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Abstract
This paper propose here a resolutely oriented approach to the study of the driver in order to detect the driver drowsiness starting from
physiological information (related to the brain activity) and video (related to the ocular activity). The goal of this work is to develop a
system for automatic detection of driver drowsiness in the driver from electroencephalographic (EEG) (describing brain activity) and
video of the driver. This approach is motivated by the fact that driver drowsiness physicians mainly work from brain and visual data to
detect driver drowsiness. In addition, the complementarity of brain and ocular activities seems to indicate that the contribution of cerebral
information would improve the reliability of the camera-based approaches (thus using only the visual cues) used for the automatic detection of the decline of vigilance.
Keywords: EEG; EOG; ECG; Driver Drowsiness; OSS Criteria.

1. Introduction
It's been a few years now that drowsy driving is recognized as a
factor significant accident. If it is difficult to estimate the exact
proportion of accidents attributable solely to fatigue, various international research estimates that it would be involved in 20% of
accidents.
Recently, some drowsiness detection devices have appeared. Their
goals: to help drivers to assess their tiredness and convince them
to stop on time. While some devices integrated in the vehicle seem
efficient, they remain reserved for people who can allow the purchase of a new vehicle equipped with such systems. Many "portable" systems, of tenmore affordable, are therefore proposed as an
alternative to integrated systems.

1.1. Driver Drowsiness
Before all things, it seems important to give as precise a definition
as possible of the phenomenon which interests us.
Intermediate state between wakefulness and sleep during which
the body has its faculties of observation and analysis very reduced
[1].
Indeed, this is the transition between the two fundamental states of
awakening and sleep. This transition is unintended and accompanied by a decrease in alertness, that is, the ability to focus on a
task. However, care must be taken to differentiate driver drowsiness from fatigue. The term fatigue is a depletion of the body after
sustained activity too long. It exists in two forms: physical and
mental. These two forms are not necessarily linked. Fatigue requires rest, which is not necessarily synonymous with sleep. It
does, however, decrease the ability to maintain focus and focus
because the body needs rest, so there are fewer resources availa-

ble. Driver drowsiness is therefore only a consequence of fatigue.
The consequences of driver drowsiness at the physiological level
are numerous. A study by the United States Departmentof Transportation for Federal HighWay Administration (FHWA) identifies
these different consequences [2]:
•

Lowering of attention,

•

Increased time for information processing and decisionmaking,

•

Increased reaction time to critical events,

•

More variable and less effective control responses,

•

Lower motivation and performance,

•

Decrease in psychophysiological activity,

•

Increased feelings of drowsiness and fatigue,

•

Reduced vivacity.

In view of these different consequences, it is clear why driving in
this state represents a danger for the driver and other users, as well
as the challenge of developing a system capable of preventing
driver drowsiness. Mechanisms such as circadian and homeostatic
cycles (physiological cycles governing wakefulness and sleep),
sleep inertia (time required for each individual to recover all their
cognitive abilities upon awakening), micro-sleep (Sleep episode of
a few seconds) as well as the driver's environment (time of day,
weather conditions, driving time, etc.) can promote driver drowsiness, which only complicates this phenomenon.
For many years, research has been conducted to better understand
this risky state and to implement systems for its automatic detection. Two types of approaches have been proposed to study this
phenomenon. The first approach, the oldest, focuses on the behavior of the vehicle. Its purpose is to detect the abnormal behavior of
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the vehicle on the road caused by driver drowsiness. For this, various indices such as the position of the vehicle on the road, the
movements of the steering wheel or the pressure force on the different pedals have been studied in order to prevent risky behavior
related to driver drowsiness. This approach, however, remains
very dependent on the road, road traffic and driving habits of the
driver.
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•

Fatigue is a physical or intellectual impairment that in the
case of fatigue flying usually translates as difficulty staying
focused. Fatigue requires rest.

•

Sleepiness is an intermediate state between awake and sleep,
which in practice translated by the difficulty to stay awake.
Drowsiness requires sleep.

