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Driver’s cognitive workload has an important impact on driving safety. This paper 
carries out an on-road experiment to analyse the impact from three innovative 
aspects: significance analysis of electroencephalogram (EEG) under different 
cognitive workloads, distribution of EEG maps with different frequency signals 
and influence of different cognitive workloads on driving safety based on EEG. 
First, the EEG signals are processed and four frequencies of delta, theta, alpha 
and beta are obtained. Then, the time–frequency transform and power spectral 
density calculation are carried out by short-time Fourier to study the correlation 
of each frequency signal of different workload states, as well as the distribution 
pattern of the EEG topographic map. Finally, the time and space energy and 
phase changes in each cognitive task event are studied through event-related 
spectral perturbation and inter-trial coherence. Results show the difference 
between left and right brains, as well as the resource occupancy trends of the 
monitor, perception, visual and auditory channels in different driving conditions. 
Results also demonstrate that the increase in cognitive workloads will directly 
affect driving safety. Changes in cognitive workload have different effects on 
brain signals, and this paper can provide a theoretical basis for improving driving 
safety under different cognitive workloads. Mastering the EEG characteristics of 
signals can provide more targeted supervision and safety warnings for the driver.
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1. Introduction

1.1. Background

The intelligence level of vehicles and transportation infrastructure has gradually improved, 
and the coordinated development of the transportation system amongst people–vehicle–road–
environment will become the key to improving road safety (Fu and Sayed, 2021). From the 
perspective of the driver, how to obtain the driver’s status and response information is the focus 
of current research on driving behaviour. The drivers require not only the coordination of body 
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movements but also the cognition of the brain to coordinate control 
and command completion. Studying the correlation mechanism 
between the brain and driving behaviour will reveal the internal 
connection of the driver’s physiological and behavioural responses in 
driving activities from the perspective of the interdisciplinary aspects 
of neuroscience and human factors and will thus be applied to new 
technologies such as vehicle driving assistance systems, resulting in 
strong practical significance.

Driven by research programs around the world, brain science 
research on human attention and cognition is gradually developing. 
There are many research methods in cognitive science, and 
electroencephalogram (EEG) signal analysis is the most common one. 
EEG signals are changes in the scalp surface points caused by the 
activity of brain neurons, reflecting the functional state of the brain 
and extracting effective EEG information; detecting changes in these 
potentials can provide a deeper understanding of the brain’s activity 
function (Jung et al., 1997). The mental workload is the result of the 
interaction amongst work motivation, task demand, cognition and 
behaviour when people complete tasks (Moray, 1979). When the task 
demand is higher, more mental workload is usually required (Eduardo 
and Dan, 2010). The driver will be distracted by many distractions 
during driving, and including cognitive distraction will affect the 
driver’s mental workload.

1.2. Literature review

Distracted driving caused by secondary tasks has been identified 
as a major threat in driving, causing serious fatal crashes. Secondary 
tasks are often used in the context of driving to measure the attentional 
demands of the primary task of driving (Huemer et  al., 2018). 
Secondary tasks include technics-related secondary behaviours (such 
as using smartphones, manipulating dashboard controls, using a 
satellite navigation device and wearing headphones or earbuds) and 
non-technical distraction behaviours (such as eating, drinking, 
smoking, talking and grasping for objects; Motamedi and Wang, 2016; 
Arvin and Khattak, 2020). The cognitive workload will have a greater 
effect on the driver’s attention distribution, transfer, reaction speed 
and short-term memory, which will reduce driving performance and 
thus affect driving safety. Many scholars have researched cognitive 
tasks. Common cognitive workload tasks include N-back, math 
problem calculation and Stroop test. Through the different signal 
collections, EEG showed its superior utility in studying human 
cognitive workload. Hogervorst et al. (2014) completed the N-back 
tasks of varying degrees by recording EEG, electrocardiographic and 
eye movement indicators. EEG was found to have the best effect and 
could better show the relationship between physiological variables and 
mental workload. To study the task workload estimation of EEG data, 
the subjects of multi-attribute task EEG data cross-validation and 11 
types of calculation methods were compared by Christian et al. The 
results showed that EEG-based workload classification requires 
multiple frequencies; compared with the other 10 cognitive state 
assessment methods, EEG data has superiority in frequency bands 
(Christian and Scott, 2011). Muhl et al. (2014) used the time-domain 
and the frequency-domain analysis to classify different workloads by 
designing two different workload tasks and recording EEG signals and 
other physiological states. To study the influence of different cognitive 
tasks (mathematical and decision-making problems) on the driver’s 

cognitive state, Almahasneh et al. (2014) designed distracted driving 
and simple driving in the driving simulation process. The results 
showed that different characteristics of the secondary tasks have 
different effects on EEG response, and the location in the frontal lobe 
was different. The most affected area during distracted driving is the 
right frontal lobe.

Brain signals are distributed in different brain regions, potentially 
directly reflecting neural signals of brain activity and are highly 
correlated with the driver’s real-time state (Thammasan et al., 2017). 
Many scholars have studied the effect of EEG on drivers’ cognitive 
distraction workload by extracting the characteristic quantities of 
brain waves for data analysis. To study the relationship between 
distraction and EEG during driving, Lin et al. (2011) designed a dual-
task test including math tasks using a simulation-based driving study. 
The results showed that the increase in the power of the theta and beta 
bands is related to the distraction effect of the frontal lobe of the brain. 
In the case of driver attention distraction, the increase of power in the 
frontal area is related to the driver’s distraction. Yang et al. (2018) 
studied the relationship between driving behaviour and brain activity 
through driving simulation experiments, used power spectrum 
analysis to process EEG signals and used Pearson correlation analysis 
for statistical analysis. The results showed that normal driving 
behaviour is associated with the four areas of the brain, especially the 
temporal, occipital and frontal regions; β  log-transformed power is 
most relevant to ordinary driving behaviour. Wang S. et al. (2015) 
predicted the starting and ending moments of distracted driving 
through the EEG driving simulation test and detected brain activity 
through EEG signals to determine the driver’s distraction. By studying 
the relationship between EEG signals and driving fatigue, Jap et al. 
(2009) found that with the deepening of fatigue, the alpha wave 
increased significantly and the beta wave decreased significantly. Lei 
and Roetting (2011) studied the relationship between EEG and the 
driver’s mental state by adding three task workload conditions to the 
driver through driving simulation tests, finding that with the increase 
in workload, alpha and theta activities increased significantly and were 
very sensitive.

From the perspective of current studies, great progress has been 
made in studying the driver’s cognitive workload from EEG signals. 
However, the experiment environment is mainly dominated by 
driving simulation, and the method of data analysis has not changed 
much. From the point of view of brain electrical signal processing, 
given that the interference task of the experimental design is known, 
the composition of the electrical activity associated with the 
interference event has become the focus of research on cognitive 
workload. In the current research, studies on different cognitive 
workloads are lacking, and most studies have focused on the effects of 
different waves, with less attention to the effects of different 
brain regions.

In this paper, an on-road driving test was conducted, and the data 
were collected in the normal driving state and the different levels of 
cognitive workloads. The time-frequency distribution of different EEG 
signals generated by the left and right brain was studied, as was the 
distribution of different frequencies in different brain regions in 
different cognitive workloads. The distribution and energy 
characteristics under different cognitive events were studied to explore 
the regular pattern of EEG characteristics of drivers’ brains under 
different cognitive workloads, as well as the changing trend of monitor, 
perception, visual and auditory channels in different driving states.
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2. Experimental design

2.1. Participants

Many studies have proved that small samples can also be used in 
driver characteristic tests. Usually, the number of samples should 
be greater than six to be effective (Ahlstrom and Kircher, 2017; Biswas 
and Prabhakar, 2018; Stapel et al., 2019). A total of 20 individuals (10 
males and 10 females) with a mean age of 34 years old (SD = 8.65, age 
distribution ranges from 25 to 55 years) were recruited from the 
university community, they have a mean driving experience of 7 years 
(SD = 6.96). The purpose was to select a group of people who were 
representatives of the drivers in the urban traffic environment. For 
driving safety, they need to be  familiar with the local traffic 
environment and obtained driving licenses. According to the 
preliminary screening survey, they had 20/20 or corrected-to-normal 
vision with no mobility impairments. They were not allowed to drink 
or smoke the day before the experiment and remained healthy.

