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1. EXECUTIVE SUMMARY
1.1 Objective:
The objective of my work was to study eye tracking in headset augmented reality (AR) with the
goal of developing user and environment-aware AR applications, specifically through two
aspects:
1.) Using eye tracking metrics to detect mental fatigue in headset AR users
2.) Measuring the impact of environmental lighting conditions on headset AR eye tracking
efficacy
1.2 Related Work:
Video-Based Eye Tracking: Eye tracking encompasses the process of collecting measurements
for estimating where an individual is looking, the rotational position of his/her eyes are, and the
state of his/her eyes [9]. The least invasive method is through video-oculography, which uses
infrared imaging to detect reference points in cornea reflections [8]. This kind of video-based eye
tracking is becoming increasingly accessible as this technology is made commercially available
as standalone desktop devices, head-worn devices, or integrated into wearables such as Microsoft
Hololens, MagicLeap One, and Google Glass [8, 21, 26]. Previous works have considered
algorithms that implement and improve pupil-detection in video-based eye tracking, generation
of synthetic eye datasets for training machine learning-based detection models, and the accuracy
and precision of standalone desktop and head-worn eye trackers [1, 2, 3, 6, 7]. However, these
works do not cover how the efficacy of video-based eye tracking that is integrated into AR
headsets may be impacted by environmental conditions.
Fatigue Detection via Eye Tracking: Mental fatigue refers to the feeling of tiredness people may
experience during or after cognitive activities [12]. Previous works have studied
psychophysiological measures that reflect mental fatigue, including electroencephalography
(EEG) and eye tracking [12]. Previous studies have also focused on the use of unobtrusive
methods (primarily eye tracking) to track mental fatigue during tasks such as driving as well as
during natural viewing conditions for individuals of different age groups [12, 14, 16]. These
studies have focused on standalone desktop or head-worn eye trackers. While there has been
some work investigating the feasibility of using eye tracking to detect mental fatigue in
head-mounted displays, especially virtual reality (VR) devices, no study has yet investigated
mental fatigue detection via eye tracking in headset augmented reality applications [17].
Context-Aware AR: Context-awareness is one of the ways that would allow an AR application to
adjust to environmental, human, social, and system factors [18]. Some goals of context-aware
AR include making applications more ergonomic, reliable, and resource-efficient under a variety
of diverse and potentially changing conditions. As AR applications become more ubiquitous,
frequent context changes are expected as users move around to use their devices in different
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environments and for different purposes. Previous work has considered frameworks for
developing context-aware mobile AR, as well as user interfaces that adapt to background or
environment content [10, 19, 36]. These works do not yet consider how tracking performance
may be impacted by environmental conditions, especially in headset AR.
1.3 Motivation:
Workers in many industries suffer fatigue at the workplace, impacting productivity, well-being,
and safety. As AR technology advances, its applications will be more widely adopted by a
variety of workplaces and users. While this is an exciting development with the potential to
transform how humans interact with technology, this also presents the opportunity and challenge
of understanding user fatigue in AR. Past studies have shown that eye tracking is an unobtrusive
way to monitor mental fatigue [12-16]. Modern commercially-available headset AR systems are
equipped with eye tracking functionality, but there has not yet been work focused on using eye
tracking for monitoring users’ mental fatigue while using AR applications [17].
Furthermore, AR has the potential to impact a wide-range of industries, ranging from industrial
applications to consumer use. In order for AR to achieve wider mass-market adoption, it must
perform reliability in a variety of diverse conditions [9, 12] . This includes eye tracking, a key
functionality implemented in many commercially-available AR systems that enable not only
detection of cognitive attributes such as engagement, mental workload, and fatigue (as
demonstrated in the first study presented here), but also greater immersion through gaze-based
user interactions [4, 14, 21]. Therefore, it is important to understand the impact of environmental
conditions on eye tracking efficacy, as a first step to developing more reliable, context-aware
AR. Past studies have shown that factors such as the users’ age, room environment, eye color,
contact lenses, and operating distance have an impact on the performance of desktop and mobile
eye tracking systems [4, 6, 12]. However, no studies have yet to consider how environmental
conditions impact eye tracking performance on headset AR systems.
My work focuses on eye tracking in headset AR, in particular using the MagicLeap One system.
To the best of our knowledge, this is the first study that investigates the detection of user fatigue
through eye tracking in headset AR, as well as the impact of environmental lighting conditions
on eye tracking efficacy in headset AR.

