© May 2025| JIRT | Volume 11 Issue 12 | ISSN: 2349-6002

Driver Drowsiness Detection System

Kishori Shekokar?, Shubham Patel?, Chhavi Prasad®, Aditya Pakde*
! Assistant Professor, AIDS Department, PIET, Vadodara, Gujarat, India
2.3.4 B Tech Student, CSE Department, PIET, Vadodara, Gujarat, India.

Abstract— Driver drowsiness is a major factor in road
accidents, underscoring the critical need for efficient
detection and prevention mechanisms. The author of this
paper reviews various methods that researchers have
explored to address this challenge. These include
monitoring physiological data such as brain activity,
heart rate, and skin responses, alongside computer vision
techniques like facial landmark detection, eye aspect
ratio calculation, and blink pattern analysis. Sensor
fusion strategies incorporate touch sensors and facial
feature extraction, while multimodal approaches
combine facial analysis, hand gesture recognition, deep
learning models, and physiological signals to enhance
accuracy and minimize false alarms.

The paper also examines specific methods like
respiratory rate variability, lane line detection, and deep
learning approaches—including CNNs, ensemble
models, and RNNs. Custom driver profiling, algorithm
fusion, and the integration of contextual factors such as
weather and vehicle state are explored to improve
personalization and awareness. Innovative concepts,
such as glass-mounted warning systems and explainable
Al, are also discussed to enhance user experience and
transparency. Furthermore, the paper looks ahead to
future advancements, including integration with
Advanced Driver Assistance Systems (ADAS) and
adversarial networks, which may lead to more reliable
drowsiness detection systems.

This work aims to present an effective driver drowsiness
detection solution, building upon existing research and
integrating multiple methodologies. The proposed
system, in conjunction with a review of various
approaches, seeks to contribute to improved road safety
and a reduction in accidents caused by fatigue.

Index Terms: Driver Drowsiness Detection, Computer
Vision, Deep Learning, Multimodal Approaches, Road
Safety.

I. INTRODUCTION

Drowsy driving is a leading cause of road accidents
worldwide, endangering both drivers and pedestrians.
Drivers’ inability to stay alert during extended or

monotonous trips often leads to delayed responses,
impaired decision-making, and, in the worst cases,
severe collisions. Studies highlight that drowsy
driving contributes to a large proportion of traffic
collisions, leading to severe injuries, loss of life, and
financial burdens. Addressing this issue requires
effective intervention strategies to minimize its
impact.

Driver Drowsiness Detection Systems (DDDS) have
been developed as an advanced solution to identify
and prevent fatigue-related driving hazards. DDDS
continuously track driver behavior, detecting early
signs of fatigue or reduced alertness using multiple
indicators. Upon detecting such signs, DDDS issue
timely alerts, enabling drivers to take corrective
actions and potentially prevent accidents. By
leveraging advanced sensors and analytical
techniques, these systems hold the potential to
significantly improve road safety and reduce the
frequency of drowsiness-related crashes.

Various methods have been explored to enhance
DDDS, each employing distinct techniques for fatigue
detection. Camera-based systems utilize image
processing techniques to monitor facial features like
eye movement, blinking frequency, and head position.
Other methods include physiological monitoring,
which analyzes biometric data such as brain activity
and heart rate, while vehicle-based techniques assess
steering behavior, lane deviation, and braking patterns
to detect fatigue. While each approach presents
distinct advantages, they also come with challenges
regarding accuracy, cost, and adaptability to various
driving environments.

This study reviews the progress in Driver Drowsiness
Detection Systems, comparing various techniques and
their effectiveness in real-world applications.
Additionally, this paper identifies current system
limitations and explores potential improvements for
future development. By synthesizing existing
knowledge and pinpointing areas for improvement,
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this work strives to contribute to the development of
more effective and reliable solutions for detecting and
alleviating driver drowsiness, ultimately promoting
safer driving conditions.

Il. LITERATURE SURVEY

Various studies have been conducted to develop an
effective Driver Drowsiness Detection System
(DDDS) to enhance road, driver’s safety and to
mitigate the deadly risks associated with
drowsy/fatigue driving. There are many researchers
who have explored multiple techniques and
methodologies.

