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Abstract: Hazard recognition is vital to achieving effective safety management. Unmanaged or unrecognized hazards on construction sites
can lead to unexpected accidents. Recent research has identified cognitive failures among workers as being a principal factor associated with
poor hazard recognition levels. Therefore, understanding cognitive correlates of when individuals recognize hazards versus when they fail to
recognize hazards will be useful in combating poor hazard recognition. Such efforts are now possible with recent advances in electroen-
cephalograph (EEG) and eye-tracking technologies. This paper presents a feasibility study that combines EEG and eye tracking in an im-
mersive virtual environment (IVE) to predict when safety hazards will be successfully recognized during hazard recognition efforts using
machine learning techniques. Workers wear a virtual reality (VR) head-mounted device (HMD) that is equipped with an eye-tracking sensor.
Together with an EEG sensor, brain activities and eye movements are recorded as the workers navigate a simulated virtual construction site
and recognize safety hazards. Through an experiment and a feature extraction and selection process, 13 best features out of 306 features from
EEG and eye tracking were selected to train a machine learning model. The results show that EEG and eye tracking together can be leveraged
to predict when individuals will recognize safety hazards. The developed IVE can be potentially used to first identify hazard types that are
correlated with higher arousal and valence. Also, the developed IVE can be potentially used to evaluate the correlation among arousal,
valence, and hazard recognition. DOI: 10.1061/(ASCE)CO.1943-7862.0002130. © 2021 American Society of Civil Engineers.
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Introduction

Over 60,000 fatal injuries in the construction industry are reported
around the world each year (Jeelani et al. 2017b; Lingard 2013). In
particular, fatal construction injuries in the US increased by over
16% from 2011 to 2015 (BLS 2015). The cost associated with such
incidents exceeds $48 billion in the US alone (Jeelani et al. 2017b)
and decreases the profit margin of construction projects. These
incidents can adversely affect project success and jeopardize the
economic stability of small companies (Zou and Sunindijo 2015).
Research indicates that low levels of hazard recognition and man-
agement in the construction industry contribute to poor safety
performance (Jeelani et al. 2017c). For example, research has dem-
onstrated that more than 57% of construction hazards go unrecog-
nized by workers (Bahn 2013; Perlman et al. 2014; Zhang 2017).
Therefore, various efforts have advocated the adoption of proper

safety training programs (Li et al. 2015; Rozenfeld et al. 2010)
to enhance construction hazard recognition skill. Researchers have
also suggested leveraging technologies such as virtual reality (VR)
(Zhao and Lucas 2015), brain sensing (Hwang et al. 2018), and eye
tracking (Hasanzadeh et al. 2017) to identify cognitive and physio-
logical behaviors of workers during hazard recognition tasks,
focusing on analysis and improvement of individual workers. Fur-
thermore, studies have illustrated that using eye tracking and VR in
personalized safety training programs can significantly improve
workers’ hazard recognition skills as eye tracking provides impor-
tant insights about visual search patterns (Jeelani et al. 2017c) and
VR provides a higher sense of presence compared with traditional
two-dimensional (2D) screens (Alshaer et al. 2017). However, the
use of eye tracking in isolation provides limited insight into the
mental processes associated with effective hazard recognition.
These processes can be addressed by brain-sensing (i.e., EEG).

EEG sensors can collect brainwave signals during visual hazard
recognition tasks, allowing classification and identification of brain
activities that are associated with superior hazard recognition lev-
els. Classification can help trainers provide more accurate and per-
sonalized feedback to workers, which ultimately will lead to better
safety performance (Hwang et al. 2018). Also, researchers have
found that workers experience emotional changes while they are
working in a hazardous environment (Hwang et al. 2018). These
findings demonstrate that combining eye-tracking technology with
brain sensing can be used to predict the hazard recognition perfor-
mance of workers.

This paper presents a feasibility study that combines a VR head-
mounted device (HMD) with an embedded eye tracker and a
consumer-grade EEG sensor (the reliability of which is discussed
in the section “Background”) for predicting workers’ ability to
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recognize safety hazards (e.g., whether a worker detects hazards).
Workers wear this HMD and EEG sensor while performing a haz-
ard recognition task on an immersive virtual construction site. This
platform allows synchronous analyses of brain activity and eye
movement in an immersive virtual environment (IVE). The re-
corded data from the eye tracker and EEG sensor are analyzed
and classified using a machine learning technique that recognizes
the pattern of brain activities and eye movements. Through a
greedy feature selection process, 13 out of 306 features of EEG
and eye tracking were found to be the best for for use in prediction
of hazard recognition. The findings of this feasibility study can lead
to future safety training programs and future research directions,

as discussed in this paper. The paper’s main contributions are as
follows:
• Introduction of the first feasibility study that combines VR

HMD, eye tracking, and brain waves (EEG) for hazard recog-
nition performance. To the authors’ best knowledge, this study
is the first attempt to combine eye tracking, EEG, and VR HMD
in the same framework for the construction domain (Table 1).

• Identification of best features (EEG and eye tracking) to use to
predict workers’ ability to recognize hazards (e.g., whether a
worker detects hazards) through greedy feature selection. The
number of extracted features from EEG and eye tracking is large
and a long recording time can lead to very large data sets to be

Table 1. Related research

Study Year Summary
Limitations and
recommendations

EEG
device Participants

Key features

EEG
Eye

tracker AR/VR Safety

Chumerin et al. (2013) 2012 Analysis of SSVEP responses recorded
with EEG in games

80% accuracy
achieved in game
control

Emotiv 20 ✓ — — —

Van Vliet et al. (2012) 2012 90% accuracy for video game control
using EEG

— Emotiv 4 ✓ — — —

Liu et al. (2012) 2012 SSVEP-based BCI with 95% accuracy — Emotiv 4 ✓ — — —
Aspinall et al. (2015) 2013 EEG analysis of human behavior during

physical activity
EEG can be used
outdoors

Emotiv 12 ✓ — — —

Ren et al. (2014) 2014 Sensitivity of neuromeric application
fidelity to EEG data