2. BACKGROUND
2.1 Eye Tracking:
“Eye tracking” is a term that encompasses the process of measuring where an individual is
looking (point of gaze), where his/her eyes are, and the state of his/her eye (including pupil size)
[9]. Eye tracking has been used extensively for decades in the fields of cognition, medical, and
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psychological research [4]. Recent advances in technology have enabled more accurate eye
tracking. There are three classes of existing eye tracking solutions:
Video-oculography (VOG): VOG is a video-based approach to eye tracking that is the most
popular and widely adopted in commercial systems [8]. This method utilizes an infrared light
emitting diode (LED) to transmit and reflect light off a subject’s cornea, as well as an
infrared-sensitive camera to capture images of his/her eyes [3]. The positions of these corneal
reflections are almost constant during eye movements, so they are utilized as reference points for
measuring pupil movement [3, 8]. Eye movement can be estimated by the change in the positions
between the pupil center and corneal reflections [8]. VOG technology is often found
commercially in three form factors: as standalone stationary trackers mounted beneath computer
screens or on car dashboards; as standalone head-mounted devices (e.g. Pupil Labs Core); as
integrated trackers in head-mounted displays [3, 4, 6, 8, 11, 14, 22].
Electro-oculography (EOG): Electric potential on the skin around the eye changes when the eye
moves [8]. EOG utilizes electrodes placed on the skin to measure changes in electric potential,
and these readings can be used to estimate angular position of the eye [3]. While this method is
more computationally efficient, it suffers from poor ergonomics and accuracy due to interference
from facial muscles and head movements [3, 8].
Scleral search coils (SSC): SCC requires the user to wear contact lenses embedded with
magnetic field sensors [23]. A magnetic frame is then placed around the user, and the magnetic
field sensors provide readings that can be used to estimate eye movement [24]. While SCC is the
most accurate tracking approach, it is also the least ergonomic as it requires the use of topical
anesthetics [8, 23, 24]. Thus it is impractical to use SCC in typical sensing scenarios in a
commercial or consumer environment.
2.2 Eye Tracking in Augmented Reality:
Recent technological advances in infrared cameras that can produce high-quality images,
consume a low amount of power, and are small in size have enabled the integration of
video-based eye tracking functionality in head-worn devices such as smart glasses and AR/VR
[5, 9, 21]. Eye tracking functionality integrated in AR has already enabled improvements in
ergonomics, computing resource management, and power consumption [9]. For example,
tracking where a user is looking allows an AR application to use a selective graphics architecture
that only renders visuals in the area that can be seen, thus alleviating computational
requirements, reducing power consumption, and enabling greater flexibility in device thermal
management [9, 10]. State-of-the-art eye tracking in AR also allows for user intent prediction,
leading to the design of intuitive user experiences that utilize this data [9-11].
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Thus, eye tracking has become a core feature in modern headset AR systems including the
MagicLeap One and Microsoft Hololens [21, 25]. The user-centered data that eye tracking
provides also plays an important role in the development of context-aware AR, which aims to
have AR applications that adapt to user, environmental, social, and system factors [18].
2.3 Gaze Estimation:
In video-based eye tracking techniques, infrared images of the eye are gathered and processed
through an eye tracking pipeline that includes appearance-based (i.e. eye part segmentation) and
geometric components (cornea, pupil, and gaze estimation) [3, 8]. Traditionally this is done using
computer vision techniques that utilize eye landmark detection heuristics and geometric eye
models [1, 3]. Recent studies have investigated the use of deep neural networks to estimate eye
gaze, specifically from images captured from off-axis cameras, which is the case for many
integrated eye trackers in AR headsets such as the MagicLeap One [1, 2]. There have also been
studies that focused on alternative approaches, such as utilizing multiple low-resolution eye
images combined with a learning-based gaze estimation network, or directly mapping 2D pupil
positions to 3D gaze directions [3, 27]. The majority of previous work has focused on the use of
standalone stationary VOG trackers [4, 6, 12]. In recent years there has been more research into
the use of head-worn and integrated AR eye trackers for gaze estimation [12].
Furthermore, the state of a person’s gaze may be classified as either fixation or saccade [28, 29].
Fixation is the process of maintaining gaze on a single location, while saccades are rapid
movements of the eye [28, 29]. Regular eye movement consists of both fixation and saccades,
often alternating between the two states [28, 29]. Gaze metrics available from the MagicLeap
One headset include gaze points, gaze direction, and gaze confidence [21]. However, fixations
and saccades are not available and require specialized eye trackers.
2.4 Gaze Estimation Quality Metrics:
There are four common components to gaze estimation data quality: spatial accuracy, spatial
precision, temporal accuracy, and robustness [4]. Spatial accuracy refers to the difference
between the true gaze point and the recorded gaze point [4]. Spatial precision is the deviation
between repeated samples of gaze point location when the true gaze point is held constant [4].
Temporal accuracy refers to the difference in timing of recorded gaze events and when they truly
occurred [4]. Lower differences indicate higher precision and accuracy, which is more desirable.
Finally, robustness refers to the amount of recorded data relative to invalid, corrupt, or lost data
during the measurement process [4].
Poor quality in gaze estimation can lead to numerous issues, especially when eye tracking is
deployed in an AR application. For example, poor spatial accuracy creates errors in determining
the true gaze point, leading to potential problems in AR interaction that rely on it [4, 9]. Poor
spatial precision leads to noisy data and can negatively impact the performance of

