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Abstract. This study demonstrates the acquisitions of EEG signals from non-
hairy forehead sites and tested the feasibility of using the forehead EEG in de-
tecting drowsiness-related brain activities. A custom-made 15-channel forehead 
EEG-electrode patch and 28 scalp electrodes placed according to the Interna-
tional 10-20 system were used to simultaneously record EEG signals from the 
forehead and whole-head regions, respectively. A total of five subjects were in-
structed to perform a night-time long-haul driving task for an hour in a virtual-
reality based driving simulator comprising a real car mounted on a 6 degree-of-
freedom Steward motion platform and a immersive VR environment with 360 
degree projection scenes. Separate independent component analyses were ap-
plied to the forehead and whole-head EEG data for each individual subject. For 
the whole-head independent component (IC) set, the frontal central midline 
(FCM) IC with an equivalent dipole source located in the anterior cingulate cor-
tex was selected for further analysis. For the forehead IC set, the IC with its 
theta power changes highly correlated with subject’s driving performance was 
selected. The EEG power changes of the selected forehead ICs were then used 
to predict driving performance based on a linear regression model. The results 
of this study showed that it is feasible to accurately estimate quantitatively the 
changing level of driving performance using the EEG features obtained from 
the forehead non-hairy channels, and the estimation accuracy was comparable 
to that using the EEG features of the whole-head recordings.  

Keywords: Forehead EEG, Drowsiness, Driving performance, Independent 
component analysis (ICA). 

1   Introduction 

Drowsiness or sleepiness monitoring has long been a challenging yet important appli-
cation. It has been studied using video-based and/or psychophysical measurements 
such as eye movement, eye blink rate, heart rate, body temperature, neurophysiologi-
cal signals etc. [1][2]. However, among these measures, the neurophysiological 
changes reflected in EEG signals seem to have early onset before the subjective 
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symptoms of fatigue becomes manifest [3]. It has been shown that the EEG theta-
band power or the combination of theta- and alpha-band powers could be highly  
indicative of subjects’ drowsiness or sleepiness level [3][4][5][6][7][8]. Among dif-
ferent EEG channel locations, the frontal brain regions, especially along the frontal 
central midline, were reported more susceptible to the drowsiness compared to, for 
example, the occipital areas [1][2].  

Recently, we developed and reported a prototype four-channel mobile & wireless 
EEG system incorporating miniature data acquisition circuitry and dry Micro-Electro-
Mechanical System (MEMS) EEG electrodes with 400 ganged contacts for acquiring 
signals from non-hairy sites without use of gel or skin preparation. The system allows 
EEG monitoring of freely-moving participants performing ordinary tasks in real-
world environments [9]. Because the non-hairy forehead region is usually more  
accessible to all types of EEG sensors and the current form factor of the abovemen-
tioned EEG system is more applicable to non-hairy sites, this study explored the  
efficacy of using the theta- and alpha-band spectral changes from the forehead EEG to 
detect drowsiness-related brain activities. The results are compared to the drowsiness-
related frontal EEG spectra simultaneous recorded using a modified International  
10-20 whole-head EEG system. 

2   Method 

2.1   Subjects  

Five healthy volunteers (aged from 19 to 25 years, two females) with normal or cor-
rected-to-normal vision participated in this study which was approved by Institutional 
Review Board (IRB) of National Chiao Tung University and Taipei Veterans General 
Hospital. All participants completed informed consent forms before being briefed on 
the task requirements.  

2.2   Experimental Paradigm 

To test the feasibility of monitoring drowsiness-related EEG activities through fore-
head channels, we designed and implemented a simulated hour-long nighttime long-
haul highway driving task [10][11][12] on a safe yet realistic driving simulator. The 
driving simulator comprised a real automobile mounted on a six degree-of-freedom 
Stewart motion platform, installed at the center of an immersive virtual reality (VR) 
environment with a 360-degree display projected from seven LCD projectors. Com-
pared to the traditional driving simulation performed in front of a computer screen, 
the dynamic motion platform provided multi-sensory (visual, auditory and kines-
thetic) stimuli and sensation to match daily life driving experience.  

The VR driving scene was designed to mimic driving at a fixed speed of 100 
Km/Hr on a straight highway. Subjects were instructed to put forth their best effort to 
keep the vehicle cruising at the center of the fast lane. Every 5 to 10 sec, a computer-
generated perturbation was randomly applied to the vehicle to simulate car randomly 
drifting away from the cruising position to the curb or the opposite lane (with equal 
probability and a constant speed of 100 km/hr) to simulate driving on non-ideal road 
surfaces or with poor alignment. The subjects were asked to steer the vehicle back to 
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the previous cruising position using a steering wheel as quickly as possible. Since 
subject response time would be primarily affected by their drowsiness level, the 
longer it took for them to respond, the farther the vehicle would deviate. As a result, 
the deviation of vehicle (or the driving error) could be indicative of the subjects’ 
drowsiness level.  

