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A B S T R A C T

Work zone crashes and fatalities persist at alarming rates, highlighting the need for innovative safety
solutions. Augmented Reality (AR) safety warnings have shown promise, yet their impact on situational
awareness, attention, and cognitive workload remains underexplored. To bridge this gap, this study investigates
the neurophysiological responses to AR-assisted warnings in roadway work zones under varying workload
conditions. Leveraging electroencephalogram (EEG) technology within a virtual reality simulation of work
zones, we objectively evaluated post-warning situational awareness, attention, and cognitive load during low-
intensity (LA) and moderate-intensity (MA) activities. Key EEG indicators, including beta, gamma, alpha, and
theta waves, as well as combined wave ratios, were used to measure these responses. Results revealed that
AR warnings effectively triggered neurological responses associated with increased situational awareness and
attention across both workload conditions. However, significant differences were observed in the timing and
intensity of these responses. In the LA condition, peak responses occurred earlier (within 125 ms post-warning)
and were more pronounced, suggesting a more robust cognitive response when physical demands were lower.
Conversely, the MA condition showed delayed peak responses (125–250 ms post-warning) and more gradual
changes, indicating a potential impact of increased physical activity on cognitive processing speed. These
findings underscore the importance of considering physical workload when designing AR-based safety systems
for roadway work zones. The research contributes to the understanding of how AR can enhance worker
safety and provides insights for developing more effective, context-aware safety interventions in high-risk
work environments.
1. Introduction

Roadway construction and maintenance are essential for sustaining
highway performance, supporting national economic growth, and meet-
ing the growing transportation demands of communities. Consequently,
work zones are an integral aspect of roadway operation, maintenance,
and construction activities, and play a fundamental role in advancing
and supporting these socio-economic and societal goals. However, de-
spite the implementation and investigation of various safety strategies,
protocols, and technologies, work zone crashes and fatalities continue
to occur at an alarming rate each year. The Bureau of Transportation
Statistics reports a consistent increase in work zone fatalities since
2010, with 2066 fatal work injuries occurring in 2022 alone (U.S.
Bureau of Labor Statistics, 2023).

To address safety issues in high-risk workplace environments, re-
searchers have explored the use of innovative technologies such as
Augmented Reality (AR) (Tatić and Tešić, 2017; Gualtieri et al., 2023;
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Bavelos et al., 2024). In roadway work zones, these technologies are
often intended to notify workers of potential intrusions and offer them
additional time and information to respond to hazards (Sabeti et al.,
2024a,b). For this purpose, AR has particularly attracted researchers’
interest because it can deliver real-time information overlays directly
in workers’ field of view, and enhance their understanding of safety
risks (Sitompul and Wallmyr, 2019; Sitompul et al., 2020). While
the use of AR to improve workplace safety is expanding across vari-
ous domains, there remains a significant gap in research that objec-
tively assesses and quantifies the impact of AR-based safety systems on
situational awareness, attention, and cognitive load.

Situational awareness encompasses the perception of the elements
in the environment over time and space, comprehending their meaning,
and anticipating their near-future status (Endsley, 1995). In work-
place safety, maintaining situational awareness is crucial for making
timely and accurate decisions under high-stakes conditions (Ibrahim
et al., 2023). Previous studies have shown that situational aware-
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ness is often compromised in high-risk environments, such as road-
way work zones, due to environmental complexity and physical work-
load demands (Chenarboo et al., 2022; Suzuki et al., 2024). AR-based
safety systems have been proposed as tools to enhance situational
wareness by providing real-time visualizations of hazards, facilitating
orkers’ comprehension of risks, and supporting predictive decision-
aking (Aromaa et al., 2020; Yu et al., 2023). Despite their potential,

most studies on situational awareness rely on subjective measures, such
as the Situation Awareness Rating Technique (SART) or the Situation

wareness Global Assessment Technique (SAGAT) (Selcon et al., 1991;
Endsley, 1988). While these methods have provided valuable insights,
hey heavily depend on subjective evaluations, which fail to capture

the cognitive dynamics critical to situational awareness. The advent
of advanced technologies, such as electroencephalography (EEG), has
transformed cognitive neuroscience by offering objective tools to mea-
sure situational awareness (Ajmeria et al., 2022; Zhou et al., 2021;
Ismail and Karwowski, 2020).

Cognitive workload reflects the mental effort required to perform
 task, which can be influenced by factors such as task complexity,
ime pressure, and physical demands (Zhang et al., 2023). In roadway
ork zones, where workers are often subjected to physically demand-

ing tasks, managing cognitive workload is crucial for ensuring safety
and performance. AR-based safety systems aim to reduce cognitive
workload by providing information in a clear and easy-to-understand
format, making it easier to process environmental hazards (Sabeti
t al., 2024a). Despite its potential, the impact of AR on cognitive

workload remains insufficiently explored. Traditional methods for as-
sessing cognitive workload, such as the NASA Task Load Index (NASA-
TLX), often rely on subjective evaluations (Hart and Staveland, 1988).
Emerging technologies like electroencephalography (EEG), however,
ffer an objective alternative by capturing neural activity patterns.

These advancements provide valuable insights on how AR systems
influence mental effort, particularly in challenging and dynamic work
environments (Zhou et al., 2021; Ismail and Karwowski, 2020).

To address the research needs outlined above, this study investi-
gates the use of electroencephalogram (EEG) technology to objectively
assess neurophysiological responses to simulated AR-based safety warn-
ings in roadway work zones under different workload conditions. The
bjectives of this study are to (1) evaluate the effectiveness of AR multi-

sensory warnings in enhancing situational awareness and attention
in a simulated roadway work zone under varying workload condi-
tions, using EEG-based brain wave analysis, (2) quantify and compare
the cognitive load experienced by workers under varying workload
conditions when exposed to AR multi-sensory warnings, utilizing EEG-
derived cognitive load metrics. (3) examine the relationship between
subjective and objective cognitive workload measurements based on
EEG metrics as measured by alpha, beta, and theta band activity across
light and moderate activity levels while receiving safety warnings.

This study contributes to the body of knowledge by advancing our
nderstanding of augmented reality’s potential to enhance safety and
fficiency in high-risk roadway work zone environments. By simulating

the functionality of Augmented Reality (AR) glasses within a Virtual
eality (VR) environment and utilizing advanced neurophysiological
easures, this research quantifies the impacts of AR multi-sensory
arnings on worker situational awareness, attention, and cognitive

oad. It provides evidence on how AR multi-sensory warnings can
mpact the situational awareness and attention of workers as well as
ognitive load. The EEG-derived metrics employed provide a deeper
nderstanding of how AR tools can be designed to avoid cognitive over-
oad, thereby optimizing worker performance and reducing potential
rrors. Another important aspect of this research is the examination of
he relationship between subjective measures of situational awareness
nd objective EEG-based metrics.

The findings from this study inform the design of future AR systems
for safety-sensitive applications. By demonstrating the specific condi-
tions under which AR multi-sensory warnings are most effective, this
2 
research guides developers in creating user-centered AR interfaces that
adapt to varying cognitive demands. Furthermore, the methodology
developed can be applied in other fields where AR might be used,
such as manufacturing and military operations, thereby broadening the
impact of this work. While this study focused on post-hoc analysis of
continuously recorded EEG data to examine neurological responses,
future work could explore the integration of real-time EEG-based brain
wave analysis. This advancement would enable AR systems to dynam-
ically assess and respond to users’ cognitive states as they interact
with sensory inputs. Such real-time adaptability could enhance system
performance and reliability, particularly in safety-critical applications
where cognitive processes are closely tied to situational awareness and
decision-making.

In summary, this study not only extends the understanding of
cognitive load, attention and situational awareness in the context of
AR and VR but also provides practical insights that can lead to the
development of more effective and safer AR applications in professional
environments.

2. Related work

In the following, we will begin with an overview of current practices
nd emerging technologies in roadway work zone safety to estab-
ish a foundation for the challenges and innovations in the field.
ubsequently, it transitions into an exploration of the potential of
R for enhancing situational awareness, reviewing its applications
cross domains while highlighting gaps in its evaluation methodologies.
he final sections review EEG-based cognitive assessment techniques,
mphasizing their relevance for evaluating worker safety and situa-
ional awareness in dynamic environments, as well as data analysis
hallenges.

2.1. Current practices and emerging technologies in roadway work zone
safety

Safety in roadway work zones is a critical concern in transporta-
tion infrastructure management, with implications for both worker
nd motorist safety (Tengilimoglu et al., 2023). These Work zones
resent unique safety challenges due to their dynamic operations,
educed lane widths, altered traffic patterns, and potential for driver
onfusion (Al-Bayati et al., 2023). Traditional safety measures have

relied on reactive solutions such as portable signs, automated signaling
systems, directional alarms, and warning lights (Gambatese et al., 2017;
Huang and Bai, 2014; Brown et al., 2015). However, the dynamic
ature of work zones necessitates more adaptive and intelligent safety

systems. Recently, there has been a noticeable shift towards intelligent,
roactive safety solutions. A systematic review by Nnaji et al. (2020)

emphasized the growing importance of transitioning to smart auto-
mated technologies, driven by advancements in sensing technologies
hat offer greater adaptability and efficiency compared to conventional
ethods. Emerging technologies, though limited, are showing promise

n enhancing work zone safety. These include radar-based vehicle speed
nd trajectory tracking and sensor mechanisms in channelizing devices
o detect intrusions (Eseonu et al., 2018). More recently, Sakhakarmi
t al. (2021) introduced a tactile-based proximity alert system, but its
erformance in work zones can be hindered by high noise levels and
orkers’ cognitive demands. Similarly, Kim et al. (2021) developed
 smart helmet-based hazard proximity warning system to improve
orker awareness in underground mining operations. However, like
ther reactive systems, it only activates when hazards are nearby.

Kim et al. (2023) further expanded on this concept with an IoT-based
warning system to alert workers near heavy equipment. While these
advancements are promising, challenges remain. The most effective
safety strategies integrate engineering controls — such as traffic man-
agement plans, signage, barriers, and guardrails — with behavioral
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interventions and speed limit enforcement (Nnaji et al., 2020). Fur-
hermore, the design of safety technologies should prioritize the unique
emands of roadway work zones, the interaction between human and
echnology, and the psychophysiological behaviors of workers. This
ncludes addressing situational awareness and cognitive performance

under dynamic conditions when interacting with advanced warning
technologies. These gaps highlight the need for more sophisticated
methods to evaluate and enhance cognitive performance in complex
and dynamic work environments.

