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Fatigue is one problem with driving as it can lead to difficulties with sustaining attention, behavioral lapses, and a
tendency to ignore vital information or operations. In this research, we explore multimodal physiological
phenomena in response to driving fatigue through simultaneous functional near-infrared spectroscopy (fNIRS) and
electroencephalography (EEG) recordings with the aim of investigating the relationships between hemodynamic
and electrical features and driving performance. Sixteen subjects participated in an event-related lane-deviation
driving task while measuring their brain dynamics through fNIRS and EEGs. Three performance groups, classified
as optimal, suboptimal, and poor, were defined for comparison. From our analysis, we find that tonic variations
occur before a deviation, and phasic variations occur afterward. The tonic results show an increased concentration
of oxygenated hemoglobin (HbO2) and power changes in the EEG theta, alpha, and beta bands. Both dynamics are
significantly correlated with deteriorated driving performance. The phasic EEG results demonstrate event-related
desynchronization associated with the onset of steering vehicle in all power bands. The concentration of phasic
HbO2 decreased as performance worsened. Further, the negative correlations between tonic EEG delta and alpha
power and HbO2 oscillations suggest that activations in HbO2 are related to mental fatigue. In summary, combined
hemodynamic and electrodynamic activities can provide complete knowledge of the brain’s responses as evidence

of state changes during fatigue driving.
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1. Introduction

Fatigue is one of the most frequent problems we
confront in our daily lives. Investigating mental fatigue
is especially important because it is easily induced by
prolonged tasks without being noticed.! In addition,
fatigue can lead to difficulties with sustaining attention,
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behavioral lapses, and a tendency to ignore vital
information and operations.z'3 If people experience
fatigue while driving, the consequences can vary from
running off the road to drastic speed variations to fatal
traffic accidents. In other words, the effects of fatigue
can be much worse and more dangerous when driving

than when undertaking less risky cognitive tasks.*®
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Recent research shows that fatigue can be accurately
identified through brain dynamics.“'9 Therefore, brain
activations in response to fatigue have become increasingly
critical area of study over the past few decades.”® Further,
numerous studies have explored the relationships between
brain oscillations and mental fatigue through tonic or
phasic EEG changes.S' 10-14 Tonic variations occur before
a discrete event, and phasic variations occur after the
event.? Some researchers suggest that power in the delta
and theta bands increases substantially over the entire head
when people drive for long periods, as does power in the
alpha and beta bands but with relatively smaller
augmentation.13 Others find that theta, alpha, and beta
power trends in the frontal, parietal, and occipital regions
are positively correlated with the level of mental
faltigue.4’5'10'14 Moreover, accumulations of alpha and beta

power correlate to demands on one’s attention. ' Further,
tonic delta, theta, and alpha activities in the parietal and
occipital areas are highly correlated with deteriorating
performance.f"lz'14 However, EEG recordings suffer from
lower spatial resolution as comparing with the other non-
invasive neurophysiological devices such as functional
magnetic resonance imaging (fMRI) and
Magnetoencephal-ography (MEG).

Beyond EEG measurements, blood-oxygen-level-
dependent imaging (BOLD-imaging) has also revealed
correlations between fatigue driving and human
performance. BOLD-imaging is often used as part of
fMRI to measure BOLD signals while performing
cognitive tasks. Previous studies have shown that
fatigue causes more brain activations and greater effort
is required when processing auditory information.*>%/
Researchers have also reported that the higher BOLD
activations could be explored from the trials with
shortest reaction time (RT) in the inferior parietal lobe
as performing psychomotor vigilance task. 1819
However, fMRIs restrict a person’s movement to the
extent that brain states during daily work or exercise
cannot be explored in this way.