The second approach focuses on driver behavior. In this case, the
goal is to detect the physiological and behavioral signs of driver
drowsiness in the driver. Studies on the physiological signs at the
level of brain activity and eyepieces were conducted to better understand and characterize this problem of driver drowsiness. It is
also from these physiological signals that doctors work to quantify
the level of vigilance in a patient. More recently, the use of onboard cameras in the vehicle has made it possible to develop detection systems based on visual cues of the decline in alertness
such as blinking, yawning or the direction of the driver's gaze.
However, no system has proved sufficiently effective at the moment to be commercialized and the physiological approach remains the most effective today to characterize driver drowsiness.

2.1. Electro-Encephalography (EEG)

During these different works, several problems were raised, the
main one being the difficulty of proposing a precise definition of
driver drowsiness and its characteristics. In addition, driver drowsiness is manifested differently in different individuals, which increases the difficulty of defining a common frame of reference for
the detection of this phenomenon. This latter finding, coupled with
the fact that no approach has proved sufficiently relevant, has led
to attempts to merge different techniques to improve driver drowsiness detection systems. Several biomedical signal processing
techniqes are presented in [49]-[63].

Typically, EEG is described in terms of rhythmic and transient
activities. The rhythmic activity of the EEG is divided into frequency bands. These different frequency bands are above all a
matter of nomenclature and have been defined according to the
biological significance of the different rhythms. It is possible,
however, that some bands change a few Hertz from one author to
another. EEG activity is mainly studied in the [1-30] Hz band
because below and above this band, the EEG tends to be very
noisy (when recorded under standard clinical conditions).

Sensors on the head record the activity of the brain that breaks
down into several waves. These are the alpha and theta rhythms
that are analyzed to determine the state of fatigue of the subject.
The degree of fatigue can be determined by the alpha / theta balance [9]. Interference may be influenced by movements of the
body, head, or eyes [10].
Electroencephalography (EEG) is the measurement of the electrical activity of the brain by electrodes placed on the scalp, often
represented in the form of a trace called electroencephalogram
[11].

Physiological
Signals

Facial Analysis

2. Problem Domain
Indeed, driver drowsiness results from many complex factors that
interact with each other. Moreover, if these factors favor the decrease of vigilance, everyone does not react in the same way and
there are many inter-individual differences at this level [3]. The
difficulty in defining driver drowsiness is related to the fact that it
is a transition between two states and not a state in itself. Indeed,
we have presented here the various factors as well as the effects of
driver drowsiness but it is difficult to establish the precise characteristics. In fact there is no common alphabet of driver drowsiness
that allows definitively defining whether a person is a victim of
driver drowsiness or not, as the rules of Rechtschaffen& Kales [4]
to define the different phases sleeping for example. The work of
Dinges [5], however, showed that physiological indicators, in
particular brain and eye activities, are the best indicators of this
state of transition between wakefulness and sleep. Indeed, Renner
&Mehring [6] have suggested that the study of brain activity can
identify the failure in the treatment of information and that the
study of ocular activity can identify the insufficiency perception
skills. We will begin by focusing on electroencephalographic activity to build our detection system.
Driver drowsiness Scales have been proposed by specialized doctors to assess the level of awakening of a patient but none has yet
been standardized. These include the approach developed by the
Karolinska Institute called Karolinska Drowsiness Scale or KDS
[7] or that developed by Muzet et al. [8] called Objective Sleepiness Scale.
The study shows that the "portable" devices tested did not allow
drivers a better awareness of his state of fatigue and the associated
risks:
•

Often confused because intimately linked it is important to
differentiate fatigue from drowsiness.

EEG (brain activity)

