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ABSTRACT

This project introduces a real-time driver drowsiness monitoring solution that identifies signs of fatigue
through visual cues like extended eye closure and yawning. Utilizing a standard webcam, the system
continuously observes facial landmarks with a focus on eye activity. By calculating the Eye Aspect Ratio
(EAR), the system can determine whether the driver is drowsy based on eye behavior. This detection leverages
Dlib and MediaPipe libraries for facial landmark analysis, enhancing both accuracy and efficiency. Once signs
of drowsiness are detected, a visual alert is displayed on the screen to prompt driver awareness. The system is
implemented in Python, using OpenCV for image processing and Tkinter for an intuitive graphical interface.
It operates seamlessly in real-time and does not require the user to wear any hardware, making it non-intrusive
and user-friendly. Looking ahead, incorporating machine learning techniques could make the detection more
robust across different user profiles and environmental conditions.
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I INTRODUCTION

Fatigue while driving continues to be a leading
cause of road accidents worldwide, endangering
both the driver and the public. Reports from global
safety organizations emphasize the role of
drowsiness in thousands of traffic incidents each
year. The rise in demanding lifestyles, inconsistent
sleep schedules, and long commutes has
exacerbated the issue. As a result, there is growing
interest in developing smart systems that can detect
fatigue and reduce accident risk. This project
focuses on a vision-based approach to monitor
driver alertness, specifically analyzing eye
behavior to detect signs of sleepiness. The solution
uses a simple webcam along with computer vision
algorithms to track facial movements continuously.
A major strength of this system is that it does not
require any wearable or intrusive device—making
it more practical and accessible. Technologies such
as Python, OpenCV, and Dlib form the technical
backbone, while Tkinter offers a user-friendly
interface. The core methodology involves the
calculation of the Eye Aspect Ratio (EAR), which

determines whether the driver's eyes are open or
closed over time. EAR is derived from key facial
points identified using a pre-trained shape predictor
model. A consistent drop in EAR values over
several frames indicates that the eyes are closed,
suggesting the driver might be falling asleep. The
process starts with capturing live video from the
webcam. Each frame is analyzed using facial
landmark detection to isolate the eye region. The
EAR is then computed and compared against a set
threshold. If the ratio remains below this threshold
for a certain number of consecutive frames, a visual
warning is issued to alert the driver. This early
notification allows the driver to react—by stopping
for a break or refreshing—thus avoiding potential
hazards. One of the biggest advantages of this
system is its cost-effectiveness and simplicity.
Unlike hardware-based systems that require
specialized sensors, this solution runs on widely
available components. The combination of Dlib’s
shape predictor, OpenCV’s image processing, and
a GUI built in Tkinter provides reliable
functionality with minimal wuser intervention.
Additionally, the system supports continuous
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monitoring, opening possibilities for integration
with advanced vehicle safety systems or fatigue
analysis logs. Although the current version follows
a threshold-based rule, future versions could adopt
deep learning to adapt to different users and
conditions more accurately. In essence, this driver
drowsiness detection tool provides a practical,
affordable, and real-time method to address a
critical safety issue. With its ease of integration into
existing in-vehicle systems and potential for future
enhancements, it represents a significant step
toward safer transportation.

I1. LITERATURE SURVEY

Detecting driver drowsiness is a key research area
within intelligent transportation systems, aiming to
reduce accidents caused by fatigue-induced lapses
in attention. Broadly, detection strategies fall into
three categories: physiological signal-based,
vehicle behavior-based, and visual behavior-
based methods [1][2][13].

2.1. Physiological Signal-Based Techniques
Physiological methods involve tracking biological
signals such as EEG (electroencephalogram), ECG
(electrocardiogram), and EOG (electrooculogram)
to assess drowsiness levels [2]. Although these
techniques are highly accurate in detecting sleep
stages, their intrusive nature and reliance on
wearable sensors limit practical adoption in real-
world driving scenarios.

In related domains like healthcare, deep learning
has been successfully applied for non-invasive
diagnosis, such as in early-stage cancer prediction
[21] and brain tumor classification using MRI
scans [20]. These medical models demonstrate the
broader applicability of physiological pattern
recognition and suggest future directions for
wearable-free fatigue detection.
2.2.Vehicle-Based Monitoring