5

fixation/saccade detection algorithms or adaptive rendering architectures (as described
previously) that rely on it [4, 9]. Low temporal accuracy can lead to delay or “lag” in these same
features, greatly hindering application usability and performance [4, 9]. Finally, poor robustness
directly reduces the usefulness of eye tracking, depending on the proportion of data lost [4, 9].
Previous studies have calculated spatial accuracy as the average distance between a target object
where a participant is looking (ground truth) and the recorded gaze location [7]. For spatial
precision, standard deviation was used along individual axes as well as in multiple dimensions
[4, 7]. Past work has also shown that factors such as testing room environment, eye color, contact
lenses, and operating distance may negatively affect these quality metrics [6, 12].
2.5 Fatigue Detection
Previous research in fatigue detection has mainly focused on two paradigms: (1) inferring mental
fatigue through monitoring fatigue-correlated metrics such as task performance; (2) using
psychophysiological measures [12]. The first may involve the usage of specific
“fitness-for-duty” tests that assess a user on executive functions like attention, hand-eye
coordination, or memory [32]. Or, alternatively no additional tests are required and mental
fatigue may be inferred during regular activity using similar metrics [31]. While these methods
have shown success, more recent studies have suggested that mental fatigue may not always
impact certain fatigue-correlated metrics, such as task performance [12].
Thus, the use of psychophysiological measures have been suggested to be the more desirable
approach [32]. These measures can be further divided into two categories:
electroencephalography (EEG) and eye tracking [12]. EEG works by recording changes in brain
waves (theta and alpha activity) that occur when an individual grows fatigued [32]. EEG has
been shown to be highly accurate for fatigue detection, but this technique requires the use of
bulky sensors that are time-consuming to apply and uncomfortable to wear in real-world daily
use scenarios [12]. Also considering that eye tracking technology is already implemented in
commercially-available AR headsets, it is therefore the more desirable option for fatigue
detection.
Previous works have found several fatigue-correlated eye tracking measures: pupil metrics,
blinking behavior, and oculomotor-based metrics [12]. Specifically, increased fatigue has been
found to lead to reduced pupil size, longer and more frequent blinking, and slower saccade
velocities, respectively [12, 33]. Of these, previous research has found that blinking was the best
indicator of fatigue [12].
Blinking and pupil size can be easily tracked using commercially available eye trackers,
including those integrated into AR headsets like the MagicLeap One [21]. Like the MagicLeap
One, Microsoft Hololens also provides gaze tracking data, but it does not detect pupil diameter,
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which is why it was not chosen for the user studies presented [25]. However, saccades can not be
measured by these relatively lower-cost eye trackers [12, 28]. More specialized trackers capable
of high sampling rates (i.e. 1 kHz - 2 kHz) are required due to the rapid movement of the eyes
during saccades [12. 28]. Eye trackers like the one built-in to the MagicLeap One are only
capable of up to a 30 Hz sampling rate [21]. Thus, saccadic and other oculomotor metrics are
difficult to use and not currently feasible for application to AR.
2.6 Implications of Mental Fatigue
Mental fatigue is a growing health issue that is associated with a high public health cost [12, 34].
Past studies have found that mental fatigue can negatively impact safety, behavior, and cognitive
performance in the workplace [12]. Some estimates suggest that fatigue-related accidents have
cost over $31 billion in the United States [12, 34]. Moreover, mental fatigue is associated with
dangerous accumulations of stress and cognitive decline later in life, severely impacting an
individual’s well-being [12, 35]. Thus, it is important to study mental fatigue and investigate
ways in which it can be detected and alleviated. Given that AR applications have been proposed
for a wide variety of industries, this presents the opportunity to examine whether fatigue
detection can be built into AR.

