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Abstract: Drowsy driving is a major contributing factor to motor vehicle accidents, resulting
in thousands of deaths and injuries each year. To address this issue, researchers have
developed various approaches for detecting drowsy drivers, including the use of transfer
learning and computer vision techniques such as OpenCV and Haar cascades. Transfer
learning involves transferring knowledge from one domain or task to another, and has
proven effective in a variety of applications, including drowsy driver detection. By leveraging
pre-trained models or adapting existing models to new tasks, transfer learning can reduce the
amount of data and resources required for training, while still achieving good performance.
OpenCV (Open-Source Computer Vision) is a popular open-source library for computer
vision tasks, including drowsy driver detection. It provides a wide range of algorithms and
functions for image and video processing, including feature extraction, object detection, and
face recognition. Haar cascades are a type of machine learning algorithm used for object
detection in images and videos. They work by training a classifier to identify features in
images that are indicative of a particular object, such as eyes or mouth, and then using these
features to detect the object in new images. Haar cascades are commonly used in drowsy
driver detection to identify features such as closed or partially closed eyes. Combining
transfer learning with OpenCV and Haar cascades has proven effective for drowsy driver
detection in various settings.
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Drowsy driving is a significant safety
concern on the roads, as it can lead to
impaired judgement and reaction time,
increasing the risk of accidents. Drowsy
driver detection is a technology that aims
to reduce the likelihood of such incidents
by alerting drivers when they show signs
of fatigue. One approach to drowsy driver
detection is to use transfer learning, which
is a machine learning technique that
involves transferring knowledge from one
model to another. By wusing transfer
learning, it is possible to leverage the
knowledge and experience gained from
previous models and apply it to a new task,
reducing the need for a large amount of
data and computational resources. In the
context of drowsy driver detection, transfer
learning can be used to fine-tune a pre-
trained model on a new dataset, allowing it
to learn the specific characteristics of
drowsy driving behavior. This can be done
by wusing a combination of facial
recognition, eye tracking, and other
physiological signals to detect when a
driver is experiencing fatigue. By
implementing drowsy driver detection
using transfer learning, it is possible to
improve the accuracy and efficiency of the
model, ultimately helping to make roads

safer for everyone.
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Fig.1 Examples of Fatigue & Drowsiness

Condition

Background of Study

Each year, there is an increase in road
accidents cases involving cars and heavy
vehicles like buses, lorries and trucks in
Malaysia.  Drowsiness and  fatigue
condition is one of the prime factors
contributing to road accidents. Driving in
this condition may result terrible causes
since it affects the driver’s judgment and
concentration. Falling asleep on the wheel
can be avoid if the drivers take efforts such
as getting enough sleep before driving,
taking caffeine or stop for a while to rest
when the signs of fatigue and drowsiness
appears

However, in many cases, drivers refuse to
take one of these steps even when they
know that they are suffering from fatigue,
and will continue driving. Therefore,
detecting drowsiness is important as one of
the steps to prevent the road accidents.
This project proposed that yawning and
eyes detection is the obvious signs of
fatigue and drowsiness.

PROBLEM STATEMENT
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Current drowsiness detection systems
monitoring the driver’s condition requires
complex computation and expensive
equipment, not comfortable to wear during
driving and is not suitable for driving
conditions; for example,
Electroencephalography (EEQG) and
Electrocardiography (ECG), i. e. detecting
the brain frequency and measuring the
rhythm of heart, respectively.

A drowsiness detection system which uses
a camera placed in front of the driver is
more suitable to be use but the physical
signs that will indicate drowsiness need to
be located first in order to come up with a
drowsiness detection algorithm that is
reliable and accurate. Lighting intensity
and while the driver tilts their face left or
right are the problems occur during
detection of eyes.

Therefore, this project aims to analyse all
the previous research and method, hence
propose a method to detect drowsiness by
using video or webcam. It analyses the
video images that have been recorded and
come up with a system that can analyze
each frame of the video.

