 OpenCV in Driver Monitoring Applications 

Zhao et al. [4] surveyed computer-vision approaches to driver 

monitoring and found that OpenCV-based pipelines occupy a 

practical middle ground between hand-crafted heuristics and 

full deep-learning systems. Their review highlighted that the 

Viola–Jones face detector combined with a landmark regressor 

achieves a balance of speed and accuracy suitable for in-

vehicle cameras operating at 25–30 fps. 

2.4 Head Pose Estimation 

Murphy-Chutorian and Trivedi [5] provided an extensive review 

of head pose estimation methods for driver assistance. They 
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concluded that landmark-based Perspective-n-Point (PnP) solu- 

tions offer reliable yaw, pitch and roll estimates when at least 

six well-defined facial points are available—a condition easily 

 
 p2 − p6 + p3 − p5  
EAR = 
2 p1 − p4 

 
(1) 

satisfied by a 68-point predictor. 

2.5 Deep Learning Extensions 

Guo et al. [6] trained a convolutional neural network on the 

closed-eye portion of the NTHU dataset and achieved 97.6% 

classification accuracy. While their result surpasses EAR-only 

approaches, the model requires a GPU for real-time inference— 

a constraint that excludes embedded deployments. The present 

work accepts a small accuracy trade-off to retain CPU-only 

operation. 

2.6 Fusion of Behavioural Cues 

Reddy et al. [7] proposed combining EAR, MAR and head nod 

frequency into a multimodal fatigue score. Their experiments on 

a 40-driver dataset showed that combining all three modalities 

reduced the false-alert rate by 23% compared to EAR alone, 

motivating the inclusion of yawn detection in the present system. 

2.7 Embedded and Real-Time Systems 

Maggioni et al. [8] ported an OpenCV-based drowsiness detector 

onto a Raspberry Pi 4 and reported sustained processing at 18 fps 

with satisfactory EAR accuracy. Their profiling showed that 

face detection, not landmark regression, is the bottleneck, and 

that using a pre-calibrated region of interest reduces processing 

time by approximately 40%. 

 

3. SYSTEM DESIGN AND METHODOLOGY 

3.1 Image Acquisition 

Frames are continuously captured from a USB or built-in we- 

bcam at 30 fps using OpenCV’s VideoCapture interface. 

Each frame is immediately converted to greyscale to reduce 

memory bandwidth and processing time. A histogram equali- 

sation step is applied to normalise brightness variation, which 

partially compensates for the wide range of ambient light condi- 

tions encountered inside a vehicle cabin. 

3.2 Face Detection 

The dlib frontal-face detector, based on a Histogram of Oriented 

Gradients (HOG) feature descriptor combined with a linear 

SVM, locates the bounding box of the driver’s face in each frame. 

The HOG+SVM combination was chosen over the OpenCV 

Haar cascade because it produces fewer false positives under 

partial occlusion and mild head rotation, both of which are 

common during normal driving. 

3.3 Facial Landmark Localisation 

Given the face bounding box, the dlib shape predictor regresses 

68 facial landmarks from the input patch. The predictor was 

trained on the iBUG 300-W dataset and provides stable localisa- 

tion of eye corners, eyelid edges, mouth corners, lip boundaries, 

nose tip and chin. Of these, the six points per eye and eight lip 

points are used in subsequent computations. 

3.4 Eye Aspect Ratio (EAR) 

Following [1], EAR for a single eye is defined as: 

where p1–p6 denote the six landmark coordinates of the eye in 

order. The bilateral average EAR is computed every frame. An 

EAR below 0.25 for 20 or more consecutive frames triggers the 

drowsiness alert. These thresholds were calibrated empirically 

on a held-out calibration set from the NTHU dataset. 

3.5 Mouth Aspect Ratio (MAR) 

Yawning is detected by computing MAR, defined as the ratio of 

the vertical lip opening to horizontal lip width, using the eight 

selected mouth landmarks. An MAR exceeding 0.6 sustained 

for 15 frames is classified as a yawn event and logged as a 

secondary fatigue indicator. 

3.6 Head Pose Estimation 

Six stable landmarks—nose tip, chin, left and right eye outer 

corners, and left and right mouth corners—are matched against 

a predefined generic 3-D face model. OpenCV’s solvePnP 

function with the EPNP algorithm resolves the rotation and 

translation vectors. Rodrigues decomposition yields Euler an- 

gles: yaw, pitch and roll. A yaw magnitude exceeding 30◦ or 

pitch exceeding 20◦ sustained for 10 frames is classified as a 

distraction event. 

3.7 Alert Mechanism 

When a drowsiness or distraction event is detected, Python’s 

pygame mixer plays a short 880 Hz tone at maximum volume 

through the system speakers. A red bounding box is simultane- 

ously overlaid on the live video feed and the text 

DROWSINESS ALERT or DISTRACTION DETECTED is 

rendered in the frame. 

 

4. DATASETS 

The system is evaluated against two publicly available bench- 

mark datasets chosen for their diversity of conditions and wide 

acceptance in the literature. 

4.1 NTHU Drowsy Driver Detection Dataset 

The NTHU dataset [2] consists of video recordings of 36 sub- 

jects (18 male, 18 female) captured inside a driving simulator 

under four conditions: without glasses, with glasses, with sun- 

glasses, and under night illumination. Each session contains 

annotated episodes of eye closure, yawning and nodding. The 

dataset provides approximately 22 hours of footage in total and 

is distributed as sequences of JPEG frames at 30 fps. For this 

work, a stratified 70/30 split was used for training-time threshold 

calibration and evaluation respectively, ensuring each 

condition appeared in both subsets. 