Over the past few decades, functional near-infrared
spectroscopy (fNIRS) has emerged as an approach to
reveal functional brain activity by monitoring cerebral
oxygenated hemoglobin (HbO2) and deoxygenated
hemoglobin (HbR). Studies drawing data from this
technique have shown that subjective fatigue is negatively
correlated with increased oxygenated hemoglobin over the
ventrolateral prefrontal cortex when

performing cognitive tasks, such as driving.zo'21

Researchers have also found that HbO2 activation levels
decline in the frontal lobe during both cognitive functions
and driving performance testing after insufficient sleep.22
However, recent fatigue studies with long-duration driving
tasks indicate the opposite results: HbO2 concentrations
significantly increase in the prefrontal area when a driver
feels drowsy.zz'25 The contrast in results could possibly be
due to the driver’s effort to compensate for their weariness
S0 as to maintain driving performance, which causes an
increase in demand for Hb02.2%2% Generally, mental
fatigue is negatively related to the amount of HbO2 in the
anterior region of the brain, which can allow an increased
concentration of HbO2 in the prefrontal cortex when
participants try to maintain a desired level of performance
in atask. /82227

In this study, we designed an event-related lane-
departure driving task that mimics a realistic driving
environment. Our primary aim was to explore the
relationships between driver reaction times and brain
dynamics. In parallel, we also wanted to examine
fatigue-related brain dynamics in the occipital area, such
as electrical activity and hemodynamic responses,
through a multi-model integration of EEG and fNIRS
signals. This allows a comprehensive investigation of
the tonic and phasic brain dynamics associated with
fatigue. The last purpose of the study is to gain insights
into the relationships between hemoglobin changes and
EEG activities.

2. Materials and Methods

2.1. Participants

In this study, 16 healthy adults (4 female), aged 22 to 26
(mean 23.5 years) with normal or corrected-to-normal
vision and drivers licenses, participated in a night
highway driving experiment. All participants were
recruited from the National Chiao Tung University,
Hsinchu, Taiwan. None reported any history of sleep or
psychiatric disorders. All participants signed a consent
form and were informed of the experimental procedures
and the bio-signal data collection associated with the
driving task in advance.

2.2. Experimental Environment and Procedure

One virtual reality scene was constructed with
WorldToolKit (WTK) software, which is a C-based 3D
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graphic library. The driving scene was an endless four-
lane road displayed on a color monitor. The program
simulated driving a car at a 100 km/h on a highway at
night. The simulation was programmed to automatically
drift the car away from the cruising lane with an equal
probability of drifting to the left or the right. There were
no other vehicles on the road or any stimuli that might
influence the driver’s attention. The length of the task
was 60 minutes, and the entire experiment was
conducted in a quiet, dimmed room to reduce distracting
noise and light.

Prior to the experiment, each participant spent about
five minutes reading a set of instructions and signing the
consent form. They were then seated in a comfortable
chair and were fitted with a suitable NIRS cap of source
and detector probes. During our setup procedure, all
participants were asked to practice the driving task to
familiarize themselves with the experiment.

. BEER B

Fig. 1. The experimental protocol was 60 minutes of simulated
night driving. A random deviation to the right or the left was
initiated by the program every 16-20 seconds. The participants
were required to use the steering wheel to move the vehicle
back to the original lane.

Once the experiment began, each participant
performed the lane-keeping task for one continuous
hour. The drifting events were randomly triggered, and
the participants had to move the car back to the cruising
lane by turning a Logitech Inc. racing wheel. The next
deviation would randomly appear within 16 to 20
seconds after the wvehicle had been returned to the
cruising lane. The patterns of deviation were designed to

fit the characteristics of hemodynamic responses.26

There are three time points in a deviation including
deviation onset, response onset, and response offset, as
shown in Fig. 1. Deviation onset is the moment when the
program triggered the car to drift. Response onset and
response offset indicate the moment the driver started and
stopped turning the steering wheel to move the car back to
the cruising lane after the deviation. The duration between
the deviation onset and the response onset is the

reaction time (RT). One epoch is defined from 2
seconds before and 15 seconds after deviation onset.
The two-second time period before the stimulus was
selected as the baseline (tonic), and the 15 second
period after deviation onset was selected as the event-
related change in brain dynamics (phasic).