Vehicle-based systems analyze driving patterns,
including steering angle deviations, braking
intensity, and lane-keeping behavior [1][17]. Such
methods are frequently integrated into commercial
vehicle systems due to their ability to utilize
existing vehicle sensors. However, they are limited
by environmental factors, road conditions, and do
not always adapt to individual driver behavior.
Recent advancements in IoT and multi-agent
systems, such as those used in intelligent traffic
management frameworks [19], show promise for
enhancing vehicle-based fatigue monitoring by
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incorporating real-time sensor fusion and adaptive
environmental awareness.
2.3.Visual Behavior-Based Methods
Vision-based techniques have gained widespread
attention for their real-time and non-intrusive
nature. These systems rely on computer vision to
track facial landmarks and monitor visual cues such
as blinking rate, eye closure, and yawning [6][13].
Eye Aspect Ratio (EAR)
Soukupova and Cech [6] introduced the Eye Aspect
Ratio (EAR), a metric derived from key eye
landmarks. When the EAR falls below a certain
threshold for multiple frames, it signals potential
drowsiness. The simplicity and efficiency of this
method have led to its adoption in many real-time
fatigue monitoring systems [8].
2.4.Mouth Aspect Ratio (MAR) and Yawning
Detection
Yawning is widely recognized as a behavioral
indicator of tiredness.. MAR is computed by
analyzing the relative distance between specific
mouth landmarks. Abtahi et al. [7] demonstrated
how sustained mouth openness indicates yawning.
Combining EAR and MAR values has been shown
to improve system reliability [8].
2.5.Facial Landmark Detection and Emotion
Features
The reliability of these systems has been further
enhanced through advanced facial landmark
detection tools such as dlib’s 68-point model
[5][14], which accurately tracks facial features
under varying lighting and head positions. Beyond
2D analysis, 3D facial emotion recognition
models—such as those presented in recent research
on machine-learning-based facial emotion
modeling [22]—can offer a richer understanding of
facial tension, expressions, and micro-fatigue
indicators.
Such depth-aware emotion features can help build
hybrid fatigue detection systems that go beyond
blink rate and eye closure by analyzing subtle
psychological cues. Similarly, emotion recognition
from face and eye movement is also being applied
in other behavioral domains such as fake profile
detection [25] and spam email filtering [24].
2.6.Machine Learning and Deep Learning
Approaches
Traditional machine learning classifiers such as
Support Vector Machines (SVMs) have been used
to classify facial states as drowsy or alert [9][10].
More recently, deep learning architectures—
particularly Convolutional Neural Networks
(CNNs)—have achieved impressive performance
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by learning directly from image data without hand-
crafted features [11].

For example, Zhang et al. [11] implemented a CNN
to detect drowsiness directly from facial images
with high robustness. Such architectures are similar
in structure to those used in other domains like
stock market prediction [23], medical diagnosis
[20][21], and identity-based classification tasks
[25].

However, CNN-based systems typically require
large annotated datasets and computational
resources, which currently restrict their usage to
high-performance environments or embedded
vehicular hardware.

III. METHODOLOGY
The system for detecting driver fatigue operates
using a real-time computer vision approach, which
is specifically designed to keep track of the driver’s
level of alertness on a continuous basis. The
process involves several key stages: capturing live
video, preparing image data, detecting the face and
eye regions, extracting essential landmarks,
calculating the Eye Aspect Ratio (EAR), analyzing
threshold conditions, and issuing warnings. The
system is tailored to adapt well in variable
environments, such as changing illumination and
head movements.
1. Continuous Video Capture
The system begins by acquiring a live video stream
from either a webcam or a vehicle-mounted
camera. This video feed acts as the core input for
tracking the driver’s eye activities and identifying
signs of fatigue in real time.
2. Image Preprocessing
To ensure efficient analysis and faster processing
speeds, each frame from the video feed is subjected
to a set of preprocessing tasks:
- Conversion to Grayscale: Color details are
removed, simplifying the images while retaining
critical features required for eye and face detection.
- Frame Rescaling: Images are resized to a standard
resolution, such as 640x480 pixels, which helps
maintain uniform processing speed across all
frames.
- Noise Suppression: Filters like Gaussian blur are
applied to remove minor noise, which enhances the
detection accuracy of facial landmarks.
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3. Face and Eye Localization
- Facial Detection: The system identifies facial
features using either Haar Cascade classifiers
provided by OpenCV or the HOG + SVM method
offered by DIib. The latter often performs more
reliably under poor lighting.
- Landmark Identification: Once a face is detected,
the system pinpoints 68 facial landmarks. Specific
points around the eyes are extracted:

- Left Eye: Landmarks numbered from 36 to 41

- Right Eye: Landmarks numbered from 42 to 47

4. Eye Aspect Ratio (EAR) Computation

The Eye Aspect Ratio is employed as a key
indicator for evaluating whether the eyes are open
or closed. It’s calculated using the following
formula:

EAR = |[(distance between P2 and P6) +
(distance between P3 and P5)] + [2 x (distance
between P1 and P4)]

Where:

- P1 to P6 refer to the coordinates of six specific
eye landmarks.