2.2. Apparatus and experimental routes

One conventional vehicle (2017 SAGITAR 1.6T) was used, with a 
human driver controlling the throttle, brake and steering. To capture 
data related to the driver’s actions and status in real time, the vehicle 
was equipped with a laser ranging sensor (ranging range of 0.5–200 m, 
ranging accuracy of ±0.5–1 m, measuring frequency of 10–50 Hz), 
radar rangefinder and four synchronised cameras (recording the front 
and rear of the vehicle, the driver’s face and on-board operation 
video). The driver wore an EEG collection device (NeuroOne EEG, 
with 21 sampling channels) during driving. The drivers operated in 
accordance with their own daily driving behaviours, thereby collecting 
their natural driving behaviour in a real environment.

Non-peak times on working days were chosen for the times for 
the road test (9:30–11:00 a.m., 2:30–4:00 p.m.). The weather was clear 
and the temperature was suitable for driving. All the testers conducted 
real-drive tests on the same road section to ensure that all drivers’ 
traffic conditions, sunshine conditions, weather and other factors 
during the test were similar. The real car test was selected to be at 
Zhongyuan Avenue, Harbin City. The starting point is the intersection 
of Songpu Bridge and Zhongyuan Avenue. The endpoint is the 
intersection of Zhongyuan Avenue and Xiang’an North Street. The 
whole length of the test road section is 10 km, and the test road is a 
two-way six-lane road separated by the central separation zone. The 
traffic flow in this section is small and stable, with less traffic 
interference, good road alignment, good driver’s vision and high safety 
for cognitive road tests.

The experimental route, traffic environment, and the EEG device 
worn by the drivers are shown in Figure 1.

2.3. Experimental process

 (1) The staff introduced the driving test process to the participants 
and asked for their personal information. After confirming that 
participants are qualified, the staff assisted the participants in 
wearing the device.

 (2) The staff guided the driver to the test vehicle, turned on all the 
test equipment and completed the calibration and 
synchronisation of the equipment. In addition to the 
participant, two staff members were in the vehicle: one was 
responsible for the adjustment of the experimental equipment, 
and the other was responsible for issuing the instructions 
required for the experiment.

 (3) Once the preparations were ready, participants were allowed to 
drive in a safe area for ~15 min to accommodate the vehicle and 
the collection device.

 (4) Participants drove into the designated test route and started 
driving. The staff marked the starting point and began to 
record data. Unless there was a safety hazard, participants 
should cooperate with the instructions required to complete 
the experiment under the guidance of staff.

 (5) On certain road sections, the driver performed cognitive 
workload tasks while maintaining the main driving tasks. They 
completed the corresponding mathematical calculations 
according to the experimental design settings. In the event of a 
dangerous situation, the driver had the right to choose to 
terminate the task.

 (6) After reaching the ending point, the staff marked the camera 
and ended the recording of the experimental instruments. 
After turning off all the instruments, they led the driver to a 
designated place to rest and removed the device for him/her.

 (7) Participants completed the final questionnaire and received a 
test reward (CNY 200). Staff copied and archived the test data.

In the setting of tasks, from the initial distraction such as language 
communication and phone calls to the cognitive tasks with memory 
ability such as N-back and mathematical calculation (Wang Y. K. et al., 
2015), this experiment adopts listening and calculating mathematical 
problems. All the participants have a good mathematical foundation. 
The difficulty level of the problem is divided into three levels: simple, 
general and complex, in which drivers produce mild, moderate and 
deep cognitive workloads, respectively, when completing distracted 
tasks of different difficulty levels. The research group conducted many 
experiments to improve and verify the calculation difficulty 
classification in the early stage, including the number of questions at 
each level, as well as the time for thinking and answering. Five simple 
tasks were given, comprising two types: addition calculation of 
two-digit positive numbers without carrying (such as 21 + 23) and 
subtraction calculation of two-digit positive numbers without 
borrowing (such as 25–12), and the time given for each question was 
6 s. Three general tasks were given, comprising two types: addition 
calculation of two-digit positive numbers with carrying (such as 
16 + 17) and subtraction calculation of two-digit positive numbers 
with borrowing (such as 54–18), and the time given for each question 
was 10 s. One subtraction calculation of two-digit negative numbers 
(such as 18–33) and one continuous addition calculation of two-digit 
positive numbers (such as 12 + 23 + 36) were included in complex 
tasks, and the time given for each question was 15 s. Each stage takes 
about 30 s and the total time of the test is about 90 s, with each 
participant needing to complete the experiments twice.

This paper assumes that in the cognitive workload on-road 
experiment, the driver’s cognitive workload is completely generated 
by calculating mathematical problems of different difficulty and has 
nothing to do with the traffic environment.
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3. Methodology

3.1. Data processing

All EEG signals were collected from 19 scalp points and binaural 
electrodes. The brain regions have different functions, amongst which 
the frontal area is the monitor centre, the parietal area is the perception 
centre, the occipital area is the visual centre and the temporal area is 
the auditory centre (Euler, 1736; Finn et al., 2014). The schematic 
diagram of electrode positions and different functional channels is 
shown in Figure 2, and the distribution of electrode positions in the 
brain area is shown in Table 1.

The signal was sampled by a 50 Hz notch filter at a sampling 
frequency of 256 Hz, and all electrodes were referenced by the average 
electrode. To obtain higher confidence in the data, the original EEG 
signal was divided into 5 s non-overlapping windows, and the useless 
electrodes were removed according to the sample (Croft and Barry, 
2000). Then, all the data were re-referenced. In checking the data, if 
the data of a channel was broken, it could be corrected by interpolation. 
Ultimately, 43,200 pieces of data were sorted out.

In the process of collecting the driver’s EEG data, there will be a 
variety of interference sources, such as electrooculogram (EOG), 
electromyography and electrocardiogram, resulting in overlapping 
frequency band information. EOG is a general term for electrical 
signals caused by the left and right movement of the eye and blinking. 
EOG can be divided into three types: vertical (VEOG), horizontal 
(HEOG) and radial (REOG). The amplitude and frequency of these 
three types of EOGs are different. Comparatively, the amplitude of 
VEOG noise caused by blinking is the strongest and has the greatest 
impact on the signal (Brunia et al., 1989). Compared with EOG noise, 
EMG and ECG noise have lower amplitudes and lower probability of 
occurrence. Generally, they can be directly filtered out during signal 
processing. Therefore, the removal of EOG signals is also the key to 
data processing (Wim de Clercq et al., 2006).

In this paper, independent component analysis (ICA) was used to 
remove electroocular interference. ICA is a method of blind source 
separation, which can separate the original signals of multiple hidden 

FIGURE 1

Experiment routes and the traffic environment.

FIGURE 2

Electrode position and different functional channels diagram.

TABLE 1 Electrode position distribution.