3. METHODS
I conducted two user-based studies, both approved by Duke University’s Institutional Review
Board. The first investigated the use of headset AR eye tracking metrics to detect mental fatigue
while the second focused on the impact of environmental lighting conditions on headset AR
tracking efficacy. The hypotheses were as follows:
User Fatigue Detection via Headset AR Eye Tracking:
1. Eye tracking data quality from the MagicLeap One headset will be sufficient in tracking
fatigue-correlated metrics, as described in (2).
2. Based on results from prior studies, a decrease in pupil diameter and increase in blink
duration and frequency is expected as participants become mentally fatigued.
3. Task performance will be negatively impacted by increases in mental fatigue.
4. The activity of watching a video may induce mental fatigue.
Environmental Lighting Impact on Eye Tracking Efficacy:
1. Eye tracking data quality from the MagicLeap One headset will be sufficient in tracking
gaze metrics, as described in (2) and (3).
2. Gaze estimation accuracy and precision will be highest/best at moderate levels of ambient
light, worst in low light, and intermediate in bright ambient light.
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3. Gaze estimation accuracy and precision will be highest at points closer to the center of an
individual’s field-of-view (FOV). As points move farther away from this center, accuracy
and precision will decrease.
3.1 User Fatigue Detection via Headset AR Eye Tracking
3.1.1 Participants and Location
Eight adults from Duke University aged 18-24 (6 male, 2 female) were recruited to participate in
this experiment. All user trials were conducted in the Intelligent Interactive Internet of Things
(I^3T) Laboratory located in Room 443 of the Wilkinson Building on Duke University’s campus.

Figure 1. Wilkinson Building Room 443, approximately 6 m X 15 m

3.1.2 Entry Survey
All individuals were asked to confirm their informed consent and complete a short survey prior
to their participation. This survey asked participants for sight-related health conditions,
familiarity with AR/VR, amount of sleep received the night prior to the experiment, and
demographic information. This survey also asked the participant to rate their current level of
mental fatigue on a 1 - 10 scale, with 1 being not fatigued at all and 10 being extremely fatigued.
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3.1.3 Experimental Setup
Each participant completed a single session of the user study, which consists of seven phases
conducted in the following order:
1. Entry questionnaire
2. First AR user task
3. Post-task questionnaire
4. Fatiguing activity
5. Post-activity questionnaire
6. Second AR user task
7. Exit questionnaire
The entry questionnaire (1), post-task questionnaire (3), post-activity questionnaire (5), and exit
questionnaire (7) each asked the participant to rate their level of mental fatigue at that given time
on a 1 - 10 scale, with 1 being not fatigued at all and 10 being extremely fatigued. The two AR
user tasks (2, 6) asked the users to complete an AR-based activity that simulated a warehouse
inspection task which may be commonplace in an industrial setting (see section 3.1.2). The
fatiguing activity phase asked the user to complete a task designed to mentally fatigue him/her
(see section 3.1.3). This experimental setup was designed based on similar procedures from
previous studies on eye tracking for mental fatigue detection [12-16].
3.1.2 Augmented Reality Task
For each of the two AR user tasks, participants were asked to perform a simulated warehouse
inspection task that was designed to mimic an AR application that may be used in a real-world
industrial setting. The AR tasks were completed by participants using a MagicLeap One AR
headset. Participants were instructed on how to use the headset prior to each session. A visual
calibration was performed prior to each session as well to ensure comfort and eye tracking
accuracy. I developed the custom AR application used in this phase with Unity 3D development
platform (version 2021.3.0f1) and the MagicLeap Lumin software development kit (version
0.26.0).

