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ABSTRACT
Advancements in the field of computational systems have enabled
decoding of biological quantities and to recognize physiological
conditions. One such prospective application for the next generation of portable electroencephalogram (EEG) signal processing
systems is to prevent hazards in attention-demanding activities.
This work demonstrates a methodology for assessing alertness level
based on a single EEG channel (PzOz), allowing the reduction
of the required hardware and the computational time of the algorithms. A new spectral power-based index is proposed and computed through the normalized Haar discrete wavelet packet transform (WPT). The Haar WPT precisely resolves the brain rhythms
into packets whilst demanding a relatively low computational cost.
The effectiveness of the proposed index in drowsiness detection is
evaluated by evidencing the significant changes in the alert-drowsy
transitions of 40 subjects of a public database. It can be clearly
seen from the results that the proposed index is distinctive enough
to distinguish active and drowsy states (0.25) based on frequency
spectrum states contained in the EEG signal.
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1.

INTRODUCTION

An ever-rising deadly toll due to vehicle based accidents makes
it one of the major concerns in this traffic prevalent era. One
of the major root cause of such accidents is due to fatigue or
drowsiness whilst driving. Drowsy state can be characterized by
the decrease of the subject‘s information processing speed and
memory capacities occurring when one is about to fall asleep.
Such fatigue may originate from various attributes such as effect
of alcohol or other intoxicants, even lack of sleep or prolonged
driving. Examples of professionals under high risk include, but not
restrict to, flight pilots, air traffic controllers and lorry and regular
drivers.
In a recent AAA survey of highway vehicles in 2016, for example,
43 percent of U.S. drivers admitted to falling asleep or nodding
off while driving at least once in their lifetime [1, 2]. Every 1 in

