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activity and how to link it to cognitive skills as an indicator of driving fatigue. A thorough
systematic literature review (SLR) was used to identify strong and high-potential
material linked to the research topic. When a person went from alert to fatigue, alpha
and theta waves increased while beta waves decreased. Alpha, theta and beta have
previously been linked to attention, working memory capacity and decision making. As
a result, if alpha and theta waves increase but beta waves drop, a person may become
fatigued, indicating significant cognitive impairment in that individual. The
misunderstanding about how brain activity changes when a person fatigues among the
studies could be attributed to the use of a small number of participants and the
number of electrodes used to assess EEG change. The study's findings will assist
researchers, policymakers, and practitioners in developing a system that will greatly
reduce fatigue-related traffic accidents, thereby improving road safety.
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1. Introduction

Driver distraction and inattention due to fatigue have been identified as the leading causes of
traffic accidents. Fatigue is a state of excessive physical and mental exhaustion. Driving fatigue
impairs concentration, response time, recollection, hand-eye coordination and attentiveness,
resulting in poor driving performance. Driving fatigue is thought to be a factor in 15-30% of all crashes
in the United Kingdom [1], as well as 12% of the 318 fatalities and 6% of the 2,175 serious injuries in
New Zealand in 2020 [2] and 80.6% of the 521,466 traffic collisions in Malaysia in 2016 [3]. As a result,
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a dependable system capable of detecting driver fatigue under varying driving demands and
situations is urgently required.

Three techniques have been developed for fatigue detection [4]. The first technique employs
vehicle-based parameters such as vehicle speed detection, steering wheel grip detection and steering
wheel angle detection. The second technique employs behavioral-based parameters, in which
computer vision technology is used to assess the visual characteristics like eye blinking, yawning,
head pose and facial expression. The third technique employs physiological-based parameter that
detects the onset of fatigue based on changes in subjects' physiological responses such as brain
activity measured by electroencephalogram (EEG), heart electrical activity by electrocardiogram
(ECG) and muscle electrical activity by electromyography (EMG). However, vehicle-based parameters
like oscillations in steering wheel movement or standard deviation of lateral position typically
manifest only later in the fatigue process. As a result, it is too late to avert a collision, and the
probability of an accident has increased. Furthermore, computer vision-based algorithms are
vulnerable to environmental factors such as road conditions and geometry, brightness and weather,
which can effect fatigue detection accuracy [5]. Also, during the COVID-19 outbreak, it became usual
for drivers to wear masks, making driver-based behavior interventions problematic.

Among them, physiology is a good indicator for detecting driving fatigue because it efficiently
indicates how a human's body and mind are functioning under varied job conditions [6]. When a
driver is fatigued, physiological systems such as the cardiovascular system, muscular system and
nerve system can suffer. As a result, the physiological reactions slow down, the body's response to
stimuli appears delayed and physiological indications deviate from normal [7]. Physiological-based
parameter technologies detect these changes and inform the driver if he is fatigued. The advantage
of this strategy is that it alerts the driver to take a break before physical indications of fatigue appear.

Regardless of the ECG and EMG characteristics, EEG is regarded as the most significant and
reliable method for assessing driver fatigue because it can convey continuous brain status reactions
[8] and intuitively depict the physiological activity of the human brain due to its high immunity to
artefacts [9]. Scholars have recently proposed that mental and physical exhaustion may be caused by
the same physiological source, because the muscle is the organ of physical activity and the brain is
the organ of cognitive action, and both rely on limited energy supplies [10].

A number of recent research have used EEG to study the association between brain wave activity
and fatigue. However, studies regarding the association between brain wave activity and cognitive
skills in predicting driving fatigue are limited. As a result, the purpose of this study is to thoroughly
summarize the findings of past studies on brain wave activity and how to correlate it with cognitive
skills as an indicator of driving fatigue. The reasons behind the confusion in many studies surrounding
how brain activity changes when a person experiences fatigue were also examined.

