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Elucidating the Effects of Augmented Reality
Head-Worn Display Factors on Performance, Trust,
and Behavior
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Ryan Schubert, Gerd Bruder, Michael P Browne, and Greg Welch

Abstract—Augmented reality (AR) display characteristics have
the potential to either enhance or impair users’ spatial abilities
and performance. While previous work included studies of spatial
performance with various display factors, evidence for objective
performance differences is limited due to compensatory behaviors
employed by users and overall behavioral differences. In general,
it is challenging to document the effects of display factors on task
performance as they depend on users’ task behaviors, which in
turn depend on users’ reliance and trust in the technology, which
are also affected by the display factors. In this paper, we present
two within-subjects experiments (each N=20) in which we aim
to elucidate some of the interrelations between two AR display
factors (field of view and visual contrast) with objective task
performance and subjective assessments of reliance and trust,
while controlling for different behaviors. Participants performed
a 360° search-and-selection task in a unique hybrid setup, in
which we simulated a controlled task environment by having
participants stand inside an immersive CAVE-like space while at
the same time wearing a head-worn display that overlaid AR tags
over the simulated environment. Specifically, we evaluated three
fields of view (43°, 93°, and 143°) and three visual contrasts
(0.05, 0.25, and 0.5). We controlled for four different behaviors:
AR-Only (only relying on AR), AR-First (prioritizing AR over
real world), Real-First (prioritizing real world over AR), and
Real-Only (only relying on real world). By controlling for these
behaviors, we were able to show objective and subjective benefits
of larger fields of view and visual contrast. We illustrate how
the controlled behaviors relate to users’ subjective reliance and
trust in an AR system, and why it is important for researchers
and practitioners to understand these subjective and behavioral
aspects.

Index Terms—Augmented Reality, Field of View, Contrast,
Performance, Search and Selection Task, Behaviors, Reliance,
Trust.

I. INTRODUCTION

HERE are a wide variety of augmented reality (AR)
systems in use that have different display configurations
and capabilities. While it stands to reason that some of these
AR display characteristics impact users’ spatial abilities and
performance, we have limited evidence on actual performance
differences. A prominent example is the field of view (FOV) of
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head-worn displays (HWDs) [1], [2], which has been theorized
to have a major impact on situational awareness, navigation,
and related aspects. However, studies investigating different
FOVs often found only limited differences in users’ objective
task performance [3]. Instead, researchers observed that users
seemed to compensate for limited FOVs by adapting their
head motion and search behavior, e.g., by increasing their
head movements when looking around in the environment [4].
We have even less evidence about subjective factors related to
these display configurations, such as how much users rely on
or trust AR systems, and what effects these subjective aspects
may have on users’ behavior with AR systems.

In this paper, we evaluate two AR display factors in terms
of their effects on trust and performance. First, we investigate
effects of different FOVs with a professional SA-147/S AR
HWD, which provides one of the widest horizontal FOVs
available at this time, allowing us to compare a range from
43° (the FOV of the Microsoft HoloLens 2) to 143°. Second,
we investigate effects of the visual contrast of the AR imagery
shown on the display, which in the scope of this work refers
to the luminance differences between the AR HWD and
the physical environment [2]. Arguably, both factors imply
different effects on human perception and cognition, which
may impact users’ spatial task performance and/or affect their
subjective sense of being able to rely on or trust the AR
system [2], [S]-[7].

Due to the complex interrelations between these AR display
factors, objective performance, and users’ subjective reliance
and trust in this technology, as well as implications for
potential compensatory behavioral adaptations, we decided
to evaluate these interrelations by controlling for different
behaviors in a visual search-and-selection task. In this context,
trust refers to the subjective attitude towards the system [8],
while reliance refers to the behaviors the user actually exhibits
in choosing whether or not to use the system [9]. Independent
of actual system utility, these factors can greatly alter a user’s
actual performance with any given system. We asked partici-
pants to implement behaviors that would result from different
trust attitudes, expressed as reliance patterns, discussed further
in Section II-A. In doing so, we were able to better isolate
in how far these AR display factors affect users’ performance
in a task that involves searching for and selecting targets in a
360° range around the user. We present two experiments (each
N=20), in which we evaluate the two AR display factors FOV
and visual contrast with respect to these behavioral differences.

Authorized licensed use limited to: University of Central Florida. Downloaded on July 15,2026 at 17:55:22 UTC from IEEE Xplore. Restrictions apply.
© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Transactions on Visualization and Computer Graphics. This is the author's version which has not been fully edited and

content may change prior to final publication. Citation information: DOI 10.1109/TVCG.2026.3703957

TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS, VOL. X, NO. X, AUGUST 2026 2

We describe both experiments in detail, including an analysis
of the objective and subjective data that supports the following
findings:
o Correlations between the AR display factors and users’
task performance,
« Correlations between the AR display factors and users’
sense of reliance and trust in the AR system, and
« Interaction with effects of users’ behaviors on task per-
formance.

In particular, by controlling for users’ behaviors, we were able
to show objective and subjective benefits of larger FOVs and
contrast. Further, we discuss why it is important for researchers
and practitioners to understand users’ reliance and trust in an
AR system as they influence corresponding task behaviors,
which can greatly affect users’ overall performance.

II. BACKGROUND

In this section, we provide background information on trust
and behaviors, and the two AR display factors.

A. Trust and Behaviors with Autonomous Systems

An AR system that assists the user with a visual search
task may broadly be considered an autonomous system, as
the AR system must track, identify, and display results to the
user without the user’s direct intervention. In the literature on
human-autonomous systems interactions, the dominant factor
in a user’s trust of the system is the perceived performance
of the system [10]. In this domain, however, we also find
that human perception of system performance is frequently
not calibrated with actual system reliability [11]. In AR,
system factors tied to the overall system’s performance have
been shown to have the potential to influence users’ reliance
and trust, usually in line with a perceived enhancement or
impairment of users’ performance [12]-[14].

Thus we find a similar potential gap in AR systems that we
would expect based on the larger human-system interactions
literature: if the user’s subjective impression of the AR sys-
tem is worse than the system’s actual performance, such an
attitude of undertrust may push users to ignore the system
(disuse) or demonstrate behaviors intended to compensate
for perceived (but imagined) inadequancies of the system,
ostensibly reducing the task performance [15], [16]. On the
other side of the spectrum, users may overtrust the AR system,
whereby they ascribe a higher level of competence to the
system than is otherwise warranted, using the system when
it should not be used at all (misuse) [17], [18]. Furthermore,
users’ reliance and trust are not necessarily static, for example
potentially changing during the course of a single task [11],
which in turn may cause them to change their behavior.
Thus when we consider the effects of AR display factors on
user performance, we must be careful to consider that AR
display factors may also present biases to the user in terms
of their perceived effectiveness of the system as a whole-
potentially changing the way that they use the system in the
first place. While such behavioral dynamics are interesting to
model and study, for the purposes of this work we decided to
control for the effects of differing levels of trust and reliance

by first carefully considering what different reliance patterns
resulting from different levels of trust in the system would
look like in a visual search task using AR cues. Then, we
instructed participants to model these behaviors as part of our
experimental design.

B. Reliance Behaviors with AR Spatial Cues in Visual Search

In visual tasks, a cue is a visual stimulus that serves
to guide behavior” [19]. A promising application of AR
technologies is the ability to display spatial cues within the
user’s field of view that provide information in a way that
is visually easier to access and use than cues originating
from the real world [12]. In wayfinding tasks, AR wayfinding
cues are easily designed to be visible, salient, and easy to
understand, [20] which may not be the case with real world
cues that may be difficult to see or require extensive synthesis
and interpretation. In visual search, AR cues may be registered
to real objects in an environment to make it easier for users
to search for and find these objects, especially in cluttered
environments or under time pressure. In such situations the AR
cue does not provide information that is not already present
in the real world; the user may nevertheless choose to rely
on the AR cue over their naked perception of the real world
and search for the AR cue first before searching for the actual
item itself. In fact, if the user trusts the AR system enough,
they may choose to fully rely on the system and declare the
task completed upon finding the AR cue without verifying
that the cue has correctly denoted the position of the real
search target. Alternatively, if the user demonstrates less-than-
complete frust in the AR cue, they would visually verify in the
real world that the search target is indeed where the AR cue
has indicated it to be. We may envision symmetry between
trust and reliance on AR cues, and trust and reliance on real
world cues. Users who rely primarily on real world cues will
first search for the target in the real world, only using the
AR cue to verify task completion if they do not completely
trust their perception of the real world. Users who completely
trust their own perception of the real, or conversely completely
distrust the AR cues, would never check the AR cue before
regarding the search task completed. We consider that different
levels of trust in AR cues and perception of the real world
may lead to different usage patterns even with a decision to
primarily rely on one information source over another. Figure 1
demonstrates these different behavior paths by which source
the user primarily relies on and the degree to which the user
trusts it. In this paper we use these behavior paths to help us
better understand whether the effects of AR display factors on
task performance may be modulated by a users’ reliance and
trust attitude towards the AR system.

