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Abstract

Gaze-based selection in XR requires visual confirmation due to eye-
tracking limitations and target ambiguity in 3D contexts. Current
designs for wide-FOV displays use world-locked, central overlays,
which is not conducive to always-on AR glasses. This paper in-
troduces PERIPHAR (/peh-ree-faar/), a visualization technique that
leverages peripheral vision for feedback during gaze-based selection
on a monocular AR display. In a first user study, we isolated text,
color, and shape properties of target objects to compare peripheral
selection cues. Peripheral vision was more sensitive to color than
shape, but this sensitivity rapidly declined at lower contrast. To pre-
serve preattentive processing of color, we developed two strategies
to enhance color in users’ peripheral vision. In a second user study,
our strategy that maximized contrast of the target to the neighbor-
ing object with the most similar color was subjectively preferred.
As proof of concept, we implemented PERIPHAR in an end-to-end
system to test performance with real-world object detection.

CCS Concepts

« Human-centered computing — Interface design prototyp-
ing; Mixed / augmented reality.
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1 Introduction

Future AR glasses will require strategic compromises in display and
sensing functionality to achieve optimal form factors conducive
to always-on, pervasive AR [14]. For example, the new Meta Ray-
Ban Display smart glasses set the emphasis on wearable Al rather
than AR, featuring only a limited, monocular display compared to
AR headsets such as HoloLens. While these smart glasses come
with advanced input channels using ultra-wide cameras, directional
microphones, and EMG wristbands, they essentially function as a
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heads-up display. The lack of world-locked rendering makes real-
world object selection, a fundamental interaction step in any AR
experience [4], particularly challenging. A related problem with
a near-eye display that projects an image slightly off to the side
of one eye, thus not directly in the user’s line of sight, is that
it essentially creates a floating window in the user’s periphery.
Interacting with such a display requires frequent gaze shifts and
focal length adjustments that can be distracting from real-world
interaction [42] as well as increasing digital eye strain [19, 21].

In this paper, we introduce PERIPHAR (/peh-ree-faar/), a visu-
alization technique that leverages peripheral vision for feedback
during gaze-based selection on monocular AR displays. Being well
established in XR [12], gaze-based selection was previously shown
to naturally support intuitive hands-free interaction [40, 43, 51, 52].
However, existing techniques typically rely on visual cues, such as
eye cursors, gaze rays, or object highlights [5, 43], to be directly
overlaid in the user’s central (or foveal) vision. Although prior work
has shown that near-peripheral vision can present secondary in-
formation without disrupting tasks that require foveal attention
[22], it has not been previously studied as a feedback channel for
object selection. With peripheral vision being less sensitive to detail
[33], the main challenge is deriving a visual representation from
real-world targets that encodes the most salient visual properties
of the target so that it can be clearly perceived in peripheral vision.

With PERIPHAR, we make two contributions: (1) we present con-
trolled experiments that provide empirical insights into effective
peripheral cues for real-world object selection that enhance selec-
tion accuracy, reduce cognitive load, and increase user confidence;
(2) we detail the design of a pipeline implementing two strategies to
enhance color for peripheral vision, demonstrating that our strategy
that maximized contrast of a target to the neighboring object with
the most similar color was preferred and yielded higher confidence.

2 Background and Related Work

This research establishes principles of limited, peripherally glance-
able AR displays that allow users to keep their visual attention in
the real world and simultaneously perceive content in the display
without having to focus on it.

Glanceable AR Displays. There is an existing concept of glance-
able AR presented by Lu et al. [30, 31]. In [30], they studied benefits
and drawbacks of glanceable AR applications for different use cases
at work, home, or on-the-go based on video and functional pro-
totypes. In [31], they evaluate interaction techniques designed to
bring AR content from the peripheral to central vision. Finally, in
[32], they studied adaptable and adaptive AR content transition
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mechanisms for moving interface widgets to different locations in
the user’s physical context. Their concept is related but different
from ours. One important difference is that these studies assume
more capable AR displays (modeled after HoloLens and Magic Leap,
i.e., with binocular views, world-locked rendering, and wide FOV).
Importantly, they distinguish the periphery relative to the eye and
to the head, and reserve the peripheral vision to anchor virtual
objects with physical locations to present secondary information in
collapsed views that will expand as the user brings them into their
central vision through either head or eye movements. In contrast,
we aim to avoid the need for foveating towards the display, instead
providing visual, peripheral cues in the monocular display so that
users can perceive them while keeping their attention real-world.