25 adult drivers (aged 18 years or older) have reported to be fallen
asleep while driving in the a span of 30 days [3]. The National
Highway Traffic Safety Administration estimates that close to
72,000 crashes, 44,000 injuries, and 800 deaths arised due to
drowsy driving in 2013 alone. These figures are underestimated
and in reality maybe up to 6,000 fatal crashes are caused by drowsy
drivers each year [3]. Not just driving on roads but pilots (23%) and
almost one-fourth of train operators (26%) admit that sleepiness
has had an impact on their job performance once a week at least,
compared to one in six non-transportation workers (17%) [4, 5].
India’s National Crime Records Bureau does not record accidents
caused by tired drivers but senior police officers say that a number
of accidents are caused by people dropping off behind the wheel.
Many drivers do not realize that they are sleepy. Sometimes they
cause major accidents within seconds. This has led to a necessity
for various methodologies to overcome or compensate for this state
of drowsiness. Technologically driven solutions have been proven
to be robust and accurate enough to detect fatigue conditions while
driving scenarios.
Increasing traffic density, road complexity and implementation of
in-vehicle technologies (IVTs), such as navigation system, cellular
phone, in-vehicle entertainment systems, etc., the driving task
has become a more complex and interactive activity rather than
a simple act of mobility. In such situations, the driver‘s attention
is increasingly diverted from the primary task of driving and
hazard detection. As a measure, slowly high end technology, which
enables cars to be fully automated e.g. adaptive cruise control
or ACC system enables automatic car driving without driver‘s
input in the highway are being implemented. It is of utmost
importance to ensure that the driver is in the loop on higher levels
of automation when required so that he is able to react properly
to a potential critical situation. Therefore it is a promising path
to develop systems that can automatically detect when a driver is
moving into a fatigue phase and accordingly alert impromptu.
Previously lot of research has been performed on ways to detect
drowsiness and integrate it with technological solutions. Some
of the most common ways to do this are assessing the driver‘s
current state, especially relating to the eye and eyelid movements
physiological state changes. Or to gauge driver performance,
with a focus on the vehicle‘s behavior including lateral position
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and headway and in some cases a combination of the driver‘s
current state and driver performance. They may consider a wide
range of inputs, as facial movements (Aoi, Kamijo, Yoshida, 2011
[6]; Gu, Ji, Zhu, 2002 [7]), eyes closures (Tsuchida, Bhuiyan,
Oguri, 2009 [9]; Wierwille, Wreggit, Kirn, et al., 1994 [10])
and physiological signals as electromyogram (EMG) (Aoi et al.,
2011 [6]), electrocardiogram (ECG) (Zhang and Liu, 2012 [11]),
electrooculogram (EOG) (Chieh, Mustafa, Hussain, Hendi, Majlis,
2005 [15]) and electroencephalogram (EEG) (Eoh et al., 2005 [19]
and Subasi, 2005 [16]). However, it is argued that EEG signals are
the most reliable indicators of drowsiness due to direct correlation
and thus promising techniques can be developed for detection.
It is well established in literature the existence of special frequency
ranges of EEG signals (called rhythms) (Bear, Connors, Paradiso,
2007 [17]) when measured on the scalp, those rhythms are faded
expressions of the characteristic synchrony between populations
of neurons that appear more or less intensely in each phase of
the circadian cycle. Through analysis of short time intervals of
the raw signal, labeled as epochs, it is possible to recognize the
subjects‘ brain activities, described by the different rhythms. For
example, the delta rhythm increases during high sleep and also can
indicate the need for sleep (Subasi, 2005 [16]). The theta activity
gradually increases whilst the alpha rhythm decreases from the
wakefulness to resting conditions (Kiymik, Akin, Subasi, 2004
[18]). High and low activities in beta band are related to the alert
and drowsy states, respectively (Eoh et al., 2005 [19]). Eoh et al.
(2005) [19] employed these knowledge, proposing and analyzing
indices based only on the power spectrum of brain activities. They
have included the theta, alpha and beta rhythms in their studies,
analyzing these rhythms‘ behavior and the relationship between
them. Respectively, in their studies, 8 and 30 EEG channels were
used to perform the experiments in driving simulation tasks.
Albeit not stating explicitly, as Eoh et al. (2005) [19] averaged all
channels to compute rhythm energies and employed Analysis of
Variance (ANOVA) to choose the electrodes containing significant
variations, their results suggest drowsiness is detectable with fewer
EEG inputs. Furthermore, the demand for methodologies based on
fewer channels (Yu et al., 2013 [21]) has increased in the present
decade because of the blooming of portable devices. Thanks to the
increasing power and popularity of portable electronic systems,
those like the one proposed in Lin et al. (2010) [22] became
an attractive option to process EEG and other physiological
signals. According to Zhu, Li, and Wen (2014) [23], multi-channel
equipment limits the subjects‘ movements and are harder to use
than single-channel devices. In this context, contrasting to the
literature on the sleep stages scoring problem (Ebrahimi, et al.,
2008 [24]; Fraiwan, et al., 2012 [25]; Zhu et al., 2014 [23]), few
studies have regarded this relevant requirement for drowsiness
detection systems and methods (Lin et al., 2010 [22]; da Silveira,
et al., 2015 [26]).
Therefore, this work is an effort to develop an automated drowsiness detection system using Wavelet analysis on a single channel
Electroencephalogram (EEG) signal. Additionally, a new index has
been proposed that can fasten the computation and decrease the
delay as a continuation to previous work on drowsiness detection
[27, 12, 8, 20]. This paper shall address three major aspects: (1.)
acquisition of the EEG signals from the subjects during active and
drowsy conditions. (2.) differentiating the intervals in drowsy state
from active state from the EEG signals. (3.) proposal and discus-

sion on a new index that reducing the computational time and cost
whilst giving accurate results.

