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Abstract— Driver safety is of utmost importance in the Indian, a country with approximately 308 million licensed drivers (Our Nation's
Highways, 3010). Driving while distracted or drowsy decreases performance and endangers lives. Yet in today’s bustling society, driving
when distracted and/or sleepy is unfortunately more often the norm than the exception. In order to construct appropriate countermeasures
to drowsy and distracted driving, it is important to understand how distraction and sleepiness affect driving. Therefore, we examined how
objective markers of physiological sleepiness and simulated driving performance were influenced by time awake and cognitive distraction
(referred to in this thesis as cognitive engagement) by using a 30-min driving simulation during 24-hrs of continuous wakefulness. In
general, increased markers of physiological sleepiness and decreased driving performance were associated with increased time awake.

Our results suggest that during extended wakefulness.

Index Terms— Intelligent Transportation System, Driver Fatigue Detection.

1 INTRODUCTION

river drowsiness is one of the major causes of serious traf-

fic accidents. According to the National Highway Traffic
Safety Administration (NHTSA) [1], there are about 56,000
crashes caused by drowsy drivers every year in India, which
results in about 1,550 fatalities and 40,000 nonfatal injuries an-
nually. The actual tolls may be considerably higher than these
statistics, since larger numbers of driver inattention accidents
caused by drowsiness are not included in above numbers [1].
The National Sleep Foundation also reported that 60% of adult
drivers have driven while felling drowsy in the past year, and
37% have ever actually fallen asleep at the wheel [2]. For this
reason, a technique that can real-time detect the drivers’ drows-
iness is of utmost importance to prevent drowsiness-caused
accidents. If drowsiness status can be accurately detected, inci-
dents can be prevented by countermeasures, such as the arous-
ing of driver and deactivation of cruse control. Sleep cycle is
divided into no-rapid-eye-movement (NREM) sleep and rapid-
eye-movement (REM) sleep, and the NREM sleep is further
divided into stages 1-4. Drowsiness is stage 1 of NREM sleep -
the first stage of sleep [3]. A number of efforts have been report-
ed in the literature on the developing of drowsiness detection
systems for drivers. NHTSA also supported several research

projects on the driver drowsiness detection. These drowsiness

detection methods can be categorized into two major approach-

es:

1.1 Imaging Processing Techniques
This approach analyses the images captured by cameras to de-

tect physical changes of drivers, such as eyelid movement, eye
gaze, yawn, and head nodding[4][5]. For example, the PER-
CLOS system developed by W. W. Wierwile et. Al. [5][6] used
camera and imaging processing techniques to measure the per-
centage of eyelid closure over the pupil over time [7][8][9]. The
three-in-one vehicle operator sensor developed by Northrop
Grumman Co. also used the similar techniques [10]. Although
this vision based method is not intrusive and will not cause an-
noyance to drivers, the drowsiness detection is not so accurate,
which is severely affected by the environmental backgrounds,
driving conditions, and driver activities (such as turning
around, talking, and picking up beverage). In addition, this ap-
proach requires the camera to focus on a relative small area
(around the driver’s eyes). It thus requires relative precise cam-

era focus adjustment for every driver.

1.2 EYE Tracking
Using the estimated face position detected in the previous

frame, the subsequent images are searched for the eyes using
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the reference templates. For this operation, a grayscale correla-

tion pattern matching method is used. The templates consist of
four different images, namely the left open eye, left closed eye,
right open eye and right closed eye. Using the reference eye
patterns, the image is searched for localizing the eyes during the
eye-tracking phase.

Sample templates are shown in the Figures 3 and 4 below:

Fig 3. Open eye template.

Fig 4. Closed

Eye templates at different head orientations or rotations were
not used as this could increase the computational time for
each image. A grayscale correlation method is used. The tem-
plates are matched with every pixel in the region being
searched and a match score is assigned to each pixel in the
target image.