2. Methodology

A highly rigorous process known as a systematic literature review (SLR) was used to discover
resilient and high potential literature linked to related topic. Three commonly used academic
databases across various fields are Scopus, Google Scholar, and Web Science, all of which were
utilized in this study. To get useful results, three simple Boolean operators: AND, OR, and NOT were
used to connect the keywords in a logical form that the database could understand. The AND
command unites two or more search phrases by instructing the database that all of these keywords
must appear in the returning records, as in searching for "brain waves activity" AND "driving fatigue."
If one key phrase in the item is returned but the other is not, the results will be quite limited because
the item will not appear in the search result list. The OR command connects two or more synonyms,
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where any of the search terms may appear in the returned document, such as "urban" OR "city." The
NOT command, meanwhile, narrows a search by excluding search results that contain the search
terms that follow it, such as "brain waves activity by electroencephalogram" NOT "brain waves
activity by electromyography". The system will only identify documents containing the phrase "brain
waves activity by electroencephalogram" and will disregard any results that contain the phrase "brain
waves activity by electromyography".

The screening procedure is clearly summarized in Figure 1. The first electronic searches yielded
985 records. The documents were then subjected to a de-duplication technique, which identified and
eliminated duplicates. The procedure of de-duplication produced 621 papers. The following phase
entailed a two-part process: (i) screening titles and abstracts for those linked to related topic, and (ii)
selecting a full-text document for inclusion in the review. This batch's title and abstracts were
examined, and 121 acceptable documents were extracted. 500 documents were considered during
the full-text screening. 92 documents were identified as relevant to the research topic from a possibly
relevant batch of 408 documents.

Identification of studies via databases
_E Records identified from databases Additional records obtained by other
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Fig. 1. PRISMA flow diagram illustrating selection of articles
3. Electroencephalogram (EEG)

Brain waves are the electrical activity produced by the human brain. A wave-like pattern is
created when one set of neurons delivers a burst of electrical pulses to another group of neurons. An
electroencephalogram (EEG) is a test that monitors electrical activity in the brain by attaching
electrodes made up of small metal discs commonly composed of stainless steel, gold or silver covered
with a silver chloride coating to the individual's scalp using an international 10-20 electrode
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placement technique as shown in Figure 2 [11]. The 10-20 method is the most extensively used
system for EEG sensor positioning. The "10" and "20" relate to the fact that the actual distances
between neighboring electrodes are either 10% or 20% of the overall front-back or right-left distance
of the skull. The naming rules used in this technique are based on the electrode position and the
underlying cortex area, such as the frontal, temporal, central, parietal and occipital lobes.

m=m Frontal Central === Occipital

Fig. 2. 10-20 electrode placement technique [11]
4. Correlation between EEG and cognitive skills as an indicator to detect driving fatigue

Cognitive skills are brain-based abilities required for knowledge acquisition, information
manipulation and thinking. These skills are important in all aspects of life, especially when performing
complex tasks involving several distinct types of cognitive intelligence like operating a car. EEG signals
are believed to be intimately associated to human cognitive skills and thus serve as an appropriate
instrument in defining drivers' fatigue while driving because the human brain is at the center of every
response to specific stimuli [12, 13]. Furthermore, EEG is a simple and subject-acceptable approach
for gathering data for a driver's cognitive skills evaluation study. As a result, EEG signals have emerged
as a key topic for future research into intelligent transportation-assisted driving and brain-computer
interfaces. A study employed EEG to monitor brain activity to examine the influence of fatigue on a
cognitive task, and discovered that participants showed reductions in task performance and
physiological engagement [14]. Another study investigated the impact of several cognitive tasks
(math and decision-making difficulties) on drivers' cognitive states using EEG and noticed that
engaging the driver's cognitively with a secondary task greatly impacted the driver's driving
performance as well as judgement capability [15].

5. Correlation between EEG frequency bands and cognitive skills

The EEG signal is split into five frequency bands that correspond to the principal components of
the EEG spectrum: alpha, beta, delta, theta and gamma. The most popular EEG signal analysis
frequencies are alpha, beta, delta and theta. The human brain generates these waves for a variety of
cognitive functions. One of these frequency bands will be dominant depending on the task that the
brain is doing at the time. The gamma frequency range, on the other hand, is responsible for
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processing many types of data. Gamma waves are also infrequent in raw EEG, have low strength and
are tricky to record. Figure 3 shows the wave form of beta, alpha, theta and delta.

a)
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b) ;

0.0 0.2 0.4 0.6 0.8 1.0
c) z

0.0 0.2 0.4 0.6 0.8 1.0
d)

0.0 0.2 0.4 06 08 1.0
Fig. 3. Brain wave form: a) beta, (b) alpha, (c) theta and (d) delta

5.1 Alpha

Alpha waves are primarily generated in the brain's right cerebral hemisphere. Alpha waves can
also be detected in the pre-frontal brain area and have the greatest amplitudes in the occipital
regions [16]. In healthy, awake adults, alpha waves are produced while they are resting. The
magnitude of alpha waves is larger when the eyes are closed compared when the eyes are open [17].
Alpha waves, which normally occur between 8 and 12 Hz, have a significant relationship with
attention cognitive skills [18-21]. Increased alpha rhythm is connected with a loss in attentiveness
and attention as an early indicator of fatigue [22]. A study found that greater alpha wave activity
suggests increased efforts to maintain awareness levels [23].