2.
2.1

BACKGROUND AND METHODOLOGY
Data handling

The experimental data used in this study were obtained from the
public Sleep EDF database [expanded] part of the Physionet Bank
[28]. One of the reason towards using such information from a
public database is to enable the possibility of testing, verifying
and extending the proposed methodology by any research group
interested in this subject. This database provides recordings from
40 healthy subjects. This collection of polysomnograms (PSGs)
with accompanying hypnograms (expert annotations of sleep
stages) comes from two studies.
The *PSG.edf files are whole-night polysmnographic sleep recordings containing EEG (from Fpz-Cz and Pz-Oz electrode locations),
EOG (horizontal), submental chin EMG, and an event marker;
the SC*PSG.edf files often also contain oro-nasal respiration and
rectal body temperature. Each EDF and EDF+ file has a header
specifying the patient (in these files anonymized to only gender
and age), details of the recording (in particular the recorded time
period), and characteristics of the signals including their amplitude
calibration.
The recording of all available subjects, who stated not having
used any sleep-related medication while participating in the experiments, were used. These available recordings refer to male and female subjects with ages between 20 and 34 years. They contain for
each subject’s recording two EEG channels, Fpz–Cz and Pz–Oz,
sampled at 100 Hz besides EOG and EMG signals. The EOG and
EEG signals were each sampled at 100 Hz. In the current study,
the Pz–Oz channel is adopted, because this channel is to be more
accurate for scoring sleep stages. Furthermore, [13] found that Oz
location can provide discriminating power and have high correlation with the drowsiness state. [14] have found similar results, but
considering EEGs from the parietal region. Annotations part of the
hypnograms provided for every 30 seconds are extremely useful,
as they are reliable delimiters to point out when the subjects are
considered alert, drowsy (S1 stage) or sleeping.

2.2

Hypnogram studies

Hypnogram are as important as data files because they are encoded
with annotations i.e. sleep stages at different time intervals. The
*Hypnogram.edf files contain annotations of the sleep patterns that
correspond to the PSGs. These patterns (hypnograms) consist of
sleep stages W, R, 1, 2, 3, 4, M (Movement time). All hypnograms
were manually scored by well-trained technicians (identified by the
eighth letter of the hypnogram filename).

Fig. 1. Hypnogram in notepad (clearly the data is encoded with the age,
gender and timestamps for sleep cycles
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Fig. 2. Hypnogram in Polyman software shows the timestamps of sleep
modes.

2.3

Wavelet Transformations

Non-stationary data with different frequency properties, as the EEG
signals, can be successfully analyzed through the wavelet transform
application. The wavelet transform also provides a multi-resolution
analysis in both time and scaling domains, differently from the
Fourier transform, though frequency and scale are related. Several
wavelet transforms, with different basis and decomposition algorithms, have already been explored in the sleep research field. The
discrete wavelet transform (DWT) was used as a tool to recognize
the alertness level in whilst the wavelet packet transform (WPT) algorithm and the continuous wavelet transform were used to classify
sleep stages respectively. In the current study, the Haar WPT with
normalized filters is adopted.


0 ≤ t < 1/2,
1
ψ(t) = −1 1/2 ≤ t < 1,

0
otherwise.

(1)

The Haar wavelet’s mother wavelet function ψ (t) can be described
as equation 1. Haar basis being the simplest wavelet, avoiding
any special boundary treatment makes it possible to apply the
packet transform algorithm over each EEG epoch without insertion
of artificial values or loss of information. Figure 3 presents the
structure of the packet transform, showing the many packets
obtained by level, each one containing different sets of wavelet
coefficients, generated by the decomposition of the scaling and
wavelet packets previously computed.
Aiming applications in real time, the current study uses epochs of
30s length. Once the considered epochs have 30 s length and the
provided Physionet hypnograms refer to 30-s ones. Moreover, once
the sample rate of the analyzed EEG signal is 100 Hz, each epoch
has 30000 samples. The application of the WPT algorithm allows
to break down the whole data (30-s epoch) in specific frequency
ranges between 0 and the half of the signals‘ sample rate, i.e. 50
Hz. Therefore, wavelet packet coefficients related to frequency
ranges of the delta (0.5–4 Hz), alpha (8–13 Hz), beta (13–30
Hz) and low-gamma (30–50 Hz) rhythms are selected. The delta
rhythm is the slowest wave activity, gamma is the fastest one. As
already mentioned, the former is associated to the need for sleep
while the later, to the working memory and attention. Given these
associations with the cognitive state of humans, it is expected that
both rhythms will be of interest to identify the trend to the drowsy
state.