Figure 2. MagicLeap One AR headset in use
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The AR task is centered around locating ten items (via a six-digit item ID number) based on AR
inventory lists (bins) placed evenly spaced around the room. Each bin is an AR object with text
indicating the bin number (1 to 10) and which item IDs it contains. Each bin contained five item
IDs with no duplicates. Each item ID appeared exactly once in each trial. All item IDs were
generated, partitioned for each bin, and selected to be located using a pseudorandom number
generator prior to each session.
Prior to each task, the participant was given a clipboard, pen, and sheet of paper printed with a
list of ten item IDs. The participant was then asked to locate each of the item IDs amongst ten the
bins, and record the bin number on the paper. Each participant was instructed to wear the AR
headset at all times during the task. A total of five minutes was allotted to complete the task, but
users were allowed to finish early. Participants were allowed to walk around the room, but were
instructed to look for items in a consecutive fashion according to bin number. Participants were
not allowed to “go back” to a certain bin after they have moved on to the next one. The purpose
of this was to eliminate variation in data due to differences in task completion strategy and
movement around the room.

Figure 3. Layout of AR elements in the
simulated warehouse inspection task

Figure 4. Screen capture of an
inventory list from custom AR app

3.1.3 Fatiguing Activity
The fatiguing activity asked users to watch a warehouse safety training video that was 21
minutes in length [30]. This phase of the experiment was designed to mentally fatigue the user.
The content of this video was selected for this purpose due to its use of corporate jargon,
repetitive nature, and slow pacing. The video was played on a widescreen computer monitor, and
participants were not allowed to control the playback of the video in any way. No “progress bar”
was visible such that participants could easily determine what proportion of the video had been
played at any given time. Participants were instructed to wear the MagicLeap One AR headset
during video playback. The purpose of this was twofold: to allow for the collection of eye
tracking metrics from the headset during this phase (see section 3.1.4); and to ensure consistency
in each participant’s experience throughout all phases of the experiment.
10

3.1.4 Data Collection
Eye tracking metrics were recorded for the duration of the fatiguing activity and both AR user
task phases using the MagicLeap One AR headset. The custom AR application I created
recorded blink metrics (time, rate, duration) and pupil diameter (left, right, average) at a 30 Hz
sampling rate.
3.1.5 Task Performance
Task performance was measured using two metrics: task completion accuracy and time to
complete. Accuracy was determined by the percentage of correct item ID to bin matches. Time to
complete was measured by taking the difference of two manually recorded timestamps at when
the AR user task begins and ends.
3.1.6 Data Analysis
Data analysis and visualization were conducted via Python script. Each of the eight sessions had
recorded eye tracking metrics for the first AR user task, second AR user task, and fatiguing
activity. Data for pupil diameter and blink metrics (times, count, and duration) were considered
in 30 second intervals over the duration of each phase. 30 second intervals allow for enough time
such that randomness in pupil size and blinking is reduced between samples and is short enough
such that trends may be observed over the duration of each phase. Each eye tracking metric was
plotted with respect to time. Lastly, changes in fatigue levels and task performance were
computed.
3.2 Environmental Lighting Impact on Eye Tracking Efficacy
3.2.1 Participants and Location
Four adults from Duke University aged 18-24 (4 male) were recruited to participate in this
experiment. All user trials were conducted in the Intelligent Interactive Internet of Things (I^3T)
Laboratory located in Room 443 of the Wilkinson Building on Duke University’s campus.
3.2.2 Entry Survey
All individuals were asked to confirm their informed consent and complete a short survey prior
to their participation. This survey asked participants for sight-related health conditions,
familiarity with AR/VR, and demographic information.
3.2.3 Experimental Setup
Each participant’s session was divided into three phases:
1. Pre-session survey, training, and calibration
2. Experimental task and data collection
3. Post-session feedback
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During the pre-session phase (1), participants were asked to take the entry survey. Special
attention was made to questions regarding the participant’s familiarity with AR/VR and any
vision or health related issues. Then, participants were instructed on how to wear and use the
MagicLeap One AR headset. A visual calibration procedure was run next to ensure participant
comfort and accurate data collection. Lastly, the experimental task procedure was explained,
with opportunity for the participant to voice questions or concerns.
Next, during the experimental task and data collection phase (2), participants were instructed to
look at the center of targets that appeared on an AR-based “screen” (1 meter X 0.667 meters),
which is an AR object on which a 2D animation is played (see section 3.2.4). Participants stood
at a consistent distance (2.5 meters) away from this AR object and were instructed to refrain
from moving their head during the trial. Each trial lasted for the duration of the animation. In
addition, participants were given control of when each animation began, by clicking the bumper
button on the MagicLeap controller. This procedure was repeated five times for each of three
ambient lighting conditions:
Trial Number