C. AR Display Factors

Field of View. Human peripheral vision can be a rich and help-
ful source of visual information [21]. For instance, Jones et
al. [22] found that presenting information in peripheral vision
is important for calibrating movement within an environment.
While a narrow FOV may not be a primary cause of distance
misperception [23], presenting AR cues only in a limited
region of a user’s visual field may cause perceptual ambiguities
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Fig. 1: In the sequential visual task we used in our study, the AR user is presented with cues from two sources: the real world
(simulated in the CAVE) and AR (presented on the HWD). The user chooses to rely on either the AR or real world cues,
reflecting which they initially use to conduct the task. In the diagram, trust influences whether the user then confers with the
other cue source (AR cues if the user relied on real world cues, real world cues if the user relied on AR cues) before making a
decision. Together, the diagram traces four primary behaviors for using AR and real world cues to complete the task: AR-Only:
users rely on AR and fully trust the cues, meaning they only look at the AR cues. AR-First: users rely on AR but have limited
trust in the cues, meaning they double-check the AR cues by looking at the real world cues. Real-First: users rely on the real
world but have limited trust in the cues, meaning they double-check the real world cues by looking at the AR cues. Real-Only:
users rely on the real world and have full trust in the cues, meaning they only look at the real world cues.

or restrictions that impact different visual tasks [2], [24].
Additionally, the narrow FOV of an AR display can lead
to cognitive issues such as misjudging object speeds [25]
or increasing cognitive load [26]. Different studies, primarily
in immersive virtual environments, found performance and
behavioral differences due to FOVs. These include Covelli et
al. [27], who studied the effects of FOV on pilot performance
in training, and they found that a narrow FOV caused different
head movement patterns and different visual scan patterns.
Kishishita et al. [28] used a secondary visual search task
and observed task improvements for FOVs up to 100 degrees,
with diminishing improvements up to 130 degrees. Similarly,
Trepkowski et al. [29] observed higher search performance for
text and symbols and reduced numbers of overlooked search
targets. Moreover, researchers found that wide FOVs support
training performance, including Arthur [30], who showed that
a narrow FOV led to performance degradation when navigating
through a maze and visual search, and Ragan et al. [31], who
also found that larger FOV led to better performance in a
virtual reality training environment.

Visual Contrast. Apart from static or active dimming tech-
niques [32]-[34], optical see-through (OST) AR HWDs rely
on an additive light model, which means that the display emits
light that is added to the light a user’s eyes receive from the
real world [35]. That is, to produce an AR image of the proper
illuminance and color, the display aims to induce more light

on top of the light coming from the environment [35]-[37].
This means that when the physical background is well-lit,
such as outdoors in direct sunlight, the AR imagery displayed
by OST AR devices loses contrast [38], [39]. Users were
found to perform worse on AR tasks in brighter environmental
conditions because the AR imagery “washes out” or loses
contrast in these situations [40]. Kim et al. [41] showed
this effect for reading text with indoor lighting between 10—
3001x, and Gattullo et al. [42] showed it for reading text
with lighting between 1,000—4,0001x, which is comparable
to bright, indoor, industrial settings or dim overcast outdoor
lighting. Debernardis et al. [43] reported similar trends for text
readability, though without specific illuminance measurements.

III. EXPERIMENT E1: FIELD OF VIEW

In this section, we describe the first experiment, in which
we investigated the FOV display factor.

A. Participants

After initial pilot tests, we estimated the effect size of the
expected strong effects, and based on a power analysis with
G*Power 3 [44], we made the decision to recruit 20 partic-
ipants from our university community for this experiment.
We obtained participants’ demographics using ACM’s DIE
Demographics Questionnaire. Our 20 participants included
14 males, 5 females, and 1 preferred to not say, with ages
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Fig. 2: Annotated photo showing a participant completing the
experiment, wearing a Vision Products SA-147/S AR HWD
in our hybrid interaction space, while holding the controller
in their dominant hand. The environment showed simulated
humans arranged in a circle around the center of the simulation
space, while AR tags floating over their heads were presented
on the AR HWD.

between 18 and 40, M =26.65, SD=6.21. None of the par-
ticipants reported any visual, motor, or cognitive disabilities.
All of the participants had normal or corrected-to-normal
vision and none of them reported any visual or vestibular
disorders, such as color or night blindness, dyschromatopsia,
or a displacement of balance. The participants were either
students or non-student members of our university community
who responded to open calls for participation and received
monetary compensation for their participation. The experiment
took participants one hour to complete.

B. Material

As shown in Figure 2, the study was conducted within a
hybrid interaction space consisting of a CAVE-like 4 mx4 m
square simulation environment. Each of the four walls was
projected onto from edge to edge with NEC U321H ultra-
short throw projectors, at a resolution of 1080p per wall, or
7680x 1080 total resolution.

In this hybrid environment, participants also wore a Vision
Products SA-147/S OST AR HWD, allowing AR tags to be
registered with and presented above the heads of simulated
humans in the surrounding projected environment. The SA-
147/S uses four OLED microdisplays for a resolution of
3840x 1200 per eye, with a 33° vertical FOV and a 143°
horizontal FOV (53° binocular overlap).

The 6-DoF head pose was determined via a Vive Tracker
3.0 mounted on the HWD, along with two SteamVR Base
Station 2.0 units mounted in opposite upper corners of the

interaction space. An experimenter interface, all four projected
wall displays, and the two 3840x 1200 pixel video channels for
the SA-147/S were driven from a single BOXX APEXX X3
desktop computer via two Nvidia Quadro RTX 6000 graphics
cards. A Vive Pro controller provided tracked point-and-
click interaction input from the participant. The experimenter
monitored the session from a control room with live video
feedback of the participant in the simulation space.

Rendering and experiment control was performed using
the Unity engine (version 2021.3.2), which used SteamVR to
receive the real-time head pose, controller pose, and input from
trigger presses on the controller.

The simulated environment surrounding the participants
consisted of a desert landscape with ten simulated humans
standing in a spaced-out circle, ten meters away, at regular 36°
intervals around the participant (see Figure 2). The simulated
humans had subtly colored arm bands, five of them red
(RGBA: 255, 125, 125, 255) and the other five blue (RGBA:
125, 125, 255, 255), to separate them into two groups (red
team vs. blue team). The order of the colors was assigned
randomly. The scene displayed on the projected walls was
perspective-correct based on the user’s tracked head position.
The AR tags presented on the OST HWD were positioned to
match the simulation.

This hybrid CAVE/AR setup was chosen to balance eco-
logical validity with experimental control. Real-world outdoor
environments introduce uncontrolled variability in lighting,
reflections, and dynamic range, making it difficult to ensure
consistent conditions across participants. By using a CAVE-
like simulation combined with an OST AR HWD, we could
precisely control luminance and contrast while maintaining
key characteristics of real world interaction. These include
a separation between the source of AR content (the AR
device) and environmental stimuli (versus simulating both in
VR), full 360° immersion in the visual environment (versus
a single flat panel display), and the ability to see one’s real
body, such as the arms when pointing at things, during the
course of interaction (versus VR). This approach also enabled
systematic testing of fixed contrast levels representative of
practical ranges, which would not be feasible in uncontrolled
outdoor settings. While we acknowledge that absolute bright-
ness and dynamic range differ from real-world conditions,
this tradeoff allowed reproducibility and rigorous comparison
across participants.

C. Methods

We used a within-subjects design for our study with the
following display factor, baseline, and behaviors:

o Field of View (3 levels): We simulated the three different
horizontal FOVs of 43° (matching the horizontal FOV of
the widely used Microsoft HoloLens 2 HWD!), 93°, and
143° (the largest horizontal FOV supported by the SA-
147/S AR HWD). For all FOVs, the angular resolution
remained constant.

Uhttps://www.microsoft.com/en-us/hololens/hardware
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Fig. 3: Illustration of the different horizontal FOVs (43°, 93°,
and 143°) participants experienced in Experiment E1.

o Baseline (pre/post): We included two baseline tests
(before and after the experimental trials), in which par-
ticipants wore the AR HWD, but it was turned off, i.e.,
participants had to base their decisions entirely on the
environment.

« Behaviors (4 levels): Additionally to the display factors
listed above, we modeled the four considered behaviors
(see Figure 1) for completing the AR-supported visual
search-and-selection task in the scope of this study, which
correspond to different levels of reliance on the AR
system for the task together with lesser or higher trust
in AR:

— AR-Only: Participants completed the task with a focus
on the AR tags while disregarding the arm bands.

— AR-First: Participants completed the task by first look-
ing at the AR tag, then confirming their impression by
double-checking the arm band.

— Real-First: Participants completed the task by first
looking at the arm bands on the simulated humans’
arms, then confirming their impression by double-
checking the AR tag.

— Real-Only: Participants completed the task with a focus
on the environment while disregarding the AR tags,
i.e., they identified targets based on the color of the
arm bands on the simulated humans.

Details on the behaviors are provided below in Section III-C1.
We tested all behaviors in randomized order. For each be-
havior, we further randomized the order of the tested FOV
conditions. Each condition was tested twice, once while ro-
tating clockwise and once in counterclockwise direction to
avoid that our participants get entangled in the cables that
were suspended from the ceiling (see Figure 2).

1) 360° Search-and-Selection Task and Behaviors: The
selection task that participants were asked to perform within
the experiment space involved rapidly sweeping around the
full 360° surrounding environment, selecting all simulated
humans that were marked as red, while avoiding selecting any

simulated humans marked blue. Throughout the majority of
the experiment trials, the simulated humans were identifiable
as red or blue based on both a colored arm band as well as an
AR tag floating above their head. The AR tag was either a blue
rectangle or a red diamond and presented via the SA-147/S
AR HWD.