The match r is computed as:
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Where N is the number of pixels in the model, M is the model
and I is the image against which the pattern is being com-
pared. A match computed by the above expression is unaffect-
ed by linear changes in the image or model pixel values. In
other words, the search is just as efficient even if the image
gets brighter or darker. The value of r reaches a maximum of 1
when the model matches perfectly with the image or 0 when
there is no match. The actual match scores are computed as:

Score = max(r, 0) 2 x 100%

1.3 Functional Description
The system consists of three well-defined phases, namely the

face detection, eye tracking and fatigue detection. The se-

quences of images from the camera are fed to the system. Ini-
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tially, the system doesn’t know the initial position of the face.
The system grabs the first image and tries to find the face re-
gion in the image using the skin color model. Due to unfa-
vorable lighting conditions or initial head orientation of the
driver, the localization might fail. So the system grabs anoth-
er frame and repeats the same process until the face region is
detected with certainty. It is assumed that the person’s head
is not displaced a lot from the previous position between two
consecutive frames. So after the face is detected, the eyes are
tracked in the region and monitored to detect micro-sleeps.
The eye templates obtained previously for the driver are used
for localizing the eyes. The eyes are analysed to determine
whether they are open or closed. This information obtained
for each frame is passed on to the fatigue detection phase if
there is no tracking error. The system doesn’t relocalize the
eyes unless there is a tracking error. If there is, the area
searched is increased in size. So even if the face is displaced

significantly between frames, the eyes can still be localized.

2. LITERATURE REVIEW

2.1 Techniques for Detecting Drowsy Drivers
Possible techniques for detecting drowsiness in drivers can be

generally divided into the following categories: sensing of
physiological characteristics, sensing of driver operation, sens-

ing of vehicle response, monitoring the response of driver.

2.2 B. Monitoring Physiological Characteristics
Among these methods, the techniques that are best, based on

accuracy are the ones based on human physiological phenom-
ena. This technique is implemented in two ways: measuring
changes in physiological signals, such as brain waves, heart
rate, eye blinking and measuring physical changes such as
sagging posture, leaning of the driver's head and the
open/closed states of the eyes. The first technique, while most
accurate, is not realistic, since sensing electrodes would have
to be attached directly onto the driver’s body, and hence be
annoying and distracting to the driver. In addition, long time

driving would result in perspiration on the sensors, diminish-
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ing their ability to monitor accurately. The second technique is

well suited for real world driving conditions since it can be
non-intrusive by using optical sensors of video cameras to

detect changes.

2.3 Other Methods

Driver operation and vehicle behaviour can be implemented
by monitoring the steering wheel movement, accelerator or
brake patterns, vehicle speed, lateral acceleration, and lateral
displacement. These too are non-intrusive ways of detecting
drowsiness, but are limited to vehicle type and driver condi-
tions. The final technique for detecting drowsiness is by moni-
toring the response of the driver. This involves periodically
requesting the driver to send a response to the system to indi-
cate alertness. The problem with this technique is that it will
eventually become tiresome and annoying to the driver.

3. OBJECTIVES OF THE RESEARCH
The word appropriate is inherently subjective and contextual-

ly dependent. What is appropriate in one situation may not be
in another. For a safety critical system, however, one effec-
tiveness measure that can be applied is whether or not system
provides timely and accurate warnings. In this context, accu-
rate means that the warning has a direct correlation to the
driver’s eye closure as it relates to drowsiness and that the
warning is issued without delay. Assuming that this is the
case, this leaves the characteristics of effectiveness in the quali-
tative realm of user acceptance and behaviour.

For example, does the driver:

+  Heed or ignore the warning system?

+  Believe in the accuracy of the system against self-
assessments of drowsiness?

+  Perceive benefits of warnings and accept false
alarms?

+ Take mitigating measures and/or stop driving
when necessary?

+  Make behavioral changes both on- and off-road
to decrease the likelihood and frequency of
drowsiness episodes?