2.3. Data Recording

The behavioral, EEG, and fNIRS data collected during the
experiment were recorded simultaneously. RTs were
continuously recorded with the WTK software, and the
EEG data were recorded using a V-Amp 16 expert system
(Brain Products GmbH Inc.) with 128 channels on a
standard NIRS cap (https://nirx.net/nirscaps/) position
according to the international 10-20 system. The EEG
recordings included event markers to align the EEG data
with the behavioral data. Of the 128 EEG channels, we
only chose five to record EEG and fNIR signals in the
occipital (POO9h and POO10h) and parietal regions
(PPO1h, Pz, and PPO2h) as represented by the purple
circles in Fig. 2. This avoided duplicate fNIRS source and
detector channels (Fig. 2). The EEG signals were acquired
at a 2000 Hz sampling frequency, and the impedance of
each electrode was kept below 5 kQ.

./

Fig. 2. EEG electrode and NIRS channel placements on a
standard NIRS cap. The positions accord with the international
10-20 system. The red circles are the NIRS sources, and the
blue circles are the detectors. The purple circles represent the
EEG electrodes over the parietal and occipital areas.

The fNIRS data, measured concurrently, were recorded
with the NIRScout apparatus (NIRx Medical Technologies,
LLC.). The system consisted of 8 sources and 16 detectors
to record the absorption of near-infrared light emitted by
HbO2 and HbR at two wavelengths (i.e., 760 and 850 nm).
The sources and detectors were placed on both the left and
right parietal and occipital areas using a standard NIRS
cap. The exact positions are shown in
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Fig. 2. Given the area covered, we were able to use 26
channels in total: 12 channels for the occipital region,
seven channels for the right parietal region, and seven
channels for the left parietal region. The sampling rate of
the absorption changes was 7.8125 Hz, and the gain level
of each channel was adjusted to less than or equal to 8 to
ensure the quality of the measured data. Participants wore
the NIRS cap that best fit their head without causing pain
or discomfort. The average distance between each emitter
and detector pair was approximately 3 cm, and the depth
considered to be measurable was 2-3 cm from the scalp.

2.4. Data Preprocessing

2.4.1EEG

The EEG data were processed by EEGLAB? with a
band-pass filter in the range of 1 to 50 Hz. The filtered
data were then down-sampled to 250 Hz to reduce
computational complexity. Information in the time
domain was then transferred into the frequency domain
by fast Fourier transform using a 128-point Welch
method with 64 overlapping points. The EEG power
spectral density was separated into four frequency bands
(i.e., delta: 1-3 Hz; theta: 4-7 Hz; alpha: 8-12 Hz; beta:
13-30 Hz).

2.4.2 NIRS

The NIRS raw data were first transformed from light
absorption into relative concentration levels of HbO2
and HbR (unit: mM) with the modified Beer-Lambert
law from the nirsLAB toolbox (NIRx Medical
Technologies, LLC). The HbO2 and HbR
concentrations were then high-pass filtered at 0.015 Hz
and low-pass filtered at 0.08 Hz to eliminate potential
noise from the heartbeat, respiration, and low-frequency
signal drifts.2”2°, All the NIRS channels were averaged

through a region analysis27 after excluding the bad
channels in areas of interest to improve the signal-to-
noise ratio (SNR) for further analysis.

2.5. Data Analysis

2.5.1 Behavioral data analysis

We indexed each subject’s fatigue level and task
performance through their RTs as per previous studies.'*"

14 1f the drivers were fully concentrating, they would
notice the deviation immediately and turn the car back to

the cruising lane with a shorter RT, whereas, with
higher levels of fatigue, their RTs would increase.

