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Abstract— The assessment of low level of 

alertness and drowsiness conditions of humans, 
while performing critical tasks, requires the 
development of automatic detection systems to 
work in real time, to be as pervasive as possible 
for long lasting periods of use and robust enough 
to cope with a wide intra- and inter-individual 
variability.  

A new alertness detection procedure based on 
the spectral analysis of the EEG signal is 
proposed, mostly concerned with the provision of 
robust classification criteria under the working 
conditions depicted above. The wide inter-
individual variability has been reduced down to 
operational levels by means of a personal 
dependant normalization algorithm, which 
consists of describing the EEG spectral 
morphology as a function of the alpha behaviour 
of each subject. With this approach, drowsiness 
classification can be achieved by simple 
thresholding of the EEG spectral variable 
selected: the power ratio between a high 
frequency and an alpha bands defined for each 
individual. Variable that has been selected to 
optimize the discriminant power and its inter-
individual stability. The experimental results 
include the selection of the preferred recording 
sites and the demonstration of the reliability of the 
classification criteria along the time for each 
individual. The paper also analyses the time 
resolution of the algorithms to assure their real 
time operation. Technological requirements of the 
method proposed allow concluding that the 
design of a wearable one single EEG lead non-
intrusive device it is feasible to reliably 
discriminate continuously drowsiness situations.  
 

 
Index Terms— alertness, drowsiness, EEG 

spectral analysis, hypo-vigilance 
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I. INTRODUCTION 
ANY accidents are associated to low level of 

lertness of humans while performing critical tasks, 
as driving a car [1] or operating machines or energy 

plans, to give but a few examples. Low level of 
alertness can drive into drowsiness to individuals 
performing monotonous and repetitive tasks, lacking 
external stimuli, especially when other factors are 
involved as insufficient previous sleep hours, rich 
intakes of food and drink or certain drug therapies. 

Many efforts have been dedicated already to 
identify and detect the low level of alertness and 
drowsiness of humans. However, the development of 
robust detection algorithms and minimally intrusive 
systems for real time applications, to be worn by 
target users for long periods, is still an important 
challenge for which reliable practical solutions are still 
to come.  

The assessment of the level of alertness of humans 
has been approached in the literature in several ways. 
Among them, the relation between the power spectra 
of EEG and human alertness, the approach of present 
work, has been studied since 1967 [2], [3]. Many 
publications had reported spectral density changes 
related to alertness, under a wide variety of 
experimental conditions. Several studies, using the 
traditional frequency bands (delta, theta, alpha y beta) 
to describe the EEG, have reported the onset of alpha 
bursts along monotonous tasks [4], although no 
attempts were included to quantify the alertness 
levels. Other studies depict the possibility of detecting 
and tracking alertness and drowsiness from 
frequencies over 30 Hz, in the 80-420 Hz range [5]. 

More recently, using neuronal networks, it was 
reported a significant correlation between the error 
while performing specific tasks and the increase of the 
power spectrum in the 3.7 Hz and 14.7 Hz bands [6]; 
the absence however of a clear description of the 
experimental conditions makes difficult to reliably 
associate error rates and alertness level. 

Discriminant function analysis applied to the EEG 
spectrum from 1 to 24 Hz has been suggested to 
classify EEG patterns along the alertness-drowsiness 
continuum [7]. Saroj and Craig [8] report that although 
variations in alpha waves are associated to 
drowsiness, larger differences were easily detected in 
the delta y theta waves, from the average of 19 EEG 
channels recordings; a finding far from any option to 
implement wearable devices, necessarily based on a 
reduced number of recording leads. An increase in 
alpha and theta rhythms as a consequence of sleep 
deprivation has been also reported [9], concluding that 



complexity of the EEG signal and individual variability 
is a mayor problem for EEG to build a reliable 
alertness detector.  

An obliged related reference are the classical 
polisomnographic studies, concerned with sleep 
analysis [10], [11] to characterize specific sleep 
disorders and to investigate their causes. Although 
alertness and drowsiness status are well documented 
and identified there, their value to our objectives is 
relative, since both, recording conditions and their 
purpose of defining sleep phases’ profiles, are away 
from the detection of a subject entering into a reduced 
alert or drowsiness condition, with his/her eyes open 
and doing regular tasks, as driving a car or doing 
other sensible tasks. Moreover, some of these sleep 
studies has reported the difficulties of expressing 
waking drowsiness states as deviations from pooled 
sleep data [12], [13]. 