— Emotiv 20 ✓ — — —

Elsawy et al. (2014) 2014 P300 classification with 90% accuracy — Emotiv 3 ✓ — — —
Lin et al. (2014) 2014 Use of consumer-level EEG for real-life

BCI SSVEP applications
Consumer-level
EEG can be used
in real-life
scenarios

Emotiv 17 ✓ — — —

Saha et al. (2014) 2014 Classification of olfactory stimulus from
EEG response

— Emotiv 25 ✓ — — —

Wang et al. (2016) 2015 Memory workload assessment — Emotiv 9 ✓ — — —
Perez Vidal et al. (2016) 2016 EEG control of robotic arm — Emotiv 20 ✓ — — —
Wu (2017) 2016 Improved BCI calibration — Emotiv 18 ✓ — — —
Barham et al. (2017) 2017 Similarity of latency and peak amplitude of

N200 and P300 components between
consumer-level and advanced EEG devices

Consumer-level
EEG promoted as
accurate

Emotiv 15 ✓ — — —

Majid Mehmood
et al. (2017)

2017 Emotion recognition using EEG and deep
learning

— Emotiv 21 ✓ — — —

Bhatti et al. (2019) 2019 EEG optimal feature selection — Emotiv 5 ✓ — — —
Casson and
Trimble (2018)

2018 Effect of color priming using EEG — Emotiv 26 ✓ ✓ — —

He et al. (2019) 2019 Feasibility of consumer-level EEG to
differentiate cognitive task loads

Consumer-level
EEG can collect
high-quality data

Muse 37 ✓ ✓ — —

Ergan et al. (2019) 2019 EEG and eye tracking for quantifying
human experience in architectural spaces

— Emotiv 33 ✓ ✓ — —

Khushaba et al. (2013b) 2013 Combined EEG and eye tracker for safety
research

— BioSemi 17 ✓ ✓ — ✓

Azevedo et al. (2014) 2013 Analysis of human behavior related to
markets

Combining EEG
and eye tracking
improves analysis
accuracy

Emotiv 18 ✓ — ✓ —

Coogan and He (2018) 2015 Combined EEG and VR to classify
physical modality

— Emotiv 10 ✓ — ✓ —

Huang et al. (2019) 2018 First use of VR and EEG together VR can serve as
real environment

— 31 ✓ — ✓ —

Putze (2019) 2019 Improved cognition using EEG training in
Unity

Combining VR
and EEG
provides deeper
experimental
insights

Emotiv 20 ✓ — ✓ —
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processed for any machine learning methods. Therefore, 13 es-
sential features were selected from 306 features through greedy
feature selection without compensating for accuracy. This paper
suggests that EEG and eye tracking together are strong predic-
tors of hazard recognition performance.

• Validation against the neuroscience literature to ensure that the
research findings are in alignment with its findings. According
to the literature, occipital lobe channels (e.g., O1 and O2) cor-
relate with a sense of danger (Joseph 1990; Mesulam 2000;
Walker et al. 2007) Other channels, such as FC5 and AF3, cor-
relate with visual perception (Joseph 1990; Mesulam 2000;
Walker et al. 2007). In Fig. 1 these areas of the brain are en-
closed by dashed lines (unenclosed channels are not directly
corresponding to hazard detection). The research results here
agree with the literature.

• Presentation of a system that can improve the adoption of EEG
sensors in the construction industry. EEG technology has not

been fully exploited in the construction industry due to the dif-
ficulty of data collection. This study can potentially improve
EEG utilization since researchers can create new VR simula-
tions in a controlled environment and collect data. Where data
collection without VR simulations can be challenging, the pro-
posed system may enhance it and ease EEG data collection
as well.

Background

This section focuses on studies of enabling technologies (EEG, eye
tracking, and VR HMD) for the proposed work. Table 1 summa-
rizes the area of the work, limitations, and enabling technologies
used. As can be seen, this paper is the first attempt to use a fusion
of EEG, eye tracking, and VR HMD for safety improvement pur-
poses. Table 1 shows 29 articles from journals with high impact
factors in the related field (13 from IEEE journals); 22 of them used
consumer-grade EEG devices, and 21 used the same EEG sensor
used in the present research.

Studies have demonstrated the practicality of consumer EEG
device use in domains such as brain–computer interaction (BCI)
and assessment of workload and human behavior (Chumerin et al.
2013; Liu et al. 2012; Van Vliet et al. 2012; Wang et al. 2016). For
example, many studies have focused on the analysis of steady-state
visually evoked potentials (SSVEPs) and event-related potentials
(ERPs) (Barham et al. 2017). SSVEP is a resonance phenomenon
that can be observed in the occipital and parietal lobes of the brain
when a subject looks at a light source flickering at a constant fre-
quency. ERP is the direct result of a specific sensory, cognitive,
or motor event (Elsawy et al. 2014; Lin et al. 2014; Liu et al.
2012). Accordingly, researchers have suggested that the examination
of EEG signals can offer profound insights into human behavior
(Bhatti et al. 2019; Majid Mehmood et al. 2017; Saha et al.
2014). These classifications can be used to analyze brain activity
during a physical task (Aspinall et al. 2015) and improve BCI
(Perez Vidal et al. 2016; Wu 2017). Apart from such examinations,
to broaden the analysis level of EEG signals, researchers have

Table 1. (Continued.)

Study Year Summary
Limitations and
recommendations

EEG
device Participants

Key features

EEG
Eye

tracker AR/VR Safety

Zhao et al. (2020) 2019 Use of VR + EEG for art applications BCI can be
successfully used
with AR/VR

— — ✓ — ✓ —

Wang et al. (2019) 2020 Similarity of SSVEP on 2D screen to AR AR can be used
for SSVEP
experiments

— 10 ✓ — ✓ —

Chen et al. (2016) 2019 EEG for improving safety — Emotiv 10 ✓ — — ✓

Wang et al. (2017) 2016 Use of brain waves to assess mental
workload

Brain waves
should be used to
monitor workers’
physical activities

Emotiv 5 ✓ — — ✓

Jeelani et al. (2018) 2017 Use of EEG sensors to monitor
construction workers’ perceived risk