Introducing new technology into a community can lead to
change within that community. This change has a direct rela-

tionship with the effectiveness of the system.
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4 HYPOTHESIS

EEG is one of the most widely used non-invasive techniques
for recording electrical brain activity. After its discovery, this
technique has been employed to answer many different ques-
tions about the functioning of the human brain and has served
as a diagnostic tool in clinical practice. Electroencephalo-
graphs, thus, measure membrane potential variations occur-
ring in neu-rons. The polarity of the signal changes according
to the location of the synapses, being excitatory and inhibitory
synapses inversely correlated. For excitatory, the polarity is
nega-tive when located in superficial cortical layers and posi-
tive when close to the soma of a cell, while the opposite hap-
pens for inhibitory synapses (Hoffmann 2007). Although the
cerebral activity is better detected over the region of interest,
the volume conduction in the cerebrospinal fluid, skull and
scalp allows the signal to spread to distant electrodes. Addi-
tionally, this barrier created between the neurons and the sen-
sors makes frequencies over 40 Hz almost invisible. Both these
conditions generally restrict EEG to global measurements of
the brain activity (Hoffmann 2007).

5 WORK PLAN AND METHODOLOGY

5.1 EEG Signals and Analysis
Theta Waves: Theta is the frequency range from 4 Hz to 7 Hz.

It may be seen in drowsiness or arousal in older children and
adults; it can also be seen in meditation [27].

Alpha Waves: Alpha is the frequency range from 8 Hz to 12
Hz. It emerges with closing of the eyes and with relaxation,
and attenuates with eye opening or mental exertion [27].

Beta Waves: Beta is the frequency range from 12 Hz to about
30 Hz. Beta activity is closely linked to motor behavior and is
generally attenuated during active movements. Low ampli-
tude beta with multiple and varying frequencies is often asso-
ciated with active, busy or anxious thinking and active con-

centration [27].

Typical EEG wave forms are

ALPHA AMAMAMAMNMANAN
BETA AR ALY
THETA ANNNNAN

i | 1sec

Fig 5. Typical EEG wave forms
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5.2 EEG Sensors and Data Collection

EEG signals are collected by using a Emotiv Epoc system,
which is neuro-signal acquisition and Processing wireless neu-
roheadset. It uses a set of sensors to tune into electric signals
produced by the brain to detect thoughts, feelings and facial
expressions and connects wirelessly to computer. The meas-
ured raw data is processed in different platforms (MATLAB,
NET) [27].

| A @
Fig 6. (A) The Emotiv EPOC neuroheadset and the wireless
USB receiver. (B) A picture that shows with intuitive colors

the contact quality of the neuroheadset on the user head.

The Research Edition SDK includes a research headset: a 14
channel (plus CMS/DRL references, P3/P4 locations). Chan-
nel names based on the International 10-20 locations are: AF3,
F7, ¥3, FC5, T7, P7, O1, O2, P8, T8, FC6, F4, F8, and AF4. Other
specifications are listed below in Table 1 and the positions
used are shown in Figure 2[27].
Table 1. Specifications of Emotiv EPOC used in EEG signal
collection [27]

SDK HEADSET

14(plus CMS/DRL,references,P3/P4
locations

Number of channels

Channel names
(International 10-20)

AF3,F7,F3,FC5,T7,P7,01,
02,P8,T8,FC6,F4,F8,AF4

Sampling method Sequential sampling. Single ADC

128 SPS (2048 Hz internal)

Sampling rate

Resolution 16  bits(14  bits  effective) 1
LSB=1.95uV

Bandwidth 0.2-45Hz, digital notch filters at 50Hz
and 60Hz

Filtering Built in digital 5 order Sinc filter

Dynamic range 256mVpp

(input referred)

Coupling mode AC Coupled

Connectivity Proprietary wireless, 2.4GHz band
Power LiPoly

Battery life (typical) 12hours

Impedance Meas- | Contact quality using patented system
urement

4 VII. CONCLUSION

Driver drowsiness is a major, though elusive, cause of traffic
crashes. In this research to monitor driver safety by analyzing
information related to fatigue using Emotive signals and to
avoid the accidents. The Emotive signals are decomposed into
time-frequency representations using wavelet transform and
statistical features are calculated to depict their distribution. A
power spectra-based system has been implemented for the
classification of Emotive signals using the statistical features
extracted from wavelet coefficients as inputs. The extracted
Emotive signals are delta, theta, alpha and beta depends on
these frequency values measure the driver fatigue. A warning
alarm is applied if driver fatigue is believed to reach a defined
threshold.
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