Other alternative approaches to EEG spectral 
analysis have been published. Eye behavior and facial 
expression have been published to be related to a 
person’s level of alertness in car drivers [14]; 
characterized and quantified with different variables: 
eye blink frequency, eye closure duration and speed 
or percentage of eye closure over time [15] – [18]. 
This approach has the great advantage of being 
completely non-intrusive, since nothing is to be placed 
on the person, as with the physiological signal based 
procedures requiring electrodes glued to the skin. 
However, this is also the reason of its main 
drawbacks:  reliable feature detection algorithm are 
difficult to achieve if we consider that the system has 
to work while the driver moves his/her head, and a 
high frame ratio of the TV cameras is required to cope 
with the high speed of eye blinking. Difficulties that are 
greatly increased when the driver uses glasses, 
excluding any possibility to use sun glasses while 
driving. Moreover, the great inter-individual variability 
makes mandatory the implementation of complex 
personalization routines previous to any use of the 
system. 

Correlation between driver alertness, vehicle 
behavior and car instrument handling has been 
published. Speed reduction [19], [21] and increases in 
the number and amplitude of steering wheel 
movements [22], [23] have been reported as drivers 
approach drowsiness. These studies agree that any 
decision systems to assess drowsiness have 
necessarily to take into account several of these 
variables simultaneously.  

Several EU funded projects have dealt with the 
issue of security of car driving, including assessing 
driver alertness [24], [25]. These projects,  apart from 
exploring the benefits of the integrated use of a variety 
of technologies for driver vigilance and vehicle control, 
has made clear the need for intensive research on 
drowsiness measurement based on physiological 

signal as well as the need for well defined 
alertness/drowsiness criteria based on them. 

Based on this state of the art and taking into 
consideration the development pace of sensors, 
microelectronics and signal processing technologies, 
we consider that further work is required to assess 
drowsiness with real time minimally intrusive wearable 
devices, based on physiological signals and very 
notably on the EEG, to discriminate situations of an 
individual evolving toward drowsiness, well in advance 
to falling into sleep. 

 
II. METHODS 

 
The control of the alertness status of the 

experimental subjects is not a simple issue, for which 
no sound guidelines have been found in the literature. 
It was approached in this study by controlling two 
factors: 1) maintaining the subjects doing specific 
tasks, whose demand of attention can be modified in 
a reproducible scale and 2) controlling the level of 
tiredness both through the subjective self-assessment 
of that level by the experimental subjects themselves, 
immediately before the experimental sessions; or 
provoked by extreme conditions of sleep deprivation, 
a factor that, although assumed to have a widely 
different effect across individuals, is at least 
quantifiable and reproducible and when used at 
extreme limits produce neatly tiredness situations, 
common to any experimental subject.  

The control of stimuli was achieved by asking the 
subjects to perform a fixed sequence of tasks, 
demanding clearly different levels of attention. All 
other potential stimuli were kept as controlled as 
possible by running the EEG measurement sessions 
within a silent and quite environment without other 
stimuli those of the experimental tasks. EEG was 
recorded with the following protocol: It starts with a 5 
minutes session where the subject is asked to be 
relaxed with the eyes closed, and a complete absence 
of visual and sound stimuli, to identify the “alpha 
behavior” of each subject; who was allowed previously 
to get in contact with the environment to make the 
experimental setting familiar to him/her. Immediately 
after, it follows two consecutive driving sessions on a 
car simulator (Grand prix 3, 2000 Hasbro interactive, 
Inc.), with different levels of difficulty. The first one is a 
10 minutes relaxed driving session and the second 
one a 10 minutes fast driving period, demanding a 
much greater levels of attention. With this design it is 
expected that the level of alertness required to adapt 
the demands of the experimental tasks is interfering 
with the tiredness status of the driver previous to the 
experiment. Expected results should show a 
modulation effect of the level of alertness by the 
intensity of the stimuli for each individual performing 
the different experimental tasks.  