Location Electrode name

Left Right Central

Prefrontal Lobe Fp1. Fp2 —

Inferior Lobe F7 F8 —

Frontal Lobe F3 F4 FZ

Central Lobe C3 C4 CZ

Temporal Lobe T3 T4 —

Posterior Lobe T5 T6 —

Parietal Lobe P3 P4 PZ

Occipital Lobe O1 O2 —

Auricular A1 A2 —

https://doi.org/10.3389/fpsyg.2023.1107176
https://www.frontiersin.org/journals/psychology
https://www.frontiersin.org


Liu et al. 10.3389/fpsyg.2023.1107176

Frontiers in Psychology 05 frontiersin.org

signal sources from the mixed signals of the signals simultaneously 
emitted by the multi-dimensional signal sources (Hyvarnien, 1999). 
Based on the essence that the signals emitted by multiple signal 
sources belong to a non-Gaussian distribution and are independent of 
each other, under the condition that the source signal and the mixing 
matrix are unknown, a group of random variables can be represented 
as a linear combination of statistically independent variables. This 
method can minimise the statistical dependence between the 
components of the analysed signal and highlight the essential results 
of the source signal. The basic principle is shown in Figure 3.

ICA includes two processes of mixing and unmixing, as follows 
(Hyvarinen et al., 2002; Efimov, 2014):

There are n times independent signal sources S S S Sn= …( )1 2, , , ; 
each dimension is a random signal, which is independent of each other. 
A is an unknown mixing matrix, ai is the base vector of the mixing 
matrix A, used to combine the superimposed signal S, X is an 
observation matrix, which is composed of an n-dimensional observation 
vector X x x xn= …( )1 2, , , . Then, there is

 1
, 1,2,

n

i
X AS aisj i n

=
= = =∑ 

 
(1)

The purpose of ICA is to find a linear transformation matrix 
(separation matrix) W of the mixed observation signal X, so that the 
output is as independent as possible, namely:

 
y t WX WAS( ) = =

 
(2)

Given that the mixed matrix A is an unknown matrix, the 
independent source signal is also a hidden variable that cannot 
be directly observed. The only variable that can be observed is the 
random variable X. If no other conditions apply, the solution of 
Equation (1) must be multiple solutions. ICA needs to go through the 
unmixing model and give the unique solution of the equation to 
realise the extraction of independent components. Separation matrix 
W = (wij) has been constructed. After the transformation of X through 
the separation matrix W, the n-dimensional output column vector is 
obtained, and its unmixing model can be expressed as

 Y WX WAS GS= = =  (3)

where G is the system matrix. If G = I (I is the identity matrix of n 
* n) through learning, then y = s, thus achieving the goal of separating 
source signals.

The ICA algorithm is used to estimate the coefficient matrix W to 
obtain the raw signal. After running ICA and the signal removing the 
artifact, analysing the relative influence of the human brain’s electrical 
activity on each electrodeposition is possible.

Taking the CZ channel as an example, the raw EEG signal is shown 
in Figure 4A, and the signal after removing the EOG artifacts by ICA 
is shown in Figure  4B; the original data can be  optimised after 
this process.

3.2. Analysis of energy and phase 
characteristics based on time-frequency 
analysis

3.2.1. Short-time Fourier transform
For the extraction of EEG time-frequency features, this paper uses 

the short-time Fourier method, proposed by Dennis (1946), which 
can be used to solve the frequency and phase of the sine wave of the 
variable signal in the progress area. The expression is

 
STFT t w x w t e djwt,( ) = ( ) −( )∗ −

−∞

+∞
∫ τ τ τ

 
(4)

where w is the angular frequency, and w t∗ −( )τ is the complex 
conjugate function to w t∗ −( )τ . w(t) is the selected window function, 
in which the rectangular window, triangular window, and Hamming 
window can usually be used. The selection can be made according to 
the needs when using, potentially improving resolution and reducing 
spectrum leakage. In this study, we  chose to use the Hamming 
window, which can be expressed as

 
w t t

T
t T( ) = −






 ≤ ≤0 5 1

2
0. cos ,

π

 
(5)

3.2.2. Power spectral density estimation
The power spectrum is a method with a window function to 

reveal the power change of the EEG signal through the Welch method 
(Welch, 1967), which is an improvement of the periodic graph method 
(Yu et  al., 2018). For the N points of the time series x(t), it can 
be divided into N segments, and the time length of each segment is 
M. Then, the power spectrum of Welch is estimated as

 
( ) ( )˜

1

1 p
x m

m
w j w

p
B

=
= ∑

 
(6)

FIGURE 3

Schematic diagram of the ICA principle framework.
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where jm(w) is a modified period diagram of segment M, which 
can be expressed as

 
j w

MU w
x t w t em

t

M
m

jwt( ) = ( ) ( ) ( )
=

−
−∑1

0

1 2

 
(7)

where xm(t) is the time series of the m-th segment.
U(w) is a normalisation factor, which guarantees that the resulting 

power spectrum is progressive and unbiased, which can be expressed as

 
U w

M
w t

t

M
( ) = ( )

=

−

∑1

0

1
2

 
(8)

3.2.3. Event-related spectral perturbation and 
inter-trial coherence feature extraction

For cognitive EEG signals, it is usually necessary to observe the 
energy and phase changes corresponding to time and space in each 
cognitive task event and lock the power spectrum of the EEG segment 
to the same event in the time domain. Then, the average power change 
is calculated according to the frequency; a two-dimensional time-
frequency image with event-related spectral perturbation (ERSP) can 
be obtained. First, the short-trial Fourier transform is performed on the 
single trial, and then the ERSP and the inter-trial coherence (ITC) are 

superimposed between the trials based on the obtained time-frequency 
value (Ming et al., 2010; Ahirwal et al., 2014). ERSP characterises the 
energy change of a single test over time and reflects the influence of the 
cognitive process on the power spectrum of each frequency band. ITC 
represents the feature of the degree of phase-locking change with time. 
It shows the degree of phase synchronisation relative to a set of test events 
at a specific waiting time and frequency (Tallon-Baudry et al., 1996).

For n times cognitive events, the ERSP is defined as

 
ERSP f t

n
F f tk, ,( ) = ∑ ( )1 2

 
(9)

where Fk (f,t) is the time-frequency distribution of cognitive EEG 
for the k-th event.

ITC is defined as

 
ITC f t

n
F f t
f f tk

n
k

k
,

,

,
( ) = ( )

( )=
∑1
1  

(10)

The non-coupling range of the ITC value is between 0 and 1. If 
ITC = 1, this component is phase-locked, indicating that the cognitive 
electroencephalogram is strictly locked to the initial state of 
stimulation of the cognitive event; if ITC = 0, it means that this 
component is not phase-locked.

A

B

FIGURE 4

EEG signal data process. (A). Raw EEG signals. (B). EEG signal after removing electrooculogram artifacts by ICA.
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4. Results and discussion

4.1. Correlation of different frequency 
signals in different cognitive workloads

The left hemisphere controls people’s action behaviours, such as 
language and calculations, while the right hemisphere controls 
people’s imagination, spatial thinking and intuitive feelings. Therefore, 
studying the left and right brains separately is necessary. This paper 
extracts the amplitudes of the driver’s delta, theta, alpha and beta EEG 
signals under the normal driving state and different levels of cognitive 
tasks, and the paired t-test of the sample was performed. The data of 
the left and right cerebral hemispheres were analysed, and the results 
are shown in Table 2.

Analysing the data shows that after the cognitive task, the driver’s 
brain activity has different changes, and the different frequencies are 
different in different brain regions. Results showed significant changes 
in the electrical activity of the left and right hemispheres of the brain, 
highlighting the influence of different cognitive workloads.