2.2. Enhancing situational awareness using augmented reality

Augmented reality has emerged as a promising technology for en-
hancing situational awareness across various domains by overlaying
real-time information onto the user’s environment. This augmenta-
tion enables users to maintain a more comprehensive understanding
of surroundings and supporting decision-making in complex scenar-
ios (Woodward and Ruiz, 2022). In the transportation sector, AR has
been applied to various use cases, including driving safety, asset man-
agement, roadway maintenance, and field operations (Li et al., 2022).
Particularly, in driving safety context, AR technology has been pro-
osed for enhancing decision making in cognitively demanding sce-
arios, such as detecting vehicles and pedestrians (Park et al., 2015;

Phan et al., 2016; Kim and Gabbard, 2022), supporting navigation (Lin
et al., 2011), recognizing road signs, and assisting novice drivers (Lin
et al., 2011; Rane et al., 2016). In worker safety domain, AR has been
roposed (Sabeti et al., 2024a,b) to provide advanced warning systems

for roadway workers. In construction, AR has been demonstrated to
elp facility managers by augmenting information about the facili-
ies they manage, leading to reduced cognitive workload and quicker
nformation retrieval (Irizarry et al., 2013).

Beyond transportation, AR has shown potential in military, indus-
trial, healthcare, and construction contexts. In military and security
contexts, AR has been applied to improve the control of Unmanned
Aerial Vehicles (UAVs) (Ruano et al., 2017), augment representations
of friendly or hostile forces (Neuhöfer et al., 2012; Le Roux, 2010),
provide navigation aids (Neuhöfer et al., 2012; Brandão and Pinho,
2017), and visualize occluded entities (Livingston et al., 2011). In
the industrial sectors, AR has been utilized to monitor production
processes (Novak-Marcincin et al., 2014) and assist with maintenance
tasks (Aschenbrenner et al., 2016). In healthcare, AR has been floated
as an alternative in monitoring patient information (Liu et al., 2010).
These AR applications have been developed using various hardware
and systems, including smartphone apps (Baskar et al., 2022; Rane
et al., 2016), heads-up displays in vehicles (Park et al., 2015; Phan
et al., 2016), and head-mounted and AR smart glasses (Sabeti et al.,
2024b).

A particular area of interest for researchers has been the use of AR
to enhance situational awareness. For example, Wallmyr et al. (2019)
nvestigated whether AR could improve the situational awareness of
xcavator operators in a simulated environment, where augmented
cons were displayed on the windshield. Their results indicated that AR
educed cognitive workload and enhanced information detection and
ituational awareness. In another study, Ramos-Hurtado et al. (2022)
roposed a methodology for integrating AR into construction safety,

demonstrating how it could improve safety inspections by enhancing
situational awareness through the addition of virtual safety elements
to real-world construction sites. In another research work, Lukosch
et al. (2015) studied the impact of AR on situational awareness and
ollaboration in the security domain. Their results indicated that AR
mproved information sharing and situational awareness, particularly
or remote users, which in turn enhanced team collaboration during
ecurity operations.

Research has demonstrated the significance of AR in enhancing
situational awareness, however, most studies have focused on applica-
bility and usability, with only a few systematically assessing situational
3 
awareness. Among these, most relied on subjective measures, such
s post-trial ratings using the Situation Awareness Rating Technique
SART) (Selcon et al., 1991) and techniques such as the freeze-probe

recall method using Situation Awareness Global Assessment Technique
SAGAT) (Endsley, 1988). This highlights a gap in the current litera-

ture, where objective and comprehensive assessments of AR’s impact
on situational awareness are still under explored, particularly for deliv-
ering augmented reality warnings for worker safety. Furthermore, some
tudies have shown that while AR can improve SA, it may also result in

increased cognitive workload in certain applications. The performance
of AR highly depends on its design; poorly designed systems in SA-
ritical domains could lead to severe consequences, including aircraft
rashes (Stanton et al., 2001), medical errors (Fore and Sculli, 2013),
nd worker injuries or fatalities.

While AR has demonstrated potential for enhancing SA, there is a
need for more research focused on objective measures of SA, such as
wearable technology that captures brain activity data. Utilizing these
objective measures in the design of AR technologies could help optimize
information presentation, reducing distraction and cognitive load. In
addition, leveraging objective cognitive-centered measurements could
also potentially address concerns raised in previous studies, which
suggest that while AR can enhance situational awareness, it may also
increase cognitive workload in some applications (Kalatzis et al., 2023;
Mohanty et al., 2024).

2.3. EEG applications in assessing cognitive metrics

Research on situational awareness and cognitive performance mea-
surement employs both subjective and objective methods. Subjec-
tive approaches, often use post-trial inputs from participants or ob-
servers. These methods are cost-effective, easily implementable, and
adaptable to various contexts. However, subjective methods face criti-
cism (Braarud, 2021; Matthews et al., 2020) regarding validity, relia-
ility, and interpretation. Issues include susceptibility to biases, task

interruption effects, workload conflation, inconsistent interpretation
across domains, and poor alignment with performance-based eval-
uations. A review of 37 studies by Endsley revealed a dissociation
between subjective and objective SA measures, attributed to lack of
meta-awareness, poor calibration, and workload confounds (Endsley,
2020).

In contrast, objective methodologies often involve the use of mea-
surable and quantifiable data — such as psycho-physiological responses,
performance metrics, and task analytics — to quantify an individual’s
SA and cognitive metrics (Jiang et al., 2024; Hu et al., 2023). To
mitigate subjectivity in measuring Situational Awareness and cognitive
metrics, there is a growing interest in leveraging advanced sensing
echnologies to collect psycho-physiological data (Bracken et al., 2021;

Wang et al., 2019). A wide range of technologies and metrics have
been employed in this pursuit (Charles and Nixon, 2019). These include
cardiovascular metrics such as heart rate variability (Solhjoo et al.,
2019; Ardecani et al., 2024), respiratory system metrics such as rate
and airflow (Grassmann et al., 2016), skin-based measures including
lectrodermal activity (Li et al., 2021a), ocular measures such as blink
ate and pupil size (Liao et al., 2021), and brain activity measures such
s EEG and fMRI (Broadbent et al., 2023). While no single method has

emerged as the definitive choice for cognitive assessment, a growing
body of literature supports the efficacy of these physiological mea-
sures in cognitive research (Charles and Nixon, 2019; Ranchet et al.,
2017). Among cognitive assessment tools, brain activity measures using
EEG has emerged as a high-potential technology (Jiang et al., 2024;
Antonenko et al., 2010). EEG offers a continuous, personalized, and
real-time measure of cognitive metrics at a high temporal resolution.
This capability is particularly useful for understanding the impact of
interventions, such as safety warnings, especially when general mea-
sures of cognitive load do not capture specific differences in cognitive
processing (Antonenko et al., 2010; Alyan et al., 2023). The outlined
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advantages of EEG have led to a growing interest in exploring its
otential for assessing different metrics related to human cognitive per-
ormance across different disciplines, including safety in workplaces.
or instance, Wang et al. (2023) proposed a wireless EEG device to
bjectively track the mental fatigue of construction workers. The EEG
ignals of 16 human participants were recorded during a continuous

physical and cognitive task. In another study, Kästle et al. (2021)
roposed an analytical approach for identifying EEG signals related
o situational awareness across different brain regions. The proposed
ethodology was applied on a dataset collected from 32 participants
ho completed the SA test using a 32-channel EEG headset. Their

esults analytically pointed to a correlation between some specific
requency bands of EEG signals and SA. Ren et al. (2023) leveraged

EEG to quantitatively evaluate mental workload during task switching
f assembly workers. In this study, the authors used time-frequency
nd spectral analyses to measure and reflect task demands during the
ntervals between individual tasks.

In spite of increasing interest in using EEG technology for assess-
ing cognitive metrics in workers, especially in vertical construction
nvironments with a focus on safety, a major gap still remains in

understanding how physical engagement affects workers’ SA, neural
responses and cognitive load (Zhang et al., 2023). While the existing
body of knowledge has partially covered EEG applications in related
areas, such as mental states during work at height (Li et al., 2024b),
the effects of heat stress on cognitive states (Shin et al., 2024), and

ental fatigue in construction fall hazard prevention (Tehrani et al.,
2022), there has been limited exploration of the objective investigation
of relationship between situational awareness, cognitive load, physical
workload, and neurological responses from the perspective of EEG data
in high-risk settings such as highway work zones.

2.4. Methods and challenges of deriving cognitive insights from EEG signals

Research in neuroergonomics has flourished in recent years, driven
y advancements in noninvasive brain monitoring techniques that can

be used to study various aspects of human behavior in relation to
technology and work, including mental workload (Safari et al., 2024),
visual attention (Kant et al., 2020), working memory (Barkana et al.,
2022), motor control (Parr et al., 2023), human-automation interac-
tion (Buerkle et al., 2022), and adaptive automation (Zhang et al.,
2024).

EEG signal processing methods have allowed for the determination
f cognitive metrics in various disciplines such as education (Fuentes-
artinez et al., 2023) where the authors used brainwaves to detect

he level of attention of students during lecture using Power Spectral
Density (PSD) of the beta band, and fast Fourier transform using
Welch’s method to demonstrate significant correlation between PSD
and student academic performance. Defense, where (Kahraman et al.,
2023) used Fast Fourier Transform, Band power graph values, and
non parametric Friedman Test to study the cognitive levels of tugboat
captains during port maneuvers; transportation (Borghini et al., 2012)

here the mental fatigue and drowsiness during car driving in a simu-
lated environment was analyzed and an EEG-based cerebral workload
index was proposed for on-line assessment of drivers; aviation (Li
t al., 2023) where the cognitive workload of pilots was measured
uring live-flight environment using delta, theta, alpha, and beta bands
sing recursive feature elimination, lasso cross-validation and stacking
nsemble machine learning techniques. Conventional linear analysis
ethods including Independent Component Analysis (ICA) (Subudhi

t al., 2023; Islam et al., 2016), Fast Fourier Transform (FFT) (Kästle
et al., 2021), Autoregressive (AR) (Schlögl and Supp, 2006), Wavelet
Transform (WT) (Moretti et al., 2003), and Principal Component Anal-
ysis (PCA) (Zhao et al., 2011; Wang et al., 2017) are commonly
preferred techniques for analyzing EEG signals followed by nonlinear
nalysis methods comprising of correlation dimension (CD) (Pereda

et al., 1998), Hurst exponent (H) (Geng et al., 2011), Higher Order
 w

4 
Spectra (HOS) (Chua et al., 2011), Fractal dimension (FD) (Liu and
Sourina, 2014), recurrence plots and phase space plots (Vaid et al.,
2015).