20 healthy volunteers (ranging 22 to 41 years old) 
were included in the experiment. Other volunteers 
were included in  related experiments for the: 1) initial 
selection of the EEG spectral features according to 
their discrimination power of the state of alertness; 2) 
identification  of the optimum recording sites; 3) 
characterization of the intra-individual stability of the 
alertness classification criteria.  

EEG was recorded with a standard multi-channel 
general purpose EEG recording system (MP30-
BIOPAC Systems, Inc.). EEG signals were sampled 
with a 100 Hz sampling rate and 8 bit quantification. 
After sampling, the digital signal was band pass 
filtered (8th order Butterworth filter) between 4 and 45 
Hz. 

The low frequency components removed below 4 
Hz were considered of negligible significance in this 
study, well away from out target spectral bands, 
having the great benefit of reducing enormously 
movement artifacts, a question of prime importance in 
the environment this system is intended to be used.  

Several power spectrum estimation methods were 
evaluated comparatively to select the best possible 
choice to analyze the EEG, taking into account the 
main concern of present investigation: the evolution of 
the alertness level and the detection of drowsiness 
have to be evaluated continuously in real time, to 
generate the appropriate advising or alarm signals to 
prevent the user of these situations. Taking also into 
consideration the restrictions imposed by the fact that 
the processing algorithms have to be installed finally 
on miniature wearable wireless devices to minimize 
system intrusiveness. A Welch method was finally 
selected, with 50% overlapping and Hanning 
windowing filled with zeroes up to 512 points. 

Finally to handle efficiently the great amount of data 
and experimental conditions under study, a PC based 
application to support the experiments was 
developed. The figures that follows are screen 
designs of that software application. 

 

III. RESULTS 

A. Selecting the EEG features 
Based on our previous experience and that from the 

reviewed literature, the search for the EEG features to 
assess the alertness level was focused on variables 
derived from the power within specific spectral bands. 
Figure 1 shows the clear effects on the EEG spectral 
density when a person is asked to move from relaxed 
conditions toward situations demanding higher levels 
of alertness.   

The mean EEG power spectra of the experimental 
subjects, averaged for each of the three experimental 
sessions (closed eyes, monotonous driving and very 
fast driving) and normalized (to its maximum value), 

are shown in Figure 2. 
The four examples of that figure have been selected 

to emphasize the differences associated to the 
specific alpha behavior of each individual, defined by 
his/her power spectrum obtained with the eyes closed, 
an essential issue of the method proposed. In the 
figure three of them have clearly different alpha 
frequencies and the fourth one do not show any 
rhythmic behavior at all. Although most of the 
experimental subjects (15/20) showed an alpha 
rhythm around 10 Hz, 2 have more than 12,5 Hz, 
another 7,5 Hz and two of them did not show clear 
alpha rhythm at all. 

Two conclusions can be derived from this study: 1) 
There is a widening effect of the spectrum as a 
response to the stimuli, that increases with its 
intensity, in agreement with previous reports [4],[8],[9], 
depicting the association of several spectral bands 
with relaxation and alertness status, 2) That widening 
effect always take place around the location of the 
alpha frequency of each individual, the peak of the 
power spectrum when averaged during an eyes 
closed session.  

This evidence justifies our proposal that any 
alertness-related EEG characterization based on its 
spectral morphology has to be defined in relation to 
the particular alpha behavior of each individual. The 
spectral spreading effect associated to the increase of 
the alertness level as well as the changes observed in 
their morphologies suggested the definition of three 
variables to describe the EEG behavior: The power in 
a band around the personal alpha band (PAB) defined 
in relation to the personal alpha rhythm (PAR) as 
(PAB = PAR ± 2 Hz); the power over that band that 
we will call the High Frequency Band (HFB) and a 
Low Frequency Band (LFB) the power below the PAB. 
  Band delineation was achieved by comparative 
multifactorial analysis to assess the discrimination 
power of the different choices. Other secondary 
variables were also defined from them: the ratio 
between each power band and the total spectral 
power (TP) (PAB/TP, HFB/TP and LFB/TP) and the 
relation between the HFB/PAB. These variables are 
similar to other previously published: the initial work 
by Matousek [2] that proposed the theta/alpha ratio, 
and more recently other more complex functions of 
the spectral density bands, as that proposed by De 
Ward and Brookhuis in 1991 and 1993 [26], [27] of 
theta band density plus alpha/beta ratio. In should be 
noticed, however, that in the reports mentioned, 
bands were defined by their traditional fixed 
frequencies limits and corresponds to 
polisomnographic studies, while we propose bands 
defined by the individual value of the alpha rhythm 
and EEG recordings are obtained with the eyes open 
while driving a car simulator. 