We normalized the RTs to account for the
differences between subjects, rather than using the exact
RT. The normalization was calculated by dividing the
mean of the shortest 20% of each participant’s RTs as
an RT-ratio to reduce individual variance. The RT-ratios
were sorted from fast to slow then used to examine the
global relationships between task performance and the
physiological changes in different areas of the brain.

Additionally, all trials were segmented into three groups
according to performance to better investigate the
relationship between the EEG data and the hemodynamic
responses 30 The three performance groups were:

(1) Optimal performance: RT-ratio < 1. These
participants stayed alert and had the best
performance.

(2) Suboptimal performance: 1 < RT-ratio < 2. These
participants were fatigued but still maintained
acceptable performance.

(3) Poor performance: RT-ratio = 2. The participants
may have been too fatigued to perform the task.

2.5.2 Tonic and Phasic analysis

Since the characteristics of electrophysiology and
hemodynamics are different, all the EEG frequency
power bands and HbO2 concentration levels were first
grouped and normalized separately into z-scores for
further comparison (z = (x — W) / o, where x denotes the
original EEG power or HbO2 concentration;udenotes
the mean (M) of the EEG power or HbO2 concentration;
and s is the standard deviation of the EEG power or
HbO2 concentration.

In the tonic analysis, the EEG and HbO2
concentrations within the two-second time period before
deviation onset were averaged for each trial and plotted
with respect to the RT-ratios.

In the phasic analysis, the mean value of the two
seconds of data before deviation onset was subtracted
from the event-related EEG data. Event-related spectral
perturbations were used to investigate the phasic
changes with behavioral performance after a vehicle
deviation had occurred.

We used a moving-average technique to smooth the
event-related time-frequency information. Then, the
normalized EEG power and HbO2 concentrations for each
trial were plotted with respect to the RT-ratios from
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2 seconds before deviation onset to 15 seconds after
deviation onset.

All trial data were also divided into three
performance groups and plotted separately.

Since NIR sources and EEG channels move when a
head nods while feeling sleepy, data with a low SNR
were removed. Seven subjects with high SNR EEG and
NIRS signals were selected for further analysis.
Moreover, due to the relatively low data scale and the
potential for the data to be easily perturbed by noise, the
HDbR results are not discussed in this article. Plus, for a

clear comparison with previous EEG studies® 4, only
the occipital data were included for further analysis.

2.5.3 Statistical analysis

To statistically validate the results, we conducted
Pearson’s correlation tests. Each EEG frequency power
and the HbO2 levels were tested with respect to the RT-
ratios in the areas of interest using a bootstrap method
with a threshold p-value of < 0.05 for both the event-
related spectral perturbations and the hemodynamic
responses with respect to behavioral performance (i.e.,
the RT-ratios). A two-sample t-test was used to compare
the differences in the hemodynamic responses and the
power of the EEG bands among the three performance
groups for both tonic and phasic analysis. All statistical
analyses were completed with Matlab.

3. Results

3.1. Tonic Results

To identify the relationships between the fNIRS and
EEG data as driver consciousness lapsed, we analyzed
the brain dynamics in both the tonic and phasic
intervals. Participants where only fNIRS data were
collected were excluded from the comparisons. Fig. 3
shows the t-test correlation coefficients between the
hemodynamic responses and the four EEG frequency
bands in the occipital region. The results reveal
significant negative correlations between the HbO2
concentrations and all bands (Pearson's correlation
coefficient, p<0.05). For the behavioral performance,
the most significant correlations were -0.57 and -0.54
with the delta and alpha bands, respectively. The theta
and alpha bands also show significant correlations with
the behavioral changes (see Fig. 3).
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Fig. 3. The correlations between HbO2 concentrations and
frequency changes in the occipital region. (A) delta band, (B)
theta band, (C) alpha band, and (D) beta band. *: p<0.05