Despite significant progress in analyzing the non-stationary nature
of EEG indices to measure human performance, there are still a number
of challenges, particularly due to the presence of noise and artifacts,
including those caused by muscle movements, which can significantly
degrade the quality of EEG signals (Wang et al., 2019; Mehmood et al.,
2023; Mir et al., 2022). Additionally, there are not many studies that
valuate human brain signals during multiple simultaneous cognitive
asks that replicate real-world scenarios (Trejo et al., 2015).

In summary, deriving cognitive insights from EEG signals in dy-
namic environments, such as workers performing tasks in VR sim-
lations, presents some challenges. The primary obstacle is artifact
ontamination due to subject movement, which is inherent in scenarios

involving varying task intensities and responses to warnings. These
ovement artifacts, combined with the low signal-to-noise ratio typical

f EEG data, make it difficult to distinguish genuine cognitive signals
from noise. The non-stationary nature of EEG signals during dynamic
tasks further complicates analysis. Real-time processing demands for
safety-critical applications add another layer of complexity, requiring
efficient algorithms capable of rapid data analysis. Addressing these
issues necessitates advanced signal processing techniques and robust
artifact removal methods.

3. Method

3.1. Experimental design and procedure

To address the objectives of this study, we designed an experiment
in a high-fidelity virtual reality environment where we also simulated
the functionality of AR glasses. The virtual reality environment was
designed to closely replicate the physical characteristics of a roadway

ork zone, including dynamic traffic conditions, as well as the lay-
ut and tasks typical of such work zones. This approach allowed for
afe evaluation of multi-sensory AR-based warnings and information
isplays while maintaining the realism of a roadway maintenance
nvironment.

In our earlier study (Sabeti et al., 2024b), we evaluated the usabil-
ty and user experience of the designed warning interface delivered
hrough augmented reality glasses in a real-world setting. Building
n this foundation, our subsequent study (Sabeti et al., 2024a) ex-

tended the investigation by validating the effectiveness of multi-sensory
arnings in various settings. These included a controlled outdoor en-

vironment using AR glasses, an indoor environment where a control
group received basic on-screen, non-AR warnings, and a VR environ-
ment where participants received simulated AR warnings within VR
environment. These experiments assessed participants’ reaction times
to various combinations of sensory warning modes in both real-world
and virtual reality settings. The findings demonstrated that the AR sim-
ulation in VR provides relative validity, which was further corroborated
by our vision-based pose tracking of the participants. These findings
were also in line with previous studies (Lacoche et al., 2022; Tran et al.,
2023; Stefanucci et al., 2022; Grandi et al., 2021) that have revealed
minimal differences between real-world tests with AR glasses and VR
simulations under various conditions, supporting the potential of VR as
a tool for AR evaluation.

In this study, building upon our previous work (Sabeti et al., 2024a),
e investigated whether neural indicators (Alpha, Beta, Gamma, and

Theta, as well as combined wave ratios) correlate with participants’
reactions to the multi-sensory augmented reality warnings and explored
he underlying brain activities associated with these responses. For this
urpose, participants were immersed in the simulated work zone envi-
onment and received multi-sensory augmented reality warnings while
ngaged in routine roadway maintenance activities under two different

orkload intensities. The key aspects of the experiment are highlighted
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Fig. 1. Overview of the main component of the methodology: (a) Data Acquisition, (b) data Analysis, (c) Inferring Cognitive Metrics.
through a video demo,1 showcasing a participant (1) approaching the
work vehicle in the immersive VR environment, (2) picking up and
wearing the virtual AR glasses, (3) activating the multimodal warnings
on the virtual AR glasses and smart watch, (4) picking up the tablet to
perform the low-intensity photo documentation task, and (5) picking
up the leaf blower and conducting the moderate intensity task while
receiving warnings.

While participants performed these routine roadway maintenance
tasks, their brain activity was recorded using wearable electroen-
cephalography (EEG) technology in a within-subject design, where each
participants served as their own control. For this purpose, we recorded
participants’ EEG data prior to the AR warnings as the baseline for com-
parison. This approach was guided by three key considerations. First,
comparisons of neural responses with and without the multi-sensory
warnings, thereby minimizing inter-subject variability. Second, neural
responses recorded prior to the AR warnings were used as task-specific
baselines to address inherent differences in neural activity between
light and moderate tasks. This approach was chosen because using rest
periods as a baseline — representing a neural state uninfluenced by
task demands — fails to capture the activity-specific neural dynamics
that are crucial for understanding the stimulus-specific effects of warn-
ings (Brauns et al., 2021; Tarailis et al., 2024) Third, this approach
aligns with established methodologies in EEG data analysis, particularly
in Event-Related Potential (ERP) studies. For instance, Luck (2014)
emphasizes the importance of using pre-stimulus activity as a baseline
to isolate neural responses to specific stimuli, while Cohen (2014)
underscores the role of baseline comparisons in neural time-series anal-
ysis to detect changes caused by experimental manipulations. The EEG
data were then analyzed to evaluate the effectiveness of the AR multi-
sensory warnings in enhancing situational awareness and attention, as
well as to quantify and compare the cognitive load experienced by the
participants under different workload conditions. Additionally, subjec-
tive assessments of cognitive workload were collected from participants
using NASA-TLX questionnaires.

The University of North Carolina at Charlotte’s Institutional Review
Board (IRB) examined and approved the study protocol (21-0357).
Initially, the study’s nature, objectives, and participant roles were
clearly explained to the volunteers and their informed consent was

1 https://youtu.be/5AhCqAqpDsw.
5 
obtained. Participants were instructed to wash their hair and avoid hair
products before the experiment to ensure the highest recording quality
by reducing interference from skin cells, oily secretions, and sweat.
Each task was designed to be completed within a maximum duration of
two minutes per task. In the following, we will elaborate on the design
of the tasks, the equipment used, participant characteristics, and EEG
data analysis.

3.1.1. Task design
We designed two tasks, categorized as light and moderate intensity

to replicate typical activities performed by highway workers, thereby
representing the cognitive demands associated with similar job profiles.
The order of participants performed these tasks was randomized for
each participant to reduce bias and minimize the impact of the learning
curve. These two tasks were chosen because they represent contrast-
ing physiological demands and risk levels commonly encountered in
construction environments and they are common routine maintenance
activities in roadway work zones. This makes them ideal for evaluating
physiological and mental responses under varying conditions. Medium-
level tasks such as cleaning the construction site using light tools were
selected due to their association with cognitive and physical demands,
as supported by relevant literature (Jebelli et al., 2018). In contrast,
low-level tasks such as briefing, finding tools, handling light materials
or activities performed with minimal body movement, provided a base-
line for comparison (Jebelli et al., 2019). This approach aligns well with
standard practices in studies examining fatigue, stress, physiological,
and mental workloads ensuring the results are grounded in scenarios
reflective of real-world construction operations (Jebelli et al., 2019;
Chen et al., 2016; Wang et al., 2019).

As shown in Fig. 1, the Light Activity (LA) was simulated through an
inspection task in the VR environment, where participants used a tablet
to examine an obstructed drop inlet and document the defect by taking
a picture. Drop inlets frequently become obstructed by small debris,
particularly in areas with high levels of precipitation, which can lead to
flooding, erosion of slopes, and contribute to the formation of potholes
in the pavement. Therefore, making this inspection an essential and fre-
quent roadway maintenance task. In construction, tasks that primarily
involve standing, such as briefing, reading construction plans, and per-
forming inspections, are generally classified as light activities (Jebelli
et al., 2019). Such tasks typically involve minimal physical movement
and are associated with low cognitive load. Moderate Activity (MA)

https://youtu.be/5AhCqAqpDsw
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Fig. 2. Features of the developed virtual reality environment. (a) Near-miss scenario observed from the work zone perspective, showcasing dynamic traffic flow (b) Top-down
view of the work zone layout, illustrating the operational area and placement of traffic control devices.
was represented through the process of eliminating obstruction from a
drop inlet using a leaf blower. In construction, MA tasks require more
physical effort, such as clearing the work zone, locating tools, moving
small items, and measuring or cutting materials (Jebelli et al., 2019).

3.1.2. Immersive virtual work zone environment
We designed a virtual reality environment to simulate a highway

work zone based on the guidelines from the Manual on Uniform Traffic
Control Devices (MUTCD, 2006). This simulated work zone previously
designed by the research team (Sabeti et al., 2024a), accurately reflects
real-life conditions, featuring high-fidelity traffic scenarios and detailed
3D models that closely mimic a short-duration roadway work zone.
The MUTCD defines short-duration work zones as those that occupy a
location up to one hour. They are typically used for regular operations
and maintenance tasks. The work zone layout, including different areas
of the work zone and features of the VR environment is shown in Fig. 2.

In developing the LA task in the VR simulation, a virtual model
of a tablet with image-capturing capability was created within the 3D
environment. Participants held a physical tablet in the real world while
viewing its virtual counterpart in the VR environment. Additionally, a
virtual button for capturing images was incorporated into the virtual
model, complete with a sound effect to enhance the user experience.
Building on this approach, the MA task was designed with a virtual
representation of the same real-life leaf blower that participants physi-
cally held and performed the activity in the VR simulation. To enhance
realism, the audio effect of the leaf blower was replicated in the VR
environment, and collision detection capabilities were incorporated to
simulate the removal of obstructions from the drop inlet. Examples of
these interactions and the developed activities are illustrated in Fig. 3.

