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ABSTRACT

Introduction: In recent years, driver’s drowsiness has been one of the leading causes of road accidents,
which can lead to physical injuries, death, and significant economic losses. Statistics show that an efficient
system is needed to detect the driver’s drowsiness, that gives the necessary warning before an unfortunate
event occurs. Therefore, this review study was conducted to investigate the studies on driver’s drowsiness
sensors and to present a combination of diagnostic methods and an efficient model design.

Material and Methods: This narrative review study was conducted through a systematic search using
“driver” and “drowsiness detection” as search keywords in indexing databases including Scopus, PubMed,
and web of sciences. The search encompassed the latest related researches conducted in this field from
2010 to September 2020. The reference lists were also reviewed to find further studies.

Results: In general, researchers evaluate driver’s drowsiness using three methods including vehicle-based
measurement, behavioural measurement, and physiological measurement. The details and how these
measurements are made make a big difference to the existing systems. In this study, which is a narrative
review, the three mentioned measurements were examined using sensors and also the advantages
and limitations of each were discussed. Real and simulated driving conditions were also compared. In
addition, different ways to detect drowsiness in the laboratory were examined. Finally, after an analytical
comparison of the methods of diagnosing drowsiness, a diagram was presented based on which an
efficient and combined model was developed.

Conclusion: Taking into account the limitations of each of the methods, we need a combination of
behavioural, performance, and other measures to have an efficient drowsiness diagnosing model. Such
model must be tested using simulations and in real world situations.
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1. INTRODUCTION

Driver drowsiness is a nightmare for passengers.
In Iran, road traffic injuries are the main cause of
permanent injuries and the second leading cause of
death. Drowsiness is one of the main causes of fatal
road accidents and usually refers to the feeling of
abnormal drowsiness during the day. People who
are drowsy may fall asleep at the wrong time or at
the wrong place. There are a few studies on detecting
driver drowsiness. Due to the wide variety of studies
in this field and the lack of review of the advantages
and limitations of each of these methods, separately
and together, this study was aimed at reviewing
studies on driver drowsiness detection sensors
and proposing a hybrid diagnostic methods and
efficient model design

2. MATERIAL AND METHODS

This study was performed through a systematic
search using the keywords “drivers” and “drowsiness
diagnosis” in journal indexing databases including
Scopus, Pubmed, and web of sciences. The search
timeframe was limited from the early 2010 to
September 2021. In addition, the reference lists of
final studies were reviewed to find more studies.
Studies have used various methods to determine
driver’s drowsiness based on different measurement
methods. Therefore, this study is a review of
drowsiness detection sensors and presents a hybrid
model of drowsiness detection while driving.

3. RESULTS AND DISCUSSION
- Various methods for measuring drowsiness
1) Mental assessment, which uses the

Table 1: Specific (typical) studies performed on driver drowsiness using behavioral scales

Reference Year of Recogniti  Classification Feature

Detection technique Measuring Sensor type

publicatio on rate extraction drowsiness

n
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Flores 2010 93% SVM Condensation Gabor filter Eye state IR Camera
algorithm
Dang 2010 98% Region Mark  Duration of eyelid Cascaded Classifiers Blink Simple
Algorithm closure, number of Algorithm detects Camera
continuous blinks, face and Diamond
frequency of searching algorithm
blinking to trace the face
Zhang 2010 99% SVM Unscented Haar Algorithm to PERCLOS Camera with
Kalman detect face IR
filter algorithm Illuminator
Shen 2012 92% Ratio of Red eye effect, Ada-boost Pupil CCD' micro
eye-height Texture detection camera with
and eye-width Method Infra-Red
Illuminator
Tadesse 2014 97% HMM and Eye tracking based ~ HMM? TECHNIQUE Eye closure Infra-red (IR)
SVM on color and and other camera
geometrical
features
George 2016 98.32% Viola-Jones Eye gaze CNN°® TECHNIQUE Viola and Convolutional
algorithm Jones neural network
algorithm
Manu 2016 94.58% SVM Binary linear support vector Eye Camera
SVM with machine closure
Linear and
kernel Yawning
Reddy 2017 91.6% MTCNN* Eye state CNN TECHNIQUE Eye state Driver
and and mouth monitoring
DDDN? system
Tipprasert 2019 99.47% SVM (face, eye, mouth, HOG® Eye Infra-red (IR)
and eyes closure closure camera
and yawning) and
detection Yawning
Lahoti 2020 97% SVM Eye aspect ratios CNN TECHNIQUE Aspect ratios Camera
(EAR) and mouth module
aspect ratios
(MAR)

IColor-Capture Device, *Hidden Markov Model, *Convolution Neural Networks, *Multi-Task Cascaded Convolutional Networks, *Driver Drowsiness

Detection Network, °Histogram of Oriented Gradients
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Table 2: Specific (typical) studies performed on driver drowsiness using physiological scales

Year of

Rreference

publication

Classification

accuracy for

Classification

Feature
extraction

Preprocessing

detection (%)