As discussed in Section II-A, the stimuli and task were
designed in the spirit of applications that leverage AR spatial
cues registered with real objects to support users’ spatial tasks.
While in such applications the AR cues technically provide
redundant information with the cues users can gain from the
environment, the AR tags have the benefit of being clearly
visible, salient, and easy to understand.

In baseline trials at the start and end of the experiment, no
AR tags were present, requiring participants to rely only on
the colored arm bands, as if they were not wearing an AR
display. Participants were timed for each individual trial (one
360° sweep) and were instructed to perform the task as quickly
and as accurately as possible. Each trial started with a click
on a “start” button and ended with a click on an “end” button.
Each trial was repeated twice, once in clockwise direction,
and once in counterclockwise direction. The characteristics of
the AR imagery presented to users in each trial were varied
according to the experimental conditions.

As AR users’ behavioral choices are affected by far too
many variables than could be controlled for in this study
to leave it up to the participants, we instead decided to
control participants’ behaviors directly. By that we mean that
we explicitly told our participants which behavior they were
expected to use, and we verified compliance in real time from
the control room, where the experimenter had live feedback.
Participants received supervised training with instructions until
we were confident they understood the tasks, after which they
completed multiple trials of the same pathway (constituting
one block). The illustrations we used to explain the behav-
iors to our participants are shown in Figure 4. In addition,
The task procedure for sweeping 360° in one direction per
trial was chosen to further increase control over participant
search behavior. Prior work demonstrates a strong effect of
individual differences on variance observed in visual search
task performance, including differences in search strategy [45].
By enforcing movement through the unidirectional sweeping,
we constrained the search strategy that participants could use.
Participants must move their bodies, and only move in one
direction, reducing the opportunity to use alternative strategies,
such as relying on frequent eye movements [45]. This way,
participant behavior is both constrained by the behavioral
pathway as well as the general strategy employed, decreasing
variance in performance due to factors outside those of our
investigation.

2) Objective Data: We measured the time it took partic-
ipants to complete a full 360° sweep of the environment in
each trial, i.e., the elapsed time from when they started the trial
by clicking the “start” button to when they indicated that they
are done by clicking the “end” button. We further logged how
many simulated humans marked red our participants missed
(false-negative; type II errors) and how many simulated hu-
mans marked blue they selected (false-positive; type I errors).
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= “In this condition, you don't trust the
AR tags at all. Hence, you ignore the
AR tags and look at the characters.”

+ Base your decisions exclusively on
the armbands of the characters.

+ (lgnore the AR tags.)

(d) Real-Only

Fig. 4: Illustrations of how the four general behaviors outlined in Figure 1 apply to the specific task we used in this experiment.
We used these illustrations to explain the behaviors to our participants: (a) AR-Only: participants were asked to scan the 360°
environment for AR tags while completely disregarding the arm bands; (b) AR-First: participants were asked to scan the
environment for AR tags but double-check the arm band each time they identified a potential target based on the AR tags;
(c) Real-First: participants were asked to scan the environment for arm bands but double-check the AR tag each time they
identified a potential target based on the arm band; (d) Real-Only: participants were asked to scan the environment for arm

bands while completely disregarding the AR tags.

3) Subjective Data: We collected subjective data from
our participants through questionnaires that they filled out
on a laptop after completing the search-and-selection trials
while still standing within the hybrid simulation environment
and experiencing the simulated humans and AR tags in the
corresponding FOV condition. We employed the following
questionnaires in this study:

TOAST Questionnaire [46]: The Trust of Automated Sys-
tems Test (TOAST) questionnaire provides an effective as-
sessment of whether users of a system believe they understand
the system and feel confident in its performance. Participants
read each of the ten statements and indicated on a 7-point
Likert scale the extent to which they disagree (1) or agree
(7) with each statement. This questionnaire is built around the
following two subscales, and is scored separately. To calculate
the subscale scores, the average of the responses to the items
in that subscale is computed, based on the method proposed
by Wojton et al. [46]:

o System Understanding: Higher understanding scores in-
dicate that the user has a high confidence that their trust
in the system is well calibrated.

o System Performance: Higher performance scores indicate
that the user trusts the system to help them perform their
task.

Single Item Questionnaires: We asked participants to further
rate their perception of the different experimental conditions
with respect to the following 7-point scales using a single item
each:

e Trust: On a scale from 1 (Not Trustworthy) to 7 (Very
Trustworthy), how much would you trust the AR system?

e Reliance: On a scale from 1 (cannot rely) to 7 (very
reliable), how much reliance on the AR system would
you have?

o Confidence: How would you rate your confidence in your
performance? (1=low, 7=high)
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o Difficulty: How would you rate the difficulty of the task?
(1=low, 7=high)

4) Procedure: Upon arrival, participants were first given
a physical copy of the informed consent document for the
study to read, which they and the experimenter signed to
confirm their consent to take part. The experimenter then
guided participants to the CAVE-like simulation environment
and verbally obtained consent to place the SA-147/S AR HWD
on their head.

The professional AR HWD was then adjusted for each
participant in the following way. First, the fit onto the head
was adjusted via knobs to tighten or loosen the back, sides,
and top. Next, the eye pieces were rotated down into place
in front of the user’s face. The positioning of the eye pieces
were then adjusted relative to the user’s eyes as follows: (1)
the angle (pitch) of the eye pieces was adjusted to be vertical,
(2) the height of the eye pieces was adjusted to match the eye
positions, (3) the eye pieces were adjusted backwards, towards
the participant’s face, to be close but not touching, and finally
(4) each eye piece was independently adjusted laterally while
the participant closed or covered the other eye to adjust to the
interpupillary distance (IPD).

Throughout the HWD adjustment, a rectangular 2D calibra-
tion image was presented to each eye, ensuring that the final
adjustments allowed the participants to see the AR imagery
sharply as well as all four edges. Once the HWD was adjusted,
the participants were instructed to look straight forwards at a
simulated horizon line and a one-time tracker pitch rotation
offset was set (boresight calibration).

Once the HWD adjustment and tracker calibration were
completed, the experimenter explained the search-and-
selection task, behaviors, and experimental conditions to the
participants. Participants were then allowed to practice the task
as many times as necessary to confirm they understood the
instructions and until they were proficient and comfortable
doing the task. The experiment itself consisted of baseline
tasks before and after a series of tasks combining the display
factors and behaviors as described in Section III-C.

Following the completion of the selection tasks, participants
were then given questionnaires for each FOV level experi-
enced. While answering the questions, participants remained
in the simulated space with the AR HWD on their head and the
FOV set to match the level of the current condition as a visual
reference. Finally, the AR HWD was removed and participants
answered a demographics questionnaire, were debriefed, and
given monetary compensation.

D. Results

We analyzed the responses with repeated-measures analyses
of variance (RM-ANOVAs) and Tukey multiple comparisons
with Bonferroni correction at the 5% significance level. We
confirmed normality with Shapiro-Wilk tests at the 5% level
and QQ plots. Degrees of freedom were corrected using
Greenhouse-Geisser estimates of sphericity when Mauchly’s
test indicated that the assumption of sphericity was not sup-
ported.

We found no significant difference between the clockwise
and counterclockwise trials as well as the pre and post

baselines, so we decided to pool the responses with respect
to our analysis.

We analyzed the task performance of our participants both
in terms of elapsed time and selection errors (type I and II)
as described in Section III-C2. However, we observed overall
less than 5% selection errors, and we found no significant
differences in errors between any of the conditions. Due to the
very limited errors, we believe that the elapsed times represent
the performance of our participants very well, so we decided
to focus on reporting our timing data and subjective responses.

1) Objective Data: The descriptive statistics for the elapsed
trial times are shown in Figure 6, and the statistical test results
are shown in Table 1.

Our results show significant main effects for the fields of
view and behaviors on elapsed time. Specifically, we found
that elapsed times were significantly higher for the 43° FOV
than the 93° and 143° FOVs. Further, we found that AR-Only
resulted in the significantly lowest elapsed time (i.e., highest
performance) compared to the other behaviors.

2) Subjective Data: The descriptive statistics for the sub-
jective responses are shown in Figure 5, and the statistical test
results are shown in Table 1.

Our results show significant main effects of the FOVs on the
System Performance subscale of the TOAST questionnaire as
well as our single-item questionnaires for Trust, Confidence,
and Difficulty. Specifically, we found that participants indi-
cated that they trusted the system to help them perform their
task significantly more for the 143° FOV than the 93° and 43°
FOVs. Further, they indicated significantly higher single-item
Trust scores for the 143° FOV than the 43° FOV, significantly
higher Confidence scores for the 143° FOV than the 93° and
43° FOVs, and significantly lower Difficulty scores for the
143° FOV than the 93° and 43° FOVs.

E. Discussion

In this section, we discuss the results of Experiment E1.