3.1.3. Safety warnings
In this experiment, we used a VR environment to simulate a realistic

roadway work zone. During the experiments, participants received
three identical safety warnings. These warnings were multimodal, si-
multaneously delivering haptic, audio, and visual cues to simulate the
functionalities of AR glasses, allowed participants to virtually pick
up and ‘wear’ the virtual AR glasses during tasks performance, as
demonstrated in this video.2 The warnings were designed to activate
at consistent intervals within a one-minute scenario (25, 45, and 55 s).
The purpose of the study was to evaluate the augmented reality safety
warning technology developed by the authors (Sabeti et al., 2024a,
2021, 2022). To achieve this, the visual cue was delivered through
a simulated augmented reality display within the virtual reality envi-
ronment, shown in Fig. 3(a). Haptic feedback was delivered from the
smartwatch’s API. In the VR simulation, participants could view a vir-
tual smartwatch while simultaneously wearing a physical smartwatch

2 https://youtu.be/5AhCqAqpDsw.
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on their wrist as shown in Fig. 3(b). The auditory warning consisted of
a high-pitched beep at 44,100 Hz for 0.2 ms and was delivered through
the built-in speakers of a virtual reality headset. These warning patterns
were developed using the framework created by our team (Sabeti et al.,
2024a).

3.2. Experimental equipment and setup

The immersive virtual reality environment was developed using
the Unity 3D game engine (version 2021.3.11f1) (Unity Technologies,
2021) and delivered to participants through the Oculus Quest 2 head-
set (Meta, 2021). Augmented Reality warnings were presented through
a simulated AR display within the VR setup. Participants used an
Amazon Fire Tablet (Fire HD 10, Fire OS 7) (Amazon, 2019) during
the LA experiment and a WORX WG509 12 Amp leaf blower (WORX,
2019) during the MA experiment. As previously discussed, virtual
counterparts of these tools were also simulated in the VR environment.

The haptic mode of the warnings during the experiment was deliv-
ered using a Samsung Galaxy Smart Watch Active (SM-R500NZKAXAR)
(Samsung Electronics America, 2019), facilitated by the Tizen Na-
tive framework (Tizen, 2024) with a predefined pattern from the
smartwatch’s API.

To collect the brain activity data, we utilized Emotive’s Flex 2 gel
product (Emotiv, 2024), a 32-channel wireless EEG headcap system.
The device includes 32 recording electrodes, with 2 reference elec-
trodes fitted on the scalp, and uses gel sensors for optimal conductance
to ensure high signal quality with minimal impedance. It uses a 10–
20 sensor placement to capture detailed EEG data at a sampling rate
of 128 Hz, which is transmitted via wireless Bluetooth technology to
transmit precise contextual data to a host machine, where all the data
is stored. Fig. 4 demonstrates the EEG channel locations and channels
used in this study.

3.3. Participants

In this study, we initially recruited 20 participants considering
the detection of large effect sizes (Cohen’s d = 0.80) with a median
power of 0.7 for this study to achieve a significance level of 0.05.
However, EEG data from 3 participants were not properly recorded
due to significant missing data. A post-hoc power analysis confirmed
that our final sample of 17 participants remains suitable for detecting
similarly large effect sizes (Cohen’s d = 0.80) with a median power
of 0.7, although the significance level for this adjusted sample size is
estimated to be 0.079.

The final group included 13 males and 4 females, with an average
age of 27.12 years (SD = 6.82). Out of the 17 participants, 12 had an
average work experience of 3.92 years (SD = 4.78), and 5 had no prior
work experience.

https://youtu.be/5AhCqAqpDsw
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Fig. 3. Features of the developed multi modal warning delivery system and immersive virtual reality environment for (a) Light activity and (b) Moderate activity.
Fig. 4. Spatial configuration of EEG electrodes, targeted brain areas, and utilized EEG device.
The use of a carefully selected sample size in this study is consistent
with established practices in cognitive neuroscience research, where
smaller sample sizes are commonly employed in cognitive neuroscience
research (Clayson et al., 2019; Schäfer and Schwarz, 2019). A recent
analysis of 26,841 statistical records from 3801 papers in psychology
and cognitive neuroscience highlights that statistical power in cognitive
neuroscience is generally lower than in psychology overall (Pavlov
et al., 2021). Pavlov et al. (2021) reported that the median power
to detect small (Cohen’s d = 0.20), medium (Cohen’s d = 0.50), and
large (Cohen’s d = 0.80) effect sizes in cognitive neuroscience was
reported to be 0.12, 0.44, and 0.73, respectively. In the context of
recognizing the situational awareness previous studies have conducted
experiments with smaller sample sizes, including 11 participants (Li
et al., 2024a), 15 participants (Kang et al., 2024). Similarly, other
studies have examined the correlation between EEG data and mental
fatigue with as few as 10 participants (Dasari et al., 2017) or identified
temporal variations in mental workload by analyzing EEG data with
just 6 participants (Yin and Zhang, 2014).

3.4. EEG data processing and analysis

We developed a three-step data analysis framework designed to
process the raw collected EEG data and extract features that charac-
terize situational awareness, attention, and cognitive load from the
EEG signals. These steps include data cleaning and artifact removal,
data analysis, and the inference of cognitive metrics such as situational
awareness, attention, and cognitive workload.

3.4.1. Data cleaning and artifact removal
The purpose of data pre-processing is to clean and prepare the raw

EEG signals through several key activities — filtering, artifact removal,
7 
and re-referencing — to ensure accuracy and reliability in subsequent
analyses. To mitigate noise from the EEG recordings, we used the
HAPPILEE pipeline (Lopez et al., 2022), specifically customized to
address the challenges associated with lower-density EEG recordings,
typically using 1 to approximately 32 electrodes. This methodology has
demonstrated effectiveness in identifying and excluding artifacts while
preserving the integrity of the signal (Lopez et al., 2022).

All pre-processing workflows were executed using MATLAB and
the EEGLAB toolbox (Delorme and Makeig, 2004). Within our pre-
processing pipeline, as shown in Fig. 1(d), we implemented the follow-
ing steps:

1. Removing Power Line Noise Artifacts: We used CleanLine (Swartz
Center for Computational Neuroscience, 2024) with default pa-
rameters to eliminate 60 Hz power line noise artifacts, particu-
larly the 60 Hz electrical interference commonly found in EEG
recordings. CleanLine is an EEGLab plugin that employs a multi-
tapering regression approach to remove the 60 Hz electrical
noise artifact.

2. Filtering 0.1–50 Hz to Preserve Relevant Brain Activity: We applied
a zero-phase Hamming-windowed synchronous Finite Impulse
Response (FIR) bandpass filter with cutoff frequencies of 0.1 Hz
and 50 Hz to the continuous data. This filter preserves relevant
brain activity (0.1–50 Hz) and removes low-frequency artifacts
below 0.1 Hz, such as slow drift in the signal caused by sweating
or small movements of the electrodes. It also attenuates high-
frequency noise above 50 Hz, which can result from muscle
activity (EMG) or electrical interference from nearby equipment.

3. Artifact Mitigation Through Wavelet Thresholding : We employed
an empirical Bayesian threshold that is soft and level-dependent
for wavelets, specifically optimized for EEG data, to mitigate
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artifacts from muscle activity (EMG), eye movements (EOG), and
cardiac signals (ECG) (López-Larraz et al., 2023).

4. Removing EMG Artifacts: After wavelet thresholding, still a high
level of electromyographic (EMG) artifacts persisted in the data.
EMG artifacts are electrical signals generated by muscle activ-
ity, which can significantly contaminate EEG recordings. These
artifacts are particularly problematic because they can occur in
frequency ranges that overlap with brain activity of interest,
potentially leading to misinterpretation of the data. To address
this issue, we employed MuscIL (Muscle ICLabel), an automatic
EEG independent component classifier plugin within EEGLAB.
MuscIL uses machine learning algorithms to classify indepen-
dent components of the EEG signal into different categories,
including brain activity, eye movements, muscle activity, and
other artifacts. Components labeled as muscle activity with a
probability threshold of at least 25% were identified for removal.
This threshold was chosen to balance between removing muscle
artifacts and preserving genuine brain activity.

5. Segmentation and Bad Channel Interpolation: Next, we divided
the continuous EEG data into smaller, equal-length segments or
epochs. In this case, the data was segmented into 2-s epochs.
This segmentation allows for more focused analysis of specific
time periods and makes it easier to identify and handle artifacts
or noise that may be present in certain parts of the recording.
After segmentation, the quality of each channel within each
epoch was assessed. Channels are considered ‘‘noisy’’ or ‘‘bad’’ if
their signal falls below −150 μV or above +150 μV. When a bad
channel was identified, it was interpolated, meaning its data was
estimated based on the surrounding good channels. This process
helps to preserve the overall spatial information of the EEG while
removing unreliable data.

6. Data Re-referencing: Finally, all channels were re-referenced to
the average of all 32 scalp electrodes. The naming and spatial
locations of these electrodes are illustrated in Fig. 4.

3.4.2. Data analysis
After the data cleaning and artifact removal steps, where we pre-

rocessed the raw EEG data, our methodology includes a pre-analysis
tep to further adjust and fine-tune the data, followed by a detailed
eature extraction process.

Pre-analysis: In our pre-analysis of the data, we utilized Independent
Component Analysis (ICA) to further remove any remaining artifacts.

his final attempt to minimize any remaining artifacts was also recom-
ended by the guidelines of HAPPILEE (Lopez et al., 2022), the process
e adapted for this study. ICA is a computational method for separating
 multivariate signal into additive, independent components. This step

was important for isolating and removing artifacts that may not have
een fully addressed during the initial pre-processing phase.