From the delta wave data, we can see that driving under mild, 
moderate and deep cognitive workloads is more significant than the 
normal driving state (driving without cognitive tasks) on both sides. 
Amongst these workloads, in the left hemisphere, the moderate 

cognitive workload is the most significant (t-value = −4.879, three-
level significance). Next is deep cognitive workload (t-value = −3.276, 
second-level significance), and mild and moderate cognitive workload 
also directly have first-level significance. On the right side of the brain, 
different cognitive tasks are similar to the normal driving state in 
significance, and all have first-level significance. The cognitive 
workload of different degrees has no significance directly. According 
to the comprehensive analysis results, the delta wave has a greater 
influence on the left brain than the right brain under the effect 
of workload.

Theta wave data show that in the left brain, only moderate and 
deep cognitive workload will have a significant impact on a normal 
driving state, and moderate cognitive tasks will produce three-level 
significance compared with normal driving (t-value = −4.353). As for 
the right brain, different cognitive states have a significant effect on 
the normal driving state, and deep cognitive workload has the most 
significant impact on the normal driving state (t-value = −4.083, 
second-level significance). Deep cognitive workload also has a first-
level significant effect on both mild and moderate cognitive workloads.

The alpha wave shows obviously different effects on the left and 
right brain. In the left brain, only mild and deep cognitive workloads 
have first-level significance for normal driving conditions. In the right 
brain, all three different degrees of cognitive workload have a 

TABLE 2 Value of p and t-value from Pair-sample T-test of all frequency bands under normal driving and different cognitive workloads.

Test pair p-value (L) t-value (L) p-value (R) t-value (R)

Delta_Normal—Delta_Mild 0.032* −2.313 0.036* −2.302

Delta_Normal—Delta_Moderate <0.001*** −4.879 0.022* −2.565

Delta_Normal—Delta_Deep 0.004** −3.276 0.032* −2.361

Delta_Mild—Delta_Moderate 0.038* −2.233 No Sig —

Delta_Mild—Delta_Deep No Sig. — No Sig —

Delta_Moderate—Delta_Deep No Sig. — No Sig —

Theta_Normal—Theta_Mild No Sig. — 0.034* −2.337

Theta_Normal—Theta_Moderate <0.001*** −4.353 0.003** −3.549

Theta_Normal—Theta_Deep 0.002** −3.664 0.001** −4.083

Theta_Mild—Theta_Moderate No Sig. — No Sig —

Theta_Mild—Theta_Deep No Sig. — 0.033* −2.350

Theta_Moderate—Theta_Deep No Sig. — 0.044* −2.202

Alpha_Normal—Alpha_Mild 0.032* −2.308 <0.001*** −4.865

Alpha_Normal—Alpha_Moderate No Sig. — <0.001*** −4.677

Alpha_Normal—Alpha_Deep 0.033* −2.299 0.003** −3.574

Alpha_Mild—Alpha_Moderate No Sig. — No Sig —

Alpha_Mild—Alpha_Deep No Sig. — No Sig —

Alpha_Moderate—Alpha_Deep No Sig. — No Sig —

Beta_Normal—Beta_Mild <0.001*** −4.253 <0.001*** −4.973

Beta_Normal—Beta_Moderate <0.001*** −4.943 0.001** −4.056

Beta_Normal—Beta_Deep <0.001*** −5.767 <0.001*** −5.356

Beta_Mild—Beta_Moderate No Sig. — No Sig —

Beta_Mild—Beta_Deep 0.006** −3.130 0.009** −3.013

Beta_Moderate—Beta_Deep 0.016* −2.633 No Sig —

*p < 0.05; **p < 0.01, ***p < 0.001, L stands for left brain hemisphere, and R stands for right brain hemisphere.
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significant impact on the normal driving state, and mild and moderate 
cognitive workloads have a three-level significant effect on the normal 
driving state (t-value were −4.865 and −4.677, respectively). No 
significant effect on the left and right brain between different degrees 
of cognitive workload was found.

Beta waves have the greatest impact on normal driving states and 
driving under different levels of cognitive distraction tasks. On the left 
side of the brain, the three levels of cognitive distraction workload all 
have a three-level significant impact on the normal driving state. As 
the cognitive distraction workload increases, the significant impact 
intensifies, and the significant degree of deep cognitive workload on 
normal driving was the largest (t-value = −5.767). Deep cognitive 
distraction also had secondary and first-order significant effects on 
mild and moderate cognitive distraction, respectively. In terms of the 
right brain, three levels of cognitive distraction workload also have a 
strong and significant effect on normal driving, with the greatest effect 
on depth (t-value = −5.356), followed by mild (t-value = −4.973). Deep 
cognitive tasks also produce a second-level significance for mild 
cognitive workloads (t-value = −3.013).

4.2. Distribution of EEG topographic maps 
with different frequency signals

The paired t-test of the sample can only obtain the significance of 
different cognitive workloads to the normal driving state and cannot 
see the specific area of brain activity, which requires EEG topographic 
map analysis (Chiarelli et al., 2010). Through short-time Fourier and 
power spectrum estimation, the brain topographic maps of the 
affected areas of delta, theta, alpha and beta in the brain in different 
states are obtained, as shown in Figures 5–8.

4.2.1. Delta wave EEG distribution characteristics
The characteristic of the delta wave is that it is not controlled by 

nerves in low-level parts. Comparing the topographic maps of the 
delta wave in different states shows that under normal driving 
conditions, the brain is more evenly distributed and the activity 

intensity is weak. Under the effect of mild cognitive workload, the 
activity in the frontal region is strengthened. Until deep cognitive 
workload, the activity of the frontal and temporal lobe increases 
slightly, and the activity of the parietal lobe gradually weakens. The 
temporal lobe mainly affects human hearing and memory, indicating 
that delta waves are related to human memory. The 3D graph shows 
that owing to the low frequency of delta, the energy of its overall 
activity is not large, and its influence during the entire process of 
cognitive workload changes is minimal.

4.2.2. Theta wave EEG distribution characteristics
Theta waves are typically enhanced when people are disappointed 

or frustrated. Comparing the theta brain topography maps in different 
states shows that in the normal driving state, the activity in the central 
parietal lobe is weaker, and the energy in the temporal part is slightly 
stronger than in other brain regions. As the cognitive workload 
increases, the activity in the frontal region began to strengthen 
significantly, and the activity in the temporal area also gradually 
increased. The frontal lobe is closely related to the mathematics and 
logic of the brain. The increase in frontal activity is precisely due to the 
increased difficulty of cognitive workload math problems. The 
calculations of the brain are closely related, and, at the same time, 
affect judgement. The 3D EEG topographic map that the energy 
change of the theta wave is more obvious under different 
driving workloads.

4.2.3. Alpha wave EEG distribution characteristics
Alpha waves are generally the most common type of wave in 

humans. They are characterised by a decrease in amplitude when 
human attention is more concentrated and an increase in amplitude 
when taking a deep breath. Considerable research has shown that 
when performing different cognitive workload tasks, the activation 
energy and distribution are more obvious (Klimesch, 1999), and the 
results of this study also verify this idea. Under normal driving 
conditions, occipital activity is relatively strong. Under the effect of 
mild cognitive workload, the activation energy of the temporal region 
begins to increase. This is caused by the calculation of math problems 

FIGURE 5

Delta wave 2D–3D EEG topography in different states.
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occupying the driver’s memory space. With the aggravation of 
cognitive workload, the activity at the occipital region is significantly 
enhanced, while the activity at the frontal is obviously reduced, 
indicating that the deepening cognitive workload will affect the 
driver’s visual function. The 3D EEG topographic map clearly shows 
that under different conditions, alpha’s energy has a large range of 
changes, its rhythm enhancement activity is obvious, and it has a 
greater impact on the right brain. The occipital is closely related to the 
driver’s cognitive executive ability, which affects the driver’s behaviour 
monitoring ability (Lorist et al., 2005). Analysis shows that the alpha 
wave is related to the human visual and behaviour monitoring ability, 
and the deeper the distraction load is, the lower the driver’s 
behavioural monitoring ability will gradually be.