EEG can be used
on construction
sites

Emotiv 10 ✓ — — ✓

Zhang (2017) 2018 Automated and scale personalized training
using eye tracker

VR can be
combined with
eye tracking

— 6 — ✓ — ✓

Savage et al. (2013) 2017 VR-based training for mining industry — — — — — ✓ ✓

This study — Combining EEG, VR, and eye tracking for
automated personalized feedback in
construction safety training

— Emotiv 30 ✓ ✓ ✓ ✓

Fig. 1. Channel locations corresponding to hazard recognition.
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proposed fusing EEG and eye trackers (Casson and Trimble 2018).
These researchers have analyzed eye movement and brainwave pat-
terns of subjects for assessing cognitive load during driving (He et al.
2019), and assessing human experience in evaluating architectural
designs (Ergan et al. 2019). Also, a combination of EEG and VR
has been proposed researchers to design detailed experiments
(Azevedo et al. 2014; Coogan and He 2018; Khushaba et al. 2013a).
Recent advancements in EEG analysis (Chen et al. 2016; Wang et al.
2017, 2019) and eye tracking (Jeelani et al. 2019) have created new
insights for the construction industry and, more specifically, safety.

VR in Hazard Recognition

Researchers have developed safety training platforms using VR to
offer personalized feedback for improving safety training outcomes
(Moore et al. 2019). The outcomes indicate that safety training pro-
grams that use VR provide high-fidelity simulations for workers.
In general, VR can present better spatial perception than conven-
tional visualization methods such as 2D screens (Balali et al. 2018;
Noghabaei and Han 2020). Consequently, it can help in improving
the quality of training (Noghabaei et al. 2019, 2020; Noghabaei and
Han 2021).

More particularly, Grabowski and Jankowski (2015), in a pilot
study, used VR to enhance the safety and occupational health of min-
ing workers. Safety experts trained the workers and tested different
motion-tracking systems, HMD, joysticks, and training scenarios.
The results illustrated that VR technology can be an effective plat-
form for safety training and a substitute for on-site training. By sub-
stituting VR training for on-site training, unnecessary exposure of
trainees to mining environment risks and dangers can be prevented.
Also, researchers have developed a VR training system for the min-
ing industry and demonstrated that increasing immersion using hand
motion trackers can enhance training systems (Zhang 2017). Pedram
et al. (2017) assessed VR safety training systems and showed that
these systems create a significant positive learning experience. In
addition, researchers in the field of construction have proposed fus-
ing EEG and VR technologies to assess humans’ behavior in virtu-
ally designed areas (Ergan et al. 2019; Zou et al. 2019). Overall,
research suggests that VR can be a useful tool for improving current
safety training programs.

EEG Sensors in Hazard Recognition

In addition to VR, many researchers have focused on the use of
EEG sensors and neurological sensors to enhance construction
safety using mental and physical workload assessment. Construc-
tion researchers have often questioned the feasibility of adopting
EEG sensors on construction sites since these devices are sensitive,
and small movements can generate artifacts in the obtained data
(Wang et al. 2017). To solve this problem, Jebelli et al. (2018) dem-
onstrated that it is feasible to use an EEG device on a construction
site to monitor workers’ valance and arousal. Also, researchers have
used EEG sensors for measuring construction workers’ emotional
state during construction tasks (Hwang et al. 2018). Chen et al.
(2016) developed a wearable EEG monitoring helmet and showed
that mental workload can be used as an essential indicator of work-
ers’ vulnerability to hazards on a construction site. EEG sensors
have the potential to be used in construction; however, due
to the difficulty of data collection and artifact removal, this tech-
nology is not yet fully exploited. The present study has advantages
over conventional EEG studies that allow it to potentially improve
EEG utilization in practice. It uses VR simulation in lab space to
collect data in a controlled environment with limited exposure to
extrinsic artifacts. In contrast in conventional EEG studies without

VR simulations, EEG data collection can be vulnerable to extrinsic
artifacts and often cannot be used for training. The proposed system
will potentially solve data collection deficiencies and provide an
easier way for researchers to collect EEG data in a controlled
environment.

Eye Tracking for Identifying Visual Search Patterns in
Hazard Recognition

Visual search processes are prevalent in workplaces. For instance,
law enforcement agents scan luggage at airport checkpoints (Biggs
and Mitroff 2015), or a bridge supervisor evaluates channel com-
ponents to identify structural shortcomings (Estes and Frangopol
2003). To effectively analyze visual search patterns, investigators
have started using eye-tracking technology that monitors eye move-
ments during visual search processes. Eye-tracking technology has
been used to evaluate the visual search patterns of construction
workers during risk identification undertakings (Alruwaythi et al.
2017). Comprehension of these links can be valuable in the deter-
mination of visual search shortcomings leading to ineffective haz-
ard identification. Furthermore, this knowledge can be employed in
evaluating the efficiency of strategic measures to enhance visual
search arrangements and construction risk recognition.

In addition to visual search patterns, pupil diameter is an impor-
tant predictor of hazard recognition. The literature strongly sup-
ports the idea that an increase in pupil diameter is an indicator
of increased cognitive load (Shi et al. 2020b; van der Wel and
van Steenbergen 2018). Also, researchers have indicated that pupil
diameter is related to information processing and understanding
(Giannakos et al. 2019; Liao et al. 2021). Similarly, researchers have
suggested that changes in pupil diameter reflect emotional arousal
and alertness triggered by visual detection of sensory stimuli, and
that pupil diameter increases when a subject processes emotionally
engaging stimuli (Bradley et al. 2008; Qian et al. 2009). Lastly, (Liao
et al. 2021) pointed out that pupillary activation is induced by hazard
recognition; fall hazards induce the most pupillary activation.

Methods

The main objective of the present research was to identify brain ac-
tivity and eye-tracking features that are associated with the successful
recognition of safety hazards. Therefore, a platform consisting of an
eye tracking–enabled HMD and an EEG sensor was used to collect
eye movements and brain activity. This platform simulated a virtual
construction site where participants were asked to identify hazards
by pressing a button when they detected one. Meanwhile, eye move-
ments and brain waves were collected. The platform used the button
press as a trigger for synchronizing signals and to determine whether
a participant was able to detect a hazard. The research methods are
shown in Fig. 2 and the structure of this section follows the steps
illustrated.