Feature Extraction: After adjusting the data through pre-processing
nd artifact removal, we implemented a multi-step feature extraction
rocess to derive meaningful information from the EEG signals. This
rocess is crucial for transforming the cleaned EEG data into a for-
at suitable for advanced analysis and interpretation. Our feature

xtraction approach consisted of the following key steps:

1. Channel Selection: We focused only on channels located in the
prefrontal cortex and frontal lobe were selected for further anal-
ysis, specifically: Fz, Fp1, F7, F3, FC1, FC5, FT9, FT10, FC6, FC2,
F4, F8, and Fp2. This selection was based on the significance
of the frontal lobe in cognitive workload analysis. The frontal
lobe is primarily associated with higher cognitive functions such
as problem-solving, memory, language, judgment, and motor
function. Recent research, such as that by López-Larraz et al.
(2023) and Tsolisou (2023), has also emphasized the importance
of focusing on the frontal lobe due to its role in executive func-
tions and decision-making processes. By maintaining consistency
8 
in the regions of the brain being analyzed, we ensure that the
data reflects the specific cognitive processes under investigation,
leading to more reliable and interpretable results.

2. Principal Component Analysis (PCA): We utilized PCA to com-
pute a linear combination of the underlying source signals for
the EEG channels. Since using all channels can be redundant
and slow down processing efficiency, PCA helps reduce the
dimensionality of the data, enhancing the processing speed of
the algorithms and eliminates redundancy, as demonstrated in
previous studies (Kästle et al., 2021; Wang et al., 2019).

3. Power Analysis: Using time-frequency analysis, we detected os-
cillations in EEG records of participants with power estimation
techniques across frequencies ranging from 0.1 to 50 Hz. Time-
frequency analysis of EEG signals interprets neural oscillations
in terms of frequency, power, and phase. This analysis reflects
fundamental neural mechanisms across spatial and temporal
scales, allowing differentiation of mental states by detecting
characteristics of oscillations such as magnitude, duration, and
intensity spikes. This was accomplished using a 0.0625-s Ham-
ming window, which was zero-padded to 256 points. For this
purpose, we utilized Welch’s method, a well-established tech-
nique for estimating the power spectral density (PSD) of signals,
commonly used in signal processing and particularly in the anal-
ysis of time-series data such as EEG signals (Chiu et al., 2023).
This method allowed us to extract power spectral densities and
filter out specific frequency bands of interest: delta (1–4 Hz),
theta (4–8 Hz), alpha (8–12 Hz), beta (12–30 Hz), and gamma
(30–50 Hz). Since delta waves are prevalent during the deep
sleep stage and typically not examined for the assessment of
mental effort, we excluded this frequency band from further
analysis.

4. Relative Power Calculation: Given the variability in EEG activa-
tion among participants, we calculated relative power within
each frequency band, ensuring comparability and consistency
in the analysis. Since, EEG activation varies across participants,
relative values were utilized in this study. For this purpose, the
relative amount of power within each frequency band was calcu-
lated using the following formula (Jang et al., 2023), exemplified
here for the beta power band:

R𝑝
𝛽𝑖
=
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⎜

⎜

⎝

∫ 𝑓ℎ
𝑓𝑙

𝑆𝑥(𝑓 ) 𝑑 𝑓
∫ 𝑓max
0 𝑆𝑥(𝑓 ) 𝑑 𝑓

⎞

⎟

⎟

⎠

𝑝

𝛽𝑖

× 100% (1)

where, 𝑅𝑝
𝛽𝑖

= the relative amount of beta wave in p channel for

each subject (%), 𝑝 = position of each electrode in the frontal
lobe, 𝑓𝑙 = frequency lowest of beta band (12 Hz), 𝑓ℎ = frequency
highest of beta band (30 Hz), and 𝑓𝑚𝑎𝑥 = frequency highest of
gamma band (50 Hz)

Extracting the Time-Window of Interest: The primary objective of the
analysis was to examine brain behavior following augmented reality
warnings and compare cognitive metrics obtained from EEG signals
before and after these warnings. To focus on the critical pre- and
post-warning EEG recordings relevant to this study and to reveal the
impact of the warnings, we selectively extracted the EEG records
from 5-s windows before and after each warning time in every ex-
periment. The pre-warning data, representing baseline neurological
measurements of Alpha, Beta, Gamma, and Theta waves, were recorded
in the absence of stimuli prior to introduction of the warnings, and used
as a reference to identify warning-induced changes in brain activity.
This pre-warning baseline, ending shortly before the onset of each
warning, served as a control measure and reference to identify the
neural activity attributable to the warnings. In the results section, as
shown in Figs. 5–8, baseline values are represented as solid lines.

dditionally, the first box plot on the left provides a detailed rep-
resentation of the baseline values across the three warnings. For the
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Fig. 5. Comparison of beta (𝛽) and gamma (𝛾) waves in light and moderate activity.
Post-Warning Window, which spanned 5 s after the warning, this period
was divided into 40 partitions, each lasting 125 ms. Given the data
collection frequency of 128 Hz, each 125-ms segment contained 16 EEG
records. These segments were then aggregated for subsequent feature
extraction. Our analysis revealed that neural indicators — including
Alpha, Beta, Gamma, and Theta waves, as well as combined wave
ratios — exhibited transient changes in response to the warnings. These
signals returned to within ±10% of baseline levels within 500 ms fol-
lowing each stimulus. This transient return aligns with the findings of
Pfurtscheller and Da Silva (1999) and more recent work by Michelmann
et al. (2022), who demonstrated that neural oscillations, particularly
in the Alpha and Beta frequency bands, undergo short-lived changes in
response to external stimuli before reverting to baseline levels. These
changes return to baseline shortly after the stimulus ends, reflecting the
brain’s immediate but short-lived engagement with the stimulus.

Consistent with this established literature, our findings confirm
that the observed neurological changes were a direct response to the
augmented reality multi-sensory warnings. The rapid return to baseline
further supports the conclusion that these changes were stimulus-
specific and not indicative of prolonged neural engagement or trends
unrelated to the warnings.

3.4.3. Inferring cognitive metrics of situational awareness, attention, and
cognitive workload

After obtaining the frequency bands of brain activity from the data
analysis step, we focused on inferring three cognitive measures: situa-
tional awareness, attention, and cognitive load experienced by workers
across different experimental scenarios. As shown in Fig. 1(c), these
cognitive measures are linked to one or a combination of frequency
bands. Building on previous research, we incorporated and evaluated
multiple approaches, as detailed in Table 1 and explained below.
9 
Situational Awareness: Investigating how EEG signals can accurately
portray SA remains a dynamic and emerging area of research. Follow-
ing a similar approach to Kästle et al. (2021), our study will focus
on analyzing the beta (12–30 Hz) and gamma (30–45 Hz) bands in
relation to SA as main brain activity’s metrics. Additionally, we will
examine combined EEG metrics such as 𝜃

𝛽 , 𝛼+𝜃
𝛼+𝛽 , and 𝜃

𝛼+𝛽 . Previous
studies (Kang et al., 2024) have found significant correlations between
these combined EEG metrics and SA.

Attention: Attention is a significant measure for assessing human
cognitive performance. The alpha EEG rhythm, within the alpha-
band frequency range, has been commonly associated with atten-
tion (LaBerge, 2001). A decrease in the proportion of other waves,
such as theta, is necessary to sustain attention (Norris et al., 2001).
Additionally, in cognitive neuroscience, the attention ratio ( 𝛼𝛽 ) is a valu-
able factor for evaluating attentional states during cognitive tasks (Wan
et al., 2021; Sacchet et al., 2015).

Cognitive workload: Cognitive workload refers to the number of
cognitive resources required to complete a task or series of tasks,
measuring the mental demands placed on an individual during a par-
ticular activity or situation. Multiple factors can affect cognitive work-
load, including the task complexity, the individual’s level of exper-
tise, environmental conditions, and emotional state. A high mental
workload can lead to increased stress, decreased performance, and
reduced overall well-being. Therefore, evaluating cognitive workload
(CWL) is essential for understanding human performance and improv-
ing task design across multiple domains, such as aviation, driving, and
human–computer interaction (Li et al., 2020).

We used both subjective and objective methods to gauge cogni-
tive workload. Subjective assessment was performed using the NASA
Task Load Index (NASA-TLX), an assessment tool designed to evaluate
the workload experienced by individuals during task performance It
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Table 1
Summary of EEG metrics for evaluating situational awareness and cognitive measures across various application contexts.

EEG metric Key insights Application context

Situational awareness

𝛽
– Strong correlation between 𝛽 and SA levels – Real-time SA assessment to improve operator

safety (Kästle et al., 2021), Driving performance
after sleep deprivation (Eoh et al., 2005)

– Increased frontal beta activity indicates higher
SA

– Impact of task complexity on SA in air traffic
control (Li et al., 2021b)

𝛾
– Association between 𝛾 rhythm and attention,
working memory, decision making, & learning
activities

– Monitoring construction workers vigilance &
attention (Wang et al., 2017), Drug-resistant
epileptic patients during task execution (Babiloni
et al., 2016)

– Correlation between 𝛾 and SA - Real-time SA assessment for improving safety
(Kästle et al., 2021)

𝜃
𝛽
, 𝛼+𝜃

𝛼+𝛽
, 𝜃

𝛼+𝛽
– Combined EEG metrics in the frontal lobe
correlate with SA

– Forklift operators’ SA performing tasks like
loading, driving, and unloading (Li et al., 2024a),
Monotonous driving sessions with few road stimuli
(Jap et al., 2009), Driving forklift sessions with
tasks like stacking and unstacking, and road test
(Kang et al., 2024)

Attention

𝛼
– Alpha activity changes during working memory
retention, indicating involvement in cognitive
processes and attention

– Marine pilots constructing bridges and assessing
performance limits (Orlandi and Brooks, 2018),
rapid visual stimulus processing (Klimesch, 2012a)

– Higher attentiveness results in more
desynchronized 𝛼 activity

– Air Traffic Management simulation to assess air
traffic controllers using the rule & knowledge
taxonomy (Borghini et al., 2017)

𝜃 – Theta band activity in the frontal cortex is
linked to attention and working memory

– Visual or tactile stimuli tasks, memory recall
(Jensen et al., 2007a), Visuomotor aviation
simulation (Sterman et al., 1994)

𝛼
𝛽

– A feature used to determine attentiveness levels – Assessing student attentiveness during the
learning process (Liu et al., 2013)

Cognitive workload

𝛼 – Linked to increased mental loads – During speech (Abhang et al., 2016), Assessing
participants’ cognitive workload during gauge
monitoring, tracking, letter detection, and mental
arithmetic (Puma et al., 2018)

𝛽 – Increase in 𝛽 power spectra is associated with
higher mental load and cognitive demand

– Assessing air traffic controllers’ mental state
during a 2-h simulated task (Dasari et al., 2017)

𝜃 – Theta waves are a reliable measure of mental
workload

– Simulated human–machine system for spacecraft
air quality management with varying task
difficulties (Yin and Zhang, 2014), Driving
simulation with concurrent visual and auditory
stimuli response tasks (Kong et al., 2015)
a
t
r

e

quantifies CWL using a questionnaire that considers six factors: mental
demand, physical demand, temporal demand, performance, effort, and
rustration. The objective measurement was accomplished through EEG
ignal analysis. Research has demonstrated a significant relationship
etween EEG signals, in particular, alpha, beta, and theta waves, across
ifferent frequency bands and CWL (Puma et al., 2018; Jao et al.,

2020).