Lighting Condition

1 to 5

Low (25 Lux)

6 to 10

Medium (30 Lux)

11 to 15

High (72 Lux)

Table 1. Fifteen trials and their corresponding lighting condition

Thus, a total of fifteen trials were conducted with each participant. Between each trial, the
animation was reset and the participant was given a short break of two minutes. The lighting
condition of the room was only adjusted after trial no. 6, trial no. 10, and trial no. 15.
Overhead lights in the room were adjusted to create the lighting condition specified in Table 1
according to readings from an Adafruit BH1750 ambient light sensor mounted in the position the
participant would stand, facing the AR “screen”. The light sensor was only present between and
after trials when the lighting condition was being adjusted, and it was purposefully removed
during each trial to reduce distractions for the participant. Light levels were recorded from the
sensor using an Adafruit Feather RP2040 microcontroller board connected to the serial monitor
of a Windows PC.
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3.2.4 Animation and Target Features

Figure 5. Layout of 3 X 3 grid where targets appear. Order of appearance is labeled in white font, which is for
illustration purposes only and not part of the target itself or seen by participants prior

The animation consists of nine black circular targets presented on a white background. Each
circular target was of even size (58 pixels X 58 pixels) and distributed evenly in a 3 X 3 grid
configuration (see Figure 5). The distance between each target center was 0.364 meters
horizontally (X axis) and 0.385 meters vertically (Y axis). The entire animation had a resolution
of 640 pixels X 360 pixels, which was scaled down from the original resolution of 1980 pixels X
1080 pixels due to limited rendering capabilities of the MagicLeap One AR headset.

Figure 6. Screen capture of starting screen in custom AR application, before animation begins playing

At the beginning of the animation, all targets are visible for three seconds. Then, targets are
presented individually in a consecutive fashion, from 1 to 9 (see Figure 5). Each target remains
13

on-screen for 10 seconds during which valid eye tracking data is collected (see section 3.2.5). To
help with transitioning between targets, a 0.5 second fade animation is applied when targets first
appear. In addition, the targets first appear as an orange color (R: 255 X G: 160 X B: 0) for two
seconds before the color is cross-faded to black. No valid data is collected during this transition
consisting of the fade animation and orange color state. This transition was designed to guide the
participant’s gaze to the next target and allow the participant to make necessary adjustments and
“settle” their gaze, thus reducing variation that may arise in the data due to these factors.When
the animation ends, the AR “screen” is cut to a dark color, removing it from the MagicLeap One
AR headset’s field of view.

Figure 7. Comparison of two screen captures from custom AR application, with example of black-colored target
(left) and example of orange-colored target (right)

3.2.5 Data Collection
Data collection was achieved via the same custom AR application I created that plays the
animation on the AR “screen”. Gaze metrics (gaze point location and gaze confidence) were
collected via MagicLeap’s MLEyes application programming interface (API). Pupil diameter and
blink metrics (times, count, and duration) were also collected as information that may help
inform explanations for variations in gaze. Data was collected for the duration of each trial.
3.2.6 Data Analysis
Data analysis and visualization were conducted via Python script and Microsoft Excel 365
spreadsheet software. Gaze point data was first used to generate plots along the X, Y, and Z axes
as well as three dimensionally. Then, accuracy and precision metrics were calculated for each
participant’s trial and target point. Specifically, standard deviation (precision metric) in gaze
location was computed along each of the X, Y, and Z axes for each of the nine target points. In
addition, standard distance (accuracy metric) was computed two-dimensionally for the X and Y
axes. Standard distance is computed by the following equation, where SD is standard distance, Xi
is a particular data point in the X dimension, X̅c is the mean value along the X axis, Yi is a
14

particular data point in the Y dimension, Ȳc is the mean value along the Y axis, and n is the total
number of data points.