These spectral variables were analyzed from long 



EEG recordings series (more than 25 min.)  to identify 
the statistical levels of alertness discrimination power 
corresponding to individuals while driving in the 
simulator under slow and rapid driving conditions. The 
LFB was excluded initially once it was observed its 
poor discrimination power. Among the other variables, 
HFB/PAB, which showed the best discrimination 
power (t (unequal variances) = 45.6, p<0.01), was 
selected. 

 

B. Selecting the EEG recording sites 
It should be clearly understood that this critical 

issue of selecting the most appropriate recording sites 
is approached here taking into account that recording 
sites should be optimized in number and location, to 
make their placing and wearing as easy and 
comfortable as possible. Only so we will be able to 
build devices that users complain their use during long 
periods: Electrodes simple to fix, comfortable to wear 
and suitable for instrumental arrangements with 
affordable levels of noise due to head/body 
movements. In other words, this analysis more that 
identifying the best recording site was focused to 
demonstrate that it is possible to get the required 
discrimination power for the previously selected more 
convenient sites. C3, C4, Cz, O1 y O2 (10-20 
international standard) EEG recording sites were 
included in this study. Ground electrode was located 
at A2 and the reference electrode in A1.  

The recording sites were thoroughly explored with 
EEG series from individuals under the selected 
experimental protocol. As shown in Figure 3 all sites 
offered good discriminating power, with very 
statistically significant differences in the HFB/PAB 
variable.   

To compare the obtained result, Table 1 includes 
the significance t-test for the differences of mean 
corresponding to each pair of stimulation sessions, as 
well as the Anova F and p values for the stimuli factor.  

O1, O2 and Cz sites depicted the largest mean 
value difference significance and Anova score. 
However, the main conclusion is that any of the sites 
selected are suitable enough to drive the alertness 
classification system. 

C. Drowsiness related EEG spectral features: 
intra-personal variability   
Although in most papers reviewed human variability 

is identified as a principal problem to end with robust 
detection criteria, most attempts to control that 
variability has been mainly focused: 1) to minimize the 
effects of well known noise sources, as it is the case 
with some artifact produced by the experimental 
subject (eye blinks, EMG, EOG, etc.) and 2) to get rid 
of many other sources of suspected or completely  
unknown sources of variability, for which the only 

option is to manipulate, personalize, the row EEG 
signals by some sort of statistical normalization of the 
EEG time series (i.e.: the conventional z-
normalization, subtracting the mean and dividing by 
the standard deviation). A further personalization 
procedure will consists of defining a background 
baseline against which changes due to the 
experimental factors are measured; an always risky 
operation that assumes that pooled data contains all 
non-relevant information. 

Our first analysis was focused to assess intra-
individual variability. Target spectral variables were 
evaluated along a series of experimental sessions at 
random hours of different days for single individuals; 
all of them obtained under similar conditions of 
previous night sleep duration and own perception of 
the subjective alertness state. 

Fig. 4 shows the HFB/PAB variable for an individual 
at six time points corresponding to randomly defined 
days and hours. Each record includes the three 
consecutive sessions described in methods. It can be 
observed that, although there are significant 
differences between the mean value estimators, due 
to many other not controlled factors, it is possible to 
define a unique classification threshold valid for all 
samples of the same individual. 