4. Results

Following the process outlined in the Method section, we conducted
an analysis of neural responses mainly in the frontal lobe, focusing
specifically on the 𝛼, 𝛽, 𝜃, and 𝛾 frequency bands, as well as combined
wave ratios. To identify warning-induced changes in brain activity, we
selectively extracted EEG data from 5-s windows pre- and post-warning.
The pre-stimulus period, recorded in the absence of stimuli, served as
a baseline reference. In Figs. 5–8, the first box plot category on the
eft represents the baseline values across the three warning conditions,
ith the average values depicted as solid lines. Corresponding 5-s
indows following each warning were also analyzed to capture post-
arning neural responses. Our findings center on a 500-millisecond

ms) time window following the warning delivery. This interval was
elected based on our observation that beyond 500 ms, the metrics
10 
typically returned to within ±10% of the baseline values, indicating
 stabilization of neural responses. This time frame allows us to cap-
ure the immediate and most significant changes in brain activity in
esponse to the safety warnings. Therefore, the remaining four box

plot categories in Figs. 5–8 represent the post-warning neural response
values for the intervals 0–125 ms, 125–250 ms, 250–375 ms and 375–
500 ms. The average values of these box plots are connected by dashed
lines across the three warning conditions. In the following, we present
the findings and discuss the neurological patterns observed for three
critical measures of situational awareness, attention, and cognitive load
immediately after the delivery of the safety warnings. We also compare
these patterns when participants were engaged in low-intensity activity
versus moderate-intensity activity.

4.1. Situational awareness

To assess situational awareness after receiving the safety warnings,
we utilized several key neurological indicators: beta power, gamma
power, theta-beta ratio, theta/(alpha+beta) ratio, and (alpha+theta)/
(alpha+beta) ratio. These metrics have been established as measures
of situational awareness in various cognitive tasks. Figs. 5 and 6
presents our findings for all these metrics across three warnings in two
xperimental conditions of low-intensity activity (LA) and moderate-

intensity activity (MA). This visualization allows for a comparison
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of how different neural metrics of situational awareness evolve in
esponse to warnings under different levels of physical engagement.

As shown in Figs. 5 and 6, our analysis reveals the following patterns
cross the measure of situational awareness:

• Beta (𝛽) and Gamma (𝛾) Power: Both LA and MA conditions
showed an increase in 𝛽 and 𝛾 power immediately following
each warning, indicating heightened alertness and information
processing. However, the increase was more pronounced in the
LA condition, suggesting that lower physical engagement may
allow for more robust situational awareness responses. Moreover,
as evidenced by the beta activity, the peak value of average power
in beta waves was observed within the first 125 milliseconds (ms)
during the LA. In contrast, during the MA, this peak consistently
occurred between 125 to 250 ms for all three warnings. This
temporal shift in peak beta activity suggests a differential neural
response pattern based on the level of physical engagement. The
earlier peak in the LA potentially reflects a greater readiness state
in participants when physical demands are lower.

• Theta-Beta Ratio ( 𝜃𝛽 ): This ratio indicates how much resting brain-
wave activity (theta) one has versus active brainwave activity
(beta). A higher ratio suggests more resting activity, while a lower
ratio indicates more active processing, often associated with sit-
uational monitoring and cognitive control. This ratio showed a
consistent decrease across all warnings in both conditions, indi-
cating higher situational awareness. The decline was more rapid
in the LA condition and was also consistent with the peaking
pattern of the beta power, where the peak for LA occurred earlier
than MA.

• (Alpha+Theta)/(Alpha+Beta) Ratio ( 𝛼+𝜃𝛼+𝛽 ): This metric, linked to
the balance between relaxed awareness and active processing,
demonstrated a sharp initial decrease followed by a gradual re-
turn to baseline. The MA condition showed a more prolonged
depression of this ratio, and later peaking compared to LA.

• Theta/(Alpha+Beta) Ratio ( 𝜃
𝛼+𝛽 ): This ratio, indicative of cog-

nitive workload in maintaining situational awareness, exhibited
an initial decrease followed by a gradual return to baseline in
both conditions. The decrease was more pronounced in the LA
condition, possibly reflecting a more intense cognitive response
to the warnings.

Across all metrics, we observed that the warnings effectively trig-
gered neurological responses associated with situational awareness as
soon as 125 ms after the delivery of the warning. However, the peaking
f situational awareness occurred earlier in the LA condition. These
indings support that varying levels of physical activity influence the

neurological underpinnings of situational awareness in response to
safety warnings. The results underscore the importance of considering
the physical context when designing and implementing warning sys-
tems to ensure optimal situational awareness across different activity
levels.

4.2. Attention

To assess participants’ attention levels in response to safety warn-
ings, we analyzed three key neurological indicators: alpha waves in the
back lobe, theta waves, and the alpha/beta ratio ( 𝛼𝛽 ). These metrics are
ecognized as reliable indicators of attentional processes. Figs. 7 and 8

presents our findings for these attention-related metrics across three
arnings in both low-intensity activity (LA) and moderate-intensity

activity (MA) conditions. As shown in Figs. 7 and 8, our analysis reveals
the following patterns:

• Alpha (𝛼) Power: We observed a consistent decrease in alpha
power immediately following each warning in both LA and MA
conditions. This alpha suppression is typically associated with
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increased attention and visual processing. Interestingly, the sup-
pression was more pronounced in the LA condition, suggest-
ing that lower physical engagement may allow for more robust
attentional responses to stimuli.

• Theta (𝜃) Power: Theta power showed a decrease following each
warning, particularly in the frontal regions. A decrease in theta
waves, particularly when accompanied by an increase in beta
waves, often suggests a shift from a relaxed state to a more
attentive and alert state. This decrease in theta could also suggest
a shift from internal focus to external, task-oriented attention. The
peak value of 𝜃 activity in the frontal lobe was observed within
the first 125 milliseconds (ms) during the LA task. In contrast,
in the MA task, this peak occurred at varying intervals for each
warning: within the first 125 ms for the first warning, between
125 to 250 ms for the second warning, and between 250 to
375 ms for the third warning.

• Alpha/Beta Ratio ( 𝛼𝛽 ): This ratio, often used as an index of atten-
tional control, demonstrated a decrease following each warning
in both conditions. However, the decrease was more rapid and
pronounced in the LA condition (as shown in Fig. 8), suggesting
quicker attentional shifts. In the MA condition, the ratio showed
a more gradual decline and slower recovery, indicating a po-
tentially more sustained but less intense attentional response.
The absolute peak value of the mean line of this indicator was
observed within the first 125 milliseconds (ms) during the LA
task. In contrast, in the MA task, this absolute peak occurred at
varying intervals for each warning: within the first 125 ms for
the first warning, between 125 to 250 ms for the second warning,
and between 250 to 375 ms for the third warning and this trend
is similar within the 𝛼 activity of the cerebral cortex.

Across all metrics, we observed that the timing of peak responses
iffered between conditions. In the LA condition, peak attentional
esponses (as indicated by maximum alpha suppression and theta de-
rease) occurred within the first 125 ms post-warning. In contrast, these
eaks were delayed to 125–250 ms in the MA condition. This temporal
hift aligns with our observations in the situational awareness metrics,
urther supporting the hypothesis that increased physical activity may
ntroduce a slight lag in cognitive responses to external stimuli. The
A condition showed more gradual changes and longer recovery times

cross all attention metrics compared to the LA condition.

4.3. Comparison of subjective cognitive workload measures and EEG fre-
uency bands

Apart from the mental workload demands on workers during task
execution, mental workload also encompasses other components that
ontribute to the overall workload at the job site. The results presented

in Table 2 provide a comprehensive analysis of the correlation between
ognitive workload as subjectively measured by the NASA Task Load
ndex (NASA-TLX) and brain frequency bands (alpha, beta, and theta)
cross different activity levels while receiving safety warnings. Overall,
he data reveals no consistent or strong correlations between the sub-
ective measures of cognitive workload and the EEG-based frequency
band data. The correlation coefficients vary widely across different
dimensions of the NASA-TLX, and activity levels (light and moderate).

For the Mental Demand dimension, correlation coefficients range
from weak negative to weak positive correlations across all frequency
ands and warnings. Similar inconsistent patterns are observed for

Physical Demand, Temporal Demand, Performance, Effort, and Frustra-
tion dimensions. Some isolated instances of moderate correlations are
observed. However, these isolated correlations do not form a consistent
pattern across conditions or frequency bands, suggesting they may
be chance occurrences rather than indicative of a robust relationship.
The lack of significant and consistent correlations between subjective
cognitive workload measures and EEG frequency bands suggests that
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Fig. 6. Comparative analysis of combined EEG ratio in light and moderate activity.
these two methods may be capturing different aspects of cognitive
workload.

Additionally, creating standard, generic indicators for certain con-
struction activities is difficult due to individual variations. These dif-
ferences result in varied signal intensities and patterns, even when
performing the same task. The unique ways individuals perform tasks
lead to inconsistent data, making it challenging to develop uniform
indicators.

4.4. Influence of physical activities and warning scenarios on brain waves

In our study, illustrated in Fig. 9, we observed that beta waves,
heightened beta waves is linked to states of focused attention, problem-
solving, and deep concentration, during moderate tasks initially started
at a lower level and increased at a slower rate compared to light tasks.
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Table 2
Comparison of NASA TLX Measures across Frequency Power Bands.