5.2 Beta

The left hemisphere of the brain produces the majority of beta waves [24]. The beta waves have
the greatest amplitudes in the frontal and central zones [25]. The frequency range of beta waves is
commonly 13 to 30 Hz. Beta waves have a considerable association with decision making ability. A
study demonstrated that beta waves appeared when completing mathematical tasks [26]. When
humans have their eyes open and are listening and thinking during analytical problem solving,
judgement, decision-making, and processing information about their environment, these waves are
created [27]. Beta waves increase the body's energy level, allowing for greater information
processing and integration. Brain work increases when beta signal power is dominating. Beta waves
activate the neurological system. An increased beta wave indicates that an individual is cognitively
active, acquiring and processing information to find solutions to difficulties [28].
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5.3 Theta

Theta waves are largely generated in the brain's left hemisphere and have the greatest
amplitudes in the frontal and central zones [25]. The frequency range of theta waves is commonly 4
to 8 Hz. Theta waves can appear in healthy people during the early phases of sleep or dreaming.
Theta band brain oscillations are thought to be crucial in defining working memory (WM) ability [29-
31]. A study tested this theoretical framework by measuring neuromagnetic responses from 10
volunteers performing the Sternberg task [32]. Subjects were asked to remember a list of 1, 3, 5, or
7 visually presented digits during a 3-second retention period. The task-dependent theta was found
in the study during the retention phase and memory scanning. Following the memory task, theta
activity diminished. Theta oscillations produced in frontal brain areas, according to the findings, play
an active role in memory storage.

5.4 Delta

Delta waves are low-frequency waves that range in frequency from 0.1 to 3.9 Hz [33]. The delta
band strength is used to characterize brain activity during deep sleep in people of all ages [34]. It is
almost impossible to have delta-frequency power while awake [35]. Delta waves, which are
associated with profound relaxation and restorative, healing sleep, are most typically detected in
infants and young children. Furthermore, brain damage, learning problems, cognitive impairment,
and severe attention deficit hyperactivity disorder (ADHD) all have these frequencies [36].

Table 1
Characteristics of different frequencies of brain wave
Type Frequency, Hz Physiological Condition Explanation/Reference (Cognitive Skill)
Delta, & 0-4 Deep rest, sleep Visible during sober state usually when sleeping
and under deep anesthesia.
Theta, 6 4-8 Deeply relaxed, inward Visible during early stage of sleep, which
focused influence the working memory.
Alpha, a 8-13 Very relaxed, calm, The frequency promotes a feeling of relaxation,
passive attention which is good for attention.
Beta, B 13-30 Alert, relaxed, anxiety Visible when involved in complex thought
dominant, active processes like problem solving or decision
making.

6. Association of brain waves activity and fatigue

Table 2 summarizes prior research on the association between fatigue and brain waves as
measured by EEG. These research studies employed EEG to estimate brain activity by analyzing
changes in EEG waves as a person transitioned from alert to fatigue. According to the findings, there
is a considerable relationship between fatigue and brain wave activity.
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Table 2

Summary of EEG waves changes from previous studies

Notes: ™ = significant increase in activity in EEG bands, |, = significant decrease in activity in EEG bands,
NS = no significant change, NR = impact not reported