Computed precision and accuracy metrics were then aggregated by ambient light levels (low,
medium, high) and target point (numbered 1 to 9).

4. RESULTS
4.1. User Fatigue Detection via Headset AR Eye Tracking
4.1.1 Entry Survey Results
From the entry survey, none of the participants required glasses for short distances, had any
eyesight related health conditions, or were sensitive to flashing images. Six of eight participants
were undergraduate students. One participant indicated no familiarity with AR or VR, while
other participants reported varying degrees of familiarity, ranging from <1 to 10 hours of prior
usage. For the night prior to the experiment, two participants reported receiving 4 - 6 hours of
sleep, four participants reported receiving 6 - 8 hours of sleep, and two participants reported
receiving more than 8 hours of sleep.
4.1.2 AR User Tasks
When comparing eye tracking data from the second AR user task with the first AR user task, the
results showed a net decrease in mean blink rate (∆ -1.35 blinks per minute) and increase in
mean blink duration (∆ 63.16ms per blink). There was also a net decrease in mean pupil diameter
(∆ -0.57 mm).
4.1.3 Fatiguing Task
Eye tracking metrics collected during the fatiguing task exhibited trends consistent with the
hypothesis, as shown below in Figure 8 and Figure 9. There was a direct negative correlation
between time and average pupil diameter over 30 second intervals, while there was a direct
positive correlation between time and blink count over 30 second intervals.
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Figure 8. Pupil diameter during fatiguing task

Figure 9. Blink rate during fatiguing task

4.1.4 Reported Fatigue
All participants reported an increase in fatigue (mean difference of 2.5 on a 1-10 scale) as a
result of the fatiguing activity. Performing the AR user task reduced reported user fatigue by a
mean difference of 0.125 for the first AR user task, and 1.0 for the second AR user task.
4.1.5 Task Performance
2 of 8 participants completed the second AR user task 10% more accurately than the first user
task, while there was no difference in accuracy for the other participants. Half of the participants
completed the second user task an average of 17.75 seconds faster, while the other half
completed the second user task on average 25 seconds slower.
4.2 Environmental Lighting Impact on Eye Tracking Efficacy
4.2.1 Entry Survey Results
From the entry survey, none of the participants required glasses for short distances, had any
eyesight related health conditions, or were sensitive to flashing images. All four participants
were undergraduate students who had moderate familiarity with AR/VR (approximately 10 hours
of prior usage).
4.2.2 Precision
Standard deviation for each target point was compared across low, medium, and high ambient
lighting conditions. See Figure 10 for this data visualized by axis. The results showed that the
low light condition resulted in the worst precision (standard deviation of X: 0.0912 meters, Y:
0.0713 meters, Z: 0.5215 meters) followed by the high lighting condition (standard deviation of
X: 0.0708 meters, Y: 0.0747 meters, Z: 0.3247 meters). The medium lighting condition resulted
in the best precision (lowest standard deviation at X: 0.0479 meters, Y: 0.0379 meters, Z: 0.2546
meters). This is better seen in Figure 12. When examined per point and per axis, notable
exceptions include Point No. 2, Point No. 7, and Point No. 9 which all had the largest standard
deviation in the medium lighting condition for two axes.
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Figure 10. Precision (standard deviation) for each target point, measured across low, medium and high ambient
lighting conditions for X (top), Y (middle), and Z (bottom) axes
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Figure 11. Standard deviation for each point, averaged across low, medium, and high ambient lighting conditions

Figure 12. Average standard deviation per light condition, measured across all points

Another trend is that points farther away from the center of the AR screen or the user’s FOV tend
to have lower precision. This can be observed in Figure 11. Point No. 5 was at the center of the
screen and had the highest precision (standard deviation of X: 0.0449 meters, Y: 0.0389 meters,
Z: 0.1994 meters). Points No. 1, 3, 7, 9 were farthest from the center and had low precision. In
fact, Point No. 3 had the highest standard deviation of all the points. Points No. 2, 4, 6, and 8 had
varying degrees of precision in-between the extremes.
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4.2.3 Accuracy