EOG

(Heart rate) ECG

Blinking of the eyes

Yawning

Position and movements
of the head

Analysis of
Driving

Movement of the steering
wheel

SDLP (standard deviation
of lane position

Variations of speeds

Fig. 1: The main scientific indicators of fatigue and distracted driving

Here is a brief presentation of the different frequency bands present in the GET:
Delta The activity δ corresponds to the frequency band [0.5-4] Hz.
This activity is usually composed of high amplitude waves that
appear in the frontal region in adults and parietal in children. This
activity is mainly present in adults during deep sleep and in babies.
Theta: The activity θ corresponds to the frequency band [4-8] Hz.
It is most common in children, drowsiness in adolescents and
adults, and inactivity.
Alpha: The activity α corresponds to the frequency band [8-12]
Hz. It occurs mainly in the parietal regions of the head but mainly
on the dominant side and also in the central areas when resting.
This activity is characteristic of relaxation.
Beta: The β activity corresponds to the frequency band [12-30]
Hz. It is present on both sides of the brain symmetrically. It consists of low amplitude waves and appears more clearly in the
frontal area. This activity is characteristic of awakening, active
reflection and concentration.
Gamma: The γ activity corresponds to the frequency band above
30 Hz. It appears during certain cognitive tasks or motor functions
and is difficult to record under standard clinical conditions. Figure
2 shows a second EEG signal then all the components of this signal, corresponding to the different frequency bands.
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Traditionally, the EEG is registered according to the 10-20 system
presented in Figure 2. This system takes its name from the fact
that the adjacent electrodes are placed at 10% or 20% of the total
distance between the front and back and between the right and left
of the skull, as shown in the figure. The value of the voltages
measured ranges from approximately 10μV to 100μV.Sampling
often occurs around 250 Hz.
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Table 1: OSS Criteria
Objective
Sleepiness
Score
0

1

EEG content
Activity β continues in the
background, no activity α and
θ
Appearance of α and / or θ
waves for at least 5s cumulated
Appearance of α and / or θ
waves for at least 5s cumulated

2
or
Appearance of α and / or θ
waves
Appearance of α and / or θ
waves for 5 to 10 s cumulative
3
or
Fig. 2: EEG signal broken down according to its different frequency bands

3. Manifestations of driver drowsiness in the
EEG
In view of the physiological significance of the different EEG
frequency bands, it appears that the bands likely to be characteristic of driver drowsiness are the θ bands whose activity corresponds to drowsiness and inactivity, as well as the α band which
corresponds to the rest and the closing of the eyes. Indeed, several
studies [12, 13, 14] have highlighted that the decrease in vigilance
is characterized by an increase in electrical activity in the α and θ
bands. Recent studies by. [14, 15, 16] revealed that the α band is
particularly characteristic of the decline of vigilance.
Moreover, we note that the β band is characteristic of awakening
and concentration. The decline in vigilance is also characterized
by a decline in activity in the β band. This decline in activity has
been demonstrated by several studies [17]. However, the decrease
in β activity in case of driver drowsiness must be qualified following the work of [18]. Indeed, their study has shown that the decrease in alertness can be accompanied by an increase in β activity
due to an increase in concentration to try to compensate for the
appearance of driver drowsiness.
Several scales have been proposed to evaluate the level of awakening but none has been standardized. Two scales of evaluation
particularly caught our attention. The first is the method developed
by the Karolinska Institute called Karolinska Drowsiness Scale or
KDS [19]. This method proposes to quantify the wakefulness level
from the EEG and EOG readings. The method of notation is inspired by the rules of notation of the phases of sleep developed by
Rechtschaffen& Kales [20]. The data are analyzed by segment of
20s themselves divided into sub-segments of 2s. Whenever a sign
of driver drowsiness is found on one of the sub-segments the score
assigned to the segment is incremented by 10. Thus the maximum
score is 100 and the subject will be considered a victim of driver
drowsiness if the score of the segment is higher at 50. The second
scale that interested us is the one developed by Muzet et al. [21).
This is an Objective Sleepiness Scale (OSS). This OSS is separated into five levels of alertness ranging from 0 (fully awake) to 4
(very advanced driver drowsiness). Decisions are made every 20s
depending on the length of the puffs of activity α and θ present in
the EEG as well as the speed of eye movements and blinks. These
criteria are presented in Table 1.
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Appearance of α and / or θ
waves
Appearance of α and / or θ
waves for more than 10s cumulated

Blinking and eye
movements
and blinks and
normal
eye
movements
and blinks and
normal
eye
movements
and blinking and
slow eye movements
and blinks and
movements
normal eyes
and blinking and
slow eye movements
and blinks and
movements
normal eyes
and blinking and
slow eye movements

The two scales presented are used by expert physicians to visually
assess the level of alertness from a person's different EEG and eye
data. First, both scales confirm Renner &Mehring [22] about using
both brain activity and blinking to quantify the level of alertness.
This tends to prove that the problem of the characterization of
driver drowsiness remains a delicate subject and that there is no
universal scale.
That said, the use of EEG by expert physicians to quantify the
level of alertness of subjects encourages us to propose an algorithm that is based on the EEG to detect moments of driver drowsiness. The purpose of this algorithm will be detection, in the as far
as possible, the different EEG criteria characteristic of driver
drowsiness, in particular the hause of α activity.