Hazard Simulation in VR

The initial step was to simulate a construction site in a VR envi-
ronment using a three-dimensional (3D) engine, Unity, which is
widely used in the architectural, engineering, and construction
(AEC) industry for VR simulations (Unity3D 2020) as well as in
educational and neuroscientific applications (Coogan and He 2018).
Ten hazards, provided in Table 2, were simulated in a virtual con-
struction environment. These hazards are responsible for roughly
80% of construction-related fatalities (Helander 1991; Jeelani et al.
2017a). A detailed construction site was modeled based on real con-
struction sites, and hazards were simulated to create a realistic virtual

© ASCE 04021104-4 J. Constr. Eng. Manage.
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environment. Fig. 3(a) is a first-person view of the simulated site, and
Fig. 3(b) is a view of a chemical hazard (Hazard 5). Fig. 3(c) is a
view of the simulated area. The next step was data acquisition and
preprocessing as detailed in the following subsection.

Data Preprocessing

This section discusses data acquisition and preprocessing for the
two sensors—brain waves (EEG) and eye tracking. In the first
two subsections, artifact removal from the EEG signal and details
of the eye tracker are discussed. In the final and third subsection,
EEG and eye-tracking data labeling using triggers (button presses)
is described.

EEG
An Emotiv EPOCþ 14-channel wireless EEG headset (Emotiv, San
Francisco, California) was used to obtain the EEG data stream. A
high-end EEG device would not have been practical since it re-
quires device manipulation and takes time to set up (i.e., applying
gel to 32/64 EEG nodes). The reliability of EPOCþ, artifact re-
moval, and the data it generates are detailed in Appendix S1.

Eye-Tracking
To acquire eye-tracking data in VR, the HTC Vive Pro Eye VR
headset (HTC, New Taipei City, Taiwan) was used [Fig. 4(a)]. The
reliability of this device and the data generated are detailed in the
section “Discussion and Future Work.” Raw eye-tracking data were

Fig. 2. Method overview.

Table 2. Hazards in the simulated virtual environment

Hazard
No.

Hazard
type Description

1 Fall Unprotected object near edge
2 Electrical Unprotected electric cables without proper conduit
3 Trip Unprotected ladder
4 Fall Unprotected barrel near edge
5 Chemical Unmarked barrel without lid containing unknown

chemical fluid
6 Trip Unprotected bricks on ground
7 Electrical Unprotected junction box without proper protection
8 Chemical Unprotected igneous chemical fluids
9 Chemical Unmarked bucket without lid containing

unknown chemical fluid
10 Pressure Gas cylinder without proper restraints in work zone

Fig. 3. 3D simulated environment: (a) first-person view; (b) Hazard 5; and (c) simulated site.
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acquired from a developed code within Unity known as Tobii,
which identified the sighted object at each moment and recorded
the data in its eye-tracking data stream. The device has an accuracy
of 0.5°and a 110° trackable field of view. It can collect gaze origin,
gaze direction, pupil position, and absolute pupil size with less than
10 ms of latency, and it has 10 infrared (IR) illuminators and an
eye-tracking sensor for each eye. Fig. 4(b) shows a participant
wearing an EEG sensor and HMD at the same time as instructed
by the manufacturer. Fig. 4(b) shows the participant pressing a but-
ton on the keyboard as he identifies hazards.

Data Labeling Based on Triggers

Labeling is an essential step in training data for supervised learning.
One method is to partition the data into various windows and define
a single continuous segment that spans an entire action sequence
(i.e., fixed windowing). Features are then extracted as detailed in
the section “Feature Extraction and Selection” from these win-
dowed segments and used in a machine-learning algorithm to clas-
sify a fixed-length testing segment (Fig. 5). This method is
commonly used for EEG signal annotation; however, in this study
it was applied to both eye-tracking and EEG signal streams for
data annotation. To label the data, participants were asked to press
a controller button as they detected hazards. Immediately a trigger
was sent to the EEG device and a message was recorded in the
eye-tracking data. These markers could be used for both signal
synchronization (of EEG and eye-tracking data) and data labeling.
The object at which the participant was looking was marked in the
data. If he or she detected a nonhazardous object as a hazard, the
recording was not valid and was removed. However, if he or she
detected the hazard correctly, the recording was used for training.
Fig. 5 illustrates the process of labeling data in a fixed time in-
terval or window size (during which a feature is extracted from the
signals).

Feature Extraction and Selection

The extraction of relevant features is a critical component in the
high accuracy of machine learning algorithms. In machine learning,
a feature is an individual measurable property or characteristic of
the phenomenon being observed (Bishop 2006). Direct use of raw
data for classification results in poor performance (Lan et al. 2007;
Sherafat et al. 2019a, b). Therefore, only essential features should
be extracted. The following two subsections describe the process of

feature extraction and the third discusses the process of selecting
just the essential features from those extracted.

EEG
EEG signals are classified according to their frequency and ampli-
tude, as well as the location of the EEG channel where the data are
recorded. EEG signal frequency refers to repetitive rhythmic activ-
ity measured in hertz. A frequency band is an interval in the fre-
quency domain, delimited by a lower and an upper frequency. EEG
signals can be classified in frequency ranges (delta: 0.5–4 Hz, theta:
4–7.5 Hz, alpha: 7.5–13 Hz, low beta: 13–15 Hz, beta: 15–20 Hz,
high beta: 20–38 Hz, and gamma∶ ≥ 38 Hz). EEG signal bands
with lower frequencies are related to more profound thoughts such
as in meditation (Savage et al. 2013). Table 3 summarizes the fea-
tures extracted from the EEG data. The total number of extracted
features from all EEG signal channels was 296.

Eye-Tracking
When an individual engages in any visual search activity, two pri-
mary behaviors are observed, saccades and fixations (Holmqvist
et al. 2011; Jeelani et al. 2018, 2019). According to the literature,
fixations are positions where the pupil is stationary. These station-
ary positions show focusing attention on or visual processing of a
specific object, location, or stimulus in the environment (Holmqvist
et al. 2011). The rapid movements of the pupil between two fix-
ation points are known as saccades. During saccades, minimal data
are absorbed.