512 point Fast

Fourier
88.7% Mahalanobi L
Chin 2010 X ? & 'a anovis Transform OWpass EEG
(10 subjects) Distance i K filter 32 Hz
with 448 point
overlap
Wavelet packet
analysis with Least mean square
Liu 2010 84% Hidden Markov Daubechies 10 algorithm and EEG
(50 subjects) Model as mother Visual Inspection
wavelet
90% Fast Fourier
Patel 2011 X Neural network Transform i ECG
(12 drivers) Band Pass Filter
(FFT)
Neural network Heart rate I;Z?Zyzpztt?leettlicc ((Il:llf))
Patel 2011 based artificial o X Y P K ECG
90% intelligent aloorithm variability activities using LE/HF
8 8 (HRV) ratio
The Fuzzy
Mutual-
95-97% LDA, In fo:lnlllation Optimal Wavelet EEG,
Khushaba 2011 i ° LIBLINEAR!, Packet, Fuzzy ECG,
(31 drivers) KNN?, SVM (MD)-based Wavelet Packet EoG
: Wavelet-Packet °
Algorithm
Ind dent
96.7% Self-organizing g :)enn e:t
Fu 2012 6 ° ) Neural Fuzzy Fast Fourier °A P 10 ¢ EEG
rivers Inference Network Transform na YSl‘S,
Decomposition
Skin Conductance Y Galvanic
) 80% Response (SCR), and & i ty i skin
Muruganezhumali 2015 . X to ambient Band Pass Filter
(13 subjects) Skin Conductance — Response
Level (SCL) 7 (GSR)
94.1% Sleep/wake
Martensson 2018 (86 d;'inrs) SVM predictor Low pass filtered PCD?
(SWP)
Ind: dent
Spatial-temporal Eight (l;‘or?e:n::t
Gao 2019 97.37% convolutional neural com geﬁ tive Anla)l i e
(2800 samples)  network (ESTCNNY) ¥ ysis.
methods Decomposition
Training four binary
Real classifiers (k-nearest
85% Heart rat iabilit ighbours,
Persson 2020 ,0 cartrate variabity Road Driving neighbours . ECG
(86 drivers) (HRV) L support vector machine,
Conditions

AdaBoost, and random
forest)

! A Library for Large Linear Classification, *k-nearest neighbors’ algorithm, > power spectrum density, * EEG-Based Spatio-Temporal Convolutional

Neural Network

criterion of self-reporting through various ocular
scales, such as the Karolinska Sleepiness Scale
(KSS) and Stanford Sleepiness Scale (SSS). 2)
Assessment based on vehicle scales uses sensors
on specific parts of vehicle and is based on steering
wheel movement (SWM) and standard deviation
of lane position (SPLP) [8, 9]. 3) The evaluation
is based on a behavioral scale (Table 1) such as
yawning, eyelids, blinking, head position, etc. If the
sign of drowsiness is detected by the camera, the
system warns the driver. 4) Evaluation based on

[ DOW!

physiological scales (Table 2) such as correlation
between physiological signals of electrocardiogram
(ECG) and electromyogram (EMG), Electro-
oculogram (EOG) and Electro Encephalogram
(EEG), and driver drowsiness.

- Comparison of real and simulated driving
conditions

Results in real driving conditions are different
from simulations, because in real mode, a moving
car can create a variety of situations such as different
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background exposure and sound vibration and
using sunglasses and hats. Drivers on real roads also
feel less safe at high speeds. Drivers in the simulated
environment do not take this risk.-. The majority of
experiments in simulated conditions were based on
behavioral scales and the results showed that this
method is a reliable way of detecting drowsiness.

An analytical comparison between evaluation
methods

The accuracy and reliability of detecting driver
drowsiness using physiological signals is very
high compared to other methods. However, the
aggressive nature of physiological signaling is an
issue that needs to be addressed. In the vehicle-
based measure, there are limitations in terms
of vehicle type, driver experience, geographical

location, road quality, and ambient light. In
addition, these methods are time consuming and
need to analyze driver behavior, which makes it
unable to detect sleep deprivation. In the case of
driver behavioral-based measure, sudden changes
in the head and eyes, and changes in light intensity
can reduce the accuracy of drowsiness detection.

The proposed method is based on the measure,
posture, and behavior of the driver and infrared is
used for imaging, which allows to film the driver
at night. However, this method requires different
categories of eye and face condition.

- A hybrid model and efficient model design

It seems that the most important way to diagnose
drivers drowsiness is to use a combination of
simulated methods in the environment, which use
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Fig. 1: Proposed model diagram
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several methods to diagnose drowsiness. Therefore,
except for physiological methods that interfere with
the driving operation, a combination of other methods
should be used to diagnose drowsiness. The proposed
model diagram is presented in Figure 1. The proposed
model is based on the advantages and disadvantages
of the methods introduced in other studies.

4. CONCLUSION
Given the high death toll from traffic accidents

[ Dow!ed from jhsw.tums.ac.ir on 2023-03-14 ]

in Iran and other developing countries, and the
important role of drowsiness in the occurrence of
road accidents, providing a combined and efficient
model that does not interfere with driving can save
the lives of many of drivers.
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4. Electromyogram

5. Electro-oculogram

6. Electro Encephalogram
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10. Percentage of Eyelid Closure
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12. Head angle

13. Wavelet Decomposition

14. Gabor Wavelets

15. Discrete Wavelet Transform
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