1) Fields of View: The results of Experiment E1 provide
clear evidence that the FOV of the AR HWD significantly
affects participants’ performance in a 360° field-of-regard
search-and-selection task. Our results show significant perfor-
mance improvements with a 93° FOV over a 43° FOV, but no
additional benefit of a 143° FOV over 93°. That is, objective
performance exhibits a plateau beyond 93°, while narrower
FOVs yield significantly worse outcomes. This plateau aligns
with, yet extends, prior FOV—performance research. Venturino
et al. [4] found that in a seated cockpit simulator, optimal
search performance with nine targets required FOVs above
60°, with diminishing returns thereafter. Our plateau emerges
at a higher threshold (93°), likely reflecting the greater
spatial demands of a standing 360° search with distributed
targets. More recently, Hoogendoorn et al. [47] compared
HoloLens 1 and 2 AR-FOVs during interaction with floor-
based holographic objects and found that the larger FOV
reduced compensatory head movements but did not improve
gait speed—a pattern consistent with our finding that beyond a
sufficient FOV, additional visual field yields diminishing task-
performance returns. Collectively, these results suggest that the
FOV-performance plateau is task-dependent and modulated by
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TABLE I: Statistical test results for Experiment E1 for the FOV display factor and behaviors.

Measures RM-ANOVA Factors dfs dfg F P nf, Pairwise Comparisons
Elapsed Time Two-way Field of View 2 38 7.03 0.003 0.27 | p=0.048: (93° FOV<43° FOV),
p=0.006: (143° FOV<43° FOV)
Behavior 3 57 28.13 | <0.001 | 0.60 | All p<0.001: (AR-Only<Real-Only),
(AR-Only<Real-First), and (AR-Only <AR-First)
o Of VIeW ™ | 382 | 7253 | 049 | 0.74 003 | N/A
ehavior
Systemj;%?igr];tanding One-way Field of View 2 38 1.28 0.29 0.06 | N/A
S TOAST One-way Field of View | 1.33 | 2526 | 730 | 0.007 | 028 | p=0.001: (143° FOV>93° FOV),
ystem Performance
p=0.017: (143° FOV>43° FOV)
Trust One-way Field of View 2 38 6.72 0.003 0.26 | p=10.024: (143° FOV > 43° FOV)
Reliance One-way Field of View 2 38 1.08 0.35 0.05 | N/A
Confidence One-way Field of View 1.33 | 27.96 | 10.23 | 0.001 0.35 | p=10.008: (143° FOV>93° FOV),
p =0.023: (143° FOV>43° FOV)
Difficulty One-way Field of View 1.43 | 27.11 | 9.33 0.002 0.33 | p=0.008: (143° FOV easier than 93° FOV),
p= 0.017: (143° FOV easier than 43° FOV)
‘ Field of View Levels: []43° [[o3° [M143° ‘ ‘ Field of View Levels: [ ]43° []93° [ 143° ‘
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Fig. 5: Subjective results for Experiment El for the three FOV levels with (a) Single-Item Questionnaires and (b) TOAST
Questionnaire. Higher is better (except for Difficulty). The vertical error bars show the standard error, and the horizontal

whiskers indicate significance (p < 0.05).
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Fig. 6: Objective time results for Experiment E1 for the FOVs,
behaviors, and no-AR baseline condition. Lower is better. The
error bars show the standard error.

the informational support provided by AR cues. In contrast,
participants’ subjective responses do not mirror this pattern.
Participants judged the task to be significantly easier under the
143° FOV compared to both 93° and 43°, and reported sig-

nificantly higher trust and confidence for the 143° condition.
This objective—subjective divergence is consistent with Hmaiti
et al. [48], who found that users’ self-reported preferences for
visual conditions in VR did not correspond to those in which
they performed most accurately on a spatial judgment task. In
our case, the wider FOV may enhance participants’ subjective
sense of spatial awareness without yielding further measurable
performance gains, suggesting that subjective satisfaction and
objective task utility plateau at different FOV thresholds.

2) Behaviors: Our results demonstrate that the trust behav-
ior employed to complete the task significantly affected per-
formance. The AR-Only behavior yielded significantly higher
performance than all other behaviors (see Figure 6). That is,
the behavior corresponding to the highest reliance on AR
outperformed those reflecting lower reliance (AR-First, Real-
First, Real-Only). Within Lee and See’s [8] framework of trust
in automation, this represents appropriately calibrated reliance:
in our error-free condition, participants who fully trusted the
AR cues achieved the most efficient task execution, while
lower-reliance behaviors introduced unnecessary verification
overhead—consistent with what Parasuraman and Riley [15]
characterize as automation disuse. While our controlled design
does not permit claims about which behavior participants
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would have freely chosen, the single-item Reliance scores
were consistently high (see Figure 5), suggesting a natural
inclination toward high-reliance behaviors. This is unsurpris-
ing given that we did not intentionally induce trust violations;
participants were correct in assuming the AR system was
reliable. However, Gottsacker et al. [49] demonstrated using
the same paradigm that even small tracking errors (1°-2°)
significantly degraded AR-Only performance, and Konopka et
al. [50] similarly found that malfunction severity negatively
influenced users’ trust and behavioral intentions with AR
decision-support systems. Together, these findings indicate
that the optimality of the AR-Only behavior is contingent on
system fidelity.

IV. EXPERIMENT E2: VISUAL CONTRAST

In this section, we describe the second experiment, in which
we investigated the Visual Contrast display factor.

A. Farticipants

As for Experiment E1, we estimated the effect size of the
expected strong effects, and based on a power analysis with
G*Power 3 [44], we decided to recruit 20 participants from our
university community. We obtained participants’ demograph-
ics using ACM’s DIE Demographics Questionnaire. Among
the 20 participants were 13 males, 6 females, and 1 non-
binary, with ages between 18 and 59, M =25.5, SD=11.05.
6 of the participants in Experiment E2 (3 male, 3 female)
had previously participated in Experiment E1 a few weeks
earlier. None of the participants reported any visual, motor,
or cognitive disabilities. All of the participants had normal
or corrected-to-normal vision and none of them reported
any visual or vestibular disorders, such as color or night
blindness, dyschromatopsia, or a displacement of balance. The
participants were either students or non-student members of
our university community who responded to open calls for
participation, and received monetary compensation for their
participation. The experiment took participants one hour to
complete.

B. Material

We used the same experimental setup from Experiment El
for this study (see Section III-B).

Additionally to the stimuli we used before, we formally
measured visual contrast in this experiment to calibrate our
intended contrast levels with respect to the illuminance of the
OST HWD and the illuminance of the simulated environment.
To arrive at the specific contrast levels used in this experiment
(0.05, 0.25, and 0.5; see Figure 7) we used a Konica Minolta
CS-100 Chroma Meter to measure the illuminance reaching
one’s eyes through the AR HWD eye pieces. We measured
the illuminance for (i) a ray passing through the AR tags in a
dark room (no illuminance from the background) and (ii) for
multiple samples passing through the AR tags in the presence
of the simulated environment (combined illuminance of the
AR tag and an average of the background illuminance).

We then used the adapted Michelson contrast equation for
OST HWD [51] to calibrate the contrast of the Unity materials

we used for the AR tags (i.e., texture opacity). This was
adapted from the original Michelson contrast equation [52]:

1 — I
_ ‘tmaz min 1
¢ Imaz + Imin ’ ( )

where we replace i, =l and Ipqp = lp + 1y, with I >0
indicating the foreground illuminance from the AR tags on
the HWD and [, > 0 indicating the background illuminance
from the simulated environment. This gives us the following
adapted Michelsons contrast equation for OST HWDs:

Ly
=— 2
¢ lf +2-1 ’ @
with ¢ € [0,1]. Our simulated CAVE environment had an
average background illuminance (I;) of 121x. The foreground
illuminance (I7) was set to 1.251x, 81x, and 241x to produce
contrast levels of 0.05, 0.25, and 0.5 respectively.

C. Methods

We used a within-subjects design for our study with the
following display factor, baseline, and behaviors:

o Visual Contrast (3 levels): We simulated the three
different contrast levels of 0.05, 0.25, and 0.5 (the largest
our AR HWD could provide inside the simulated envi-
ronment).

« Baseline (pre/post): As in Experiment E1, we included
two baseline tests (before and after the experimental
trials).

o Behaviors (4 levels): We included the same four behav-
iors as in Experiment E1.

As in Experiment E1, we tested all behaviors in randomized
order, and further randomized the order of the visual contrast
conditions for the behaviors. Each condition was completed in
clockwise and counterclockwise direction.

We used the same procedure as well as objective and
subjective measures from Experiment El in this study (see
Section III-C).

D. Results

We analyzed the responses with repeated-measures analyses
of variance (RM-ANOVAs) and Tukey multiple comparisons
with Bonferroni correction at the 5% significance level. We
confirmed normality with Shapiro-Wilk tests at the 5% level
and QQ plots. Degrees of freedom were corrected using
Greenhouse-Geisser estimates of sphericity when Mauchly’s
test indicated that the assumption of sphericity was not sup-
ported.

As in Experiment E1, we found no significant difference
between the clockwise and counterclockwise trials as well as
the pre and post baselines, so we pooled the responses with
respect to our analysis. We also observed overall less than 5%
selection errors, and we found no significant differences in
errors between any of the conditions, so we decided to focus
on reporting our timing data and subjective responses.
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Fig. 7: Nlustration of the different visual contrast levels of the AR tags participants experienced in Experiment E2.
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Fig. 8: Subjective results for Experiment E2 for the three levels of contrast with (a) Single-Item Questionnaires and (b) TOAST
Questionnaire. Higher is better (except for Difficulty). The vertical error bars show the standard error, and the horizontal whiskers

indicate significance (p < 0.05).