Since hazard recognition is a visual search activity and it
requires attention, saccades and fixations can be used as essential
features for data classification purposes. The authors extracted the
following features [based on previous studies on eye tracking for
hazard recognition (Jeelani et al. 2019)] from raw eye-tracking
data. Table 4 provides formulas for computing these features.
• Fixation count (FC): hazard recognition requires high levels of

attention. When an individual detects a hazard, many fixations
should have happened before reporting the detection. The num-
ber of these fixations within a period can be used as a feature.
This feature is called FC.

• Fixation time (FT): the attention level of an individual shows the
total time spent on a fixation point (e.g., a particular location,
object, or stimulus).

• Mean fixation duration (MFD): average of fixation duration is
one of the most important visual search tasks (Shic et al. 2008).
A higher level of mean fixation duration is associated with
higher mental activity (Shic et al. 2008).

Fig. 4. Data collection process: (a) HMD with eye tracker; and (b) participant wearing EEG sensor and HMD (reproduced from Noghabaei and Han
2020, © ASCE).
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• Saccade velocity (SV): SV is correlated with low arousal and
engagement level during a visual search activity; it is also as-
sociated with fatigue level and lethargy (Di Stasi et al. 2014).

• Pupil diameter (PD): pupillary response indicates change in the
pupil size with the oculomotor cranial nerve (Ellis 1981). Stud-
ies have shown that pupil size varies based on the level of in-
terest in visual stimuli (Hess and Polt 1960).

Selection
In this study, the high frequency of collected data from the EEG
(128 Hz) and eye tracking (120 Hz) and the high number of features
per data point were generated from the raw data. There were 248
data points (128 for the EEG and 120 for the eye tracker) per sec-
ond. A recording of the collected data per person for a 30-min train-
ing session would generate 446,400 data points for 306 features

Fig. 5. Data annotation using fixed window approach.

Table 3. EEG signal–extracted features

Feature Description Equation

Maximum Maximum amplitude for channel j in range x–y maxðEEGx∶y
j Þ

Minimum Minimum amplitude for channel j in range x–y minðEEGx∶y
j Þ

Mean value Average amplitude for channel j in range x–y
Py

i¼x EEG
i
j

y − x
Maximum of frequency range Maximum amplitude for channel j with frequency range (delta or : : : )

within specified period in range x–y
maxðEEGx∶y

j Þ∀f ∈ ½α; β; γ; δ; θ�

Minimum of frequency range Minimum amplitude for channel j with frequency
within specified period in range x–y

minðEEGx∶y
j Þ∀f ∈ ½α; β; γ; δ; θ�

Mean value of frequency range Average amplitude for channel j with frequency
within specified period in range x–y

avgðEEx∶y
j Þ∀f ∈ ½α;β; γ; δ; θ�

Valence (Blaiech et al. 2013) Happiness level αðF4Þ
βðF4Þ −

αðF3Þ
βðF3Þ

Arousal (Blaiech et al. 2013) Excitement level αðAF3þ AF4þ F3þ F4Þ
βðAF3þ AF4þ F3þ F4Þ

Note: Frequency ranges (Hz): delta: 0.5–4; theta: 4–7.5; alpha: 7.5–13; low beta: 13–15; beta: 15–20; high beta: 20–38; and gamma∶ ≥ 38.

© ASCE 04021104-7 J. Constr. Eng. Manage.

 J. Constr. Eng. Manage., 2021, 147(9): 04021104 

D
ow

nl
oa

de
d 

fr
om

 a
sc

el
ib

ra
ry

.o
rg

 b
y 

U
ni

ve
rs

ity
 o

f 
Po

rt
la

nd
 o

n 
07

/2
7/

23
. C

op
yr

ig
ht

 A
SC

E
. F

or
 p

er
so

na
l u

se
 o

nl
y;

 a
ll 

ri
gh

ts
 r

es
er

ve
d.



(296 for EEGþ 10 for eye tracking), with each data point including
306 features. As more data from more sessions with more people
can lead to a very large data set, computation becomes expensive.
Therefore, a reduction in the input dimension is very important.

Moreover, the accuracy of the classification algorithms might be
negatively affected without feature selection (Chu et al. 2012). Re-
dundant attributes can mislead the algorithms by introducing noise
in the data (Sherafat et al. 2020). The solution in this study was
greedy forward selection for subset selection (Fig. 6). In this ap-
proach, a subset with fixed cardinality is extracted from the feature
set. All remaining features are added to each subset and evaluated
separately. Finally, the feature with the best evaluation function is
selected and added to the subset with fixed cardinality. Greedy for-
ward selection allows identifying the best feature at each step.
Therefore, it provides valuable information about which features
are more important than others. In this study, the accuracy of a non-
linear model was used as an evaluation function since it was faster
than other evaluation functions (i.e., mean square error). In greedy
forward selection, the number of calling evaluation functions is de-
termined using the following equation, where n is the total number
of features:

Number of calling evaluation functions ¼ n × ðnþ 1Þ
2

ð1Þ

Data Synchronization

Data synchronization was essential in providing reliable data for
this study. Recordings from eye tracking and EEG signals were
synchronized using MATLAB’s version 2018a EYE-EEG toolbox
(Dimigen et al. 2011). The synchronization process is further de-
tailed in Appendix S1.

Prediction Model

To classify the data, supervised machine learning algorithms were
compared. In this paper, k-nearest neighbor (k-NN) and support
vector machine (SVM) with different types of similarity functions
[linear, cubic, quadratic, radial basis function (RBF), and Gaussian]
were compared. k-NN is a memory-based algorithm that uses the
entire database for prediction based on a similarity measure in the
instance space (Altman 1992). Memory-based algorithms find a set
of nearby data points in the instance space with similar features,
known as neighbors. To predict the label of a new data point, a
group of nearby neighbors referred to as the neighborhood is
formed. k-NN is based on the assumption that the nearby data
points in the instance space have the same class.