Prior work has investigated lightweight, glanceable designs for
AR glasses, highlighting challenges of limited fidelity and bright-
ness [26, 44]. Researchers proposed context-aware and adaptive
interfaces to improve glanceability [9, 29]. One particularly promis-
ing direction explored dynamic color enhancement to maximize
perceptual clarity under resource constraints. For example, Chroma
tailored AR palettes for color-blind users [56], Chen et al. [6] ap-
plied imperceptible modulation for power saving, and Duinkharjav
et al. [11] optimized rendering with perception-guided recoloring.
These works illustrate how adaptive color feedback can reduce
clutter or energy use. Our work builds on this literature but ap-
plies color enhancement specifically to peripheral cues to improve
selection confirmation.

Designing for Peripheral Vision. Most existing designs for
head-worn AR target central and foveal vision, largely neglecting
peripheral vision. Yet, peripheral vision excels at detecting motion
and high-contrast changes, providing users with ambient awareness
without requiring direct gaze shifts. Strasburger et al. [53] charac-
terize peripheral vision to be of lower spatial resolution but with a
higher sensitivity to contrast, making it ideal for subtle but salient
notifications. Building on this, Sun and Varshney [54] quantified
the perception time in the far peripheral field for VR/AR, showing
that users can register peripheral stimuli within milliseconds, even
under complex visual loads.

The HCI literature contains few studies on peripheral vision,
which can be classified as building custom hardware to create new
types of displays [8, 34], studying display placement [2, 18], and the
level of detail of the information shown [10, 15, 16]. Of particular
interest to this research is the work by Luyten et al. [34] who
created a display setup involving two peripheral displays mounted
within the 20-degree extremes of the periphery to study the usable
peripheral display area in terms of position and size relative to
the eye, and the impact of shape, orientation, color, and animation
on users’ perception. They recommended (1) using a limited set
of simple, prominent shapes (e.g., rectangles and circles in 2D),
(2) using primary, strongly contrasting colors (their participants
correctly perceived red, green, and blue, but had challenges with
yellow, purple, and orange), and (3) using animation intentionally
to communicate more complex information (e.g., motion in the
direction an arrow is pointing).

A new stream of research has leveraged peripheral channels for
subtle, multisensory cues. Ku et al. [27] used rapid serial visual
presentation (RSVP) to deliver textual overlays that are readable
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using peripheral vision. Trepkowski et al. [57] combined visual,
auditory, and haptic signals to improve awareness under a nar-
row field-of-view (FOV). Parmar & Silpasuwanchai [41] studied
attentional tunneling while walking, Janaka et al. [22] explored
paracentral visualization strategies, and Syiem et al. [55] showed
reduced cognitive load during multitasking. This stream suggests
peripheral vision is an effective communication channel; however
its use to interact with AR content remains underexplored.

Feedforward and Feedback in Visual Guidance. Our framing
of PERIPHAR as a visual feedback mechanism builds on prior work
that distinguishes feedforward from feedback in interaction design.
Vermeulen et al. [58] clarify feedforward as information presented
before an action is carried out to reduce Norman’s Gulf of Execution,
complementing but differing from feedback about the outcomes
of completed actions. In pointing interfaces, Guillon et al. [17]
introduce a design space of visual feedforward for target expansion,
emphasizing that users must see how targets will expand prior
to movement to benefit from the technique. Sadasivan et al. [47]
similarly use recorded eye movements as feedforward training
cues that preview how experts would inspect complex aircraft
structures, again focusing on anticipatory guidance rather than
on-line correction.

Recent XR work further sharpens this distinction. Yu et al. [61]
propose a design space for visual feedforward and corrective feed-
back in XR motion guidance, defining feedforward as cues that
specify desired future motion and feedback as cues that respond
to a user’s ongoing performance and highlight errors. In parallel,
research on peripheral visual feedback shows that unobtrusive cues
in the visual periphery can efficiently signal system state and guide
attention without disrupting foveal tasks [38]. AR studies have
leveraged such feedback to support continuous control and search:
Wang et al. [59] compare central and peripheral visual feedback
(and other modalities) for trajectory tracking in AR, and Richards
et al. [46] combine peripheral visual and vibrotactile feedback to
help users locate dynamic virtual entities in augmented reality.
Gaze-based targeting work likewise uses visual highlights and cur-
sor changes as feedback about the system’s current interpretation
of the user’s gaze selection [13]. Following Yu et al. ’s distinction
between feedforward and corrective feedback in XR motion guid-
ance [61], these cues are presented in response to the user’s or
system’s current state, rather than predicting future actions.