Computer Vision and Image Processing, method
utilizes cameras installed in the vehicle to capture the
driver's facial features. It employs techniques like
facial landmark detection, eye aspect ratio calculation,
and analysis of eye movements, blink patterns, and
eyelid closure to detect drowsiness indicators.
[1,2,3].Novel Sensor Integration, this innovative
approach combines a touch sensor integrated into the
steering wheel, based on the "humantenna effect,”
with facial feature extraction techniques. The touch
sensor detects the driver's grip strength on the steering
wheel by measuring the induced voltage on their body
due to low- frequency electric fields.[19].

The different methods in the research about
“Multimodal Approaches”[1], combine multiple
techniques, such as facial feature analysis, hand
gesture detection, deep learning models (e.g., CNNS),
and physiological signal monitoring. By integrating
different modalities, these approaches aim to improve
the accuracy and reliability of driver drowsiness
detection while reducing false alarms. Respiratory
Rate Variability (RRV) and Respiratory Signal
Detection [3], technique involves measuring the
Respiratory Rate Variability (RRV) and combining it
with high- quality respiratory signal detection. The
aim is to identify respiratory patterns associated with
drowsiness while ignoring other respiratory signals.
Lane Line Detection [14] method employs techniques
like Canny edge detection to detect lane lines on the
road. Deviations from the lane or erratic lane changes
can be used as indicators of driver drowsiness or
inattention.[14]

Custom Driver Profiling [7] involves creating custom
profiles for individual drivers to account for variations
in eye sizes and characteristics, improving the overall
accuracy of drowsiness detection. Fusion of

Algorithms [9] is a method which combines the
outputs of multiple algorithms, such as EAR, MAR,
object detection (e.g., YOLO), and deep learning
models (e.g., CNNs), to make more robust and
accurate drowsiness detection decisions. Some future
potential enhancements include incorporating
additional driver parameters and features like
yawning, lane detection, and steering wheel detection,
as well as leveraging advanced techniques like
adversarial networks, diffusion models, and Al de-
noisers. Additionally, integrating the proposed models
with Advanced Driver Assistance Systems (ADAS) in
vehicles is suggested for enhanced safety measures.
The “Glass-Mounted Warning System” [5] method
involves developing a non-intrusive warning system
mounted on the driver's glasses to detect drowsiness.
It utilizes a 2D accelerometer for measuring neck
angle and an infrared (IR) transceiver for detecting
blink duration. The system provides timely alerts to
drivers based on the neck posture and blinking
patterns, which are indicators of fatigue. Ensemble
Convolutional Neural Networks on YawDD [12],
approach explores the use of ensemble-based
Convolutional Neural Network (CNN) architectures
for driver drowsiness detection. The study highlights
the superiority of ensemble CNN models over
individual  models,  demonstrating  improved
performance metrics like F1 scores for both alert and
drowsy states.

The research about “Explainable Artificial
Intelligence Techniques” [6] suggests incorporating
explainable artificial intelligence techniques to
improve the interpretability of the proposed deep
learning models for driver drowsiness detection. This
could enhance the understanding and transparency of
the models' decision-making processes. Recurrent
Neural Network Structures [14] method which is used
for sequential data analysis in lane-changing behavior
detection, proposes exploring recurrent neural
network structures. These architectures can potentially
capture temporal dependencies and patterns in the
data, improving the accuracy and robustness of lane-
changing detection systems.

To enhance the overall effectiveness of driver
drowsiness detection systems, the research about
“Integration of External Factors” [6] recommends
considering external factors such as weather
conditions and vehicle state. Incorporating these
additional variables could provide a more
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comprehensive understanding of the driver's state and

improve the system's performance.
Some Deep Learning Approaches include the
following:

a. Multi-task  Convolutional Neural Network
(ConNN) Models [7]: These models analyze
fatigue parameters based on facial features like
eyes and mouth detected using the Dlib algorithm.
They categorize fatigue levels into "very
tired,""less tired," and "not tired."

b.  Two-level CNN Architecture [8]: This approach
involves two-level CNN architecture capable of
rapidly classifying both driver behavior and
emotion, achieving an impressive 93% accuracy.

c. Ensemble Convolutional Neural Networks on
YawDD: This approach explores the use of
ensemble-based Convolutional Neural Network
(CNN) architectures for driver drowsiness
detection. The study highlights the superiority of
ensemble CNN models over individual models,
demonstrating improved performance metrics like
F1 scores for both alert and drowsy states.[14,20].