SVM is widely used in supervised machine learning and data
mining (Burges 1998). It is an appropriate classifier for neurologi-
cal data class actions (Rani et al. 2006). SVM creates hyperplanes
that separate data points of a binary classification problem, apply-
ing iterative learning to converge these hyperplanes into one opti-
mal hyperplane that maximizes the margin between data points of
two classes. In machine learning (especially SVM), kernel methods
are commonly used (Hofmann et al. 2008). These are a class of
algorithms for pattern analysis that transform data into another di-
mension that has a clear dividing margin between data classes. In
this study, Gaussian and RBF kernels were tested because they are
well known for yielding accurate classification compared with
other kernels.

In addition to k-NN and SVM, the authors tested the data with
Gaussian discriminant analysis (GDA), hidden Markov models
(HMM), decision tree, and logistic regression. However, the pre-
liminary results of the classification were discouraging and there-
fore are not reported here. Lastly, fivefold cross validation was
performed to validate obtained classification accuracies.

Experimental Setup

Subjects and Data Acquisition

According to studies on EEG data, reliable inferences can be made
in EEG experiments with 10–20 participants (Melnik et al. 2017).
Accordingly, 24 studies that similarly used the Emotiv EEG sensor
had an average of 14.2 participants as shown in Fig. 7. The data in
the current study were collected from 30 participants. Following the
two-sigma rule, the number of participants in this study was more
than 95% of similar studies. The subjects were graduate students at
North Carolina State University due to the difficulty of conducting
this experiment (e.g., wearing both EEG and VR HMD) and ac-
cessing construction workers of this sample size. All subjects in
the study were male and had an average age of 28.5 with an average
working experience of 3.4 years in the construction industry and no
history of mental disorder or any eye-related problems. Bear in
mind that the results of this study should not be different between
construction workers and students since the focus was on determin-
ing whether a combination of EEG and eye tracking would accu-
rately predict hazard recognition, and the feasibility of using a
combination of EEG and eye tracking in VR.

Table 4. Eye-tracking extracted features

Feature Equation

FC No of fixations
FT

P
n
i¼1½Eðf1 − Sf1Þ�

MFD FT
FC

SV Average number of pixels
Movement time

PD —

Fig. 6. Schematic of greedy feature selection.
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To ensure that the participants were familiar with construction
hazard recognition, a very brief introduction to safety in construc-
tion was given The introduction contained information about what
is considered a hazard. EEG and eye-tracking signals were obtained
from each participant. in ten trials with a 1-min rest between trials,
which is a standard protocol in brain-sensing experiments. To re-
duce errors related to the sequence effect (also known as the learn-
ing effect) (Wang et al. 2017), hazard locations were changed in
each trial. In this experiment, the learning effect meant brain signals
affected by previous trials in the experiment. Also, each trial was
limited to 30 s to make sure that the participants were focusing on
the hazard recognition task. Limiting experiment time to 30 s guar-
anteed high synchronization accuracy. Also, the objective of this
experiment was not to ensure that the participants detected all of
the hazards. In fact, the experiment was designed so that that par-
ticipants focused on critical hazards rather than all hazards to prop-
erly capture brain and pupillary responses.

The participants were asked to attend the experimental session
with washed and dried hair. They were asked not to use hair wax,
gel, conditioner, or spray as wet hair and hair treatments would
generate higher impedances. Before each experiment, all electrodes
were cleaned using a cloth. After cleaning, electrode gel/conductive
paste was applied to the electrodes. Then the HMD was placed on
top of the EEG device. Before starting the experiment, all exper-
imental details (i.e., how to press keys, how to perform device
calibration, and the number of trials) were discussed with the par-
ticipants. Fig. 4(b) shows a participant in a VR environment.

Device Calibration

Before performing the experiment, the eye-tracking device was
calibrated by asking the participants to look at the red dots in
the VR simulation. The calibration method is known as five-point
calibration and was performed as instructed by the manufacturer.
Then EEG calibration was performed as instructed by the manu-
facturer of the EEG device.

Experimental Results

All features were extracted from preprocessed data with different
window sizes, as shown in Fig. 5. The extracted data directly used

in the classification algorithms and the classification accuracies are
reported in Fig. 8. Fivefold cross validation was performed, and the
results of the selected algorithms were compared. The classification
accuracy for each algorithm was the true-positive rate plus the true-
negative rate. The sum of these two numbers from a confusion ma-
trix provided the classification accuracy for each algorithm. Fig. 8
shows that the best window size for achieving the highest accuracy
was 1 s, which was selected for further data analyses. Since the
accuracies of the selected algorithms were close (90%–93%), fur-
ther investigations were necessary to select the best one. This find-
ing fit with previous studies showing that humans detect hazards as
fast as 390–600 ms after they see them (Crundall et al. 2012;
Matheson 2019). The window approach minimized the effects of
the time lag between brain and eye responses to any stimulus as
it extracted features from a 1-s range of data. To compare the algo-
rithms (k-NN, Gaussian SVM, and RBF SVM), receiver operating
characteristic (ROC) charts for each algorithm were drawn. Fig. 9
shows the ROC curves for the selected algorithms.

Based on the ROC curves, Gaussian kernel SVM was the best
algorithm since it had the most area under the curve (AUC) and the
highest accuracy (93%). Therefore, it was selected for further
analyses. To describe the performance of a classification algorithm,
a confusion matrix is prepared. Fig. 10 shows that the confusion
matrix for Gaussian kernel SVM had an accuracy of 93%. Another
critical measure of classification accuracy is f-measure (F1 score in
Fig. 10), defined as the weighted harmonic mean of precision and
recall. This score shows the balance between precision and recall
and therefore detects uneven class distribution. It reaches its best
value at 1 and worst at 0. for Gaussian kernel SVM, the f-measure
was 0.94. As shown in Fig. 10, true positives, false positives, true
negatives, and false negatives were divided by the total number of
samples and reported as ratios.

To find the most important features based on the collected data,
greedy sequential feature selection was performed (discussed in
the section “Feature Selection”). The data were divided into four
groups of features: (1) eye tracking, (2) EEG, (3) selection from
the first two groups, and (4) both EEG and eye tracker. Then greedy
feature selection was performed on all four groups.