   

D. Drowsiness related EEG spectral features: 
inter-personal variability 
Fig. 5 shows the EEG spectral variable HFB/PAB 

(ratio between the high frequency band and the alpha 
band), for all subjects with well defined alpha behavior 
(18/20), as a function of 1) the self-assessment of the 
tiredness status previous to the experimental sessions 
(1: very tired, 2: tired; 3: normal/active), and 2) the 
level of the experimental stimuli (1: relaxed with the 
eyes closed; 2: slow driving; and 3: fast driving). A 
statistically significant dependency of the mean values 
of the HFB/PAB is here demonstrated both as a 
function of the alertness level (Anova: F 209,5, p < 
0,0001) and of the intensity of the stimuli (Anova: F 
356,8 p < 0,0001). In the first case no differences are 
observed between the tired and very tired condition, 
being however very significant when the person feel 
her/him-self under normal/active condition. 

Concerning the stimuli intensity factor, differences 
between the mean values of the three states 
considered are all highly significant with a p better 
than 0,001 for all pairs of means (relax with eye 
closed, slow driving and fast driving). The numerical 
values of figure 5 are shown in Table 2 for 
comparison. 

From the results of the two-factor Anova analysis 
(stimuli intensity and tiredness condition prior to the 
experiment) it was suggested to analyze how the two 
factors inter-actuate, both to better understand their 



relationship with drowsiness and to support the 
appropriateness of the experimental factors selected 
to control the level of alertness. Table 3 shows the 
mean value, the S.D and S.E. of the spectral variable 
HFB/PAB for each value of the experimental factors: 
tiredness status and stimuli level, taking the other, 
stimuli level and tiredness status respectively, as 
parameter.  

These values are represented in Figure 6 for 
comparison, taking into consideration all data 
available, only excluding those from the individuals 
without a defined alpha behavior. From the 
representation in the Figure 6 (top) we can conclude: 
1) As expected from the result of Figure 5, there is a 
systematic and significant increase of the spectral 
estimator HFB/PAB mean values when we increase 
the intensity of the stimuli for all values of the 
tiredness level. 2) For each value of the stimuli there 
is a clear separation between the mean values for the 
very tired and tired conditions in relation to the normal 
situation, as it was also shown in Figure 5; 3) The rate 
of increase seems to be much attenuated for the 
individual starting with a normal level of tiredness as 
compared to those tired or very tired, demonstrating 
some sort of maximum alertness saturation effect of 
the HFB/PAB, toward we converge by forcing a 
person to do a demanding task, regardless his/her 
actual tiredness situation. 

From the figure 6 (bottom): 1) there exist significant 
separations between the curves corresponding to the 
individuals who declared themselves to be tired or 
very tired before the start of the experiment. An effect 
that has been also observed in the figure 6 (top); 2) 
When the level of the stimuli is increased further (very 
fast driving) the discriminating variable tend to 
become horizontal, showing a weak dependency with 
the tiredness level of the experimental subject 
supporting the conclusion of previous paragraph.  

IV. DISCUSSION 
The results above support the hypothesis that it is 

possible to detect reliably the level of alertness of an 
individual from well defined spectral features of single 
lead EEG signals. Moreover, classification can be 
achieved from a variety of single recording sites, 
including those that are more suitable for minimally 
intrusive wearable applications, namely: the frontal 
sites (reducing the difficulties associated to fix the 
electrodes through the hair) and the occipital sites, 
convenient points to build hear-hold wireless portable 
detection devices. 

The well documented large inter-individual 
variability reported in the literature and observed in 
our experiments seems to be successfully controlled 
by the normalization proposed:  1) spectral widening 
effect has to be defined as a function of the alpha 

behavior of each individual and 2) classification power 
is notably enhanced when the dependency of the 
power of the high frequency band is normalized by the 
power of the individual personal alpha band. 

The principal finding of this work is the 
demonstration that drowsiness classification criteria, 
stable across inter- and intra-individuals, can be 
achieved by simple thresholding of the EEG selected 
spectral variable HFB/PAB (ratio between the high 
frequency band and the alpha band), for all subjects 
with well defined alpha behavior. 

The obtained results also support the 
appropriateness of the proposed experimental 
methodology to control situations associated to 
different levels of alertness, simple to replicate. 

Although the proportion of individuals with a not-
clear alpha behavior is low, new approaches to 
identify drowsiness for these cases has to be 
investigated to end with reliable automatic drowsiness 
classification engines that could be applied without 
restriction.  At present we have observed, with the 
only two individuals analyzed a clear shift of low 
frequencies power toward the high frequency spectral 
regions as the intensity of the stimuli increases.  