All driving experiments were conducted in the early afternoon after lunch because 
during daytime sleepiness is greatest over the mid-afternoon [13]. All subjects were 
also asked to return for a second experiment in two weeks.  

2.3   EEG Acquisition 

EEG data were acquired at a sampling rate of 500 Hz using a SynAmps2 NeuroScan 
system (Compumendics, Ltd., VIC, Australia). Thirty (30) scalp electrodes based on a 
modified International 10-20 System was used to collect whole-head EEG data. How-
ever, channels Fp1 and Fp2 were left unconnected to accommodate a 3-by-5 grid of 
Ag/AgCl electrodes mounted on a 10 cm x 6 cm fabric patch. This setup resulted in a 
total of 43 EEG/EOG channels.  

2.4   Data Analysis 

Behavioral Data. In each hour-long EEG session, 200 ~ 300 lane-perturbation events 
were recorded. For each lane-perturbation event, the driving error was assessed by the 
maximum absolute deviation between the perturbation onset and subject’s respond 
onset. Note that, since the vehicle might not always return to the exact center position 
of the cruising lane, the driving error thus could not be simply computed from the 
center of cruising lane. In certain circumstances, subjects might completely fell asleep 
and fail to respond to the deviation before the vehicle ran into the curb on the side. It 
was thus necessary to apply a hard limit to the driving errors. As a result, we could 
exclude episodes of completely falling asleep from the further analysis.  

Then, the temporal profile of the driving errors was smoothed using a 90-sec 
square moving-average window, advancing at 2-sec step to eliminate variance with 
cycle lengths shorter than 1-2 minutes because the cycle of fluctuations of drowsiness 
level was in general longer than 4 minutes [7][8]. Finally, each driving error profile 
was normalized to percentile with respect to the maximum.   

 
EEG data. The acquired EEG signals were first inspected to remove any bad EEG 
channels and/or bad EEG portions with unreasonable artifacts. The screened  
EEG signals were then band-pass filtered with cutoff frequencies of 0.5 and 50 Hz. 
Independent Component Analysis (ICA) was separately applied to decompose the 
forehead and whole-head EEG data into maximally temporally independent EEG 
activities. For each independent component (IC) resulted from the decomposition of 
the whole-head EEG data, its spatial map was subjected to source localization process 
implemented in EEGLAB (DIPFIT2 plug-in, http://sccn.ucsd.edu/eeglab) to find its 
equivalent dipole location(s) [14][15]. The IC, with its equivalent dipole located in 
the frontal central midline area (likely the anterior cingulate cortex, ACC), was 
grouped into a FCM cluster as the EEG power of this IC has been reported highly 
correlated with the drowsiness level [1][2]. The power spectrogram of the FCM IC 



376 J.-R. Duann et al. 

time course was computed using a short-term Fourier transform (STFT) with 1-sec 
window and 0.75-sec window overlap. Finally, a 90-sec moving-average window was 
applied to the spectrogram. To verify the relationship between the power spectra of 
the FCM ICs and the driving performance, correlations between subjects’ driving 
performance and the theta-band (4-7 Hz) EEG power averaged from the smoothed 
EEG power spectrogram were calculated. 

For the EEG data obtained from the forehead electrodes, ICA resulted in 15 ICs 
with distinct EEG activities. Since there were no guidelines for selecting compo-
nent(s) of interest for the forehead EEG, we correlated the time courses of theta-band 
power of each of the 15 ICs with the driving performance temporal profile and se-
lected ICs with highest correlation between the two time courses, for each of the driv-
ing session, for further analysis.  

 
Estimating driving performance using EEG powers. Since each subject had two 
experimental sessions, it was then possible to test if the EEG power changes could be 
used to estimate subject’s driving performance. Multivariate linear regression model 
was applied to the theta- and alpha-band spectral time series and subject’s driving 
performance obtained from one session and tested on a separate test session for each 
of the 5 subjects [4]. That is, all the coefficients of the linear regression model ob-
tained from one session were applied to the theta- and alpha-band spectral time series 
of another session to estimate the drowsiness level of subject based on the following 
equation: 

εββ θθαα ++= xxy                                                  (1) 

where y is the driving performance in percentile and xα and xθ represent the average 
theta- and alpha-band EEG powers derived from the second session. βα and βθ are the 
regression coefficients derived from the EEG powers and driving performance data of 
the first session (noted as “1→2”). Correlation coefficient between the derived and 
true driving performance was computed to quantitatively evaluate the estimation 
accuracy.  

