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Summary:

Driver drowsiness contributes widely in vehicle accidents. Studies assessed
drowsiness indicators at different driving setups. The first objective was to
establish an experiment to obtain generic datasets of brainwaves epochs
recorded by electroencephalogram (EEG) at forehead sites labeled with
alertness and drowsiness for subjects using facial expressions recorded by
videos. Subjects perform simulated driving for two hours after 6 PM. The
second and third objective were to extract and select significant features that
yield to highest classification accuracy between alert and drowsy using
statistical and classification methods. The results showed the classification

accuracy was 85.8 %.
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Abstract

Driver drowsiness contributes widely in the increase of possibility of vehicle
accidents. Many studies assessed drowsiness indicators at different driving setups.
Brainwaves recorded at different head sites resulted in better accuracies. The detection
of drowsiness after normal working day with normal sleep habits was the main scope of
this study.

The first objective was to establish an experiment that can obtain a dataset of
recorded brainwaves recorded at forehead sites (Fpl and Fp2 with Fpz reference) and
labeled with alertness and drowsiness states by assessing video recordings of subjects’
behavior especially facial expressions. Forehead sites facilitates future practical
implementation of drowsiness detection system. These recordings was achieved for
subjects undergoing simulated monotonous driving task for two hours after 6 PM.
Brainwaves were recorded via electroencephalogram (EEG) mobile system and facial
expressions were recorded simultaneously using video webcam. Recorded data for all
subjects were segmented into non overlapping five seconds epochs. Each epoch of EEG
signals was labelled as alert or drowsy in accordance to subject’s facial symptoms in
video records. The comparison of labeled brainwaves datasets was performed to test the
changes in EEG signal between the alertness and drowsiness states. Features were
extracted out of EEG signals recorded at forehead sites by discrete wavelet
decomposition and periodogram. The second objective was to model the features using
statistical regression model to predict drowsiness state according to significant features.
The selected model according to data was binary logistic regression model to predict the
probability of drowsiness states according to the significant features. The third objective
was to build drowsiness detection algorithm using support vector machine classifier.

The recommended data set and extracted features to build the drowsiness detection
algorithm were selected according to the binary logistic regression and classification of
combined features results. The recommended training data set was epochs labeled Alert
without any accompanied movement head or sitting posture change and epochs labeled
Drowsy with slightly drowsy to extremely drowsy without any accompanied movement
head or sitting posture change. The recommended combined features group consists of
energy of Alpha, energy of Beta and standard deviation of Level 4 detail coefficients
(Beta range) for Fpl and Fp2. These features were extracted using discrete wavelet
transformation with mother wavelet Daubechies 6 (db6). This yielded to classification
accuracy was 85.8 %. This accuracy was achieved from Support vector machine classifier
setup was Gaussian radial basis function kernel (scaling factor equal 0.2). The results are
very promising to use Fpl and Fp2 EEG signals. This accuracy in comparison to other
researchers’ studies was satisfying. Many reasons can contribute in this variance of
accuracy, the driving task setup, preparation of subject for driving, vigilance states
labeling, and signal preprocessing.



Chapter 1 : Introduction

1.1. Introduction

Drowsiness of drivers has been observed as one of the most contributing factors in
vehicle accidents in many countries. Drowsiness detection and alerting the driver were
the scope of many researches since years to minimize the number of accidents. Detecting
or predicting drowsiness is not a straight forward issue. Drowsiness symptoms can be
confusing. Many researchers tested and examined many indicators to build detection or
prediction systems. This study worked on forehead brainwaves as indicator to build
drowsiness detection algorithm. The drowsiness detection system focuses on the driving
after 6 PM normal working hours.

1.2. Objective

The first objective was to establish an experiment that can obtain generic datasets of
non-overlapping five seconds epochs brainwaves at forehead sites (Fpl and Fp2 with Fpz
reference) labeled with alertness and drowsiness states for subjects undergoing simulated
monotonous driving task for two hours after 6 PM. The brainwaves were recorded using
electroencephalogram (EEG). Forehead sites facilitates future practical implementation
of drowsiness detection system. Figure 1.1 showed an illustration of the selected forehead
sites for brainwaves recording in this study. The labeling was done by assessing facial
expression and observing sitting posture by two observers. The facial expression and
sitting posture were recorded by video simultaneously with the EEG recordings.

Figure 1.1. lllustration of Forehead Positions Selected In This Study