I11. IMPLEMENTATION

This section details the implementation process of the
Driver Drowsiness Detection System with Alcohol
Detection, covering hardware setup, software
integration, and system architecture. The objective of
this implementation is to transform theoretical
concepts into a functional prototype capable of
detecting driver drowsiness and alcohol consumption
in real time.

3.1 Overview of System Architecture: The proposed
system is designed using an ESP32CAM module
as the primary device for capturing driver images,
and a Python Flask server, which processes these
images to detect signs of drowsiness. The
ESP32CAM captures images at regular intervals
and transmits them to the server via HTTP
requests. The server analyzes the driver’s facial
features to classify their state as Active, Drowsy,
or Sleepy. Based on the detected status, the server
sends a response to the ESP32CAM, which then
initiates an appropriate alert mechanism if
necessary.

Additionally, an MQ-3 Alcohol Sensor is integrated

with the ESP32CAM to detect alcohol levels in the

driver’s breath. This sensor operates independently

from the image processing system, ensuring that
drowsiness detection and alcohol monitoring
functions do not interfere with each other. A flowchart
is provided below to illustrate the system workflow.

3.2 Project Setup:

3.2.1 Hardware Component

1. ESP32CAM Module: - Serves as the primary
image-capturing device, featuring an OV2640
camera sensor capable of 2MP resolution
images.

It is integrated with an MB Downloader Module,

which facilitates programming and debugging through

a PC.

Configured to capture images at predefined intervals

while the vehicle is in motion and transmit them to the

Flask server for processing.

It is equipped with an MQ-3 Alcohol Sensor to

measure alcohol concentration in the driver’s breath.

The sensor functions independently of the

ESP32CAM’s communication with the server.

v
Initialise
Hardware
-ESP32 CAM
- Alcohol
Sensor
-Buzzer

A

Capture
image.

v No
Is face
“detected ?
0, £

. (RN

Yes
Alcohol

Detect Facial Detection |
o Landmarks
-Analyze Eye
closure
-Analyse
N

START head position

AGAIN
)4 V\
1S drowsiness. Is alcoh(}
“\_detected ? detected?

) 4

o

Activate

Buzzer
| (Sound Alert)

END

Fig, 3.2.1 Floswchart of the System
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3.3 Software Setup:

3.3.1  Server-Side Drowsiness Detection:

The Python Flask server processes incoming images
using the Dlib library and the 68 facial landmarks
shape predictor algorithm.

The system evaluates eye aspect ratio (EAR) and blink
frequency, which serve as key indicators of driver
fatigue.

Based on these parameters, the driver’s condition is
classified into three categories:

e Active
e Drowsy
e Sleepy

3.3.2  Response Mechanism:

Upon analyzing the images, the Flask server
determines the driver’s state and transmits a response
to the ESP32CAM.

If the status is “Drowsy” or “Sleepy”, the ESP32CAM
activates a buzzer to alert the driver immediately.
This real-time alert system enhances safety by helping
prevent accidents caused by drowsiness.

IV. TESTING

Testing is a crucial phase in any project, and it holds
significant importance in this system, as it directly
impacts driver safety. Any malfunction or
miscommunication within the system could lead to
serious injuries or fatal accidents. To ensure the
accuracy and reliability of the Driver Drowsiness
Detection System with Alcohol Detection, multiple
levels of testing were conducted.

4.1 Unit Testing

Unit testing was performed to validate the
functionality of individual components, including the
ESP32CAM, buzzer, Python Flask server, and alcohol
sensor. Each module was tested separately to confirm
that it operated correctly with minimal to no errors.

For alcohol detection, an initial threshold value of 400
was set, corresponding to approximately 1 mg/L
alcohol concentration, which is beyond the legal
driving limit. The sensor’s minimum detection value
was 0.04 mg/L, which falls within the acceptable legal
range. In several countries, the permissible alcohol
limit is up to 0.20 mg/L. These values were carefully
selected to ensure compliance with safety regulations.