 

V. Practical implementations of real time 
drowsiness detection devices  

 
It has to be taken into account that the obtained 

clear significant results of the previous section 
correspond to the estimators of the mean value for the 
proposed EEG classification variable; which means 
that the reliability of any automatic real time classifier 
will increase with the size of the moving averaging 
window, used to estimate that mean value of the 
discrimination variable, a parameter that is inversely 
proportional to the time resolution of the drowsiness 
detector. In Figure 7 and 8 we show the classification 
performance for different window sizes and different 
smoothed degree; the top figures is the output of the 
classification algorithm along a regular experimental 
session (relax, slow and fast driving), where the 
vertical lines mark the switch between these three 
situations. 

Below it has been included the statistical distribution 
of the spectral discrimination variable, together with its 
Gaussian best fit, to calculate the type I and II errors 
of the classification, to assess the quality of the 
classification procedure.  

This issue open the important issue of 
demonstrating whether the proposed processing 
algorithms and classification criteria are suitable for 
the assessment in real-time of drowsing. In other 
words, if it is possible to obtain an acceptable balance 
between reliability of the classification decisions and 
the time resolution of the procedure, the time span 



required to elaborate these decisions. To analyze this, 
two related studies were carried out. In the first one 
we analyze the effect of the spectral estimation time 
windows on the classification resulting errors. Starting 
with a time width of 10 seconds we measured the 
quality of the proposed classification algorithm with 
20, 30 sec. time windows, and so on until the obtained 
classification errors are considered good enough for 
its use in real applications. This analysis was also 
performed by an equivalent procedure of smoothing a 
number of consecutive spectral outputs (HFB/PAB 
discrimination variable) calculated with the basic 10 
sec. window. Again this analysis proceeded until the 
averaging number of consecutive samples provides 
an acceptable value of the classification errors. 

Results of figures 7 and 8 together with the 
representation of the scatter distribution of the 
HFB/PAB variable, in figure 9, depict similar 
conclusions with this two approaches to reduce the 
dispersion of the classification variable; as it should 
be, since differences between both calculations, 
obtained with the same data windows of the EEG time 
series, are only due to the effects of the statistical 
sampling properties of the two procedures to estimate 
the spectral density function and the discreteness 
effects of these calculations.  

Table 4 presents the measured variance of 
HFB/PAB as a function of: 1) data window time span, 
up to 40 sec. in 10 sec. steps and 2) the number of 
consecutive 10 sec. output points averaged. The table 
also depicts the classification quality defined by the t-
test and p-value. As shown in the table better 
classification outcomes are obtained, for all the input 
data spans considered, with the smoothing procedure. 

Comparing the balance between the two inversely 
related figures of  quality (time resolution vs. reliability 
of the alertness estimation) we can conclude that a 
reliable assessment of alertness can be obtained with 
a 40 sec. resolution window; a time resolution 
considered good enough for most envisaged 
applications, as that of car drivers. Moreover, time 
resolution could be increased, if required, with an 
affordable loss in the resulting error that, on the other 
hand, can be Type I or II errors optimized, depending 
on the specific application: i.e.: for car driving could be 
adequate to minimize the ratio of false positives.   

To conclude, the previous results open the 
possibility of designing automatic devices to 
discriminate in real time the level of alertness and the 
detection of drowsiness situations, simple, feasible 
and minimally intrusive, based on signal processing 
algorithm and discrimination criteria simple to 
implement and robust across intra-/inter- individuals.  
UPM-GBT group is developing a new system of dry 
electrodes based on high impedance interfaces (1012 
Ω).  Figure 10 shows: a) The schematic diagram;  b) 

dry electrodes: two possibilities:  plane and with thin 
tubes for introducing in the hair. 

Figure 11 shows the complete transmission 
equipment. The information of the EEG can be 
obtained through radio frequency or RS232 cable.  
 
Figure 12 shows the adaptable support system for our 
dry electrodes,  connected to the brain cortex through 
shielded wires. 