II. LITERATURE SURVEY

There are many previous researches
regarding driver drowsiness detection
system that can be used as a reference to
develop a real-time system on detecting
drowsiness for drivers. There is also

several methods which use different
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approaches to detect the drowsiness signs.
According to Indian Road Safety Report,
from the year of 2019 until 2022, they
were 10,390 cases of road accidents have
been detected due drowsy driving.
Drowsiness and Fatigue

Antoine Picot et al, [2] stated that
drowsiness is where a person is in the
middle of awake and sleepy state. This
situation leads the driver to not giving full
attention to their driving. Therefore, the
vehicle can no longer be controlled due to
the driver being in a semi-conscious state.
According to Gianluca Borghini et al, [3]
mental fatigue is a factor of drowsiness
and it caused the person who experiences
to not be able to perform because it
decreases the efficiency of the brain to
respond towards sudden events.
Electroencephalography (EEG) for

Drowsiness Detection

Electroencephalography (EEG) is a
method that measures the brain electrical
activity. As shown in Figure 3, it can be
used to measure the heartbeat, eye blink
and even major physical movement such
as head movement. It can be used on
human or animal as subjects to get the
brain activity. It uses a special hardware
that place sensors around the top of the
head area to sense any electrical brain

activity.
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Authors in [4] mentioned that from the
method that has been implemented by the
previous researcher to detect drowsiness
signs, the EEG method is best to be
applied for drowsiness and fatigue
detection. In the method, EEG have four
types of frequency components that can be
analyzed, i.e. alpha (a), beta (B), theta (0)
and delta (3). When the power is increased
in alpha (o) and delta (8) frequency bands,
it shows that the driver is facing fatigue

and drowsiness [5].

Fig.2 Examples of EEG Data Collecting

The disadvantages of this method are, it is
very sensitive to noise around the sensors.
For example, when the person is doing the
EEG experiment, the surrounding area
must be completely silent. The noise will
interfere with the sensors that detect the
brain activity. Another disadvantage of this
method is that even if the result might be
accurate, it is not suitable to use for real
driving application [6]. Imagine when a
person is driving and he is wearing
something on his head with full of wires
and when the driver moves their head, the

wire may strip off from their place. Even
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though it is not convenient to be used for
real-time driving but for experiment
purposes and data collection, it is one of
the best methods so far

Drowsiness  detection using face
detection system

Drowsiness can be detected by using face
area detection [5], [6] and [14]. The
methods to detect drowsiness within face
area are vary due to drowsiness sign are
more visible and clearer to be detected at
face area. From the face area, we can
detect the eyes’ location. From eyes
detection, author in [5] stated that there are
four types of eyelid movement that can be
used for drowsiness detection. They are
complete open, complete close, and in the
middle where the eyes are from open to
close and vice versa [5]. Figure 4 is an
example of the image taken for detecting
eyelid movement.

| 1

- ~
" .

Fig.3 Examples of Eyelid Movement
a) Open eye b) Close eye c) Processed

close eye

The algorithm processes the images
captured in grey-scale method; where the

color from the images is then transformed
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into black and white [7] [8]. Working with
black and white images is easier because
only two parameters have to be measured.
The author then performs the edge
detection to detect the edges of eyes so that
the value of eyelid area can be calculated.
The problem occurring with this method is
that the size area of eye might vary from
one person to another. Someone may have
small eyes and looks like it is sleepy but
some are not. Other than that, if the person
is wearing glasses, there is obstacle to
detect eye region. The images that being
captured must be in certain range from the
camera because when the distance is far
from the camera, the images are blurred.

PERCLOS

Drowsiness can be captured by detecting
the eye blinks [5] and percentage of eye
closure (PERCLOS). For eye blink
detection, propose a method which learned
the pattern of duration of eyelid closed.
According to [10], ‘this proposed method
measures the time for a person closed their
eyes and if they are closed longer than the
normal eye blink time, it is possible that
the person is falling asleep’. In [8], the
author mentioned that ‘nearly 310.3ms are
the average of normal person eye blink’.

PERCLOS  method  proposes  that
drowsiness is measured by calculating the

percentage of the eyelid ‘droops. Sets of

eyes open and eye closed have been stored
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in the software library to be used as a
parameter to differentiate either the eyes is
fully open or fully closed. For eyelid to
droops, it happened in much slower time
as the person is slowly falling asleep.
Hence, the transition of the driver’s
drowsy can be recorded. Thus, PERCLOS
method put a proportional value where
when the eyes is 80% closed, which it is
nearly to fully close, it assumed that the
driver is drowsy.

This method is not convenient to be used
in real-time driving as it needs fix
threshold value of eye opening for the
PERCLOS method to perform accurately.
Both methods to detect drowsiness using
eye blink pattern and PERCLOS have the
same problem where the camera need to be
placed at a specific angle in order to get a
good image of video with no disturbance

of eyebrow and shadow that cover the eyes.