1) Objective Data: The descriptive statistics for the elapsed
trial times are shown in Figure 9, and the statistical test results
are shown in Table II.

Our results show significant main effects for the visual
contrasts and behaviors on elapsed time, as well as an inter-
action effect between the two factors. Specifically, we found
that elapsed times were significantly higher (i.e., lower perfor-
mance) for the lowest 0.05 contrast than the higher 0.25 and
0.5 contrasts. Further, we found that AR-Only resulted in the
significantly lowest elapsed time (i.e., highest performance)
compared to the other behaviors, and Real-Only resulted in
significantly lower elapsed time (i.e., higher performance) than
Real-First.

2) Subjective Data: The descriptive statistics for the sub-
jective responses are shown in Figure 8, and the statistical test
results are shown in Table II.

Our results show significant main effects of the visual con-
trasts on both subscales of the TOAST questionnaire as well as
our single-item questionnaires for Trust, Reliance, Confidence,
and Difficulty. Specifically, we found that participants indi-
cated with both TOAST subscales that they trusted the system
the significantly least for the lowest 0.05 contrast compared to
the higher 0.25 and 0.5 contrasts. Consistent responses were
received for the single-item Trust scores, Reliance scores, and
Confidence scores, which all indicated that participants rated
the conditions significantly worst for the lowest 0.05 contrast
compared to the higher 0.25 and 0.5 contrasts.
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Fig. 9: Objective time results for Experiment E2 for contrasts,
behaviors, and no-AR baseline condition. Lower is better. The
error bars show the standard error.

E. Discussion

In this section, we discuss the results of Experiment E2.

1) Visual Contrasts: The results of Experiment E2 indicate
that the visual contrast of the AR HWD in the simulated envi-
ronment has a significant effect on participants’ performance
in our tested search-and-selection task. Our results show
significant performance improvements with a 0.25 contrast
over a 0.05 contrast, but no additional benefits of a 0.5 contrast
over a 0.25 contrast. In other words, participants’ performance
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TABLE II: Statistical test results for Experiment E2 for the visual contrast display factor and behaviors.

Measures RM-ANOVA Factors dfs dfp F P ng Pairwise Comparisons
Contrast 1.21 | 22.89 | 2448 | <0.001 | 0.56 | All p < 0.01: (0.25 Contrast < 0.05 Contrast)
Elapsed Time Two-way (0.5 Contrast < 0.05 Contrast)
Behavior 3 57 18.74 | <0.001 | 0.50 | All p < 0.02: (Real-Only < Real-First)
(AR-Only < Real-Only), (AR-Only < Real-First)
(AR-Only < AR-First)
*
%);}f;if;r 376 | 7136 | 559 | <0.001 | 023 | Allp < 0.05:
For 0.05 contrast: (Real-Only < Real-First)
(AR-Only < Real-First), (AR-Only < AR-First)
For 0.25 contrast: (AR-Only < Real-Only)
(AR-Only < Real-First), (AR-Only < AR-First)
For 0.5 contrast: (AR-Only < Real-Only)
(AR-Only < Real-First), (AR-Only < AR-First)
TOAST
System One-way Contrast 1.39 | 26.34 8.79 0.003 0.32 | p = 0.015: (0.5 Contrast > 0.05 Contrast), p = 0.016:
Understanding (0.25 Contrast > 0.05 Contrast)
TOAST
System One-way Contrast 1.22 | 23.20 12.56 | <0.001 | 040 | p = 0.005: (0.5 Contrast > 0.05 Contrast) and (0.25
Performance Contrast > 0.05 Contrast)
Trust One-way Contrast 1.25 | 23.89 | 11.94 0.001 0.39 | p =0.003: (0.5 Contrast > 0.05 Contrast), p = 0.016:
(0.25 Contrast > 0.05 Contrast)
Reliance One-way Contrast 1.24 | 2365 | 1292 | <0.001 | 041 | p =0.003: (0.5 Contrast > 0.05 Contrast), p = 0.006:
(0.25 Contrast > 0.05 Contrast)
Confidence One-way Contrast 2 38 11.64 | <0.001 | 0.38 | p =0.002: (0.5 Contrast > 0.05 Contrast), p = 0.036:
(0.25 Contrast > 0.05 Contrast)
Difficulty One-way Contrast 2 38 18.62 | <0.001 | 0.50 | p=0.001: 0.5 Contrast easier than 0.05 Contrast
p = 0.004: 0.25 Contrast easier than 0.05 Contrast
p = 0.023: 0.5 Contrast easier than 0.25 Contrast

shows a plateau effect after reaching a contrast of 0.25, while
lower contrasts result in significantly worse performance.

Conversely, the subjective single-item Difficulty responses
show that participants judged the difficulty of the task to be
significantly easier for the 0.5 contrast than the 0.25 contrast,
which in turn was judged as significantly easier than the 0.05
contrast. In other words, in terms of our subjective difficulty
responses, we found no plateau effect, and participants over-
estimated the objective benefits of the highest visual contrast
of 0.5 compared to 0.25.

The other subjective responses for the TOAST questionnaire
subscales as well as the single-item Trust, Reliance, and
Confidence questions are more in line with the objective
results, all indicating that the 0.05 contrast was judged as
significantly worse than both the 0.25 and 0.5 contrasts, while
the results do not show any significant differences between the
0.25 and 0.5 contrasts.

2) Behaviors: Our results show that, in particular for the
lowest contrast level of 0.05, the Real-Only behavior outper-
formed Real-First. What this tells us is that for low contrast
levels, it can slow users down if they try to make out the
barely-visible AR tags, and in this case it may improve their
performance if they decided to just disregard the AR tags alto-
gether. However, we found no significant difference between
Real-Only and the AR-First behavior, and AR-Only clearly
outperformed Real-Only, which indicates that a high reliance
on AR can compensate for the performance drawbacks of a
mid-level reliance on AR even for such low contrasts.

Similar to our results in Experiment E1, we found that
participants indicated on the single-item Reliance questions
an overall high reliance on AR (see Figure 5), except for
the lowest contrast of 0.05, which showed significantly worse
scores, indicating that our participants would not fully rely on

an AR system with such a low contrast. It is an interesting
conundrum that for the 0.05 contrast, our participants would
not rely on the AR system, while our objective results clearly
state that the behavior matching the highest reliance on AR
would result in the highest performance.

V. GENERAL DISCUSSION

In this section, we provide an overall discussion of our
experiments and findings.

AR Horizontal Fields of View. The first experiment evaluated
the effects of an AR HWD’s horizontal FOV on objective task
performance and subjective assessments in a 360° search-and-
selection task, using a professional Vision Products SA-147/S
OST HWD providing a 143° horizontal FOV. In terms of task
performance, we observed significant improvements with a
93° FOV over 43°, but no additional benefit of 143° over 93°.
This plateau is consistent with a broader pattern in the FOV
literature. Venturino et al. [4] found diminishing returns above
60° in a seated cockpit simulator, while our higher threshold
(93°) likely reflects the greater spatial demands of a standing
360° search. Hoogendoorn et al. [47] similarly found that a
larger AR-FOV reduced compensatory head movements but
did not improve gait speed during interaction with holographic
objects. Stein et al. [53] provide a complementary explanation:
in extended visual search requiring head movements, saliency-
driven facilitation occurs only within the initial FOV, and
search beyond that region reverts to serial strategy regardless
of peripheral visibility. In our AR-assisted task, the cues
visible within the current FOV may fulfill a similar facilitative
role, reducing the marginal utility of additional peripheral field
once sufficient spatial guidance is available. Bruder et al. [54]
further corroborate this, finding that a 45° FOV was sufficient
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for participants to match non-AR performance in a comparable
spatial tagging task. Our 43° condition matches the horizontal
FOV of the Microsoft HoloLens 2 and approximates the Magic
Leap 2’s 45° horizontal FOV,? which, according to our results,
would benefit from wider FOVs for spatially demanding AR
tasks. Subjectively, however, participants judged the task to
be significantly easier at 143° compared to both 93° and 43°,
and reported significantly higher trust and confidence for the
143° condition, even though all FOV conditions elicited high
subjective scores overall. This divergence between objective
and subjective outcomes is consistent with Hmaiti et al. [48],
who found that users’ preferred visual conditions in VR did
not correspond to those yielding the best spatial judgment
accuracy. De Souza and Tartz [55] similarly concluded that
relying solely on visual perception performance metrics is
insufficient for evaluating HMDs, as user preferences and
device satisfaction diverged from measured task performance
across multiple display conditions. These results indicate that
even for systems with high perceived trust and reliability, FOV
remains consequential for user experience, and practitioners
should consider that subjective satisfaction and objective task
utility may plateau at different FOV thresholds.