Fig. 4 shows the averaged HbO2 z-scores in the
occipital region for the three performance groups
(Optimal, Suboptimal, and Poor). HbO2 increased in the
Optimal and Suboptimal groups but decreased in the
Poor group, which indicates these participants failed to
maintain driving performance. There were significant
differences (t-test, p<0.05) between the Optimal and
Suboptimal groups and between the Suboptimal and
Poor groups. The Poor performance group had the
lowest HbO2 scores in the trials.
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Fig. 4. Significant HbO2 changes in the occipital region among
three performance groups (Optimal, Suboptimal, and Poor). The
highest HbO2 scores were in the Suboptimal performance group;
the lowest levels were in the Poor group. *: p<0.05

3.2. Phasic Results

The phasic power changes in the four frequency bands
are shown in Fig. 5. The phasic analysis allowed us to
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observe the changes in the brain dynamics as the RT-
ratios increased. Increases in the delta and theta bands
are evident immediately after deviation onset (the black
line), as are decreased perturbations before the response
onset (the white curve). In the alpha and beta bands,
decreased power occurred between deviation onset and
response onset, and followed by increased activity.
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Fig. 5. The phasic changes in four frequency bands in the
occipital region and the RT-ratios. The solid black lines
represent the deviation inset, and the dashed white curves
indicate the response onset. In each subplot, the RT-ratios are
sorted (from fast to slow). The baselines were normalized.
Warm (red) colors reflect increased EEG dynamics; cold
(blue) colors decreased dynamics. Images are masked for
significance at p=0.05 with FDR correction. (A) delta band
(B) theta band (C) alpha band (D) beta band.

The phasic HbO2 responses in the occipital region
with respect to the RT-ratios are illustrated in Fig. 6.
Positive HbO2 concentration scores appeared during the
8 seconds immediately following deviance onset, after
which we see negative HbO2 concentration scores from
8-15 seconds before the driver’s HbO2 scores begin to
return to normal (recovery stage). The positive HbO2
scores in the occipital region after deviance onset
slightly decreased as the RT-ratio increased. Moreover,
we noted that the negative HbO2 scores in the recovery
stage tended to be lower with longer RT-ratios.

For further comparison, we analyzed the HbO2
concentration scores with respect to the RT-ratios across
the three performance groups. After deviation onset (the
black line), HbO2 concentrations slightly increased,
followed by a decrease before returning to normal
levels, as shown in Fig. 7. According to the t-test results
(p<0.05), the positive HbO2 concentration scores in the
Optimal group were relatively higher than that in either

the Suboptimal or Poor groups. Further, the negative HbO2
scores in the Suboptimal group were significantly higher
than both the Poor and Optimal groups (t-test, p<0.05).
Both the Suboptimal and Poor groups appeared to need
more time to return back to normal HbO2 levels.
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Fig. 6. Performance-related HbO2 concentration changes (z-
scores) in the occipital region. The epochs with smallest RT-
ratios are shown at the bottom of the figure. The solid black
line indicates deviation onset and the dashed white line
indicates response onset. Warm colors (red) represent
increased concentration levels, and cold colors (blue) indicate
decreased levels. Significance at p = 0.05 was adjusted with
FDR correction.
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Fig. 7. The difference in occipital HbO2 concentration levels (z-
score) after deviation onset for the three performance groups
(Optimal, Suboptimal, and Poor). Significant differences (p<0.05)
between the groups are marked as asterisk lines at the base of the
chart - light gray between the Optimal and Suboptimal groups;
mid gray between the Optimal and Poor groups; black between
the Suboptimal and Poor groups.

Fig. 8 presents the hemodynamic responses and the
theta and alpha dynamics among the three performance
groups. After deviation onset, neuronal activation
appeared first, followed by changes in the HbO:2 levels.
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These hemodynamic responses were related to neuronal
activity in response to the events. Less theta and alpha
activations were evident as the RT-ratio increased,
especially in the Poor performance group. The EEG
dynamics are consistent with the changes in HbO:z levels
(see Figs. 6 and 7).
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Fig. 8. Changes in EEG power and HbO2 concentration levels
among the three performance groups (Optimal, Suboptimal,
and Poor) after deviation onset (phasic comparison). Left
panel: theta band. Right panel: alpha band.