III. PROPOSED METHODOLOGY

This chapter will explain about the method
that has been taken in order to reach the
objectives of the project and a closer look
on how the project is implemented. It is
the analysis of each stage that will be faced
in order to complete this project. Each
selection and achievement of the method
taken that has been implement in this
project will be explained for each stage

until the project is success. This project
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involves  software usage which is
Cv2(opencv) Computer Vision System.
There is an existing algorithm called as
HaarCascade used for face and eye
detection.

Usually, research methodology refers to a
set of procedures that will be used to carry
out a certain research. In order to complete
this project systematically within the
specified  time, there are  some
methodologies and activities that need to
be planned and followed consistently
Machine Learning for Drowsy Driver
Detection:
Machine learning is a  promising
technology for drowsy driver detection, as
it allows for the automatic identification of
patterns and trends in data. By training a
machine learning model on a large dataset
of drowsy driving behavior, it is possible
to accurately detect fatigue in real-time.
However, developing a machine learning
model from scratch can be resource-
intensive, requiring a large amount of data
and computational power.

Transfer Learning for Drowsy Driver
Detection:

Transfer learning is a machine learning
technique that involves transferring
knowledge from one model to another. By
using transfer learning, it is possible to
leverage the knowledge and experience
gained from previous models and apply it

to a new task, reducing the need for a large
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amount of data and computational
resources. In the context of drowsy driver

detection.

Datasets and Pre-trained Models for
Transfer Learning:

There are several datasets and pre-trained
models that can be used for transfer
learning in the drowsy driver detection
task. Some examples include the Drowsy
Driving dataset, which contains video
footage of drowsy and non-drowsy drivers,
and the Facial Expression Recognition
2013 (FER-2013) dataset, which contains
images of facial expressions labeled with
one of seven emotions. Pre-trained models
such as VGG-Face and ResNet-50 have
also been used for drowsy driver detection

using transfer learning

Technological Overview:

A technological overview of a drowsy
driver detection project using transfer
learning would include the following
components:

1. pre-trained models: These are machine
learning models that have already been
trained on a large dataset and can be fine-
tuned for a new task. Examples of pre-
trained models that have been used for
drowsy driver detection include VGG-Face

and ResNet-50.

www.zkginternational.com 356



=

V4 4 £ INTERNATIONAL

—

2. Transfer learning: This is the process of
adapting a pre-trained model to a new task
by fine-tuning it on a new dataset. In the
context of drowsy driver detection, transfer
learning allows for the efficient learning of
the specific characteristics of drowsy
driving behavior without the need for a
large amount of data and computational

resources.

3. Facial recognition: This is the process of

identifying a person from their facial

features using machine learning algorithms.

In drowsy driver detection, facial
recognition can be used to identify changes
in facial expressions that may indicate
fatigue, such as drooping eyelids or

yawning.

4. Eye tracking: This is the process of
measuring eye movements and gaze
patterns using specialized hardware or
software. In drowsy driver detection, eye
tracking can be used to detect fatigue by
measuring changes in eye movements,
such as increased blink rate or longer

fixation duration.

5. Physiological sensors: These are sensors
that measure various physiological signals,
such as heart rate, skin temperature, and
electroencephalography (EEG). In drowsy
driver detection, physiological sensors can

be used to detect fatigue by measuring
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changes in these signals that may indicate
a decrease in alertness.

6. Real-time drowsy driver detection
system: This is a system that is able to
detect drowsy driving behavior in real-
time and alert the driver or other relevant
parties. This can be achieved by
integrating the fine-tuned machine learning
model and relevant hardware (such as
facial recognition cameras or physiological
sensors) into  existing transportation
infrastructure, such as vehicles or highway

monitoring systems.

TRANSFER LEARNING

Transfer learning is a machine learning
technique that involves transferring
knowledge from one model to another. It is
a way of using the knowledge and
experience gained from previous models
and applying it to a new task, reducing the
need for a large amount of data and
computational resources. Transfer learning
has become increasingly popular in recent
years due to the success of deep learning
and the availability of large, pre-trained

models.

The architecture of a transfer learning
system typically consists of a pre-trained
model and a fine-tuning process.

Pre-trained model: A pre-trained model is
a machine learning model that has already

been trained on a large dataset and can be
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are often trained on large, diverse datasets
such as ImageNet, which contains millions
of images across thousands of categories,
or Wikipedia, which contains billions of
words in multiple languages. Pre-trained
models are useful for transfer learning, as
they provide a starting point for a new task
that has already learned useful features and
patterns from the original dataset.
Fine-tuning process: The fine-tuning
process is the process of adapting a pre-
trained model to a new task by adjusting
the weights and biases of the model. This
process is typically done using a smaller
dataset specific to the new task. The fine-
tuning process adjusts the features and
patterns learned by the pre-trained model
to fit the characteristics of the new task.