4.2 UTA Real-Life Drowsiness Dataset (UTA-RLDD) 

The UTA-RLDD [3] covers 60 participants recorded in their per- 

sonal vehicles under real driving conditions on public roads. 

Drowsiness is rated on a 0–10 Likert scale by participants 

themselves immediately after each segment. This self-report 

grounding distinguishes it from simulator datasets and intro- 

duces natural variation in posture, lighting and camera place- 

ment. The dataset was used exclusively for evaluating whether 
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Table 1: Summary of Datasets Used 
 

Dataset Subj. Hours Use in Work 
 

NTHU-DDD 36 ∼22 Calibration & 

eval. 

UTA-RLDD 60 ∼18 Generalisation 

iBUG 300-W 300+ — Predictor 

training 

 

thresholds calibrated on NTHU generalise to uncontrolled real- 

world footage. 

4.3 iBUG 300-W Dataset 

Although not an evaluation dataset in this work, the iBUG 300- 

W corpus underpins the dlib shape predictor used throughout. 

It contains 300 training and 689 testing indoor and outdoor 

images with 68-point annotations, collected under highly diverse 

lighting and pose conditions. The breadth of this training data 

is the primary reason the dlib predictor generalises well to the 

varying face orientations encountered in driver monitoring. 

 

5. EXPERIMENTAL RESULTS 

Experiments were conducted on a laptop equipped with an Intel 

Core i5 11th Gen CPU (no GPU). The OpenCV implementation 

processes frames at an average of 26.4 fps for the NTHU dataset 

and 24.8 fps for UTA-RLDD, comfortably within the 25 fps 

real-time threshold. 

Table 2: Performance on NTHU-DDD Dataset 
 

Condition Acc. (%) FAR (%) FRR (%) 

No Glasses 93.4 4.8 7.2 

With Glasses 91.7 5.6 8.9 

Sunglasses 82.3 9.1 14.4 

Night 88.5 6.3 11.2 

Average 89.0 6.5 10.4 

 

Table 3: Performance on UTA-RLDD (Generalisation Test) 
 

Metric Drowsy Alert 

Precision (%) 83.1 91.4 

Recall (%) 80.6 93.2 

F1-Score (%) 81.8 92.3 

 

The slightly lower recall on drowsy events in UTA-RLDD 

(80.6% vs. 93.4% on NTHU) reflects the greater pose vari- 

ability in naturalistic footage. Nonetheless, the results confirm 

that the EAR thresholds generalise reasonably well beyond the 

controlled simulator environment. 

 

6. OBSERVATIONS AND INSIGHTS 

6.1 Strengths of the Approach 

The EAR formulation is computationally cheap, requiring only 

six Euclidean distance computations per eye per frame. Its 

geometric basis makes it interpretable: a trained engineer can 

reason about a false positive by inspecting the landmark plot 

rather than interrogating a black-box neural network. The use 

of dlib’s shape predictor, pre-trained on iBUG 300-W, avoids 

the need to collect and annotate a custom landmark training set, 

which is a significant practical advantage for a university-scale 

project. 

Head pose estimation via PnP adds a dimension of distraction 

detection that EAR alone cannot provide. A driver who turns 

to speak to a passenger will exhibit normal EAR values but an 

abnormal yaw angle, and this is correctly flagged by the present 

system. 

6.2 Limitations 

• Sunglasses partially occlude eye landmarks, reducing EAR 

reliability and causing the accuracy drop to 82.3% seen in 

Table 2. 

• The generic 3-D face model used in PnP pose estimation 

does not account for individual facial geometry, introducing 

systematic bias in drivers with atypical facial proportions. 

• Bright sunlight entering the cabin from the side can saturate 

the image sensor before histogram equalisation can compen- 

sate, momentarily degrading landmark localisation. 

• The current frame-level alert logic does not model tempo- 

ral dependencies across longer windows; a hidden Markov 

model or LSTM layer could reduce alert latency for gradual 

drowsiness onset. 

 

7. FUTURE WORK 

Immediate extensions include personalised EAR threshold cal- 

ibration during a brief on-boarding session at the start of each 

journey, which would account for natural between-driver varia- 

tion in baseline eye openness. Replacing the HOG face detector 

with a lightweight CNN such as RetinaFace would improve 

robustness under sunglasses and profile orientations while main- 

taining acceptable CPU frame rates on modern hardware. 

Longer term, fusing EAR and MAR signals with steering-wheel 

pressure from the vehicle CAN bus would allow a multi-modal 

fatigue score that reduces false alerts caused by voluntary eye 

rubbing or extended blinking. Integration with the Advanced 

Driver Assistance Systems (ADAS) stack via ROS2 is also under 

consideration. 

 

8. CONCLUSION 

This paper described a real-time driver drowsiness and distrac- 

tion detection system built on OpenCV and dlib facial landmark 

analysis. The pipeline detects eye closure through EAR, yawn- 

ing through MAR and head orientation through PnP-based pose 

estimation, issuing an audible alert whenever a sustained drowsi- 

ness or distraction event is detected. Evaluation on the NTHU 

Drowsy Driver Detection dataset yielded an average accuracy 

of 89.0% across four conditions, and generalisation testing on 

UTA-RLDD confirmed an F1-score of 82.4% for drowsy de- 

tection in naturalistic recordings. The system operates at over 

25 fps on a mid-range CPU, making it a viable candidate for 

deployment in low-cost embedded platforms. Future work will 

focus on personalised calibration, more robust face detection 

under sunglasses, and multi-modal fusion with vehicle telemetry 

data. 
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