Fig. 3. Wavelet packet decomposition

Preliminary experiments identified a complementary and sensitive
behavior of these rhythms to the alert-drowsy transition as pointed
out in the following subsections. Furthermore, here, alpha and beta
rhythms are also adopted since their effectiveness was already
demonstrated in several studies related to the sleep and drowsiness
analysis. After the normalized Haar WPT application, wavelet
packet set of coefficients (WPsc) are selected.
The WPsc corresponding to the delta rhythm are contained in packets labeled as C5,1 , C6,1 , C6,4 and C8,3 according to Figure 4.
Alpha and beta information are inside, respectively, C4,3 , C4,11 ,
C7,21 , C7,32 , C8,41 and C9,132 , and C3,3 , C4,5 , C4,8 , C5,9 , C5,18 ,
C6,17 , C8,67 , C8,152 and C9,306 . Low-gamma data are within the
blocks C2,3 , C3,5 , C6,39 and C7,77 . The assumed notation refers
to the WPsc as Ci,j with i 0 being the binary tree level and j ∈
[0,2i-1] indicating the j-th set at level i. Since the employed transform is decimated, a set of coefficients at a level i has half of the
number of coefficients with respect to the set at the level i-1. The
covered frequency ranges for the rhythms of interest are summarized in Table. 1.
Table. 1. Frequency ranges of different brain waves
Brain Rhythms
Actual
freCovered frequency range
quency range
Delta
0.5 - 4
0.5859375 - 3.90625
Theta
4-8
4.023475 - 7.892212375
Alpha
8 - 13
8.0078125 - 12.98828125
Beta
13 - 30
13.0859375 - 29.98046875
Low-Gamma
30 - 50
30.078125 - 50

Note that, according to Table. 1, the length of the analyzed epochs
and the sample rate of the EEG signals are good enough to well
represent the bands of the regarded brain rhythms. Figure 4
illustrates the selected WPsc for delta, alpha, beta and low-gamma
rhythms. Note that C0,0 , the input set (epoch), contains L=30,000
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Fig. 4. Wavelet packet decomposition for this study

discrete points and is sampled at 100 Hz. By considering these
parameters, it is possible to analyze the information within each
WPsc with reliable frequency representation and few decomposition levels. It is important to remind that altering the sample
rate and/or the quantity of points in C0, 0, the WPT structure will
change as well.
Another important aspect to be highlighted is the relevance of
choosing the normalized Haar filters. Once all indices are based on
energy computations, they would be distorted by non-normalized
transforms. Given the WPsc related to the delta, alpha, beta and
low gamma rhythms, it is possible to calculate their powers in such
epoch. Due to the normality and orthogonality of the Haar basis, it
can be made by summing up the powers of all sets of coefficients
related to the whole frequency range of interest. Thus, the delta
(δ), alpha (α), beta (β) and low-gamma (γ) powers are given,
respectively, by
δ = P (C5,1 ) + P (C6,1 ) + P (C6,4 ) + P (C8,3 )

(2)

α = P (C4,3 ) + P (C4,11 ) + P (C7,21 )
+P (C7,32 ) + P (C8,41 ) + P (C9,132 )

(3)

γ = P (C2,3 ) + P (C3,5 ) + P (C6,39 ) + P (C7,77 )

(4)

β = P (C3,3 ) + P (C4,5 ) + P (C4,8 ) + P (C5,9 ) + P (C5,18 )
+P (C6,17 ) + P (C8,67 ) + P (C8,152 ) + P (C9,306 )
(5)
Thus the power of the signal is given by
P (Ci,j ) =

k−1
X
(Ci,j (l))2

(6)

l=0

The value of Ci,j is the lth coefficient of the set Ci,j and K = L/2i
is its cardinality.