4. Discussion

The driving experiment was designed to study brain
dynamics through simultaneous fNIRS and EEG
recordings in the posterior regions of the brain,
particularly in the occipital area. Beyond exploring the
relationships between reaction times and both bio-
signals, we also divided the participants into three
performance groups according to optimal, suboptimal,
and poor RT-ratio brackets. Comparisons between the
data in each of these groups provided deeper insights
into the correlations between driver fatigue and brain
dynamics. A discussion on our findings and
observations follows.

4.1. Tonic Changes in EEG Signals and HbO2 Levels
with Driving Performance

According to the tonic EEG dynamics in the occipital
region, power in the theta, alpha and beta bands
monotonically increases as the RT-ratio increases (see
Fig. 3). This positive correlation has been widely

reported in previous research.>** 13 we find prolonged
task-induced mental fatigue impaired driving
performance and caused power deflections during the
baseline period (tonic). This observation does not
accord with all research, as some researchers have found
a different pattern in the alpha band where alpha power
initially increases and then decreases with deteriorated
performance.10 The monotonic increase we observed in
the alpha band could be an indication that the
participants fell asleep during the experiment.

The tonic hemodynamic results (see Fig. 4) show the
greatest and least changes in HbO2 were in the
Suboptimal and Poor performance groups, respectively.
The suppression of cerebral blood flow was related to
subjective fatigue levels. %18 Previous studies have also
reported an increase in HbO2 at the onset of
drowsiness.”?*3! The higher levels of HbO2 in the
Suboptimal group may be associated with a low oxygen
consumption rate by the brain during the transition from
being alert to being drowsy.24' 3L A similar phenomenon
was found in the positive correlation between task
difficulty and HbO2 levels.®? Therefore, HbO2 changes
in the tonic domain might be illustrated by the cognitive
demand of fighting fatigue. For example, in the
Suboptimal group, the participants had felt tired but still
tried their best to maintain driving performance, and this
higher cognitive effort could be imaged. In contrast, the
participants in the Poor performance group may have
been so sleepy; they could only react in a passive way.
As such, only a low demand would be placed on
cognitive functions.

4.2. Phasic Changes in EEG Signals and HbO2 Levels
with Driving Performance
Increased phasic theta activities and decreased phasic

alpha activities associated with driving tasks have been
well reported in previous EEG-related studies (see Fig.

5).9'13' 33,46 The increased occipital theta activation at
the beginning of the lane deviation can be interpreted as
controlling cognitive demands in response to visual

stimuli®3, as identifying and processing visual stimuli
are associated with activations in the occipital region.33
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Event-related  desynchronization has also been
discovered in the alpha and beta bands (see Fig. 5) —
especially, alpha suppression in the posterior area
associated with visual scanning, motion preparation, and

execution.®® 34 In this study, the participants were asked
to keep the car in the cruising lane, which meant they
had to focus on the vehicle’s position throughout the
entire experiment as well as turn the steering wheel in
response to a deviation. Among all three performance
groups, the Poor performance group had the least theta
activation (see Fig. 8).

We also observed positive HbO2 z-scores (HbO2
concentration levels w.r.t. RT-ratios) in the occipital
region, followed by negative scores before recovery
while attempting to correct from a lane deviation (see
Figs. 6 and 7). In Fig. 7, the decrease in HbO2 scores in
the Poor performance group may be related to
deteriorated driving performance. According to previous
NIRS'?! and fMRI studies'® 8, deteriorated task
performance is related to reduced cerebral blood oxygen
saturation.