We explicitly position PERIPHAR as providing peripheral feedback
instead of feedforward: our peripheral proxies appear only after
the system has interpreted a fixation on a real-world object, and
they visualize “what the system currently thinks you are selecting”
in the monocular display. Users can then confirm or reject this
interpretation without foveating toward the display.

Preattentiveness to Color and the Link to Peripheral Vision.
Classic work on preattentive vision shows that color is a particu-
larly powerful feature for guiding visual search. In dense arrays,
color singletons can be detected in parallel and “pop out” even
when observers are not deliberately attending to them [39]. Later
work refined this view by demonstrating that individual hues dif-
fer in how strongly they guide attention. For example, Andersen
et al. found that red tends to be detected the fastest, followed by
green, blue, and yellow, whereas orange and purple are less effective
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at improving search performance [1]. Beyond low-level contrast,
preattentive responses are also shaped by color categories them-
selves. Using peripheral oddball paradigms and visual mismatch
negativity, Clifford et al. showed that across-category differences
(e.g., blue vs. green) elicit stronger preattentive responses than
equally large within-category differences [7]. These results suggest
that ergonomic design guidelines for color should consider not
only contrast and luminance, but also the choice and categorical
perception of specific hues.

Preattentive color processing is closely linked to peripheral vi-
sion. Visual search theories argue that feature maps for color, orien-
tation, and motion are computed across the visual field, providing
a coarse salience landscape that can guide eye movements toward
promising locations [60]. Empirical studies show that color signals
support rapid detection even when targets are presented outside
the fovea. For example, Khomeriki and Lomashvili reported that
under peripheral viewing, red stimuli are detected faster than green
or blue, and that this advantage interacts with task complexity and
spatial location in the visual field [24]. Together with classic find-
ings on preattentive filling-in and texture segmentation [39], this
work indicates that color-based guidance is available in peripheral
vision, albeit at lower spatial resolution than in central vision.

Our work builds on this literature by exploiting peripheral color
sensitivity in an AR context. PERIPHAR presents proxy objects in the
user’s peripheral rather than foveal vision, and our studies suggest
a predisposition to color and similar ordering of color effectiveness
(with red targets noticed fastest, and green/yellow slower), consis-
tent with preattentive color findings in both central and peripheral
vision [1, 7, 24, 39]. We leverage these insights when reasoning
about how color-enhanced peripheral proxies can support rapid
confirmation of gaze-based selections on low-FOV AR glasses, and
we return to them in our discussion of future extensions for multi-
colored, real-world targets (Sec. 8).

3 Peripheral AR Display Simulation

To simulate a peripheral AR display and support the design of our
PERIPHAR feedback technique, we developed a system based on
Quest Pro, a current MR headset with built-in support for video
passthrough and eye tracking. As illustrated in Fig. 1, the four main
components of our system are: (1) peripheral AR display em-
ulation to gracefully degrade Quest Pro’s display and rendering
capabilities and simulate monocular AR glasses, (2) real-world ob-
ject simulation to generate virtual objects as targets and control
their number, size, and distance in our experiments, (3) gaze-driven
object selection to enable object selection using eye tracking for
both virtual objects generated by our simulation and physical tar-
gets detected by our system, and (4) peripheral proxy generation
to create a visual representation of a targeted virtual or real-world
object as feedback in the simulated peripheral display.

Display Emulation. Simulating AR glasses is complex. For our
experiments, we needed to control key parameters such as display
position and size relative to a user’s visual field on Quest Pro, but
not accurately model all the optics (e.g., luminance and brightness
under different environmental conditions). We scoped our display
emulation to meet two requirements: (i) control the simulated
display’s field of view and rendering capabilities separately
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from the Quest Pro MR display with video passthrough rendering;
and (ii) emulate a monocular display context that renders an
image of the selected target in the simulated display only for the
right eye.

Our system provides visual controls to adjust the position and
size of the display area. We added means to simulate lower FPS and
adjust the display image in terms of resolution and color. As part
of the calibration in our experiments, we placed the display area in
each user’s periphery so that they could still see all four corners of
the simulated display when foveating towards it. We consistently
chose a 20° horizontal field of view and simulated the display at
VGA resolution with RGB color at 30 FPS for most parts of the
experiment (the text and shape conditions used grayscale). This
yields a limited AR display that falls within the spectrum of current
smart glasses. For example, the recently released Meta Ray-Ban
Display glasses feature a 600x600 pixel, full-color RGB, monocular
display in the right lens with a 20-degree field of view, and a 90Hz
refresh rate (content refreshes at 30 FPS).