AR Visual Contrast. The second experiment evaluated visual
contrast—the difference between the illuminance of the AR
display and that of the environment—as a factor influencing
reliance, trust, and task performance. A contrast of 0.25 signif-
icantly improved performance over 0.05, yet further increasing
contrast to 0.5 provided no additional benefit, suggesting di-
minishing returns beyond a sufficient perceptibility threshold.
This pattern parallels Hussain and Park’s [56] finding that
AR interface transparency levels above a moderate threshold
(TO.5) significantly improved task completion time relative to
low-visibility conditions, but that further increases in opacity
yielded no additional performance gains. Both results point
to a contrast—performance ceiling: once AR imagery is suf-
ficiently discriminable from the background, additional lumi-
nance contributes little to task efficiency. Subjectively, how-
ever, participants rated perceived difficulty as monotonically
decreasing with increasing contrast, and reported higher trust
and confidence at 0.5 than at 0.25, indicating no subjective
plateau. While the lowest 0.05 contrast yielded borderline re-
sponses, all tested contrasts elicited sufficient trust and reliance
on an absolute scale, suggesting that current consumer AR
HWDs provide adequate contrast for indoor and dim outdoor
conditions but would likely fall below acceptable subjective
thresholds in brighter settings. Ashtiani et al. [57] similarly
demonstrated that environmental luminance significantly mod-
ulates users’ perception of AR content on OST displays,
with higher ambient illuminance degrading both depth esti-
mation accuracy and perceptual consistency—reinforcing that
the relationship between visual contrast and user experience
extends beyond task performance to fundamental perceptual
judgments. In outdoor daytime environments, current con-
sumer displays such as the HoloLens 2 struggle to maintain
adequate visual contrast, dropping as low as 0.02-0.03 in

2Magic Leap 2: https://developer-docs.magicleap.cloud/docs/device/hard
ware/fov

moderate daylight and lower in bright sunlight [38]. These
findings underscore that visual contrast is consequential for
both subjective reliance and objective task performance, and
that practitioners should carefully consider this factor in the
design and deployment of OST HWD systems.

AR Task Behaviors. In both experiments, we evaluated four
task behaviors corresponding to different levels of reliance
on an AR system (see Figure 1). The AR-Only behavior
yielded the highest performance across both experiments. This
behavior represents full reliance on the AR system without
real-world verification, and its advantage likely reflects the
efficiency of processing abstract AR cues relative to conduct-
ing visual search through the more complex, unaugmented
real scene—or integrating both sources. Warden et al. [58]
corroborate this interpretation: in their AR HMD visual search
study, spatially directive cues (arrows, minimaps) substantially
reduced search times compared to unaided search, confirming
that well-designed AR cues can streamline the perceptual
process. However, they also observed that the most effective
cue types induced the strongest automation bias when cues
were occasionally incorrect—participants followed erroneous
AR guidance without scrutinizing the raw scene. This finding
highlights a fundamental trade-off: the same cue abstraction
that accelerates search under reliable conditions amplifies
vulnerability under unreliable ones.

In both experiments, participants reported high reliance
and trust, which was warranted by the system’s perfor-
mance—selection errors were negligible, and AR-Only com-
pletion times were significantly faster than all other behaviors.
In general, AR applications can optimize the task cues they
present in ways that unaugmented environments cannot, and
when full reliance is warranted, users gain the most from
the system by adopting a behavior that fully trusts it. Con-
versely, when trust is miscalibrated toward lower reliance
(AR-First, Real-First, Real-Only), performance decreases. A
special case emerged in the second experiment at the lowest
tested contrast of 0.05: the Real-Only behavior outperformed
Real-First, indicating that attempting to discern barely visible
AR tags actively impeded performance. In such conditions,
disregarding AR altogether could enhance task efficiency. This
highlights the necessity for AR systems to maintain sufficient
visual contrast and, where that cannot be guaranteed, for
users to possess a well-calibrated sense of trust to recognize
when to disengage from AR cues. Yet our results suggest
this calibration is difficult to achieve in practice: at the
0.05 contrast, participants reported the lowest reliance and
trust despite the AR-Only behavior still yielding the best
objective performance. Because we compelled participants to
use each behavior, we could observe this discrepancy directly;
in unconstrained settings, users with low trust may abandon
the system entirely, forfeiting the performance benefits of AR
cues. This finding underscores the importance of pre-operation
trust calibration—ensuring users understand a system’s actual
capability before deployment. Konopka et al. [59] reached a
similar conclusion in their AR decision-support study: manip-
ulating system performance, process transparency, and stated
purpose as antecedents of trust, they found that calibrated trust
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significantly predicted both reliance and future use intention,
whereas uncalibrated trust led to suboptimal reliance patterns.
Applied to our context, structured familiarization with the AR
system’s performance envelope—including its behavior under
degraded contrast—could help users maintain appropriate re-
liance rather than defaulting to disuse when visual fidelity is
low.

Limitations and Future Work. While the behaviors we evalu-
ated in our experiments (see Figure 1) are arguably related to
users’ reliance and trust in the AR system, we acknowledge
that they are not an immediate and direct result of reliance and
trust. As discussed in Section II-A, there are various reasons
why users may choose one behavior over another or even
change behaviors mid-task. In our experiments, we explicitly
instructed participants to act according to these behaviors. In
practical situations, AR users would not usually be instructed
to perform a task with one of these behaviors but rather
make their own choices based on how they feel about the
AR system. Among the many factors that may be involved in
users’ organic trust and reliance on the system is the accuracy
and performance of the AR system. Prior work has addressed
errors in the spatial placement of the cue [49], but future work
can incorporate label accuracy and error rate, i.e. errors in
the actual content of the AR cues. We believe that mapping
out these complex behavioral dynamics that lead to different
behaviors with AR systems is an interesting direction for
future work.

In our two experiments, we varied FOV and contrast, re-
spectively, and evaluated their effect on performance, reliance,
and trust, i.e., we varied the presentation of the signal in
AR, but we did not model the trustworthiness of the signal
itself, i.e., whether the red/blue tags were correct. In our
experiments, the AR tags were always correct. We leave this
aspect for future work. Especially in the context of current
improvements in artificial intelligence, we could see this
becoming an interesting direction to study in the future. It
stands to reason that AR annotations similar to the ones we
used in our work may be automatically generated in the future,
probably resulting in less trustworthiness than with manually
annotated AR content.

Due to the large number of conditions and complexity
of our experiments, we were not able to include more than
three levels of the two display factors FOV and contrast.
We decided on the levels we tested based on practically
useful ranges, available AR HWDs, the literature, and our
own experience, but we acknowledge that we did not include
further extremes and in-between values. We make no claims
about these display factors beyond the values we tested in our
experiments. Interested researchers may evaluate these aspects
in future work, potentially including ultra low or high FOVs
and potentially even lower contrasts than we tested in our
experiments.

Additionally, the use of a simulated virtual environment
introduces its own limitations. While this approach allowed
us to precisely control luminance and contrast conditions
and ensure consistency across participants, it does not fully
replicate real-world outdoor environments. Factors such as

absolute brightness, dynamic range, and environmental vari-
ability (e.g., sunlight changes, reflections, atmospheric effects)
may influence user perception and visual comfort in ways
that our simulation cannot capture. These discrepancies may
affect ecological validity and should be considered when gen-
eralizing our findings. Future work will aim to validate these
results in real-world settings and improve simulation fidelity
by achieving luminance levels and dynamic characteristics that
more closely match outdoor conditions.

Another way future work may extend our findings by includ-
ing different visual search strategies and heuristics. Our work
enforced a single general search heuristic, i.e. sweeping 360°
in one direction at a time, to better control our investigation of
display factors and behaviors on user trust and performance.
In the real world, many different strategies may be applied
based on a host of contextual factors. Studying the interaction
between the results we observed in this work and new search
behaviors would be helpful for informing design decisions
across a broader range of contexts.

Lastly, our participant pool was relatively small and not
fully balanced in terms of gender distribution (13 males, 6
females, 1 non-binary; ages 18-59, M = 25.5, SD = 11.05).
This may limit the generalizability of our findings, and future
work should include a larger and more diverse sample.

VI. CONCLUSION

In this paper, we investigated the effects of two AR display
factors (FOV and contrast) and four behaviors (AR-Only, AR-
First, Real-Only, and Real-First) on users’ 360° search-and-
selection task performance and subjective assessment of the
AR system. We conducted two within-subjects experiments
(each N=20), one for each AR display factor, while evaluating
all four behaviors. By controlling for the different behaviors,
we were able to show objective and subjective benefits of
larger FOVs and contrasts. We further discussed the inter-
relations between the display factors, reliance and trust, and
corresponding behaviors.

ACKNOWLEDGMENTS

This material includes work supported by the US Air
Force Research Laboratory (AFRL) under an SBIR effort
(contract number FA864922P1038) and was supported in part
by the National Science Foundation under award numbers
2235066 and 1800961 (Dr. Ephraim P. Glinert, IIS), the Office
of Naval Research under award numbers N00014-21-1-2578
and N00014-21-1-2882 (Dr. Peter Squire, Code 34), and the
AdventHealth Endowed Chair in Healthcare Simulation (Prof.
Welch).

REFERENCES

[1]1 F. Steinicke, G. Bruder, S. Kuhl, P. Willemsen, M. Lappe, and K. Hin-
richs, “Natural Perspective Projections for Head-Mounted Displays,”
IEEE Transactions on Visualization and Computer Graphics, vol. 17,
no. 7, pp. 888-899, 2011.

[2] E. Kruijff, J. E. Swan, and S. Feiner, “Perceptual issues in augmented
reality revisited,” in IEEE International Symposium on Mixed and
Augmented Reality, 2010, pp. 3—12.