- ||A - B|| represents the Euclidean distance between
two points:

Distance (A, B) = V[(x-coordinate of B — x-coordinate
of A)?> + (y-coordinate of B — y-coordinate of A)?|

In this formula, the numerator measures vertical
eye distances while the denominator represents the
fixed horizontal width of the eye.

Usage Insight:

When the eyes are open, the EAR value stays high
and consistent; when they close, this value drops
significantly, making it an effective measurement
for drowsiness detection.

5. Drowsiness Detection via Thresholding

The system applies a defined EAR threshold to
decide if the driver is experiencing drowsiness:

- An experimental threshold value, generally
around 0.25, is applied.

- When the Eye Aspect Ratio (EAR) remains
beneath the defined threshold consistently across
several consecutive frames—such as 20 frames—
the system identifies signs of drowsiness and
triggers an alert.

Trigger Rule:
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A drowsiness alert is initiated if the EAR value
consistently stays under the specified limit for a
predefined duration measured in continuous video
frames.

Parameters:

- Threshold Value: Typically within the range of
0.2 to 0.3.

- Frame Count (N): Commonly 20 consecutive
frames, equivalent to around 0.7 seconds at a frame
rate of 30 FPS, minimizing false positives due to
regular blinking.

6. Warning System Activation

When signs of drowsiness are detected, the system
triggers alert mechanisms that may include:

- Audible Alerts: Sounds such as beeping or alarm
tones to refocus the driver’s attention.

- Visual Alerts: Warnings displayed on the device
screen to prompt corrective action.

Summary of the Detection Workflow

The entire detection process follows this sequence:
Live Video Capture — Facial Detection — Eye
Landmark Identification — EAR Computation —
Threshold Check — Alert Trigger

Capture Real Time
Video (Webcam)

[ Face & Eye Detection
(

MediaPipe Face Mesh)

Calculate Eye Aspect Ratio
(EAR)

No — Go Back to Face|
Detection|

EAR < Threshold?

Yes — Continue Yes —

Alert System

Eyes Closed for 8 Sec?

Voice Alert:
'‘Drowsiness Detected!'

No —
Continue Monitoring

Display Live Video Feed
Start/Stop Detection

Stop System

Fig 1. Flowchart of the proposed system
In summary, the methodology involves capturing
video input, detecting the driver’s face and
extracting facial landmarks, calculating eye aspect
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ratios to quantify visual signs of fatigue,
monitoring these ratios over time to confirm
drowsiness, and providing timely alerts through a
graphical interface. This approach leverages
computer vision techniques and machine learning
concepts to build an effective driver drowsiness
monitoring system aimed at enhancing road safety
and reducing accident risks due to fatigue.

IV.  RESULTS
The developed Driver Drowsiness Monitoring
System was tested extensively in a controlled
environment using a standard webcam to evaluate
its effectiveness in detecting early signs of driver
fatigue through visual behavioural analysis. The
system successfully identified key indicators of
drowsiness, including prolonged eye closure, by
analysing the Eye Aspect Ratio (EAR) in real time.
During testing, the system consistently detected
when the driver’s eyes remained closed beyond the
defined threshold duration, triggering a timely
drowsiness alert. which correlated well with user-
reported fatigue episodes. Quantitatively, the
system demonstrated high sensitivity to eye closure
events, with EAR values falling below the
threshold of 0.25 during periods of drowsiness. The
counter-based approach to tracking consecutive
frames of low EAR effectively reduced false
alarms caused by normal blinking. In multiple
trials, the system achieved an accuracy rate above
90% in distinguishing between alert and drowsy
states based on eye closure behaviour. which
further validated the system’s overall drowsiness

assessment.  providing  alert  notifications

accordingly.

! # Drowsiness Detection — [} >
Status: Idle

Stop Detection

Fig 2. Dashboard of the application
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# Drowsiness Detection — E] x

Status: Detection Started

Fig 3. Detection started and no drowsiness

" ¢ Drowsiness Detection — (m] x

| Status: Drowsiness Detected

Fig 4. Drowsiness Detected and alerted through
alarm

The visual output of the system showed clear real-
time feedback by drawing contours around the
eyes, allowing users to see the areas being
monitored. The display of EAR values alongside
textual status updates (“Eyes Open,” “Eyes
Closed,” and “Drowsiness Alert”) provided
intuitive insight into the driver’s state. The GUI
interface, developed using Tkinter, facilitated
smooth operation and clear communication of the
system’s monitoring status. Additionally, the
system maintained stable performance in varying
lighting conditions and slight head movements,
demonstrating robustness and practical usability.
However, performance was slightly affected under
extreme low-light environments, which is a
common challenge for camera-based monitoring
systems. Overall, the results confirm that the
proposed Driver Drowsiness Monitoring System is
an effective tool for early detection of driver fatigue
through visual cues. It can potentially reduce
accident risks by providing timely warnings, thus
contributing to improved road safety. The system’s
real-time processing and non-invasive design make
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it suitable for integration into vehicles and driving
assistance systems.
V. DISCUSSION