Target Simulation. For our experiments, we wanted to be able
to simulate real-world targets using virtual 3D shapes and models
registered in world space, serving as stand-ins for real objects in the
physical environment. For example, our first study used real-world
targets in the form of tetromino blocks (Fig. 3) (with seven different
colors and shapes), and our second study used 3D fruit models
(with similarly looking colors and shapes). This made it possible
to observe gaze dynamics with respect to virtual targets whose
real-world appearance and in-display representation we could fully
control. It also meant that we could run experiments without being
impacted by object recognition and segmentation errors.

To test our PERIPHAR visualization technique on real objects in
the physical environment, we later developed an end-to-end system
using YOLO11n [23] object detection and segmentation (Sec. 7).
This served as a proof of concept that that our pipeline could be
extended with computer vision techniques and used outside the lab,
but was not meant as a generalization from our controlled studies.

Gaze-Driven Selection. Our system implements gaze classifica-
tion via velocity threshold identification (I-VT) for saccades and dis-
persion threshold identification (I-DT) for fixations [48], with fixed
thresholds established in prior work [49]. For durations, we used a
30ms maximum for saccades and a 50ms minimum for fixations in
Study 1. In Study 2, we used 45ms minimum fixation duration to
compensate for the delay in peripheral proxy generation.

Our system further classifies gaze samples to determine display
peripherality as a metric for comparison and proxy for glanceability.
The key idea is that a display condition is better if it effectively
reduces eye movements, since it would make it easier to process
the visual feedback rendered in the peripheral display and match
it to the real-world target without foveating towards the display.
Thus, we were interested in detecting where fixations and saccades
happened relative to the display.

As illustrated in Fig. 2, our system structures the user’s visual
field into a gradient around the display, leading to clear-cut real-
world vs. in-display attention zones, and a world/display transition
zone in between. Our display peripherality metric, then, consists
of the combined durations of fixations on objects in the world, as
opposed to fixations on the display, as well as the frequency of
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Figure 1: Our system consists of four components: (1) periph-
eral AR display emulation simulates monocular AR glasses
with limited FOV on Quest Pro, while (2) gaze-driven object
selection uses eye tracking and video passthrough for object
selection; (3) real-world target simulation enables simulation
of target objects using virtual 3D shapes and models in world
space, while (4) peripheral proxy generation creates a visual rep-
resentation of the real-world target on the simulated display
screen. The system was used in two studies to determine key
object properties for visually salient target representations.

Figure 3: The tetris game in Study 1 simulated real-world targets using
virtual objects in the shape of tetrominoes in four display conditions:
the snapshot condition combined the text label (O), square shape in
color (blue O), and surrounding objects (green T). The text, color, and
shape conditions isolated these attributes as shown on the right.

world/display transitions measured in terms of saccades between
real-world and in-display fixations. We define an AR display to
be of higher peripherality the higher the time real-world (tW),
the lower the time in-display (¢D), and the shorter and the fewer
the transitions. We note that, when comparing different display
conditions, key performance indicators depend on the complexity
of the content shown in the display. That is, when comparing more
complex displays, we can also expect higher values for the in-display
metrics, leading to lower real-world to in-display ratios, hence
decreased glanceability.

To determine intersections of the gaze with real-world targets,
our system implemented a version of the flashlight technique of-
ten used in 3D contexts [28, 42]. The system would lock onto the
closest intersecting target and render a visual representation of
it in the simulated display. In addition to visual cues rendered in
the simulated display, we also added audio cues by playing distinct
sounds each time the target has changed and when selection was
confirmed via controller button press. We used a controller-based
confirmation rather than hand tracking to circumvent hand track-
ing errors and allow participation of users who were less familiar
with XR technology.

Y. Ren, A. Reddy, M. Nebeling
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Figure 2: Our system measures display peripherality based on
gaze dynamics: a design that requires less time to look at, and
fewer gaze transitions into, the display means it provides better

peripherality. By structuring the visual field into a gradient
(blue) around the simulated display, we compute the ambient

value (A) of each gaze sample as: (1) A = 0, when the vector

points in-world and away from the display, (2) 0 < A < 1, when
in the blue zone modulated within 10° in each direction around
the display, or (3) A = 1, when in-display and intersecting with
the simulated display’s screen area (dotted blue box).
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Figure 4: The four display conditions used in the tetris
game: snapshot with the text label and image of the
target with surrounding shapes; text with only the text
label; color with only a circle filled in the target’s color;
shape with only the target’s shape isolated in gray.