In addition to the pre-trained model and
fine-tuning process, a transfer learning
system may also include other components
such as data pre-processing, evaluation
metrics, and real-world applications. These
components may vary depending on the
specific task and requirements of the

system
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Fig.5 System architecture

System architecture refers to the overall
design and structure of a system, including
and network

the hardware, software,

components, as well as the relationships

and interactions between these components.

It is a high-level view of a system that
defines how the system is organized and
how it functions. The system architecture

of a system determines the flexibility,
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scalability, and performance of the system. important consideration when designing or
It also has an impact on the cost, building a system, as it determines the
complexity, and maintenance of the system. overall capabilities and limitations of the
Therefore, the system architecture is an system

IV.  RESULTS
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Fig.7 Model training

- R » | [ Drowsy Duver Det ® G inception v3 - Go % L3 Inception 3 |37 3 | — HomePage-Sels ® B msinpioject - lup % & bl pwang oo R + ~ =
2 O lecalhosbiEasinptebon ks mainpriectioynb a = o« 0@

B Gl BB YouTube B Meps D History

" Jupyter mainpraject Las: checkpoint 122172022 (astosaved) - Logout
E
File Ednt Wiew nsert Cell Kemel Wikigets Help Trusted | Pytnon 3 fipymemeal) O
B 4| g B+ 4 BRnE OB Cods ~| =&
cap.relesss(} .

evE _dostroyAl IWEndows ()

141 [==mmmmmmessscesees cmmmsassan==] - 53 Lafstep
[[@ 77407137 B, 325028

/1 - B 116ms/step
[re

1/1 1 - Bs lZoms/step
fre.

1/1 - B2 13Lles/step
[[®.12647334 p.a735z67 ]]

1/1 [mmmmeemmee e smmmmsmmm==] - fs 137ms/atep
[[®.5219457 @.@788533]]

R et B - T -+ T

[[# ®o4casss 8,333352 1]
1/1 [mmmmsmsssssssse=sssssssssss=es] - 5 134ms/5Tap

[[2.28601384 B.7130852 |]

T Ty [N - PR § T L
[[&.12773435 p.a722655 ]]
R N [ PRST- ey Y

500048 9.0406052]]
-] -8

"

128ms fsTap

B

Fig.8 Final model and working output

_ Home Poge-Sefect o creates . X mampropect - gyter Noteback X | B el fraining -

¥ il
(4 frame - - IEN

i
-3
=]
@

P Logoui

Tnested | Python 3 fipykems] @

ce=cyv2. FONT_HERSHEY_COMPLEX_SMALL,fortScale=1,color={255,

th

nt-28), fortFaca=cv . FONT_HERSHEY COMPLEX SMALL,fontScale=1,color={255,:

opeed Score

1/l [a==
[[#.28080878 B.718119325]]
L/l [nemeem cmem e e e e e mmeme ] - @5 BOASSLER
[[®.01784760 ©.0821523 ]]

samaa =] =~ 25 1sfstep

L/1 [ae= R | = BS G2A8/ETEp
[[a.zs77a004 B, 7a229330]]
L/l [semeemensemsensmmnnnmmemenmene]| . Bc Gdnc/ctop
[[®.5796252 §.42037413]]
L [ e —-——————] 0z C3ms/step

[[#.8e185640 e.gssu;;ﬂ] .
ElEila o I3,

Fig.9 Score Increasing when eyes are closed
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V. CONCLUSION

Drowsy driving is a major safety concern on roads and highways, as it can lead to serious
accidents and fatalities. To address this issue, the drowsy driver detection project was
developed to detect drowsy drivers and alert them to take a break or rest. The project used
machine learning techniques, including transfer learning and the Inception v3 model, to build
a model that was able to detect drowsy drivers with high accuracy. The project also included
the development of a hardware system, including sensors and cameras, to capture images of
the driver's face and eyes.

The drowsy driver detection system was tested extensively to evaluate its performance and
reliability. The results of the testing showed that the system was able to achieve good
performance in detecting drowsy drivers, and showed promising results in a variety of testing
scenarios. However, there are still areas for improvement, such as increasing the robustness
of the system to handle different lighting and background conditions, and improving the

accuracy of the drowsy driver detection model.
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