Figure 13. Standard distance for each point and light level

Figure 14. Standard distance averaged across light levels, for each point

Figure 15. Standard distance averaged across points, for each light level
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The results for standard distance (accuracy) are similar to that of precision. When averaged
across points for each light level (Figure 15), the results show that accuracy is the worst in
low-light conditions (2D standard distance of 0.1249 meters), followed by high light levels (2D
standard distance of 0.1065 meters) and medium light levels (2D standard distance of 0.0648
meters). However, unlike that of precision, when this data is separated by point (Figure 13), the
impact of light levels on accuracy is less clear. Lastly, the accuracy results for each point,
averaged across all light levels (Figure 14) mirror that of precision: points closer to the center of
the AR screen tend to have greater accuracy.

5. DISCUSSION
5.1 User Fatigue Detection via Headset AR Eye Tracking
The results from this user study showed that first, the MagicLeap One headset was capable of
gathering eye tracking metrics of sufficient quality for the purpose of finding connections
between fatigue-correlated measures. Furthermore, there was a decrease in pupil diameter and
increase in blink time correlated with increased fatigue, which was consistent with the
hypothesis. This study has also shown that the video watching-based mentally fatiguing activity
was effective in inducing mental fatigue amongst participants. However, a correlation between
task performance and mental fatigue was not shown, primarily due to unforeseen limitations in
the design of the experimental task. Instead, this study has also shown that certain activities (i.e.
the AR user tasks) may reduce user fatigue by changing the cognitive load placed on the user.
This suggests that by varying the nature of an activity on a regular basis, users’ mental fatigue
may be reduced by keeping the user attentive. This finding is consistent with findings from past
studies on attention and fatigue [12 - 16].
5.2 Environmental Lighting Impact on Eye Tracking Efficacy
The results from this second user study confirm the hypotheses. Gaze estimation accuracy and
precision was correlated to both lighting condition and target point position. Specifically,
accuracy and precision were both highest in medium lighting conditions and performed the worst
in low-light. This could be due to the MagicLeap One headset utilizing room light for
environment/depth mapping. In low-light conditions, environment mapping may be erroneous,
and therefore gaze estimation that is reliant on computed gaze vectors intersecting with a virtual
mesh of the surrounding environment will also be inaccurate and imprecise. For bright lighting
conditions, the error may arise from the fact that pupils constrict when exposed to more intense
light. Thus, pupil center detection may be less accurate and precise, depending on the image
captured by the eye tracking camera. Moreover, bright lighting conditions may also introduce
infrared noise which may interfere with the eye tracking system. Therefore eye tracking efficacy
is highest when lighting conditions are intermediate.
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Variation in gaze estimation quality due to target position could be caused by the angles the eye
must be in to focus on a target farther from the center of an individual’s FOV. The eye tracking
cameras may not be able to capture a clear image of the eyes/pupil when it is positioned at these
angles, thus reducing measurement quality. These results are consistent with findings from
previous studies using standalone eye tracking systems [6, 12].

6. CONCLUSION
The findings of these two user studies show that eye trackers embedded in headset AR devices
may be used for user fatigue detection and that eye tracking quality is affected by lighting
conditions of the environment as well as target position. This has implications in context-aware
AR, specifically:
1. Headset AR applications may want to adapt content to reduce mental fatigue in the user
(e.g. simplifying user interface or reducing number of virtual objects). This may be done
through the eye tracking system already embedded in AR devices.
2. When user interface (UI) elements rely on gaze estimation for interactivity, changing
light levels and target positioning may make it difficult for the user to focus on the
intended gaze location. Thus, AR applications may want to adapt UI content (e.g. make
targets larger or smaller) or modify the environment (e.g. brighten or dim an
internet-enabled light bulb located nearby) to maintain a good user experience by
ensuring eye tracking quality.
The main limitation of the studies presented are that they are limited in participants and scope.
Nonetheless, they can serve as pilot studies for future research into these areas. In particular,
further work is required in developing predictive models to detect user fatigue from eye tracking
metrics. In addition, more work is needed to better understand how to optimize UI interfaces or
internet-of-things (IoT) systems to adapt to changing eye tracking quality. As AR technology
advances and its applications become more ubiquitous, AR features need to work toward
promoting human well-being while working reliably under all conditions at all times in order to
gain greater appeal. The work presented here may help serve as a starting point to achieving this
goal.
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