No. Reference No. of participant No. of EEG electrodes Alpha Beta Theta Delta
1 [37] 35 24 ™ ™ T ™
2 [38] 10 32 ™ NR T ™
3 [39] 20 24 N§ J T ™
4 [40] 52 32 d J B J
5 [41] 20 24 ™ ™ T NR
6 [42] 9 8 ™ NR T NR
7 [43] 48 32 ™ NS T NS
8 [44] - - N% N% ™ T
9 [45] 9 8 J J NS NR
10 [46] 13 14 N N 0 J
11 [47] 7 18 ™ J T NR
12 [16] 8 32 ™ ™ N ™
13 (48] 20 19 ™ N T NR
14 [49] 10 12 N N 0 N
15 [50] 9 ™ NR T NR
16 [51] 8 ™ NR T NR
17 [52] 8 ™ N ™ NR
18 [53] 46 4 ™ NR T NR
19 [54] 52 19 J N T ™
20 [55] 13 10 ™ NR T NR
21 [56] 20 16 ™ NR T N
22 [57] 68 11 NR J NR NR
23 [58] 22 32 ™ NR T NR
24 [59] 8 5 N2 J NR NR
25 [60] 10 19 ™ J NR NR
26 [61] 50 14 ™ ™ ™ NR
27 [27] 13 32 ™ J T NR
28 [62] 18 11 NR J NR NR

Alpha wave activity (evaluated in all 26 studies) increased significantly in 20 and decreased in six
studies. When a person is fatigued, alpha wave activity usually increases. Meanwhile, beta wave
activity (examined in 19 studies) was found to increase significantly in six and decrease significantly
in 13 studies. Based on these observations, it appears that as a person grows fatigued, beta activity
decreases. The increase in beta activity may be due to the exertion of mental effort to remain vigilant,
whereas the decrease in beta activity may be due to cognitive fatigue [63]. Theta wave activity rose
significantly in 22 of the 23 studies and decreased in one. Based on these findings, theta activity is
expected to increase when a person grows fatigued. On the other hand, delta wave activity was found
to rise significantly in seven studies and drop substantially in three trials. The majority of research,
however, did not discuss the impact of delta waves on fatigue analyses. This was not an unexpected
discovery. Delta wave activity is assumed to be either a natural sleep wave or a pathological lethargic
wave [64]. Because both groups had comparable fatigue levels and no health issues that might affect
the reliability of the fatigue study, the bulk of relevant research assessed the fatigue level among
young and healthy drivers. As a result, substantial rises in delta wave activity in a healthy participant
sample were not expected [63]. Furthermore, a study discovered that the relationship between
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increased delta wave power and fatigue is unclear [37]. That is, the increased delta wave activity is
caused by a failure to remove artefacts from the EEG signal, because artefacts considerably invade
low EEG frequencies in the 1-4 Hz range [65]. Furthermore, delta waves are commonly detected in
sleep stages 3 and 4, when no important cognitive functions can be measured. Delta-frequency
power is nearly impossible to achieve while awake [35].

Figure 4 depicts an illustration of the association between brain wave activity and cognitive skill
impairment, suggesting driving fatigue.

Alpha Beta Theta
(Attention) (Decision Making) (Working Memory Capacity)

Fig. 4. Association between brain wave activity and cognitive skill impairment when a person fatigues

Several of the research cited have methodological flaws, which adds to the confusion about how
brain activity changes when a person fatigues. The following are some limitations:
1) The use of a small number of participants. Nine studies had ten or fewer participants, while only
12 had more than 20. Small sample numbers reduce the ability to generalize findings, as well as
reducing statistical power below the accepted level of 80%. A lack of statistical power reduces the
likelihood of identifying real changes in brain wave activity. Assuming a modest effect size of 0.5 (i.e.,
the standardized mean effect of fatigue on brain activity), samples of 10 to 20 yield only 20% to 36%
statistical power, respectively [66].
2) A second constraint is the number of electrodes used to assess EEG change. A low number of EEG
electrodes limits the ability to investigate regional changes. Only nine of the 28 investigations used
20 or more EEG electrodes, with seven research projects using less than ten.

7. Conclusions

This paper extensively summarizes the findings of previous studies on electroencephalogram
(EEG)-based brain wave activity and how to connect it with cognitive skills as an indicator of driving
fatigue. A systematic literature review (SLR) was performed to identify robust and high-potential
literature related to the research issue. According to the survey, when a person shifted from alert to
fatigue, alpha and theta waves increased while beta waves declined. As previously established, alpha,
theta and beta have strong links to attention, working memory capacity and decision making. As a
result, a person may become fatigued if alpha and theta waves increase while beta waves decrease,
indicating that this person has substantial cognitive impairment. The confusion regarding the brain
activity changes when a person fatigues among the 28 studies might be due to the use of a small
number of participants and the number of electrodes used to assess EEG change. The findings of the
study will help researchers, policymakers, and practitioners create a system that will significantly
minimize fatigue-related road accidents, thereby enhancing road safety.
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