Figure 13 shows a) the complete hardware system: 
electronic circuit and dry electrodes system and  b) an 
user with the system. The necessary time  for setting 
the dry electrodes system is only 4 seconds. 
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Figure 1 Time evolution of the power spectrum of an individual with an alpha rhythm of around 10 Hz, visible in the top figure.  

Middle and bottom figures correspond to the same person asked to perform tasks demanding a progressive degree of attention 
(monotonous driving, middle and very fast driving, bottom)  
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    (c)                          (d) 
 
Figure 2.  Mean EEG spectra for four individuals showing the widening effect due to the increase in the level of the stimuli (eye closed, 
monotonous driving and very fast driving). Different alpha frequencies can be observed: a) 7,5 Hz, b) 12.5 Hz,  and c) 10 Hz. That contrast 
with (d) where the presence of any rhythm was not detected 
 
 

 
Figure 3.  Comparison of the mean value of the HFB/PAB variable with their 95% CI for the different recording sites, corresponding to the 
three recording session stimuli (c: eye closed, s: slow driving; h: rapid driving). 

 
 
 



 

 
 

 

 
 
Figure 4.  HFB/PAB mean value and 95% CI for a subject along 6 different days. Recording sessions were taken at random hours. 
Experimental conditions: c: relaxed with the eyes closed; s: slow driving; and h: fast driving 
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Figure 5. HFB/PAB mean value and 99% CI for all subjects with well defined   alpha behavior as a function of (top) tiredness status (1: very 
tired, 2: tired; 3: normal/active), and (bottom) the level of the experimental stimuli (1: relaxed with the eyes closed; 2: slow driving; and 3: fast 
driving) 
 
 
 
 
 
 
 
 
 
 
 
 



 

 
 
 
 
 

 

 
 

Figure 6. HFB/PAB mean value and 99% CI for all subjects with well defined alpha behavior for each value of the experimental factors: 
tiredness status and stimuli level, taking the other, stimuli level and tiredness status respectively, as parameter.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 

 
 
 

 
         (a)       (b) 

 
    (c)        (d) 
Figure 7. Classification performance for different window sizes: a) 10 sec., b) 20 sec., c) 30 sec. and d) 40 sec. The top representation of each display is the 
output HFB/PAB variable along a regular experimental session (relax and closed eyes, slow and fast driving), vertical wider lines mark the switch between these 
three situations; below the statistical distribution of HFB/PAB, with its Gaussian best fit, to calculate the type I and II errors.  

 

 
a)      b) 

 
                   c)      d) 
Figure 8. Classification performance for different numbers of consecutive smoothed 10 sec. samples; a) no smoothing , b) 2 sample smoothed, c) 3 samples and 



 

d) 4 samples. Recording conditions are as those of previous figure. 
 

 
 

 
 

Figure 9. Scatter plots for (top) different window sizes (10 sec., 20 sec., 30 sec., and 40 sec); and (bottom) different number of consecutive 
samples averaged experimental conditions: c: relaxed with the eyes closed; s: slow driving; and h: fast driving 
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Figure 10.  Dry electrodes based on high impedance interfaces (1012 Ω).  UPM-GBT group is developing a new system based on this idea : a) 
Schematic diagram;  b) dry electrodes: two possibilities:  plane and with thin tubes for introducing in the hair . 
 

 
 



 

 
Figure 11. The complete transmission equipment. The information of the EEG can be obtained through radio frequency or RS232 cable.  
 
 
 

 
Figure 12. Adaptable support system for our dry electrodes. 
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Figure 13.  a) The complete hardware system: electronic circuit and dry electrodes system;  b) an user using the system. The 
necessary time  for setting the dry electrodes system is only 4 seconds. 
 



 

 
 
 

  Sites on the scalp 
 

  C3 C4 Cz O1 O2  
  Mean dif. t value 8.44 13.2 20.07 23.8 24.27 
  p 0.0 0.0 0.0 0.00 0.0 
 

 ANOVA F value 71.12 173.84 402.92 565.89 589.35  
  p 0.0000 0.0000 0.0000 0.0000 0.0000 
 
Table 1. HFB/PAB mean difference t-test (slow vs fast driving) and Anova (stimuli intensity factor) results, for the pre-selected EEG 
recording sites. 