3.1. Detection systems
The majority of EEG driver drowsiness detection systems rely on
the analysis of the frequency content of EEG signals. Indeed, as
we have seen in the previous section, driver drowsiness mainly
results in an increase in activity in the α and θ bands. The detection systems therefore seek to analyze the frequency content in
order to detect these increases.
There are two methods for analyzing the frequency content of a
variable frequency signal: the Short Time Fourier Transform
(STFT) and the Wavelet Transform (WT). The principle of the
STFT is to compute the Fourier transform, i.e. to compute the
frequency content of the signal, on a sliding window, i.e. a part of
the signal, the goal being to have a time-frequency representation.
The WT for its part is a time-frequency analysis performed from a
function called a basic wavelet that can be contracted or expanded
to specify the characteristics of the signal that it is desired to detect. This technique was developed by Mallat [23]. A comparison
between the uses of these two techniques in the context of the
EEG study was carried out by Kiymik et al. [24]. It emerges from
this work that STFT is more suitable for real-time applications and
that WT is more suitable for applications requiring high resolution. In practice, most of the work was done using STFT. This
technique has not yet been tested on actual driver drowsiness signals.
There are two types of method for analyzing the frequency content
of the EEG: techniques with learning and no learning. Examples
of supervised learning-based techniques include the use of neural
networks. The neural network is a learning algorithm composed of
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a connected neural structure associating inputs to one or more
outputs. When trained with driver drowsiness data, the neural
network will allow the learning of a "black box" type model able
to detect the decline of vigilance. The main difference between all
approaches using neural networks lies in the nature of the inputs
used as well as the type of network used. Authors of [25]suggested
applying a PCA to a three-channel EEG spectrum to drive a multilayer neural network on the main component spectrum.Authors
of[26]estimated the EEG spectrum by both STFT and WT to drive
their network. Their technique has not been tested on real signals.Authors of[27] used a single parieto-occipital EEG channel
(P4-O2) to educate two different networks. A network of SOM
(Self-Organizing Map) type is used for the detection of driver
drowsiness while another network of type LVQ (Learning Vector
Quantization) is used for the detection of artifacts. [28] proposed
to apply a network of neurons on the bands α, θ, β and δ of an
EEG spectrum obtained by WT in order to detect the following
states: "awake", tired "and "sleeping".
Other classification techniques have also been used, such as Hidden Markov Model (HMM). The HMM [29] is a statistical model
in which the modeled system is assumed to be a Markovian process of unknown parameters. A Markovian process is a process
that estimates the future state from the only information of the
present state and not past ones. This is still a technique requiring
learning. The HMM is applied to an eight-dimensional vector
where each dimension represents a particular band of the EEG
spectrum.
These different techniques give good results, especially neural
networks, but require learning on a large number of data in order
to develop the model of driver drowsiness detection. In practice,
this is not always feasible.
Other techniques that do not require learning also exist. We can
cite the regressive models. The goal is to approach the signal with
a mathematical model that is updated using past signal values.
Hypov states

4. Comparison with Literature
Lin et al. [30] proposed to monitor driving performance, that is,
the driver's ability to maintain the vehicle in the middle of the
road, using a linear regression model on a two-channel EEG.
When the model is driven and tested on the same session, they get
a correlation of r = 0.88 between their model and driving performance. However, this result falls to r = 0.7 when the model is
trained and tested on different sessions. Thus, we see that this
method needs to be parameterized for each driver since the model
estimated on one driver does not necessarily work very well on
another. Lin et al. managed to improve these results by using an
ICA on a 33-channel EEG [30] before applying their linear regression model. They then get a correlation of r = 0.88 between their
estimate and the actual driving performance on the test session.
Nevertheless, two reservations can be made to this method. It
requires a very large amount of data and channels to be trained
and has been tested on only five topics.[31] obtain 92% good driver drowsiness detections by driving a neural network on the EEG
spectrum recorded on the P4-O2 channel, however this good result
is obtained on the model's learning data and falls back at 76%
good detections on validation data, and again the method was only
tested on a limited number of drivers [32] get an impressive 97%
of good detections with However, Rosipal et al.[33] reach 77%
good driver drowsiness detections by using a GMM on the spectral content of their ELISA regression model. a converted EEG in
the form of coefficients of an autoregressive model. This study
was conducted on a large number of drivers but also requires a
long period of training. Without drive and driver independent, Pal
et al. [Pal08] obtained a correlation of r = 0.78 between their indices obtained by the Mahalanobis distance and the driving perfor-
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mance of the driver. A summary of these results is presented in
Table 2.
Table 2: Summary of the comparison of our results with those of the literature concerning the detection of driver drowsiness from the cerebral signs
Authors
[30]
[31]
[32]
[33]
[34]