4.2.4. Beta wave EEG distribution characteristics
The beta wave is the most frequent type of wave. Generally, 

when people are in a state of tension or emotional instability, its 

amplitude will increase significantly. In the normal driving state, 
beta waves mainly appear in the parietal and temporal lobes, and 
the activation energy is relatively strong. Under the effect of 
distraction, the activity in the frontal area is significantly 
increased. Under the deep cognitive workload, relatively strong 
energy was observed in the occipital lobe, and as the cognitive 
workload increases, the energy of its activity in the parietal lobe 
gradually weakens. The frontal part is mainly related to human 
psychological activities. As the difficulty of cognitive workload 
math problems increases, human psychological activities show 
obvious fluctuations, indicating that the beta wave is related to 
people’s psychological functions. The activities of the occipital lobe 
also explain how beta also has a certain relationship with vision. 
The 3D EEG topographic map shows that during the entire 
process, the energy of the beta wave is more active, and it affects 
the frontal lobe and has a greater ability to monitor the 
driver’s behaviour.

FIGURE 7

Alpha wave 2D–3D EEG topography in different states.

FIGURE 6

Theta wave 2D–3D EEG topography in different states.
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4.2.5. Trend characteristics analysis of channels 
occupancy in different wavebands

According to the distribution characteristics of EEG, the changes 
in the monitor, perception, visual and auditory channels occupied by 
the four waves under different cognitive workloads were collected, and 
the results are shown in Table 3.

Table 3 shows that the changing trend of the delta and alpha waves 
is almost the same. The monitor channel shows a downtrend with the 
mild and moderate workload while showing an uptrend with the deep 
workload. With the increase in cognitive workload, the perception 
and visual channels show a downward trend, while the auditory 
channel shows an upward trend.

In the theta wave, the monitor and visual channels all show an 
upward trend when the workload changes from mild to moderate and 
decreases with deep workload, while the auditory channel shows the 
opposite trend. The perception channel always shows an upward trend 
when the workload deepens.

In the beta wave, the monitor and visual channels all show an upward 
trend when the cognitive workload deepens. The perception channel 
shows an upward trend when mild workload changes to moderate and 
shows a downward trend from moderate to deep workload. The auditory 
channel shows an opposite trend with the perception channel.

4.3. Characteristics analysis of ERSP and 
ITC of different frequency signals under 
different levels of cognitive workload

The time-frequency distribution diagrams of the ERSP and ITC 
features of theta, delta, alpha and beta were extracted under different 
induced distraction workloads, as shown in Figures 9–12. Blue means 
lower energy, red represents higher energy, and the unit is DB [33].

4.3.1. ERSP and ITC characteristics of delta wave
The analysis of the ERSP characteristics of the delta wave shows 

that in the process of mild cognitive workload, the energy activity in 
the front stage is strong, the activity in the rear stage is weak, and the 
overall energy value is low. During the process of moderate cognitive 
workload, the delta wave showed a characteristic of energy decline in 
the early and middle periods, which is an energy-blocking feature, and 
the energy value was strengthened at the end. In the process of deep 
cognitive workload, the overall energy activity is relatively uniform, 
and the activity energy in the last segment is stronger (Especially at 
2–3 Hz). The ITC value of the delta wave moves around 1 and is 
basically 1, indicating that the three levels of cognitive workload 
processes are all phase-locked.

FIGURE 8

Beta wave 2D–3D EEG topography in different states.

TABLE 3 Changing trend of the occupancy of each channel under different cognitive workloads.

Wavebands Workload Monitor Perception Visual Auditory

Delta
Mild and Moderate Down Down Down Up

Moderate and Deep Up Down Down Up

Theta
Mild and Moderate Up Up Up Down

Moderate and Deep Down Up Down Up

Alpha
Mild and Moderate Down Down Down Up

Moderate and Deep Up Down Down Up

Beta
Mild and Moderate Up Up Up Down

Moderate and Deep Up Down Up Up
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4.3.2. ERSP and ITC characteristics of theta wave
The analysis of the theta wave ERSP characteristics shows that 

during the process of mild cognitive workload, the overall energy is 
weak, the energy at the 7–8 Hz in the middle section is slightly 
strengthened, and the energy activity at the 5–6 Hz in the latter section 
is slightly increased. In the process of moderate cognitive workload, 
the overall activity energy is enhanced compared with that of mild 
cognitive workload, but it is still weak. In the process of deep cognitive 
workload, the energy-blocking feature appears at 5–7 Hz in the early 
stage, and the energy activity was obviously enhanced in the later 
period. The ITC value of the theta wave is active near 1 and is basically 
1, indicating that the three processes are all phase-locked.

4.3.3. ERSP and ITC characteristics of alpha wave
The analysis of the ERSP characteristics of the alpha wave shows 

that the energy value is relatively stable at different stages in the 
process of mild cognitive workload. As for the moderate cognitive 
workload, a brief energy partition at the place of 9–11 Hz in the early 
stage was observed, and the energy activity afterwards was significantly 
strengthened. In the process of the deep cognitive workload, an 
obvious energy blocking phenomenon in the late stage was observed, 
and the energy activity is more active in the middle stage. The ITC 
value of the alpha wave moves around 1 and is basically 1, indicating 
that the three processes are all phase-locked.

4.3.4. ERSP and ITC characteristics of beta wave
The analysis of the ERSP characteristics of the beta wave shows 

obvious energy barriers during the three distraction workload 
processes, and the energy activity is strong in the middle of the mild 
cognitive workload, while in the middle and deep cognitive workload, 
the energy distribution is relatively uniform, which has been exerting 
influence on the driver. The ITC value of the beta wave is active near 
1, basically 1, indicating that the three distraction processes are all 
phase-locked.

4.3.5. Changing trend of each channel’s 
occupancy in different driving states

According to the ERSP characteristics of each band, combined 
with the previous research of 4.2.5, the occupation trend of the 
monitor, perception, visual and auditory channels in different driving 
conditions can be summarised. The schematic diagram is shown in 
Figure 13.

The sum of resources occupied by all channels is always 100%. 
From Figure 13, the resources occupied by the monitor and auditory 
channel have risen with the increase in cognitive workload, while the 
resources occupied by the visual channel have been decreasing. The 
perception channel has shown a slight upward trend in the change 
from mild to moderate, and the rest of the stage has been in a state 
of decline.

FIGURE 9

ERSP and ITC characteristics of delta wave under different cognitive workload events.

FIGURE 10

ERSP and ITC characteristics of theta wave under different cognitive workload events.
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FIGURE 13

Schematic diagram of the occupancy trend of each channel under different driving states.

This result reflects that with the intensification of cognitive 
workload tasks, the driver’s brain monitoring ability continues to 
increase to control his behaviour for safe driving. However, due to the 
progress of cognitive tasks, with the deepening of the degree, the 

reduction of visual channel resources means that the attention to the 
external environment is showing a downward trend, but the auditory 
channel takes up more resources and requires more energy for 
memory processing. The perception channel resource is also gradually 

FIGURE 12

ERSP and ITC characteristics of the beta wave under different cognitive workload events.

FIGURE 11

ERSP and ITC characteristics of the alpha wave under different cognitive workload events.
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reduced, which also surfaced the intensification of cognitive workload 
tasks, which has a direct impact on driving safety.

4.4. Discussion

With the improvement of brain imaging technology, functional 
magnetic resonance imaging, functional near-infrared spectroscopy, 
electroencephalography and magnetoencephalography are important 
sources to exploring brain activities (Kohlmorgen et al., 2007; Zander 
and Kothe, 2011; Wang et  al., 2014). The cost of memory tasks 
associated with performing a job in the nervous system appears to 
be  reflected in the magnitude characteristics of EEG task-related 
regulation. These findings can be interpreted as a human-machine 
system of the synthesis of mental workload, which are demands 
related to mental structure placed on the mental resources of users 
(Gevins et al. (1998)).