3   Results 

3.1   ICs of the Forehead EEG  

As mentioned above, in ICA decomposition of the forehead EEG, the IC whose theta-
band spectral time series most correlated with the subject driving performance was 
selected. Across all subjects, the selected ICs consistently maximally projected to the 
forehead electrode grid locations 13 and 14 (as shown in Fig. 1B). On average, the 
correlation coefficient between the theta spectral time series and the driving perform-
ance was 0.83 ± 0.06. This is slightly but not significantly higher than the correlation 
(r = 0.81 ± 0.07) between the times course of theta power of the FCM ICs obtained 
from the decomposition of the whole-head EEG and the driving performance.   
Fig. 1A shows the mean component map or topography of the FCM ICs. 
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Fig. 1. A. The IC map (topography) of the frontal central midline (FCM) cluster obtained by 
averaging all the ICs in the FCM cluster from multiple subjects. B. The “topography” of the IC 
decomposed from the forehead EEG, which is maximally correlated with the driving perform-
ance. This is the IC we then used in predicting the driving performance based on EEG activi-
ties. As can be seen, this IC maximally projected to the electrode grid channels 13 and 14, 
which are located at the center of the top row on the forehead EEG channels.  

3.2   Estimating Driving Performance Using EEG Powers  

Table 1 summarizes the accuracy of estimating driving performance using a linear 
combination of theta- and alpha-band powers of the ICs obtained from either the fore-
head (“FH”) or the whole-head (“FCM” IC) EEG. The accuracy was assessed by the 
correlations between the estimated and the true driving performance. The columns 
labeled “1→2” represents the estimating results using the linear regression model 
trained on Session #1 and tested on a separate test session (Session #2) for each of the 
5 subjects. On average, the goodness-of-fit was 0.89 ± 0.05 for the drowsiness estima-
tion using the combined EEG spectra from the forehead ICs, and 0.84 ± 0.07 using 
the EEG features from the FCM cluster derived from the whole-head EEG. The dif-
ference in the estimation accuracy, however, was not statistically significant (p = 
0.08, paired t-test).  

Table 1. Predicting subjects’ driving performance using theta- and alpha-band EEG powers 
derived from the forehead ICs and FCM ICs obtained from the decomposition of the whole-
head EEG  

 Subj. 1 Subj. 2 Subj. 3 Subj. 4 Subj. 5 
 1→2 2→1 1→2 2→1 1→2 2→1 1→2 2→1 1→2 2→1 
FH 0.87 0.94 0.89 0.78 0.90 0.91 0.91 0.86 0.94 0.91 

FCM 0.82 0.91 0.91 0.85 0.89 0.92 0.76 0.78 0.86 0.73 

The correlation between the component activations of the drowsiness-related ICs 
of the forehead EEG and those of the IFM ICs were also calculated (r = 0.64 ± 0.12). 
Since the component activities of FCM ICs mainly originated from the ACC, the high 
correlation between the forehead and frontal ICs suggested the selected forehead IC 
might mainly account for the activities from the region.  
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4   Discussion 

In general, the combination of theta- and alpha-band powers of the ICs obtained from 
either the forehead or the whole-head EEG could be used to accurately estimate the 
driving performance (putative subject drowsiness level). The driving errors simply 
reflected the late responses to the vehicle deviation induced by random drifts applied 
to the moving vehicle. Although such driving-error index might not be a direct meas-
ure of drivers’ drowsiness level, it has been proven a close approximation in the pre-
vious studies [6][16][17][18].  

Cajochen and colleagues demonstrated that the low frequency (1-7 Hz) of frontal 
EEG signals highly correlated with the increase of sleepiness due to sustained wake-
fulness [1] or the administration of melatonin [3]. Such a relation has been drawn 
based on the associations between the frontal EEG activities and slow eye move-
ments, eye blink rate, as well as circadian rhythm of plasma melatonin measured from 
the subjects. These physiological measures could be considered direct links to the 
drowsiness or sleepiness as defined in [1]. The current study also found a strong  
correlation between the frontal EEG activities and driving performance, indirectly 
validating the use of the driving performance as an index of subject drowsiness level.  

The spectra of the ICs obtained from the decomposition of the forehead EEG could 
be used to estimate the driving errors as well as, if not better than, using the spectra of 
FCM ICs (cf. Table 1). Furthermore, the component maps of the selected forehead 
ICs consistently maximally projected to only one or two forehead channels (#13 or 14 
in Fig. 1), suggesting drowsiness-related EEG activities might be obtained from as 
few as two non-hair forehead electrodes. However, higher-density forehead electrodes 
might be useful for ICA in separating brain activities from noises or artifacts arising 
from eye blink, eye movements, artifacts, muscle movements, etc.  

The high correlation between the time courses of most drowsiness-relevant fore-
head IC and the time courses of FCM IC suggest that the EEG electrodes placed on 
the non-hairy forehead region might be sufficient to assess informative brain activities 
from the anterior cingulate cortex. In addition, this might also imply it is possible to 
use the forehead EEG channels to detect the brain processes in the prefrontal cortex or 
even other frontal regions, such as the dorsal/ventral lateral prefrontal cortices or 
medial prefrontal regions. As a result, the forehead EEG can be might be informative 
and useful in assessing the brain activities associated with many different cognitive 
functions, such as attention related processes, central executive functions, etc.  

As the non-hairy forehead region is usually easily assessable by dry MEMS or 
any other types of electrodes, compared to the scalp locations covered by the hairs, 
results of this study might lead to broader applications in human-machine interface/ 
interaction design. 
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