Results
82.5%
76%
r=0.88
76%
r=0.88

Technique
MCT and fuzzy fusion on α and β
Neural networks
Linear regression
Gaussian Mixture Model
Distance from Mahalanobis to α and θ

The advantage of our method, in addition to a good rate of detection of driver drowsiness states, is that it does not need to be
adapted or trained. The threshold used for detection remains the
same for each driver. Our method has the great advantage of operating from a single EEG channel. The artifact detector is used to
determine the quality of the channel to avoid false detections due
to disturbances. Moreover, the results are reliable because the
method has been tested on a large number of drivers.

5. Manifestations of Driver Drowsiness in the
EOG
Electrooculography (EOG) is the measure of the electrical activity
of the eye. Thus, the EOG can be used to record eye movements
and blinks. The eye can be considered as an electric dipole, the
positive pole being the cornea and the negative pole the retina.
The EOG is in fact the measure of the difference in electrical potential between these two poles, which can vary between 0.4 and
1mV. When the eyes are at rest, the EOG measures a constant
voltage, called baseline. The sign of change depends on the direction of movement. In addition, the amplitude of the measurement
is proportional to the amplitude of the movement of the eye [35].
The EOG is measured by placing electrodes around the eyes. It is
necessary to be able to differentiate the horizontal and vertical
movements of the eye because the blinks are only vertical movements of the eyelids. The electrodes are placed vertically on either
side of the eye for the vertical EOG (EOG-V). For the recording
of the horizontal EOG (EOG-H), the electrodes are placed on the
outer sides of the eyes. We also place an electrode in the middle of
the front which will serve as a reference [36].

5.1. Driver Drowsiness Detection Systems by Blinking
Analysis
It is clear that the ocular information retrieved by the EOG is a
good indicator of driver drowsiness. Indeed, it can be recalled that
the EOG is used by medical experts to evaluate the visual signs of
driver drowsiness. The EOG has therefore naturally been subject
to automatic driver drowsiness detection systems. Authors of [37]
proposed a vigilance level detection system based on blink duration and frequency parameters as well as amplitude-velocity ratio.
The average level of these variables is learned at the beginning of
the recording, the system detects blinks that are too far away from
these levels. Note that blinks less than 0.5s are not taken into account. Learning techniques have also been used to classify different levels of vigilance from the EOG such as data partitioning
analysis, the use of which has been suggested [38] or support vector machines. Authors of [39] Proposed using a model of Gaussian
mixtures on Lissajous curves obtained from the horizontal and
vertical channels of the EOG as well as movements of the head.
Recording an EOG on a driver is not necessarily obvious, especially since the electrodes must be placed very close to the eyes
which can hinder the driver. Blink detection approaches using
video have therefore been developed to detect eye movements.
The use of video, however, introduces problems of image processing such as the location of the face or eyes. To overcome this
problem, some studies have used infra-red (IR) lighting that pro-
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duces a very easily detectable reflection in the eyes. There are also
driver drowsiness detection techniques based solely on IR oculography [40].
As we have seen previously, there are several techniques for extracting information from blinks using EOG or video. We are
interested here in the link that exists between the various quantities estimated and the signs of driver drowsiness, that is to say
how to use these quantities in the context of the detection of driver
drowsiness.
One of the visual signs of relatively simple driver drowsiness to
use is the detection of too long eye closure times. This is to alert
the driver when the driver closes his eyes too long. Several studies
have proposed detecting closures by segmenting the iris of the eye
on the video [41, 42 and 43]. Indeed, the size of the iris decreases
until disappearing when the eye is closed. Other studies have proposed to detect blinking by following the evolution of the upper
eyelid and the lower eyelid, the blinks corresponding to the decrease in the gap between the two eyelids. Finally, methods have
suggested detecting blinks by correlation between the bounding
box of the eye and a closed eye model [44].Thus the correlation is
maximum when the eye is completely closed. These different
techniques all have in common to alert the driver only in case of
prolonged closure of the eyes, that is to say when the eye is considered closed for more than five images in a row.