The research results of this paper allow us to make the 
following conclusions:

 (1) The correlation study of the four brain waves (theta, delta, 
alpha and beta) under different cognitive states shows that the 
left and right brain regions perform differently under different 
degrees of cognitive workload. In terms of the right side, all the 
different levels of the cognitive workload in all brain waves 
show significance to normal driving conditions. The left brain 
showed significant differences except for Theta_Normal – 
Theta_Mild and Alpha_Normal – Alpha_Moderate. The effect 
of alpha waves on the right brain is more significant than that 
on the left.

 (2) The analysis of EEG topographic maps of different frequency 
signals shows that the energy activity of the delta wave is 
relatively weak, which is related to the temporal lobe of the 
brain to some extent. The theta wave is weak, which is related 
to the parietal of the brain. The aggravation of cognitive 
degree will affect human sensory judgment; the energy of 
alpha and beta waves are more powerful, and they also affect 
the driver’s ability to monitor behaviour. In addition, the 
alpha wave mainly affects the occipital region, and the 
enhancement in cognitive conformity has an impact on the 
visual ability of humans. The beta wave mainly changes 
significantly in the frontal part of the brain, indicating that 
different cognitive workloads have an impact on human 
psychology. Cooper et al. (2003) shared similar findings to 
those in this paper that as cognitive workload increases, 
alpha waves become more intense, but they were based on 
different cognitive workload tasks. Sonnleitner et al. (2014) 
also found that when the cognitive workload increased, 
driving performance decreased, and reaction time and alpha 
spindle rate increased with working hours. After a deeper 
cognitive workload, the alpha spindle rate was significantly 
higher during an auditory secondary (Sonnleitner et al., 
2014). Lin et al. conducted a cognitive workload test for the 
calculation of mathematical problems and did find that theta 
wave and beta wave in the frontal region of the brain were 
enhanced after cognitive workload, and the power of the 
theta wave could represent the degree of interference in 

normal driving. Savage et al. (2013) found that with 
increased cognitive workload, θ  activity in the frontal lobe 
increased and θ  activity in the occipital lobe decreased. 
However, the conclusion of this study is based on the 
electrical interference caused by eye movement. Therefore, 
the settings of different tasks may have different impacts and 
need further verification.

 (3) Analysing the characteristics of ERSP and ITC induced by 
different frequency signals under different levels of cognitive 
workload shows that the four brain waves are phase-locked. 
The energy change of beta waves in each state is relatively 
uniform, while theta, delta and alpha all showed the 
phenomenon of energy blocking and sudden energy 
strengthening under different conditions.

 (4) As the cognitive workload deepens, the resources occupied by 
the monitor channel and auditory channel gradually increase, 
while the resources occupied by the visual and perception 
channels are on a downward trend. A large amount of cognitive 
workload is that the driver spends more resources on mind 
control and memory while the attention to the external 
environment is weakened, greatly impacting driving safety. 
Previous studies have shown that activation in the parietal and 
frontal regions is associated with cognition (Schwarzbach et al., 
2002; Kirschen et al., 2005; Zhang et al., 2017). Therefore, a 
higher task workload may occur, thus occupying 
cognitive resources.

The research conclusion can improve the driving assistance 
system to be  rationalised to carry out targeted early warning and 
control of the driver’s workload in different situations.

5. Conclusion

This study collects the data of drivers’ brain EEG signal under 
the normal driving state and different levels of cognitive workload 
state by conducting an on-road driving test. Based on the 
collected data, the time-frequency distribution of different EEG 
signals generated by the left and right brains is studied. The 
distribution and energy characteristics under different cognitive 
events are also studied to explore the regular pattern of EEG 
characteristics of drivers’ brains under different cognitive 
workloads, as well as the changing trend of monitor, perception 
and visual and auditory channels in different driving states. 
Results show that the effect of alpha waves on the right brain is 
more significant than that on the left, and the four brain waves 
are phase-locked. As the cognitive workload deepens, the 
resources occupied by the monitor and auditory channels 
gradually increase, while the resources occupied by the visual and 
perception channels are on a downward trend. This paper can 
provide a theoretical basis for improving driving safety under 
different cognitive workloads. This paper can also help improve 
the vehicle driving assistance system and better provide targeted 
safety warnings for the driver. At the same time, the characteristics 
of higher levels require more medical knowledge to explore the 
mysteries of the brain. We  will combine more professional 
medical knowledge to carry out follow-up analysis.
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However, this study has certain limitations. First, due to the 
complexity of implementing the experiments as well as other project 
constraints (complexity of experiment implementation, funding), 
we only studied the average characteristics of each state of the sample and 
do not study the individual heterogeneity in detail in this paper. More 
participants will be  recruited to explore the brain characteristics of 
drivers under cognitive workload. Gender, occupation and other factors 
will be screened, and more meaningful factors will be explored. We will 
also add some driving simulation experiments for supplementary 
comparative analysis. A comparison of different methods such as texting 
while driving and N-back should be  made with the applied math 
problem calculation method to find out optimal test results. Moreover, 
short-time Fourier transform is adopted for time-frequency conversion. 
Different time windows and different precisions will affect the amplitude 
and power spectrum of the decomposed signal. Future work will focus 
on more methods, such as wavelet transform to decompose the signal 
and verify the different time windows.

Data availability statement

The raw data supporting the conclusions of this article will 
be made available by the authors, without undue reservation.

Author contributions

SQ and RL: conception. RL, GL, and YL: data collection. SH and SQ: 
formal analysis. GL and RL: software. SH and GL: methodology. SH and 
RL: funding acquisition. SQ, RL, and YL: writing–original draft. All 
authors contributed to the article and approved the submitted version.

Funding

This research was funded by the National Natural Science 
Foundation of China (grant nos. 52105011 and 52102410), the Young 
Innovative Talents Project of Guangdong Province (grant nos. 
2021KQNCX071 and 2021KQNCX073), the Tertiary Education 
Scientific Research Project of Guangzhou Municipal Education Bureau 
(grand no. 202235334), the Basic and Applied Basic Research Projects 
of Guangzhou (grand nos. SL2023A04J00685 and SL2023A04J00686).

Acknowledgments

The authors acknowledge the reviewers for their valuable 
comments and suggestions.

Conflict of interest

The authors declare that the research was conducted in the 
absence of any commercial or financial relationships that could 
be construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the authors 
and do not necessarily represent those of their affiliated organizations, 
or those of the publisher, the editors and the reviewers. Any product 
that may be evaluated in this article, or claim that may be made by its 
manufacturer, is not guaranteed or endorsed by the publisher.