NASA-TLX

Frequency
Band 𝛼 𝛽 𝜃

LA MA LA MA LA MA

CWL 0.02 0.41 −0.03 −0.24 0.00 0.37
Mental Demand 0.12 0.11 −0.41 −0.06 0.24 0.09
Physical Demand −0.35 −0.34 0.06 0.50 −0.27 −0.41
Temporal Demand 0.16 0.41 0.09 −0.16 0.91 0.34
Performance 0.13 0.17 0.05 −0.33 0.01 0.25
Effort −0.01 0.52 0.06 −0.32 −0.02 0.45
Frustration −0.20 0.32 0.28 −0.17 −0.27 0.28
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Fig. 7. Comparison of alpha (𝛼) and theta (𝜃) waves in light and moderate activity.
Fig. 8. Comparison of the combined (𝛼/𝛽) ratio in light and moderate activity.
Specifically, this waves showed an increase from baseline to 125 ms
post warning in light activity task, whereas this increase extended
from baseline to 0 to 250 ms post warning in moderate activity task.
This finding suggests that participants required more time for focused
attention, problem-solving, and deep concentration during moderate
tasks. Additionally, since these two tasks are different, this discrepancy
could be due to the concept that attention involves the allocation of
cognitive resources to specific stimuli or tasks.

In our study, we observed a decrease in alpha wave activity, as
illustrated in Fig. 9, which corresponds to increased attentiveness.
Alpha suppression is generally linked to enhanced attention and visual
processing. However, our findings reveal no consistent trend in alpha
activity between light and moderate tasks after the warnings were
13 
issued. Notably, across all three warning types, alpha wave activity in
moderate tasks begins at a higher baseline and decreases more gradu-
ally compared to light tasks. This desynchronization of alpha waves, as
previously established, reflects heightened cognitive engagement and
attentiveness.

Another type of brain wave to consider is gamma waves. As shown
in Table 1, gamma waves are typically associated with working mem-
ory, situational awareness, and memory processes. High gamma wave
activity is also closely linked to memory processes. Our findings align
with these observations. As depicted in Fig. 9, gamma wave activity
increased following the warnings for both light and moderate tasks.
However, the intensity of gamma waves varied across task activities.
After the warnings, gamma waves began at a lower level and rose
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Fig. 9. Comparison of warnings through the average power of all participants in light and moderate activity.
more gradually during moderate tasks compared to light tasks. This
difference may be attributed to the higher cognitive load associated
with moderate tasks. The increased cognitive load could act as a
barrier, reducing participants’ capacity for attention, working memory,
and memory processes.

Theta waves are commonly associated with drowsiness or idle states
in both children and adults, and they are linked to short-term memory,
making them a reliable indicator of mental workload. Additionally,
theta waves play a pivotal role in attention processing and working
memory. In this study, theta waves show a decreasing pattern in post
warnings, as shown in 9. Specifically, during moderate activity tasks,
theta waves started at a higher level and decreased at a slower rate
compared to light activity tasks. This difference could be due to the
improvement in alertness and reduction in drowsiness after warnings.
However, the higher cognitive load and complexity of moderate tasks
compared to light tasks likely result in a slower reduction of theta
waves, indicating that participants require more effort to maintain fo-
cus and avoid drowsiness in more demanding tasks (Moderate Activity
tasks).

5. Discussion

5.1. Relationship between reaction time and EEG-based cognitive metrics in
high and low reaction performers

Reaction time to warnings is one of the key indicator of situational
awareness, reflecting how quickly participants process and respond to
stimuli. However, there is a gap in research exploring the relation-
ship between EEG-derived cognitive metrics and reaction times. In a
connected experiment conducted by the research team (Sabeti et al.,
2024a), reaction times were also recorded for the same participants of
this study as they responded to warnings in a VR environment. We
found that Participant 6 (P06), a 24-year-old male with 4 years of
experience in construction, displayed faster reaction times, potentially
indicating higher cognitive efficiency. In contrast, Participant 9 (P09),
a 24-year-old male with 5 years of experience in construction, who
exhibited consistently slower reaction times, may have struggled with
maintaining situational awareness and attention across varying task
conditions. In the following, we will explore the brain wave frequencies
of the two participants, hereafter referred to as the high performer (HP:
P06) and the low performer (LP: P09), to investigate potential links
between their neural activity and reaction times.

In our experimental protocol, participants were subjected to three
identical warnings, as detailed in the method section. Analysis of the
brain wave data revealed that participants appeared to have adapted to
the experimental environment by the second warning, evidenced by the
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lack of significant difference in post-warning brain wave power patterns
between the second and third warnings. This observation aligns with
established research on motor and cognitive tasks (Dos Santos et al.,
2017; Schmitz, 2022), which demonstrates that performance typically
stabilizes following an initial adaptation period. Given these findings,
our subsequent discussion will focus on the second warning, comparing
the post-warning brain activities of the two high and low performer
participants. To facilitate the comparisons, we have visualized the brain
activities using heat maps for both participants during both light and
moderate tasks for 500 ms post-warnings. These heat maps provide a
spatial representation of neural activity across different brain regions.

5.1.1. 𝛼 band activity
Fig. 10 illustrates the alpha band activity of the high performer

(HP: P06) and the low performer (LP: P09) participants during light
and moderate tasks, measured at different time intervals following the
warning. The figure highlights the distribution and power of alpha
waves across various brain regions, where lower alpha power corre-
sponds to higher attentiveness, and higher alpha power reflects reduced
cognitive engagement. For HP, as shown in Fig. 10(a), the baseline
alpha activity is relatively low, suggesting a more attentive state prior
to receiving the warning. After the warning delivery, in the 0 to
125 ms post-warning time window, alpha power decreases, indicating
increased attentiveness immediately after the warning. However, in the
subsequent time windows (125 to 250 ms and beyond), alpha activity
increases, suggesting that attentiveness returns to approximately pre-
warning baseline status. In contrast, as shown Fig. 10(c), LP shows
consistently higher alpha power both at baseline and throughout the
post-warning intervals, suggesting lower attentiveness from the start.
In the early time window of 0 to 125 ms post-warning, alpha activity
slightly decreases but remains relatively high, particularly in the right
temporal and occipital regions, reflecting a slower or weaker response
to the warning. As time progresses, during 125 to 250 ms, alpha power
increases further and becomes more widespread, extending across the
central and parietal regions, indicating that LP’s attentiveness continues
to decline. LP’s pattern of alpha power changes remains similar for
the moderate activity with increase of alpha power becoming more
pronounced and encompassing the entire region at 0–125 ms time
window, as shown in Fig. 10(d).

These observations are connected to the reaction times of LP and
HP, as LP’s higher alpha power and reduced attentiveness likely con-
tribute to slower reaction times, while HP’s greater focus corresponds
to faster, more responsive reactions to the warning. The findings align
with previous studies (Mazaheri and Jensen, 2018; Klimesch, 2012b)
demonstrating the role of alpha oscillations in attentional engagement
and cognitive performance. Additionally, the effect of task intensity is
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Fig. 10. 𝛼 band activity of HP (P06) and LP (P09) during light and moderate activity.
evident in the faster onset of increased alpha power in the moderate
activity task compared to the light activity, align with research (Foxe
et al., 2014) suggesting that greater cognitive load or task difficulty can
modify alpha dynamics.

5.1.2. 𝜃 band activity
In comparing HP and LP’s theta activity following the warning, as

shown in Fig. 11, HP shows a reduction in theta activity during 125 ms
post-warning performing the light activity task. However, during the
moderate task, HP reallocates cognitive resources, with increased theta
activity in the left temporal and frontal lobes—regions associated with
working memory and cognitive control. At the same time, there is a
decrease in theta activity in the right occipital and parietal regions. This
suggests that HP is concentrating cognitive resources on areas critical
for task engagement while reducing activity in less task-relevant re-
gions, demonstrating a focused response to the increased task demands.
In contrast, LP exhibits a different pattern. During 125 ms post-warning
performing the light activity task, there is an increase in theta activity
primarily in the right temporal, central, parietal, and occipital regions.
For the same time period, with increased task intensity in the moderate
activity, this theta activity becomes more widespread, with nearly the
entire brain showing elevated levels. This broader activation reflects
LP’s heightened effort to stay cognitively engaged, but the widespread
increase may suggest a less efficient reallocation of cognitive resources
compared to HP. It appears that LP’s brain activate more uniformly
across regions rather than focusing on specific areas relevant to task
performance.

These differences in theta patterns align with the reaction times
of both participants, with HP’s more efficient theta activation leading
to faster responses, whereas LP’s less focused activity corresponds to
slower reactions. In addition, the changes in theta activity for both
participants corroborate with their alpha activity patterns. This under-
scores the roles of both alpha and theta waves in cognitive processes
related to task complexity and engagement, aligning with the findings
of Klimesch (1999).

5.1.3. 𝛽 band activity
In comparing HP and LP’s beta activity following the warning, as

shown in Fig. 12, HP shows an increased in beta activity during the
interval 250 to 375 ms post-warning. However, during the moderate
task, HP reallocates cognitive resources, with increased beta activity in
the left temporal and frontal lobes during the interval 125 to 250 ms.
This pattern indicates that HP’s brain reallocates resources to manage
the increased task demands, focusing more on regions associated with
situational awareness and cognitive control. The increased in beta
activity for HP may reflect a strategy of enhancing cognitive focus
and reducing distractions to effectively handle the more complex tasks.
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Previous study, such as Engel and Fries (2010) highlight that beta
activity plays a crucial role in maintaining the current cognitive state,
facilitating focused attention and situational awareness. In contrast, as
shown in Fig. 12(c) and (d), LP exhibits a more pronounced reduction in
beta activity during moderate tasks compared to light tasks. In the light
activity task, 125 ms post-warning, there is a decrease in beta activity
particularly in the temporal, central, and parietal regions, with the most
redaction occurring in the interval 125 to 250 ms. During the moderate
activity, the entire brain shows decreased beta activity, suggesting that
the reduction in beta activity is associated with decrease situational
awareness and cognitive efficiency in response to the complexity of
the task. Previous studies, such as Wróbel (2000), have associated
reductions in beta power with diminished attentional engagement and
impaired task performance. This suggests that LP’s widespread beta
reductions may indicate difficulty maintaining focus, leading to slower
reaction times.