Authorized licensed use limited to: University of Central Florida. Downloaded on July 15,2026 at 17:55:22 UTC from IEEE Xplore. Restrictions apply.
© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Transactions on Visualization and Computer Graphics. This is the author's version which has not been fully edited and

content may change prior to final publication. Citation information: DOI 10.1109/TVCG.2026.3703957

TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS, VOL. X, NO. X, AUGUST 2026 14
[3] T. Butkiewicz and A. Stevens, “Evaluation of the effects of field-of- [26] J. Baumeister, S. Y. Ssin, N. A. ElSayed, J. Dorrian, D. P. Webb,
view in augmented reality for marine navigation,” in SPIE Optical J. A. Walsh, T. M. Simon, A. Irlitti, R. T. Smith, M. Kohler et al.,
Architectures for Displays and Sensing in Augmented, Virtual, and Mixed “Cognitive cost of using augmented reality displays,” IEEE Transactions
Reality, 2020. on Visualization and Computer Graphics, vol. 23, pp. 2378-2388, 2017.
[4] M. Venturino and M. J. Wells, “Head movements as a function of [27] J. M. Covelli, J. P. Rolland, M. Proctor, J. P. Kincaid, and P. Hancock,
field-of-view size on a helmet-mounted display,” Human Factors Society “Field of view effects on pilot performance in flight,” International
Annual Meeting, vol. 34, no. 19, pp. 1572-1576, 1990. Journal of Aviation Psychology, vol. 20, pp. 197-219, 2010.
[5] A. Rastogi, “Design of an interface for teleoperation in unstructured  [28] N. Kishishita, K. Kiyokawa, J. Orlosky, T. Mashita, H. Takemura, and
environments using augmented reality displays.” 1997. E. Kruijff, “Analysing the effects of a wide field of view augmented
[6] Z. Choudhary, G. Bruder, and G. F. Welch, “Visual facial enhancements reality display on search performance in divided attention tasks,” in [EEE
can significantly improve speech perception in the presence of noise,” International Symposium on Mixed and Augmented Reality, 2014, pp.
in IEEE Transactions on Visualization and Computer Graphics, Special 177-186.
Issue on ISMAR 2023, 2023. [29] C. Trepkowski, D. Eibich, J. Maiero, A. Marquardt, E. Kruijff, and
[71 T. C. Peck, J. J. Good, A. Erickson, I. Bynum, and G. Bruder, “Effects S. Feiner, “The effect of narrow field of view and information density
of transparency on perceived humanness: Implications for rendering on visual search performance in augmented reality,” in IEEE Virtual
skin tones using optical see-through displays,” IEEE Transactions on Reality, 2019, pp. 575-584.
Visualization and Computer Graphics, vol. 28, no. 5, pp. 2179-2189,  [30] K. W. Arthur, Effects of field of view on performance with head-mounted
2022. displays. The University of North Carolina at Chapel Hill, 2000.
[8] J. D. Lee and K. A. See, “Trust in Automation: Designing for Appro-  [31] E. Ragan, D. Bowman, R. Kopper, C. Stinson, S. Scerbo, and R. McMa-
priate Reliance,” Human Factors, vol. 46, no. 1, pp. 50-80, Mar. 2004. han, “Effects of field of view and visual complexity on virtual reality
[91 M. Schemmer, N. Kuehl, C. Benz, A. Bartos, and G. Satzger, “Ap- training effectiveness for a visual scanning task,” IEEE Transactions on
propriate Reliance on AI Advice: Conceptualization and the Effect Visualization and Computer Graphics, vol. 21, no. 7, pp. 794-807, 2015.
of Explanations,” in Proceedings of the 28th International Conference  [32] A. Machida, K. Kadono, Y. Ishii, T. Kono, H. Takanashi, A. Nishiike,
on Intelligent User Interfaces, ser. IUI *23. New York, NY, USA: H. Suzuki, Y. Nakagawa, K. Ando, D. Kasahara, A. Takeda, and
Association for Computing Machinery, Mar. 2023, pp. 410-422. K. Nomoto, “79-4: A plastic electrochromic dimming device for aug-
[10] P. A. Hancock, D. R. Billings, K. E. Schaefer, J. Y. C. Chen, E. J. mented reality glasses,” in SID Symposium Digest of Technical Papers,
de Visser, and R. Parasuraman, “A Meta-Analysis of Factors Affecting 2018, pp. 1068-1071.
Trust in Human-Robot Interaction,” Human Factors, vol. 53, no. 5, pp.  [33] M. Leap, “Magic leap,” https://www.magicleap.com/, February 20 2017.
517-527, Oct. 2011. [34] F. Enable, “Flexenable ar ambient dimming,” https://www.flexenable.co
[11] H. Furuya, L. Battistel, Z. Datta Choudhary, M. Gottsacker, G. Bruder, m/applications/ar-ambient-dimming/, April 02 2024.
and G. F. Welch, “Difficulties in Perceiving and Understanding Robot  [35] J. L. Gabbard, J. E. Swan, and D. Hix, “The effects of text drawing
Reliability Changes in a Sequential Binary Task,” in Proceedings of the styles, background textures, and natural lighting on text legibility in
2024 ACM Symposium on Spatial User Interaction, ser. SUI *24. New outdoor augmented reality,” Presence, vol. 15, pp. 16-32, 2006.
York, NY, USA: Association for Computing Machinery, Oct. 2024, pp.  [36] J. L. Gabbard, J. E. Swan, D. Hix, S.-J. Kim, and G. Fitch, “Active text
1-11. drawing styles for outdoor augmented reality: A user-based study and
[12] M. Yeh and C. D. Wickens, “Display signaling in augmented reality: design implications,” in 2007 IEEE Virtual Reality Conference. 1EEE,
Effects of cue reliability and image realism on attention allocation and 2007, pp. 35-42.
trust calibration,” Human Factors, vol. 43, no. 3, pp. 355-365, 2001. [37] J. L. Gabbard, J. E. Swan, and A. Zarger, “Color blending in outdoor
[13] J. L. Merlo, Effect of reliability on cue effectiveness and display optical see-through ar: The effect of real-world backgrounds on user
signaling. University of Illinois at Urbana-Champaign, 1999. interface color,” in IEEE Virtual Reality, 2013, pp. 157-158.
[14] M. Yeh, Attention and trust biases in the design of augmented reality ~ [38] A. Erickson, K. Kim, G. Bruder, and G. F. Welch, “Exploring the
displays. University of Illinois at Urbana-Champaign, 2000. limitations of environment lighting on optical see-through head-mounted
[15] R. Parasuraman and V. Riley, “Humans and automation: Use, misuse, displays,” in ACM Symposium on Spatial User Interaction, 2020, pp. 1-
disuse, abuse,” Human Factors, vol. 39, pp. 230-253, 1997. 8.
[16] R.D. Sorkin, “Why are people turning off our alarms?” The Journal of = [39] R. T. Azuma, “The challenge of making augmented reality work
the Acoustical Society of America, vol. 84, pp. 1107-1108, 1988. outdoors,” Mixed reality: Merging real and virtual worlds, vol. 1, pp.
[17] K. L. Mosier, L. J. Skitka, S. Heers, and M. Burdick, “Automation bias: 379-390, 1999.
Decision making and performance in high-tech cockpits,” International ~ [40] A. Erickson, K. Kim, G. Bruder, and G. Welch, “A review of vi-
Journal of Aviation Psychology, vol. 8, pp. 47-63, 1998. sual perception research in optical see-through augmented reality,” in
[18] M. Wischnewski, N. Krémer, and E. Miiller, “Measuring and Under- International Conference on Artificial Reality and Telexistence and
standing Trust Calibrations for Automated Systems: A Survey of the Eurographics Symposium on Virtual Environments, 2022.
State-Of-The-Art and Future Directions,” in Proceedings of the 2023  [41] K. Kim, A. Erickson, A. Lambert, G. Bruder, and G. Welch, “Effects
CHI Conference on Human Factors in Computing Systems, ser. CHI of dark mode on visual fatigue and acuity in optical see-through head-
’23. New York, NY, USA: Association for Computing Machinery, mounted displays,” in ACM Symposium on Spatial User Interaction,
Apr. 2023, pp. 1-16. 2019, pp. 1-9.
[19] G. R. VandenBos, APA dictionary of psychology. ~American Psycho-  [42] M. Gattullo, A. E. Uva, M. Fiorentino, and G. Monno, “Effect of text
logical Association, 2007. outline and contrast polarity on ar text readability in industrial lighting,”
[20] Y. Zhao, J. Stefanucci, S. Creem-Regehr, and B. Bodenheimer, “Evalu- IEEE transactions on visualization and computer graphics, vol. 21,
ating augmented reality landmark cues and frame of reference displays no. 5, pp. 638-651, 2014.
with virtual reality,” IEEE Transactions on Visualization and Computer ~ [43] S. Debernardis, M. Fiorentino, M. Gattullo, G. Monno, and A. E. Uva,
Graphics, vol. 29, no. 5, pp. 2710-2720, 2023. “Text readability in head-worn displays: Color and style optimization
[21] M. W. Cannon Jr, “Recent advances in understanding peripheral vision,” in video versus optical see-through devices,” IEEE Transactions on
in Human Factors Society Annual Meeting, vol. 30, no. 6, 1986, pp. Visualization and Computer Graphics, vol. 20, no. 1, pp. 125-139, 2013.
601-603. [44] F. Faul, E. Erdfelder, A.-G. Lang, and A. Buchner, “G* power 3: A
[22] J. A. Jones, J. E. Swan, G. Singh, and S. R. Ellis, “Peripheral visual in- flexible statistical power analysis program for the social, behavioral,
formation and its effect on distance judgments in virtual and augmented and biomedical sciences,” Behavior research methods, vol. 39, no. 2,
environments,” in ACM Symposium on Applied Perception in Graphics pp. 175-191, 2007.
and Visualization, 2011, pp. 29-36. [45] W. R. Boot, E. Becic, and A. F. Kramer, “Stable individual differences
[23] J. M. Knapp and J. M. Loomis, “Limited field of view of head- in search strategy?: The effect of task demands and motivational factors
mounted displays is not the cause of distance underestimation in virtual on scanning strategy in visual search,” Journal of vision, vol. 9, no. 3,
environments,” Presence: Teleoperators & Virtual Environments, vol. 13, pp. 7-7, 2009.
no. 5, pp. 572-577, 2004. [46] H. M. Wojton, D. Porter, S. T. Lane, C. Bieber, and P. Madhavan, “Initial
[24] C. Ware, “Departments-book preview-information visualization: Percep- validation of the trust of automated systems test (toast),” The Journal
tion for design,” Interactions-New York, vol. 7, p. 47, 2000. of social psychology, vol. 160, no. 6, pp. 735-750, 2020.
[25] E. E. Sabelman and R. Lam, “The real-life dangers of augmented [47] E. M. Hoogendoorn, D. J. Geerse, J. Helsloot, B. Coolen, J. F. Stins,