Fig. 11(a) shows the accuracy of the best features selected by
greedy feature selection for the first group (eye tracking). It indicates
that it was possible to achieve 74% accuracy in classification using
eye-tracking data only. According to the graph, accuracy reached a
plateau after the first five features (second column of Table 5).

Fig. 7. Frequency of sample size in 24 studies that used Emotiv EEG
sensor versus sample size in this study.

Fig. 8. Classification accuracy for different algorithms and time
intervals.
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Therefore, these five features were selected from eye tracking to be
combined with the selected EEG features. Fig. 11(b) shows the ac-
curacy of the 14 best features from the EEG (Table 5). These features
reached about 82% accuracy while overall accuracy reached a

plateau of around 83%. Fig. 11(c) shows sequential forward feature
selection with 5 eye-tracking and 14 EEG features (Table 5) selected
from the first two groups.

Fig. 11(d) shows the accuracy of combined best features from
all EEG and eye-tracking features, which plateaued at around 93%.
The figure also shows an accuracy of 93% with 13 best features
(Table 5), indicating that the 13 best features from EEG and eye
tracking had high accuracy compared with all 306 features. In fact,
a large number of features might mislead the prediction model and
act as noise in the input data. Therefore, it was necessary to use
meaningful features rather than all features.

The 13 best features were used to reason about participants’
ability to recognize hazards as further discussed in the following
section. According to the results presented in Table 6, the predic-
tion model had the best performance in trip hazards (Hazards 3 and
6) and the lowest performance in chemical hazards (Hazards 5, 8,
and 9). This finding suggests that trip hazards produce stronger sen-
sory stimulation than chemical hazards.

Implications of Results Compared with Findings
from the Literature

The findings of this research contribute to the safety literature and
have important implications for theory and practice. For instance,
the results show that from the 13 best features 3 from eye tracking
(PD and FT) and 10 from EEG signal bands can be effectively used
to predict whether safety hazards will be recognized by workers.

The results show an average classification accuracy of 93% for
visual hazard recognition, indicating that EEG and eye-tracking
signals together are more sophisticated predictors of awareness
of surrounding hazards when compared with accuracies achieved
independently by EEG (83%) and eye tracking (74%). Therefore,
while previous research efforts used only eye tracking to assess

Fig. 9. ROC curve for different classification algorithms.

Hazard 
Identified

Hazard Not 
Identified

Hazard 
Identified

618 (0.343) 93 (0.052)

Hazard Not
Identified

28 (0.016) 1061 (0.589)

Accuracy 
= 0.932

F1 Score = 
0.941

Recall = 0.956

True Condition

Predicted 
Condition

Precision 
= 0.868

Fig. 10. Confusion matrix for Gaussian SVM for 1-s interval.

Fig. 11. Sequential forward feature selection: (a) eye-tracking features; (b) EEG features; (c) selected EEG and eye-tracking features from EEG + eye
tracking; and (d) all features.
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hazard recognition, the present study demonstrates that the integra-
tion of EEG with eye tracking offers additional information when
analyzing the hazard recognition behavior. Additional statistical
analyses to find the difference between successful and unsuccessful
hazard recognition must be taken up in future studies before this
study’s findings can be implemented in practice.

Moreover, the results show that brain activity in the occipital
lobe is correlated with visual hazard recognition. Accordingly,
Joseph (1990), Mesulam (2000), and Walker et al. (2007) showed
that activities in occipital lobe channels (e.g., O1 and O2) correlate
with a sense of danger. Other channels, such as FC5 and AF3, cor-
relate with visual perception tasks (Joseph 1990; Mesulam 2000;
Walker et al. 2007). Five out of the 10 best EEG features were from
Channels O1, O2, FC5, and AF3. Fig. 12 shows these features,
which were also among the 13 best features. The circles with
dashed lines are areas related to hazard perception according to

the literature. These results demonstrate that the activation of cer-
tain channels during hazard recognition efforts is indicative of haz-
ard detection.

Discussion and Future Work

The findings of this research show the feasibility of using EEG
and eye tracking together to detect workers’ ability to recognize haz-
ards, and can be potentially integrated into safety training programs.
Before they can be used in practice, however, a number of research
questions need to be addressed. For instance, human behaviors
(e.g., lack of concentration, selective attention) can affect hazard rec-
ognition. Training interventions that are mindful of this may improve
workers’ hazard recognition skills as well as their safety perfor-
mance. Also, this study, as the first to EEG in a VR simulation,

Table 5. Selected features from sequential forward feature selection in four scenarios

Feature
No. Eye tracking EEG Selected EEG + eye tracking EEG + eye tracking

1 FT averagea Maximum of FC5 channel in gamma bandb FT averagea FT averagea

2 PD average
for right eyea

Minimum of AF3 channelb PD average for right eyea Maximum of FC5 channel in gamma bandb

3 PD average
for left eyea

Maximum of P8 channelc PD average for left eyea Minimum of F4 channel in delta bandc

4 PD maximum
for right eyea

Maximum of AF3 channelb Minimum of F8 channel in gamma
bandc

PD average for right eyea

5 PD maximum
for left eyea

Maximum of F4 channel in delta bandc Minimum of O2 channel in theta band Maximum of AF3 channel in delta bandb

6 — Minimum of P7 channelc PD maximum for left eyea Maximum of T7 channel in alpha bandc

7 — Maximum of FC5 channel in delta bandb Maximum of F4 channel in delta bandc PD average for left eyea

8 — Maximum of T8 channel in gamma bandc PD average for right eyea Minimum of F4 channel in gamma bandc

9 — Maximum of P7 channel in gamma bandc Minimum of P7 channelc Minimum of O2 channelb

10 — Minimum of O2 channel in theta bandb Maximum of FC5 channel in gamma
bandb

Minimum of O1 channel in alpha bandb

11 — Minimum of F8 channel in gamma bandc Minimum of AF3 channelb Minimum of F7 channelc

12 — Minimum of F4 channel in gamma bandc Maximum of FC5 channel in delta
bandb

Maximum of FC5 channel in delta bandb

13 — Maximum of F7 channel in theta bandc Minimum of O1 channel in alpha bandb Minimum of P7 in high beta bandc

14 — Minimum of O1 channel in alpha bandb Minimum of F4 channel in gamma
bandc

—

15 — — Maximum of AF3 channelb —
16 — — Maximum of T8 channel in gamma

bandc
—

17 — — Maximum of F7 channel in theta bandc —
18 — — Maximum of P7 channel in gamma

bandc
—

aEye-tracking features.
bEEG features from AF3, FC5, O1, and O2.
cEEG features.