Peripheral Proxy Generation. We developed techniques to
generate visual representations of real-world objects targeted by
the user and used them to create four display conditions in Study 1
and three display conditions in Study 2, detailed in the next sections.
The studies had different, yet complementary goals. In Study 1
(Sec. 4), we wanted to isolate key object properties with respect to
display peripherality based on controlled experiments with virtual
objects inspired from the popular tetris game. In Study 2 (Sec. 6), we
wanted to compare different strategies for generating the peripheral
proxy and assess if it can be interpreted peripherally without gaze
shifts to the simulated display. Finally, we developed an end-to-end
system as a proof of concept (Section 7), employing real-time object
detection and peripheral proxy generation from Quest Pro’s video
passthrough, and produced results for realistic environments.

4 Study 1: Peripheral Sensitivity

The goal of our first study was to condition the AR display design
in terms of visual features—text, color, and shape—and study how
each individually contributes to display peripherality. To maximize
control and balance visual features, we simulated targets using
virtual objects in a game we developed inspired by Tetris. For the
experiment, we wanted virtual objects that can approximate the
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shape of real-world objects while being able to control and measure
the differences. Cuboids are commonly used in studies that segment
real-world scenes (e.g., [36]), which motivated us to develop the
Tetris game (Figure 3). Although the chosen colors in the game
are less representative of the appearance of real-world objects, the
selection of tones and shades in the color spectrum led to smaller
and larger perceptual differences, which we considered realistic.

Task. Each trial involved selecting one of ten tetrominoes which
were generated by our system using a combination of seven shapes
(I or ‘straight, O or ‘square, T, L, ], S, and Z) and seven colors
(cyan, blue, purple, green, yellow, orange, red) common to Tetris.
Generated tetrominoes were unique in that the same color or shape
were possible, but no more than one tetromino of any color was
present in a task.

All tetrominoes were placed in fixed physical locations in front of
participants who remained seated for control. The system randomly
selected each tetromino exactly once and announced it verbally
(e.g., “red T”), marking it with an arrow. We used this as an attention
guiding technique [45] with the goal of minimizing search time and
reducing user effort to targeting, similar to when someone knows
what object they are looking for and roughly where it is in the
environment. We opted for a continuous task design in that the
next tetromino was marked and announced immediately after the
correct one was selected. As recommended in [3], we considered a
discrete task design, but pilots found it too disruptive to realistically
capture world/display transitions and make task completion time a
factor. It would also have decreased the performance aspect of the
game, which challenged participants to be accurate, yet efficient,
by selecting the correct tetrominoes quickly.

Procedure. Participants conducted three blocks of 10 trials per
block under four conditions (randomized and counterbalanced):
(1) snapshot showed a colored image of the target shape with sur-
rounding shapes as well as a text label with the shape’s letter; (2)
text only showed the text label without color or shape, (3) color just
showed a circle in the color of the target, and (4) shape only showed
the target’s shape without color (Figure 4). The snapshot condition
functioned as a baseline with all features; the others were control
conditions that isolated the individual characteristics to see how
much each feature in isolation contributed to user performance.

Participants. In total, 32 participants completed the study (17
female, 15 male; ages 18-65, M=38.28, SD=12.04). Participants’
AR/VR experience varied from no prior experience (8 participants)
to ten years (M=1.72 years, SD=2.51 year), using AR/VR on aver-
age 0.79 days per week (min=0, max=>5). Screening confirmed that
the participants were at least 18 years old and had not previously
experienced motion sickness when using VR. Clear vision was re-
quired, wearing contact lenses rather than glasses, if needed, not
to interfere with the eye tracking of Quest Pro. Each study session
lasted between 60 and 90 minutes. Participants were compensated
$75 USD per hour.

Calibration & Pre-Study Questionnaires. Each participant
performed individual calibration of Quest Pro using suggested fit
adjustments and IPD values, then went through the eye tracking
calibration procedure to build an optimized gaze model for each
user. After successfully testing the calibrated model, participants
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Figure 5: Mean task completion times in ascending order
from left to right. Error bars show standard deviation.

completed a pre-study questionnaire asking for their perception of
the most common symptoms of motion sickness (S5Q) and digital
eye strain (DES) per Hirzle et al. [20]. After each condition, we ad-
ministered an abbreviated questionnaire to monitor any symptoms.
Throughout the study, we followed best practices and exercised
caution to be sensitive to any issues noted by the participants.
Although no participants experienced motion sickness, one partici-
pant felt mild symptoms of digital eye strain after calibration, but
the symptoms disappeared soon after and they completed the study.
Before each condition, we calibrated our system to ensure that
the simulated display was positioned correctly in the participants’
visual field and the gaze cursor was tracked accurately.