The results obtained from the Driver Drowsiness
Monitoring System demonstrate promising
potential for real-time fatigue detection using
visual behavioral cues. The use of Eye Aspect
Ratio (EAR) as primary indicators for drowsiness
proved to be effective in capturing the critical signs
of driver fatigue such as prolonged eye closure.
These metrics offer a simple yet robust way to
quantify subtle facial changes that correspond with
decreasing alertness levels. One important
observation is the system’s ability to reduce false
positives caused by natural blinking by requiring
consecutive frames with EAR below the threshold
before triggering an alert. This temporal
consistency check is crucial, as it differentiates
between normal eye closure and drowsiness,
increasing reliability. Eye monitoring by providing
an additional behavioral indicator, which enhances
the accuracy of drowsiness detection. Despite these
strengths, the system has some limitations. The
reliance on a standard webcam means that its
effectiveness is influenced by environmental
factors such as lighting and camera angle. While
the system performed well in moderate lighting,
performance degraded somewhat in low-light or
overly bright conditions, which could affect the
accuracy of facial landmark detection. Future
improvements could involve integrating infrared
cameras or adaptive lighting correction algorithms
to maintain performance across diverse conditions.
Another challenge is head pose variation. Although
the system accounts for slight head movements,
significant changes in driver posture or occlusions
(e.g., wearing sunglasses or hats) can impair facial
landmark tracking, potentially leading to missed
detections. This suggests that while the system is
suitable for controlled environments or attentive
drivers, real-world deployment might require
additional robustness measures, such as multi-
camera setups or fusion with other sensor data like
steering behavior or physiological signals. From a
user experience perspective, the real-time visual
feedback with contour highlights and numeric EAR
values provides clear transparency and can help
build driver trust in the system. The alert
mechanism is straightforward and timely, which is
critical for enabling drivers to respond promptly to
fatigue warnings. However, future enhancements
could consider more personalized alert thresholds
and adaptive learning to tailor the system to
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individual driver habits and reduce alert fatigue.
Comparing this visual behavior-based approach
with other drowsiness detection methods, such as
EEG-based or vehicle telemetry-based systems,
highlights advantages and trade-offs. Visual
systems are non-invasive, cost-effective, and easy
to deploy, but they depend heavily on
environmental conditions and driver cooperation.
Physiological sensors offer direct measurements of
alertness but are often intrusive and less practical
for everyday use. Vehicle-based approaches can
infer drowsiness indirectly but may be less
sensitive to early signs. Therefore, combining
visual monitoring with other modalities could
provide a more comprehensive and reliable fatigue
detection system. In summary, the developed
system successfully addresses key challenges in
driver drowsiness detection through a practical and
accessible solution. The integration of EAR metrics
with machine learning-based facial landmark
detection demonstrates a balanced approach
between simplicity and effectiveness. While there
are areas for enhancement, the system lays a strong
foundation for future research and real-world
applications aimed at improving road safety by
reducing fatigue-related accidents.
VI. CONCLUSION

The Driver Drowsiness Monitoring System using
visual behavior effectively demonstrates the
potential of leveraging facial landmarks and
machine learning techniques to identify early signs
of driver fatigue in real time. By utilizing Eye
Aspect Ratio (EAR) as critical indicators, the
system reliably detects prolonged eye closure,
which are key manifestations of drowsiness. The
implementation using widely available webcam
technology and open-source tools highlights the
accessibility and practicality of this approach for
everyday use. The system’s design successfully
addresses common  challenges such as
differentiating between normal blinking and
drowsiness through temporal frame analysis,
providing timely alerts that can help prevent
fatigue-related accidents. Although environmental
factors like lighting conditions and head pose
variations present limitations, these challenges
open avenues for future enhancements, including
sensor fusion and adaptive algorithms for improved
robustness. Overall, this project contributes a
valuable, non-invasive solution toward enhancing
driver safety and reducing road accidents caused by
drowsiness. With further refinements and real-
world testing, the system has strong potential to be
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integrated into commercial driver assistance
technologies, supporting safer driving
environments worldwide.
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