 
 
Exp.Cond All subject (with alpha rhythm) No alpha rhythm 

Factor N Mean V. Std.Dev. Std.Err. N Mean V. Std.Dev. Std. Err. 
Very tired 1360 1,0402 0,4101 0,0111 442 2,15 0,708 0,0337 

Tired 740 1,0378 0,4273 0,0157     

Normal 2640 1,2500 0,2907 0,0057 156 2,27 0,7459 0,0597 

Relax 1534 1,0119 0,2716 0,0069 206 1,94 0,5306 0,0370 

Slow Drv. 1812 1,1329 0,3920 0,0092 198 1,82 0,3847 0,0273 

Fast Drv. 1394 1,3468 0,3426 0,0092 194 2,80 0,7555 0,0542 

N total 4740    598    
 
Table 2: HFB/PAB mean value, sample size, standard deviation and mean value standard error (99%) for all subjects with well defined alpha 
behavior and those without defined alpha rhythm as a function of tiredness status (very tired, tired; and normal/active), and the level of the 
experimental stimuli (relaxed with the eyes closed; slow driving; and fast driving) 
 
 

 

Multivariate  All subjects (with alpha rhythm) 

Analysis   N Mean V. Std.Dev. Std.Err. 
Prev. Relax 422 0,8644 0,2335 0,0114 
Status Slow Drv. 544 0,9878 0,4188 0,018 

1 Fast Drv. 394 1,3007 0,4193 0,0211 
Prev. Relax 218 0,9728 0,3202 ,0217 
Status Slow Drv. 340 0,9972 0,4673 0,0253 

2 Fast Drv. 182 1,1916 0,4259 0,0316 
Prev. Relax 894 1,091 0,2431 0,0081 
Status Slow Drv. 928 1,2677 0,2833 0,0093 

3 Fast Drv. 818 1,4036 0,2563 0,009 
Stimuli Relax 422 0,8644 0,2335 0,0114 
level Slow Drv. 218 0,9728 0,3202 0,0217 

1 Fast Drv. 894 1,091 0,2431 0,0081 
Stimuli Relax 544 0,9878 0,4188 0,018 
level Slow Drv. 340 0,9972 0,4673 0,0253 

2 Fast Drv. 928 1,2677 0,2833 0,0093 
Stimuli Relax 394 1,3007 0,4193 0,0211 
level Slow Drv. 182 1,1916 0,4259 0,0316 

3 Fast Drv. 818 1,4036 0,2573 0,009 
N total   9480       

 
 
Table 3: HFB/PAB mean value, sample size, standard deviation and mean value standard error (99%) for all subjects with well defined alpha 
behavior, as a function of tiredness status and stimuli level, taking the other, stimuli level and tiredness status respectively, as parameter. 
 
 
 
 



 

 
 
 

 Data window  time span Number of (10 seg.) samples averaged 

 t= 10 sec t= 20 sec t= 20 sec t= 40 sec N = 1 N = 2 N = 3 N = 4 

Average Eye  Closed 0.536 0.501 0.468 0.459 0.563 0.551 0.541 0.522 

Average Slow Drv. 1.106 1.089 1.084 1.081 1.093 1.083 1.093 1.098 

Average Fast Drv. 1.653 1.63 1.624 1.624 1.622 1.622 1.609 1.607 

Var. Eye  Closed 0.078 0.044 0,01 0.009 0.05509 0.0296 0.02136 0.01922 

Var. Slow Drv. 0.071 0,036 0.02 0.015 0.01455 0.00815 0.00405 0.0030 

Var. Fast Drv. 0.121 0.056 0.04 0.026 0.02146 0.00899 0.00801 0.00619 

t (Closed / Slow Drv) 13.6517 14.5999 15.938 16.63 21.19 28.79 37.65 42.582 

p (Closed / Slow Drv) 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

t (Slow Drv /Fast Drv) 15.1666 15.139 15.6464 16.045 33.92 50.15 57.02 64.25 

p(Slow Drv. / Fast Drv) 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 
 
Table 4: Dependency of the standard errors to estimate HFB/PAB and the classification quality for both methods as a function of the different 
operational parameters considered. 
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