4.2 Drowsiness Detection Testing

The drowsiness detection algorithm was tested
independently using OpenCV, Dlib, imutils, and
NumPy. The facial landmark detection model was
evaluated on a personal computing system (laptop) to
verify its accuracy in assessing driver states. The
detection system effectively classified the driver’s
condition as Active, Drowsy, or Sleepy based on eye
movement and blink frequency analysis.

4.3 Integration Testing

Following individual testing, integration testing was
conducted by connecting all hardware and software
components, including the ESP32CAM and the
Python Flask server. This phase aimed to evaluate the
end-to-end performance of the system under real-time
conditions.

The testing results indicated that the final
implementation was highly accurate and responsive.
The communication time between the ESP32CAM
and the Flask server ranged between 40 ms and 800
ms, ensuring fast and reliable detection. The system
demonstrated efficient real-time processing, providing
timely alerts to enhance road safety.

Some images of testing are shown as follows:
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The testing phase validated the effectiveness of the
Driver Drowsiness Detection System with Alcohol
Detection. The system successfully provided real-time
alerts, ensuring enhanced driver awareness and road
safety.

V. RESULTS AND DISCUSSIONS

The study of driver drowsiness detection and
prevention has led to significant advancements in the
field, with multiple approaches demonstrating high
potential for real-world applications. Various
methodologies have been explored, each contributing
unique advantages to enhance driver safety and
accident prevention.

5.1 Evaluation of Detection Methods

Physiological data monitoring techniques, such as
analyzing brain activity, heart rate, and skin responses,
provide a direct means of assessing driver fatigue
levels. These methods offer high accuracy but often
require specialized equipment, making them less
practical for widespread vehicle integration.

Computer vision and image processing techniques,
including facial landmark detection, eye aspect ratio
analysis, and blink pattern recognition, provide a non-
intrusive approach to monitoring drowsiness. The
implementation of cameras in vehicles allows real-
time detection without requiring physical contact with
the driver, making these methods highly adaptable for
modern automotive systems.

5.2 Innovation in Sensor Integration

Emerging techniques, such as sensor fusion, have
demonstrated promising results in improving
detection accuracy. The integration of touch sensors,
facial feature extraction, and multimodal approaches
enables more precise fatigue detection. Additionally,
deep learning models, including convolutional neural
networks (CNNs), ensemble learning techniques, and
recurrent neural networks (RNNSs), have significantly
improved the system's ability to identify drowsiness
patterns accurately.

Specific methods like respiratory rate variability
analysis and lane departure detection further enhance
drowsiness assessment by considering external
driving behavior and physiological responses. These
approaches contribute to a comprehensive detection

framework, reducing the chances of false positives and
negatives.

5.3 System Performance and Efficiency

The implementation of the driver drowsiness detection
system with alcohol detection was successfully
evaluated in terms of communication speed, image
processing  efficiency, and overall  system
responsiveness. The ESP32CAM module, in
conjunction with the Python Flask server,
demonstrated seamless communication with minimal
latency. The image processing pipeline effectively
captured and analyzed facial features, ensuring that
detection results were generated within an optimal
response time of 40-800ms.

The ability of the ESP32CAM to transmit images at
varying resolutions proved beneficial in enhancing
processing accuracy. Despite utilizing an OV2640
camera module with a 2-megapixel resolution, the
captured images maintained sufficient clarity for
drowsiness detection algorithms to  function
effectively.

5.4 Future Scope and Advancements

The findings indicate that personalization and
contextual awareness play a crucial role in improving
driver monitoring systems. The integration of driver
profiling, environmental factors such as weather
conditions, and vehicle state monitoring can further
refine detection accuracy.

Additionally, emerging technologies such as
explainable Al, adversarial networks, and diffusion
models hold significant potential for creating more
robust and intelligent drowsiness prevention systems.
The combination of these techniques with Advanced
Driver Assistance Systems (ADAS) could lead to fully
autonomous safety mechanisms, reducing the risk of
drowsy driving-related accidents.

VI. CONCLUSION

The results validate that the implemented driver
drowsiness detection system with alcohol monitoring
performs effectively, delivering accurate and timely
alerts. The ESP32CAM and Python Flask-based
architecture demonstrated fast processing speeds,
seamless communication, and reliable detection
accuracy. These findings underscore the importance of
continuous innovation in drowsiness prevention
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technology, paving the way for safer and more
intelligent transportation systems.
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