reality,” IEEE Spectrum, vol. 52, no. 7, pp. 48-53, 2015.

and M. Roerdink, “A larger augmented-reality field of view improves

Authorized licensed use limited to: University of Central Florida. Downloaded on July 15,2026 at 17:55:22 UTC from IEEE Xplore. Restrictions apply.
© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS, VOL. X, NO. X, AUGUST 2026

(48]

[49]

[50]

[51]

[52]

[53]

[54]1

[55]

[56]

[57]

[58]

[59]

This article has been accepted for publication in IEEE Transactions on Visualization and Computer Graphics. This is the author's version which has not been fully edited and

content may change prior to final publication. Citation information: DOI 10.1109/TVCG.2026.3703957

interaction with nearby holographic objects,” PLoS ONE, vol. 19, no. 10,
pp- 1-15, Oct. 2024.

Y. Hmaiti, M. Maslych, A. Ghasemaghaei, R. K. Ghamandi, and J. J.
LaViola, “Visual Perceptual Confidence: Exploring Discrepancies Be-
tween Self-reported and Actual Distance Perception In Virtual Reality,”
IEEE Transactions on Visualization and Computer Graphics, vol. 30,
no. 11, pp. 7245-7254, Nov. 2024.

M. Gottsacker, H. Furuya, Z. D. Choudhary, A. Erickson, R. Schubert,
G. Bruder, M. P. Browne, and G. F. Welch, “Investigating the relation-
ships between user behaviors and tracking factors on task performance
and trust in augmented reality,” Computers & Graphics, vol. 123, p.
104035, 2024.

B. Konopka, K. Honemann, and M. Wiesche, “Augmented Reality,
Trust and Technology Malfunctions: An Initial Theory and Empirical
Study,” in Proceedings of the 2024 Computers and People Research
Conference, ser. SIGMIS-CPR ’24. New York, NY, USA: Association
for Computing Machinery, May 2024, pp. 1-8.

A. Erickson, G. Bruder, and G. F. Welch, “Adapting michelson contrast
for use with optical see-through displays,” in IEEE International Sympo-
sium on Mixed and Augmented Reality Adjunct (ISMAR-Adjunct), 2022,
pp. 409-410.

E. Peli, “Contrast in complex images,” JOSA A, vol. 7, no. 10, pp.
2032-2040, 1990.

N. Stein, T. Watson, M. Lappe, M. Westendorf, and S. Durant, “Eye
and head movements in visual search in the extended field of view,”
Scientific Reports, vol. 14, p. 8907, Apr. 2024.

G. Bruder, R. Schubert, M. P. Browne, A. Erickson, Z. Choudhary,
M. Gottsacker, H. Furuya, and G. Welch, “Exploring How Augmented
Reality Display Features Affect Training System Performance,” in
Virtual, Augmented and Mixed Reality, J. Y. C. Chen and G. Fragomeni,
Eds. Cham: Springer Nature Switzerland, 2025, pp. 79-95.

J. de Souza and R. Tartz, “Visual perception and user satisfaction in
video see-through head-mounted displays: a mixed-methods evaluation,”
Frontiers in Virtual Reality, vol. 5, Jun. 2024.

M. Hussain and J. Park, “Effect of Transparency Levels and Real-World
Backgrounds on the User Interface in Augmented Reality Environ-
ments,” International Journal of Human—Computer Interaction, vol. 40,
no. 16, pp. 42654274, Aug. 2024.

O. Ashtiani, H.-J. Guo, and B. Prabhakaran, “Impact of motion cues,
color, and luminance on depth perception in optical see-through AR
displays,” Frontiers in Virtual Reality, vol. 4, Dec. 2023.

A. C. Warden, C. D. Wickens, D. Rehberg, F. R. Ortega, and B. A.
Clegg, “Fast, Accurate, But Sometimes Too-Compelling Support: The
Impact of Imperfectly Automated Cues in an Augmented-Reality Head-
Mounted Display on Visual Search Performance,” IEEE Transactions on
Human-Machine Systems, vol. 53, no. 6, pp. 1061-1072, Dec. 2023.
B. Konopka, K. Honemann, and M. Wiesche, “Trust Calibration in
Augmented Reality-based Decision Support Systems,” in 2024 26th
International Conference on Business Informatics (CBI), Sep. 2024, pp.
168-177.

Zubin Datta Choudhary is a PhD student at the
Synthetic Reality Lab (SREAL) at the University of
Central Florida. He received his B.Tech. in Com-
puter Science from SRM Institute of Science and
Technology, Kattankulathur, India. His research in-
terests include Human-Computer Interaction, Virtual
and Augmented Reality, and Perception and Cogni-
tion.

Matt Gottsacker is a PhD student at the Synthetic
Reality Lab (SREAL) at the University of Central
Florida. He received his B.S. in Computer Science
from Saint Louis University. His research interests
include Human-Computer Interaction, Mixed Real-
ity User Interfaces, and Cross-Reality Interactions
and Transitions.

15

Hiroshi Furuya is a PhD student at the Synthetic
Reality Lab at the University of Central Florida. He
received his B.S. in Aerospace Engineering from the
University of Maryland and his M.S. in Computer
Science from Columbia University. His research
interests include Virtual and Augmented Reality,
Human-Computer Interaction, Trust in Automation,
defense, and space operations.

Austin Erickson is a Simulation Scientist for the
Operational Based Vision Assessment Laboratory
and KBR. He received his Ph.D. and M.S. in Com-
puter Science from the University of Central Florida
in 2023 and 2021 respectively, and his B.S. in Com-
puter Science from the University of South Florida
in 2018. His research interests include Virtual and
Augmented Reality, Vision Science, and Human-
Computer Interaction.

Ryan Schubert is a researcher and Lab Manager for
the Synthetic Reality Lab at the University of Central
Florida. Schubert received his B.S. in Computer
Science from the University of Virginia (UVA) and
his M.S. in Computer Science from the University of
North Carolina at Chapel Hill (UNC). His research
interests broadly include Virtual and Augmented
Reality, with a focus on Spatially Augmented Re-
ality, Human-Computer Interaction, Spatial User In-
terfaces, and Multi-modal Interaction.

Gerd Bruder is an Associate Professor at the
Department of Computer Science at the University
of Central Florida. He received his Habilitation in
Computer Science from the University of Hamburg
in 2017, his Ph.D. in Computer Science from the
University of Miinster in 2011, and his M.S. in Com-
puter Science with a minor in Mathematics from the
University of Miinster in 2009. His research interests
include Virtual and Augmented Reality, Perception
and Cognition, and Human-Computer Interaction.

Michael P Browne is the President of Vision Prod-
ucts, LLC, a company designing augmented and
virtual reality head mounted displays. He received
his B.A.E.E. degree with an emphasis in optics from
the University of California, San Diego in 1984 and
his Ph.D. in Optical Engineering from the Optical
Sciences Center at the University of Arizona in
1991. His research interests include the interaction of
the human visual system with augmented and virtual
reality displays.

Greg Welch is a Professor and the Florida Hospital
Endowed Chair in Healthcare Simulation and Co-
Director of the Synthetic Reality Laboratory at the
University of Central Florida. He earned his B.S.
in Electrical Engineering Technology from Purdue
University (Highest Distinction), and his M.S. and
Ph.D. in Computer Science from the University of
North Carolina at Chapel Hill (UNC). His research
interests include Human-Computer Interaction, Hu-
man Motion Tracking, Virtual and Augmented Re-
ality, Graphics and Vision, and training applications.

Authorized licensed use limited to: University of Central Florida. Downloaded on July 15,2026 at 17:55:22 UTC from IEEE Xplore. Restrictions apply.
© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