The second type of technique consists of more complete multivariable approaches. A study by Johns [45] proposed using the amplitude-velocity ratio to detect driver failure moments up to 60s in
advance. This ratio is calculated from an IR camera detection. It
has been proposed to standardize velocity. Indeed, the velocity
decreases with the decrease of vigilance whereas the amplitude
changes very little. The advantage of using this report is that it
does not need to be calibrated.

5.2. Electrodermal Activity (EDA)
The use of electrodermal activity as an indicator of the driver's
driver drowsiness has long been the subject of studies. In 1966,
the national road safety organization in France already asserted
that the correlation in electrodermal activity and the level of vigilance had been validated scientifically. Since then, other studies
have relied on the use of EDA as an indicator of vigilance and
more specifically on the most relevant electrodermal indicators
[46].

5.3. Facial Analysis
PERCLOS: The percentage of eyelid closure (PERCLOS) consists
in measuring the percentage of time during which the eyes are
closed at least 80% on the pupil during a certain period of time.
An individual is considered fatigued when the PERCLOS exceeds
80% ([47]). This indicator seems reliable enough to determine the
state of fatigue of an individual but the systems measuring the
PERCLOS face a difficulty however: the brightness could make
the detection difficult but also directly influence the blinking [48].

6. Conclusion

a.

b.

c.

d.

e.
f.

Fig. 3: Review of existing techniques
In addition, these systems alert the driver when the driver keeps
his eyes closed too long, that is to say when the driver is already in
a state of driver drowsiness advanced (even asleep at the wheel),
which seems a little late . Indeed, a driver drowsiness detection
system is more effective if it warns the driver before he falls
asleep at the wheel, although it is important to wake him if it happens.

The detection of the eyes is carried out by a method using both
gradient and projections. This method allows the detection of the
eyes whatever their state. Blink detection is then performed from
static and dynamic energy signals calculated on the area of the
eye.
The comparison between blink characterization by EOG and video
analysis shows that a fast camera approach can effectively replace
traditional EOG analysis. The fast camera approach (≥ 100fps) is
also justified by the significant improvement in the results obtained in its use compared to those obtained with a standard 30fps
camera. It has been shown that several parameters related to the
detection of driver drowsiness such as duration, duration at 50%,
frequency and closing speed of the eye can be extracted from the
video analysis with the same precision as on the EOG. On the
other hand, certain parameters extracted from the video do not
seem correlated with their homologues extracted from the EOG.
However, depending on the application we make, they could still
be used to detect the decline in vigilance. This is the case of the
amplitude-velocity ratio which is strongly correlated whereas
neither the amplitude nor the velocity show any significant correlation. Similarly, although performance is slightly improved when
video sampling is increased, the improvement obtained is not significant enough to determine the choice of sampling. Once again,
it is the application that will determine the choice of this parameter. However, it has been shown in this study that the use of a fast
camera has a distinct advantage over the use of conventional 30fps
sampling. In our case, the use of a sampling rate of 200fps seems
the best choice to achieve a driver drowsiness detection system.
It has been found in this paper that the problem of driver drowsiness is not a simple problem. Indeed, because driver drowsiness is
a transition between the two states of awakening and sleep, it is
difficult to define specific characteristics. Despite this, physiological features of driver drowsiness have been identified, giving rise
to scoring rules of different levels of alertness, although these
rules are not standardized and remain relatively subjective.
Based on the comparison of averages applied to the relative powers of the α and β bands of the EEG. A high amplitude artefact
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detection system is also presented. It is combined with the driver
drowsiness detector to detect in real time the periods of time when
the EEG signal is unreliable (because polluted by artifacts). The
artifact detector uses a single threshold that is independent of the
driver.
EEG in order to detect signs of failure in the ability to process
information and by studying blinks to detect signs of decline. Perceptual abilities. It now seems sensible to study how driver drowsiness can be characterized at the level of blinking. The fusion of
the EEG and EOG approaches should make it possible to obtain a
complete driver drowsiness detection system.
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