Research by Babiloni et al. (2006) has shown that beta activity is
linked to problem-solving and deep concentration, particularly in tasks
requiring sustained attention. HP’s pattern of increased beta activity
in specific brain regions supports this association, while LP’s overall
beta reduction highlights a disparity in attentiveness, SA and task
management between the two participants.

These differences in beta patterns align with the reaction times of
both participants, with HP’s more efficient beta activation leading to
faster responses, whereas LP’s reduced attentiveness and situational
awareness results in slower reaction time.

5.1.4. 𝛾 band activity
In comparing HP and LP’s gamma activity following the warning,

as shown in 13, HP shows a significant increase in gamma activ-
ity during 125 ms post-warning of the light activity task. Increased
gamma activity is associated with enhanced attentional control and
the integration of sensory information (Fries, 2009). Also, increase in
gamma activity aligns with findings by Herrmann et al. (2010), who
reported that gamma oscillations are critical for cognitive processes
like attention and sensory integration. However, during the medium
activity, as shown in Fig. 13(b), there is a less pronounced increased
in gamma activity, particularly on the right side. This pattern indicates
that HP’s brain reallocates resources to cope with the increased task
demands, focusing on regions associated with attention and cognitive
control. The reduction in gamma activity during medium tasks may also
reflect a decrease in situational awareness and adaptive allocation of
cognitive resources under increased task demands, similarly noted by
Jensen et al. (2007b) in studies on gamma oscillations during working
memory tasks. In contrast, as shown in Fig. 13(c) and (d), LP exhibits
increase in gamma activity sooner during light tasks compared to
medium tasks. In the light activity task, during 125 ms post-warning,
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Fig. 11. 𝜃 band activity of HP (P06) and LP (P09) during light and moderate activity.
Fig. 12. 𝛽 band activity of HP (P06) and LP (P09) during light and moderate activity.
there is an improvement in gamma activity particularly in the temporal
and partial frontal regions. However, during the medium activity,
the entire brain shows decreased gamma activity, suggesting that the
reduction in gamma activity is associated with the cognitive load and
increased task complexity. However, between 125 ms and 250 ms post-
warning there is a slight improvement in the right side of the brain. This
reduction is indicative of cognitive overload, as reduced gamma activity
has been linked to diminished cognitive performance under high task
complexity (Pesaran et al., 2002).

These differences in gamma patterns align with the reaction times
of both participants, with HP’s more efficient gamma activation leading
to faster responses, whereas LP’s increased cognitive load and reduced
situational awareness results in slower reaction time.

5.2. Neuro-physiological sensing for enhanced work zone safety

Our study’s use of EEG technology to assess neurophysiological
responses to AR-based safety warnings represents a significant advance-
ment in work zone safety research. Traditional safety measures often
focus on physical hazards, neglecting the cognitive states of workers
that are crucial for maintaining situational awareness and preventing
accidents. Our findings demonstrate the feasibility and value of us-
ing EEG to objectively measure these cognitive states. The EEG data
collected during our simulations revealed significant changes in brain
activity patterns in response to AR multi-sensory warnings. Specifically,
we observed increased activity in regions associated with attention
and situational awareness when participants were exposed to these
warnings. This aligns with previous research by Ramos-Hurtado et al.
(2022) and Lukosch et al. (2015), who found that AR can improve
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workers’ understanding of safety risks. However, our study extends
these findings by providing objective, neurophysiological evidence of
enhanced cognitive processes. Importantly, our results also highlighted
the impact of workload on the effectiveness of AR warnings. Under
high physical workload conditions, the EEG data showed a diminished
response to AR warnings, suggesting that cognitive resources may be
diverted from processing these alerts when workers are physically
strained. This finding supports the work of Kim et al. (2022) and
Zhang et al. (2023), who noted the influence of physical workload
on situational awareness. Our study, however, provides more nuanced
insights into this relationship in the context of AR-assisted work zones.

The discrepancies we observed between subjective assessments of
situational awareness and objective EEG-based metrics underscore the
importance of using neurophysiological measures in safety research.
While participants generally reported improved situational awareness
with AR warnings, the EEG data revealed more variability, particularly
under high workload conditions. This highlights a potential limitation
of relying solely on self-reported measures and emphasizes the value of
objective neurophysiological monitoring.

Furthermore, our research opens up new possibilities for continuous
monitoring of workers’ cognitive states in real-world work zones. While
our study was conducted in a simulated environment, the methodology
we developed could be adapted for field use. This could involve the
development of wearable EEG devices integrated into safety equipment,
such as hard hats. Such a system could provide real-time alerts to
workers and supervisors when cognitive states indicative of reduced
situational awareness or increased accident risk are detected.

Moreover, the use of such advanced safety technology could have
insurance implications. By demonstrating a commitment to proactive
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Fig. 13. 𝛾 band activity of HP (P06) and LP (P09) during light and medium activity.
safety measures and reducing the risk of accidents, construction com-
panies could potentially negotiate lower insurance premiums. The con-
tinuous data collection and analysis could provide tangible evidence
of improved safety practices and reduced incident rates, making a
compelling case for insurance providers to offer more favorable terms.
This not only benefits the companies financially but also underscores
the value of investing in innovative safety solutions to protect workers.

5.3. Implications for workforce training and task matching

The observed variability in EEG responses to AR warnings un-
der different workload conditions suggests that workers may benefit
from personalized training programs. By utilizing a combination of
AR and EEG technologies in a Virtual Reality training environment,
more effective and targeted training scenarios could be created. These
scenarios could be designed to replicate the cognitive demands of actual
work zones, allowing workers to develop and refine their situational
awareness skills in a safe, controlled setting. This approach aligns with
the findings of Paes et al. (2024), who demonstrated the importance of
using AR technology for safety training.

Our EEG data revealed that some participants maintained high
levels of situational awareness even under high workload conditions,
while others showed significant decreases. This variability indicates
that individual differences play an important role in how workers
respond to AR safety systems. By incorporating EEG monitoring into
VR training sessions, it would be possible to identify workers who
may need additional support or training, including individuals with
disabilities, to maintain optimal situational awareness in challenging
conditions.

Furthermore, the EEG data collected during our study provides in-
sights into the cognitive load experienced by workers when processing
AR warnings. This information could be valuable for task matching
within work zones. For instance, workers who demonstrate a high
capacity for processing multiple sensory inputs while maintaining low
cognitive load might be better suited for roles that require constant
interaction with AR safety systems. Conversely, those who show in-
creased cognitive load with AR warnings might be more effective in
roles with less reliance on these systems.

Additionally, this approach holds promise for workers with disabil-
ities. By quantifying their cognitive measures through continuous EEG
monitoring, it is possible to identify the most suitable tasks for these
individuals. Tailoring task assignments based on cognitive strengths
allows workers with disabilities to become more active and integrated
within the workforce. This not only enhances their productivity and job
satisfaction but also fosters an inclusive work environment.
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6. Conclusion

This study aimed to assess situational awareness, attention, and cog-
nitive workload experienced by construction workers receiving safety
warnings in roadway work zones. By leveraging EEG sensing tech-
nology within a high-fidelity virtual reality environment, we have
gained valuable insights into the neurological responses of workers
to multi-sensory warnings during light and moderate-intensity tasks.
Our findings reveal distinct patterns in brain activity across different
task intensities and in response to warnings. Situational awareness
indicators, including beta and gamma waves, demonstrated increases
post-warning, with varying intensities between task types. Further-
more, attention indicators such as alpha and theta waves showed a
consistent decrease following warnings, with moderate-intensity tasks
exhibiting higher initial levels and slower rates of decrease. Analyzing
the correlation between brain activity bands (alpha, beta, and gamma)
and NASA-TLX factors, we found no consistent pattern in the direction
of correlation across different warnings and tasks.

The human-sensing model developed in this study represents a
significant advancement in the field. By incorporating brain frequency
band characteristics, it offers a more nuanced understanding of work-
ers’ cognitive states during AR-enabled warning reception. This model
not only enhances our ability to assess situational awareness, attention,
and cognitive workload but also clarifies the relationship between these
factors and physical effort. This research contributes to the growing
body of knowledge on construction worker safety, particularly in high-
risk environments such as roadway work zones. By deepening our
understanding of workers’ cognitive responses to warnings and task
intensities, we pave the way for more effective, personalized safety
measures. As we continue to advance in this field, the ultimate goal
remains clear: to significantly reduce accidents and fatalities in con-
struction work zones through evidence-based, neurologically-informed
safety practices and technology development.

This study makes a significant contribution by examining the re-
lationship between AR warnings and cognitive processes through the
use of EEG signal analysis. By incorporating multi-sensory warnings.
Moreover, it enhances the understanding of neural mechanisms un-
derlying situational awareness and cognitive workload, with a specific
focus on frontal lobe activity. These findings contribute to a deeper
comprehension of how brain activity patterns adapt to varying sensory
environments, paving the way for designing safer and more effective
systems in high-stakes occupational settings.

We acknowledge a few limitations of this study that should be
addressed in future research. The study was conducted in a simu-
lated virtual reality environment, which, while allowing for controlled
low-risk experimentation, may not fully capture the complexity and un-
predictability of real-world work zones. Furthermore, our study focused
primarily on immediate cognitive responses to AR warnings, and did
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not assess the long-term effects of using such safety systems. Future
esearch should consider longitudinal studies to evaluate how workers’

responses and performance may change over extended periods of AR
system use. Moreover, while we examined different workload condi-
tions, our experimental design may not have captured the full range of
physical and cognitive demands experienced by workers. Additionally,

hile the sample size in this study aligns with the previous researches
iscussed in the Participants subsection, it may limit the quantification
r further implication of our findings. A larger sample size could better
apture variability and strengthen the broader implications of this
ork. Finally, our study was limited in its exploration of individual
ifferences. Factors such as age, prior experience with AR technologies,
isabilities, or cognitive styles could influence how workers respond to
R warnings. Future studies should aim to investigate these individual
ifferences to provide an understanding of AR effectiveness across
iverse worker populations.
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