References
Ahirwal, M. K., Kumar, A., and Singh, G. K. (2014). A new approach for utilisation of 

single ERP to control multiple commands in BCI. Int. J. Electron. 2, 166–171. doi: 
10.1080/21681724.2014.894133

Ahlstrom, C., and Kircher, K. (2017). Changes in glance behaviour when using a visual 
eco-driving system—a field study. Appl. Ergon. 58, 414–423. doi: 10.1016/j.
apergo.2016.08.001

Almahasneh, H., Chooi, W., Kamel, N., and Malik, A. S. (2014). Deep in thought while 
driving: An EEG study on drivers’ cognitive distraction. Transp Res Part F Traffic Psychol 
Behav 26, 218–226. doi: 10.1016/j.trf.2014.08.001

Arvin, R., and Khattak, A. J. (2020). Driving impairments and duration of distractions: 
assessing crash risk by harnessing microscopic naturalistic driving data. Accident Anal. 
Prev. 146:105733. doi: 10.1016/j.aap.2020.105733

Biswas, P., and Prabhakar, G. (2018). Detecting drivers’ cognitive load from saccadic 
intrusion. Transp. Res. Part F Traffic Psychol. Behav 54, 63–78. doi: 10.1016/j.
trf.2018.01.017

Brunia, C., Mocks, J., Berg-Lenssen, M., Coelho, M., and Roth, W. T. (1989). 
Correcting ocular artifacts in the EEG: a comparison of several models. J. Psychophysiol. 
145, 497–450. doi: 10.1016/0007-1935(89)90063-8

Chiarelli, A. M., Perpetuini, D., Croce, P., Greco, G., Mistretta, L., Rizzo, R., et al. 
(2010). Fiberless, multi-channel fNIRS-EEG system based on silicon photomultipliers: 
towards sensitive and ecological mapping of brain activity and neurovascular coupling. 
Sensors 20:2831. doi: 10.3390/s20102831

Christian, A., and Scott, M. (2011). Estimation of task workload from EEG data: new 
and current tools and perspectives. Annu. Int. Conf. IEEE Eng. Medicine Biol. 2011, 
6547–6551. doi: 10.1109/IEMBS.2011.6091615

Cooper, N. R., Croft, R. J., Dominey, S. J., Burgess, A. P., and Gruzelier, J. H. (2003). 
Paradox lost? Exploring the role of alpha oscillations during externally vs. internally 
directed attention and the implications for idling and inhibition hypotheses. Int. J. 
Psychophysiol. 47, 65–74.

Croft, R. J., and Barry, R. J. (2000). Removal of ocular artifact from the EEG: a review. 
Neurophysiol. Clin. 30, 5–19. doi: 10.1016/S0987-7053(00)00055-1

Dennis, G. (1946). Theory of communications. J.IEE(London). 93, 429–457.

Eduardo, S., and Dan, M. (2010). Human factors in aviation (2nd Edn.). San Diego, CA, 
Academic Press.

Efimov, D. (2014). “Independent component analysis” in Encyclopedia of social 
network analysis and mining. eds. R. Alhajj and J. Rokne (New York, NY: Springer).

Euler, L. (1736). Solutio problematis ad geometriam situs pertinentis. Commentarii 
Academiae Petropolitanae. 8, 128–140.

Finn, E. S., Shen, X., Holahan, J. M., Scheinost, D., Lacadie, C., Papademetris, X., et al. 
(2014). Disruption of functional networks in dyslexia: a whole-brain, data-driven 
analysis of connectivity. Biol. Psychiatry 76, 397–404. doi: 10.1016/j.biopsych.2013.08.031

Fu, C., and Sayed, T. (2021). Multivariate bayesian hierarchical gaussian copula 
modeling of the non-stationary traffic conflict extremes for crash estimation. Anal. 
Methods Accid. Res. 29:100154. doi: 10.1016/j.amar.2020.100154

Gevins, A., Smith, M. E., Leong, H., McEvoy, L., Whitfield, S., du, R., et al. (1998). 
Monitoring working memory load during computer-based tasks with EEG pattern 
recognition methods. Hum. Factors 40, 79–91. doi: 10.1518/001872098779480578

Hogervorst, M. A., Brouwer, A., and van Erp, J. B. F. (2014). Combining and 
comparing EEG, peripheral physiology and eye-related measures for the assessment of 
mental workload. Front. Neurosci. 8, 1–14. doi: 10.3389/fnins.2014.00322

Huemer, A. K., Schumacher, M., Mennecke, M., and Vollrath, M. (2018). Systematic 
review of observational studies on secondary task engagement while driving. Accident 
Anal. Prev. 119, 225–236. doi: 10.1016/j.aap.2018.07.017

Hyvarinen, A., Karhunen, J., and Oja, E. (2002). Independent component analysis. 
Stud. Inform. Control. 11, 205–207.

Hyvarnien, A. (1999). Fast and robust fixed-point algorithms for independent 
component analysis. IEEE. T. Neural. Networ. 10, 626–634. doi: 10.1109/72.761722

https://doi.org/10.3389/fpsyg.2023.1107176
https://www.frontiersin.org/journals/psychology
https://www.frontiersin.org
https://doi.org/10.1080/21681724.2014.894133
https://doi.org/10.1016/j.apergo.2016.08.001
https://doi.org/10.1016/j.apergo.2016.08.001
https://doi.org/10.1016/j.trf.2014.08.001
https://doi.org/10.1016/j.aap.2020.105733
https://doi.org/10.1016/j.trf.2018.01.017
https://doi.org/10.1016/j.trf.2018.01.017
https://doi.org/10.1016/0007-1935(89)90063-8
https://doi.org/10.3390/s20102831
https://doi.org/10.1109/IEMBS.2011.6091615
https://doi.org/10.1016/S0987-7053(00)00055-1
https://doi.org/10.1016/j.biopsych.2013.08.031
https://doi.org/10.1016/j.amar.2020.100154
https://doi.org/10.1518/001872098779480578
https://doi.org/10.3389/fnins.2014.00322
https://doi.org/10.1016/j.aap.2018.07.017
https://doi.org/10.1109/72.761722


Liu et al. 10.3389/fpsyg.2023.1107176

Frontiers in Psychology 15 frontiersin.org

Jap, B. T., Lal, S., Fischer, P., and Bekiaris, E. (2009). Using EEG spectral components 
to assess algorithms for detecting fatigue. Expert Syst. Appl. 36, 2352–2359. doi: 
10.1016/j.eswa.2007.12.043

Jung, T. P., Makeig, S., Stensmo, M., and Sejnowski, T. J. (1997). Estimating alertness 
from the EEG power spectrum. IEEE. T. Bio-Med. Eng. 44, 60–69. doi: 10.1109/10.553713

Kirschen, M. P., Chen, S. H. A., Schraedley-Desmond, P., and Desmondm, J. E. (2005). 
Load- and practice-dependent increases in cerebrocerebellar activation in verbal 
working memory: an fMRI study. Neuroimage 24, 462–472.

Klimesch, W. (1999). EEG alpha and theta oscillations reflect cognitive and memory 
performance: a review and analysis. Brain Res. 29, 169–195. doi: 10.1016/
S0165-0173(98)00056-3

Kohlmorgen, J., Dornhege, G., Braun, M. L., Blankertz, B., Müller, K. R., Curio, G., et al. 
(2007). “Improving human performance in a real operating environment through real-time 
mental workload detection,” in Toward brain-Comput. Interfacing, MIT Press, 409–422.

Lei, S., and Roetting, M. (2011). Influence of task combination on EEG spectrum modulation 
for driver workload estimation. Hum. Factors 53, 168–179. doi: 10.1177/0018720811400601

Lin, C., Chen, S. A., Chiu, T. T., Lin, H. Z., and Ko, L. W. (2011). Spatial and temporal 
EEG dynamics of dual-task driving performance. JNER 8, 1–13. doi: 10.1186/1743-0003-8-11

Lorist, M. M., Boksem, M. A. S., and Ridderinkhof, K. R. (2005). Impaired cognitive 
control and reduced cingulate activity during mental fatigue. Cognitive. Brain. Res 24, 
199–205. doi: 10.1016/j.cogbrainres.2005.01.018

Ming, D., An, X., Xi, Y., Hu, Y., Wan, B., Qi, H., et al. (2010). Time-locked and phase-
locked features of P300 event-related potentials (ERPs) for brain–computer interface 
speller. Biomed. Signal. Proces 5, 243–251. doi: 10.1016/j.bspc.2010.08.001

Moray, N. (1979). Mental workload: its theory and measurement. New York: Plenum Press.