3.

RESULTS

Real data set of 40 subjects have been used to detect ’Drowsy’ and
’Active’ states. The EEG data of Pz-Oz channel has been extracted
and then segmented as per the frequency range of the signal and
wavelet packets using Haar transformation. Delta, Alpha, Beta,
Gamma powers of the subjects have been used to find the proposed
index value at different sleep stages. Using the index value which
is obtained from the data sets, drowsy and active states can be
differentiated. The following graphs and statistics are the output
results of the spectral analysis of EEG data of reference subject
after converting from EDF to ASCII.
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Subsequently various spectral powers within the data have been
computed which shall help us evaluate the index to differentiate
drowsy and active states. Since the power of the signal is given by
equation (6), the relative power of a specific signal in spectrum is
given by
Relative power = (Power of the specific signal)/(Total power).
Using this principle, the powers of various states like alpha, delta,
gamma and beta have been estimated and the relative power is the
corresponding state power/total power of the signal. These plots
can be obtained based on equations (2), (3), (4), (5) respectively.

Fig. 7. Relative Alpha power for the EEG data of SC4002

Fig. 5. EEG data of SC4002

Fig. 8. Beta power for the EEG data of SC4002

Fig. 6. Alpha power for the EEG data of SC4002
Fig. 9. Relative Beta power for the EEG data of SC4002
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Fig. 10. Delta power for the EEG data of SC4002

Fig. 13. Relative Gamma power for the EEG data of SC4002

From this point, a statistical study has been performed to find the
average powers of the different sleep stages (for the Pz-Oz channel)
are calculated using the EEG data and the sleep annotations. Using
the sleep annotations data is separated, that is samples of different
sleep stages are separated and then the averages of relative powers
have been calculated. These values for the forty reference subjects
are studied and the trends in the average values of the power in
drowsy and active modes have been shown.

Fig. 11. Relative Delta power for the EEG data of SC4002

Fig. 14. Average Alpha power for all the subjects in active and drowsy
states

Fig. 12. Gamma power for the EEG data of SC4002

Fig. 15. Average Beta power for all the subjects in active and drowsy states
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Fig. 16. Average Gamma power for all the subjects in active and drowsy
states

Fig. 19. Average Index value for all the subjects in active and drowsy
states

4.

CONCLUSION

Observing average powers of different wavelets in different stages
states it can be deduced that:
• Changes in the alpha power are very small during the transition from awake to drowsy.
• Power decreases from wake state to drowsy state during
beta stage.
• Similarly gamma power also decreases from wake state to
drowsy state.
Fig. 17. Average Delta power for all the subjects in active and drowsy
states

On the basis of these values of the independent spectrum powers,
the average index value is estimated along with the analysis of index value from the signal data and the corresponding graph and
characteristics have been obtained.

• Delta power increases from wake state to drowsy state.
• Delta is maximum during the sleep stage four.
Based on the analysis, it is clearly observed that the power
of gamma and beta decreases whereas power of delta increases.
Therefore the new ratio index is introduced as
Index(I) = (γ + β)/(δ),

(7)

where δ, α, β and γ are defined, respectively, in the equations (2) –
(5). It can clearly be seen from the index values for EEG data and
the average index values for different subjects, that the Index (I)
value decreases from active state to drowsy state. It can be characterized that for this case, the subject is drowsy for values of index
less than 0.25.

5.

Fig. 18. Index value for the EEG data of SC4001 low index value( I<0.25)
represents drowsy state
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