Although the Suboptimal group had positive HbO2
scores post vehicle deviation (see Fig. 7), the larger
negative scores of HbO2 can be also discovered from 8
to 15 seconds after event onset (recovery stage). The
decreased HbO2 in the recovery stage could be due to
oxygen consumption based on the reverse relation
between local concentrations of deoxyhemoglobin and

oxyhemoglobin.34'36 However, previous studies have
suggested reduced HbO2 could also be associated with
re-allocations in an immature cortex or high-demand on
the cortex.®” Moreover, recent studies on fatigue driving

with NIRS®1922 and with hybrid EEG & NIRS?>?4 all
demonstrate that concentrations of HbO2 in the
prefrontal area are significantly enhanced with increased
drowsiness or fatigue. Therefore, the decreased phasic
HbO2 in the occipital site during the recovery stage
could be interpreted as oxygen supplies being
transferred to other task-related regions so as to meet
increased demands elsewhere. In this way, all dynamics
could be seen as compensatory efforts to maintain
desired levels of driving performance.

In the tonic results, HbO:2 oscillations were found to be
inversely correlated to the delta and alpha power bands
over the occipital site. Fig. 3 shows that decreased occipital
alpha power was accompanied by increased cerebral
oxygenation in the resting state (tonic), and vice versa.
Numerous studies have attempted to reveal the

physiological links between cortical activations and
neuronal alpha oscillations by applying combined EEG
and fMRI or fNIRS approaches.““'45 EEG alpha power
has been found to be negatively correlated with
hemodynamic signals over the frontal, parietal, and
occipital cortical areas during the resting state. 38 40
Further, spontaneous hemodynamic signal fluctuations
in the visual cortex and reduced consciousness are both
known to significantly increase during light sleep. This
implies that when consciousness levels increase,
cerebral activation will desynchronize.41 On the basis of
the inverse correlations between HbO2 concentrations
and the alpha power band, it seems possible to index the
subjects’ level of mental fatigue according to activations
in the cerebral cortex as compared to alpha rhythms in
the occipital region.

5. Conclusions

In this study, we explored multimodal physiological
phenomena in response to fatigue driving through
simultaneous EEG and fNIRS measurements while
participating in a night driving experiment with random
lane deviations of the vehicle. We conducted a tonic
analysis of the two-second period before the lane deviation
and a phasic analysis of the 15-second period after the lane
deviation. The results of the analysis reveal relationships
between the EEG power spectrum and the concentration
levels of HbO2 in the occipital region of the brain with
respect to reaction times. Generally, the patterns of
occipital EEG power changes in both the tonic and phasic

analyses are consistent with previous findings.g'14 Spectral

power increased in the theta, alpha, and beta bands as
performance deteriorated, which we assume to be related to

driving fatigue.g'14 Negative correlations were found
between the tonic HbO2 concentrations and all EEG
frequency bands, especially the alpha rhythms. Moreover,
the phasic HbO2 concentrations decreased as performance
worsened. The relationships between delta and alpha EEG
power and the HbO2 oscillations suggest that activations in
HbO?2 are related to mental fatigue. Therefore, the highest
tonic occipital HbO2 changes, which occurred in the
Suboptimal group, could be because these drivers allocated
more brain resources to fighting fatigue so as to maintain
acceptable driving performance. Overall, we find that
occipital hemodynamic and electrodynamic activities can
offer complete knowledge of the brain’s responses to
drowsiness during driving and, therefore,
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further explorations in brain state changes associated
with driver fatigue are worthwhile.

There are some limitations in the current research. First,
only a few EEG and NIRS channels were measured, and
only the channels in the occipital region were included
in our analysis. Additional sensors covering all
interesting brain regions will be considered in further
research. Second, the small number of subjects may have
limited our findings. Given that data quality was a major
concern, the subjects with high quality of the EEG and
fNIRS signals were included in this study. Third, we had
discussed the prediction method in the future work to
make the real contributions for fatigue driving. Despite
these limitations, the preliminary results still clearly
demonstrated the relationships between EEG signals,
HbO2 levels, and driving performance.
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