Motamedi, S., and Wang, J. H. (2016). The impact of text driving on driving safety. Int. 
J. for Traffic & Transport. Eng. 6, 325–338. doi: 10.7708/ijtte.2016.6(3).08

Muhl, C., Jeunet, C., and Lotte, F. (2014). EEG-based workload estimation across 
affective contexts. Front. Neurosci-Switz. 8:114. doi: 10.3389/fnins.2014.00114

Savage, W. S., Potter, D. D., and Tatler, B. W. (2013). Does preoccupation impair hazard 
perception? A simultaneous EEG and Eye Tracking study. Transport. Res. 17, 52–62.

Schwarzbach, J., Carlson, R. L., Yantis, S., Steinmetz, M. A., Courtney, S. M., 
Serences, J. T., et al. (2002). Transient neural activity in human parietal cortex during 
spatial attention shifts. Nat. Neurosci. 5, 995–1002.

Sonnleitner, A., Treder, M. S., Simon, M., Willmann, S., Ewald, A., Buchner, A., et al. 
(2014). EEG alpha spindles and prolonged brake reaction times duringauditory 
distraction in an on-road driving study. Accident Anal. Prev. 62, 110–118.

Stapel, J., Mullakkal-Babu, F. A., and Happee, R. (2019). Automated driving 
reduces perceived workload, but monitoring causes higher cognitive load than 
manual driving. Transp. Res. Part F Traffic Psychol. Behav 60, 590–605. doi: 
10.1016/j.trf.2018.11.006

Tallon-Baudry, C., Bertrand, O., Delpuech, C., and Pernier, J. (1996). Stimulus 
specificity of phase-locked and non-phase-locked 40  Hz visual responses in 
human. J. Neurosci. 16, 4240–4249. doi: 10.1523/JNEUROSCI.16-13-04240. 
1996

Thammasan, N., Moriyama, K., Fukui, K., and Numao, M. (2017). Familiarity effects 
in EEG-based emotion recognition. Brain Informatics. 4, 39–50. doi: 10.1007/
s40708-016-0051-5

Wang, Y. K., Chen, S. A., and Lin, C. T. (2014). An EEG-based brain-computer 
interface for dual task driving detection. Neurocomputing 129, 85–93. doi: 10.1016/j.
neucom.2012.10.041

Wang, Y. K., Jung, T. P., and Lin, C. T. (2015). EEG-based attention tracking during 
distracted driving. IEEE T. Neur. Sys. Reh. Eng. 23, 1085–1094. doi: 10.1109/
TNSRE.2015.2415520

Wang, S., Zhang, Y., Wu, C., Darvas, F., and Chaovalitwongse, W. A. (2015). Online 
prediction of driver distraction based on brain activity patterns. IEEE T. Intell. Transp. 
16, 136–150. doi: 10.1109/TITS.2014.2330979

Welch, P. D. (1967). The use of fast fourier transform for the estimation of power 
spectra: a method based on time averaging over short modified periodograms. IEEE 
Trans. Audio Electroacoust. 15, 70–73. doi: 10.1109/TAU.1967.1161901

Wim de Clercq, , Vergult, A., Vanrumste, B., van Paesschen, W., and van Huffel, S. 
(2006). Canonical correlation analysis applied to remove muscle artifacts from the 
electroencephalogram. IEEE Trans. Bio-Med. Electronics 53, 2583–2587. doi: 10.1109/
tbme.2006.879459

Yang, L., He, Z., Guan, W., and Jiang, S. (2018). Exploring the relationship between 
electroencephalography (EEG) and ordinary driving behavior: a simulated driving 
study. Transp. Res. Rec. 2672, 172–180. doi: 10.1177/0361198118783165

Yu, H., Cai, L., Wu, X., Song, Z., Wang, J., Xia, Z., et al. (2018). Investigation of phase 
synchronization of interictal EEG in right temporal lobe epilepsy. Physica A. 492, 
931–940. doi: 10.1016/j.physa.2017.11.023

Zander, T. O., and Kothe, C. (2011). Towards passive brain-computer interfaces: 
applying brain-computer interface technology to human-machine systems in general. J. 
Neural Eng. 8:025005. doi: 10.1088/1741-2560/8/2/025005

Zhang, Y., Zhang, G., and Liu, B. (2017). Investigation of the influence of emotions on 
working memory capacity using ERP and ERSP. Neuroscience 357, 338–348. doi: 
10.1016/j.neuroscience.2017.06.016

https://doi.org/10.3389/fpsyg.2023.1107176
https://www.frontiersin.org/journals/psychology
https://www.frontiersin.org
https://doi.org/10.1016/j.eswa.2007.12.043
https://doi.org/10.1109/10.553713
https://doi.org/10.1016/S0165-0173(98)00056-3
https://doi.org/10.1016/S0165-0173(98)00056-3
https://doi.org/10.1177/0018720811400601
https://doi.org/10.1186/1743-0003-8-11
https://doi.org/10.1016/j.cogbrainres.2005.01.018
https://doi.org/10.1016/j.bspc.2010.08.001
https://doi.org/10.7708/ijtte.2016.6(3).08
https://doi.org/10.3389/fnins.2014.00114
https://doi.org/10.1016/j.trf.2018.11.006
https://doi.org/10.1523/JNEUROSCI.16-13-04240.1996
https://doi.org/10.1523/JNEUROSCI.16-13-04240.1996
https://doi.org/10.1007/s40708-016-0051-5
https://doi.org/10.1007/s40708-016-0051-5
https://doi.org/10.1016/j.neucom.2012.10.041
https://doi.org/10.1016/j.neucom.2012.10.041
https://doi.org/10.1109/TNSRE.2015.2415520
https://doi.org/10.1109/TNSRE.2015.2415520
https://doi.org/10.1109/TITS.2014.2330979
https://doi.org/10.1109/TAU.1967.1161901
https://doi.org/10.1109/tbme.2006.879459
https://doi.org/10.1109/tbme.2006.879459
https://doi.org/10.1177/0361198118783165
https://doi.org/10.1016/j.physa.2017.11.023
https://doi.org/10.1088/1741-2560/8/2/025005
https://doi.org/10.1016/j.neuroscience.2017.06.016

	Using electroencephalography to analyse drivers’ different cognitive workload characteristics based on on-road experiment
	1. Introduction
	1.1. Background
	1.2. Literature review

	2. Experimental design
	2.1. Participants
	2.2. Apparatus and experimental routes
	2.3. Experimental process

	3. Methodology
	3.1. Data processing
	3.2. Analysis of energy and phase characteristics based on time-frequency analysis
	3.2.1. Short-time Fourier transform
	3.2.2. Power spectral density estimation
	3.2.3. Event-related spectral perturbation and inter-trial coherence feature extraction

	4. Results and discussion
	4.1. Correlation of different frequency signals in different cognitive workloads
	4.2. Distribution of EEG topographic maps with different frequency signals
	4.2.1. Delta wave EEG distribution characteristics
	4.2.2. Theta wave EEG distribution characteristics
	4.2.3. Alpha wave EEG distribution characteristics
	4.2.4. Beta wave EEG distribution characteristics
	4.2.5. Trend characteristics analysis of channels occupancy in different wavebands
	4.3. Characteristics analysis of ERSP and ITC of different frequency signals under different levels of cognitive workload
	4.3.1. ERSP and ITC characteristics of delta wave
	4.3.2. ERSP and ITC characteristics of theta wave
	4.3.3. ERSP and ITC characteristics of alpha wave
	4.3.4. ERSP and ITC characteristics of beta wave
	4.3.5. Changing trend of each channel’s occupancy in different driving states
	4.4. Discussion

	5. Conclusion
	Data availability statement
	Author contributions
	Funding
	Conflict of interest
	Publisher’s note

	References