Table 6. Results of prediction model

Categories

Hazard No.

1 2 3 4 5 6 7 8 9 10

Successful predictions 92 51 71 79 52 53 61 38 54 67
Unsuccessful predictions 4 3 1 4 3 1 4 3 2 3
Successful predictions (%) 95.8 94.4 98.6 95.1 94.5 98.1 93.8 92.6 96.4 95.7
Successful cases (%) 5.41 2.97 4.09 4.50 3.00 3.14 3.58 2.26 3.16 3.79
Successful cases 487 267 368 405 270 283 322 203 284 341

Note: Results are for test set (Rows 1–3) for time windows in which subjects successfully recognized a hazard, and for number of successful cases in the entire
data set (Rows 3–5).

© ASCE 04021104-11 J. Constr. Eng. Manage.

 J. Constr. Eng. Manage., 2021, 147(9): 04021104 

D
ow

nl
oa

de
d 

fr
om

 a
sc

el
ib

ra
ry

.o
rg

 b
y 

U
ni

ve
rs

ity
 o

f 
Po

rt
la

nd
 o

n 
07

/2
7/

23
. C

op
yr

ig
ht

 A
SC

E
. F

or
 p

er
so

na
l u

se
 o

nl
y;

 a
ll 

ri
gh

ts
 r

es
er

ve
d.



can make the process of data collection easier, as in this framework
custom simulations can be produced and EEG signals can be ana-
lyzed accordingly. Using EEG and VR together and making data
collection easier can potentially boost the adoption of EEG technol-
ogy in the construction industry. Lastly, to improve prediction, more
sophisticated preprocessing can be applied to the EEG and eye-
tracking data. Potential improvement areas are baseline correction,
noise removal, and EEG and eye-tracking synchronization (Shi
et al. 2020a; Winn et al. 2018).

The question of how brain wave and eye movement patterns dif-
fer between highly skilled and less skilled workers needs to be also
addressed before the findings of this study can be used in practice.
Such a comparison can provide essential insights into the way skilled
workers perceive danger as well as important insights for safety re-
searchers in creating more advanced safety training. Mainly, the fu-
ture of this research can be split into three main directions (Fig. 13):
• Correlation of arousal and valence, or arousal alone, extracted

from EEG signals with hazard recognition to clarify what emo-
tions predict success. Safety training programs that intensify
these emotions can potentially improve outcomes.

• Correlation of hazard types with intense emotions. For example,
fall hazards might produce fear, which can reduce worker vul-
nerability to them.

• Identification of hazard types that subjects fail to detect to pro-
vide safety managers with a clearer vision of those that require
more intervention.

This study is a step toward automating personalized feedback
generation using brain wave and eye movement patterns, which
can improve safety performance (Moore et al. 2019). In practice,
most training sessions are conducted by an instructor who is not able
to provide personalized feedback to many workers. The approach
presented in this paper can be extended to automation of prior work
on personalized safety training that provides personalized feedback
to workers as part of a training program (Jeelani et al. 2018). For
example, when workers pay attention to a particular safety hazard
as captured by an eye tracker, but do not mentally process the hazard
as captured by brain waves, they may not be aware of the risks as-
sociated with that hazard. Human trainers and/or an automated train-
ing system can use this information to identify particular hazards and
hazard types that workers do not mentally process and provide feed-
back to improve workers’ mental processing.

Conclusions

A combination of visual search and brain wave analyses offers
safety trainers and educators valuable information. Through a fea-
ture selection process, this study identified 13 best EEG and eye-
tracking features that are related to hazard recognition. It presented
an approach for extracting features from high-frequency EEG and
eye-tracking data, and pointed out the feasibility of analyzing these
features, even though the data sets generated can be quite large. The
proposed system can be used for data collection in a simulated envi-
ronment and potentially make data collection easier.

According to the study findings, high cognitive loads in an
occipital lobe within the brain correlate with successful visual haz-
ard recognition. This conclusion matches findings from the neuro-
science literature showing that activity in occipital lobe channels
(e.g., O1 and O2) correlate with a sense of danger (Joseph 1990;
Mesulam 2000; Walker et al. 2007). Eye tracking and EEG provide
deep insights into how a worker’s brain and eye react during visual
search. Analyzing both eye movement and brain waves in an in-
tegrated platform can lead to higher classification accuracy, show-
ing that combined EEG and eye-tracking signals (93% accuracy)
are more sophisticated predictors of awareness of surrounding haz-
ards when compared with the accuracy achieved by EEG (83%) or
that achieved by eye tracking (74%) independently. These findings
have important implications for construction research and practice.
Specifically, they can enhance current safety training programs
(and ongoing research efforts) by assessing worker biometrics in
real time to provide personalized feedback.

Several lessons emerged from this study. For instance, combin-
ing EEG and eye-tracking sensors with VR is an important break-
through for safety researchers because they can simulate custom
safety scenarios and have a predictive measure of workers’ ability
to recognize different hazard types. The are three significant direc-
tions in which future studies may go. First, researchers might use
this platform to correlate arousal, valence, and hazard recognition
performance. Second, they may use the proposed platform in iden-
tifying hazard types that correlate with high arousal and valence.
And third, they can extend the platform to correlate EEG cognitive
load with hazard recognition skills to determine low mental cog-
nitive load situations on the construction site.

Data Availability Statement

Some or all data, models, or codes that support the findings of this
study are available from the corresponding author upon reasonable
request.

Fig. 12. Features selected by sequential forward feature selection ver-
sus channels corresponding to hazard recognition.

Future Directions

Checking the correlation 
between arousal, valence 
and hazard recognition

Identifying the hazard types 
that are correlated with 

high arousal and valence

Identifying EEG cognitive 
load correlation with hazard 

recognition skills

Fig. 13. Future research directions.
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