Data Collection & Analysis. We used our system to record user
sessions and produce real-time analytics based on our peripherality
metrics. The record/replay system allowed us to collect and analyze
detailed logs of participants’ eye movements per task, block, and
condition. We securely stored participants’ anonymous experiment
data and developed scripts in JavaScript and R to pre-process data
from successful trials and perform statistical analysis. In post-hoc
analysis, we compared the display conditions in terms of logged sta-
tistics and subjective ratings collected in post-task questionnaires.

Table 1 presents key findings in terms of task performance
recorded by the system and subjective performance based on post-
task questionnaires on preference for condition, perceived task
performance and display peripherality.

Objective Performance. We discarded the first block in all
conditions that was used as training. For statistical analysis, we
ran Mauchly’s test of sphericity against condition, then one-way
repeated-measures ANOVA (with Huyn-Feldt correction if the
sphericity could not be assumed) and, if significant, post-hoc pair-
wise t-tests with Bonferroni correction. Significant results mean
p < 0.05. The condition had a significant effect on task completion
time, with color being significantly faster than the shape condi-
tion. Overall, the fastest conditions per participant were color (17x),
snapshot (6X), shape (5X), and text (4x). The color condition also
outperformed the other conditions on average spending the least
amount of time foveating towards the display, with significant
differences between color and all other conditions. The tW:tD ra-
tios were the best for the color condition, followed by snapshot,
then shape, and finally text. The color condition had the fewest
world/display transitions on average, with significant differences
between color vs. shape and color vs. text. It also had the best real-
world vs. in-display gaze ratio and was rated the best in terms of
display comfort, timing, feeling supported, and not being in the
way. It also had the best ratings for mostly looking at the world
vs. the display.

In terms of the total number of selection errors, the shape condi-
tion had the highest number of errors for all participants (total =
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condition ‘ t[s] tD[s] tW:tD | transitions | errors ‘ satisfied efficient confident ‘ comfortable atrighttime felt supported felt in the way

snapshot | 33.3 4.9 4.1:1 10 1.31 5.69 5.03
text 336 54 3.6:1 11 1.06 591 5.56
color 304 3.0 6.0:1 7 1.31 6.06 5.69
shape 348 5.8 3.7:1 11 1.64 5.97 5.34

5.44 4.81 5.47 4.97 3.38
5.91 5.19 5.41 5.25 2.66
5.88 6.13 6.09 5.91 2.09
5.63 5.22 5.31 5.00 3.13

Table 1: Peripherality metrics and post-task ratings for our Tetris game (best results in bold): mean task completion times ()
and time spent in-display (tD), time real-world vs. in-display ratio (tW:tD), average number of world/display transitions and
errors, and 7-point Likert scale ratings of task performance (satisfied, efficient, confident) and display quality (comfortable, at
the right time, felt supported, felt in the way). The color condition was the fastest on average and achieved the best real-world
vs. in-display gaze ratio, fewest transitions, and the best ratings in terms of display comfort, timing, feeling supported, and not

feeling in the way.

105, mean = 1.64). The snapshot and color conditions performed
similarly (both total = 84, mean = 1.31), while text had the fewest
errors (total = 68, mean = 1.06). For further analysis, we replayed
study sessions to analyze user behavior when errors occurred. There
was a fairly even spread of wrong color vs. shape selections for
shape (23x wrong color, 22X wrong shape, 60X both wrong), sug-
gesting that shape alone may be insufficient. The color condition
more often led to selecting the wrong shape (9x wrong color, 33X
wrong shape, and 42X both wrong). The snapshot condition re-
versed the wrong color vs. shape ratio (21X wrong color, 11X wrong
shape, 51x both wrong). The text condition had the fewest errors
(16X wrong color, 6x wrong shape, 46X both wrong). The top-3
wrong colors were selecting orange instead of yellow (10x), purple
instead of teal (6X), green instead of blue (5%), and yellow instead
of green (5%). The top-3 wrong shapes were selecting J instead of
L (12x), L instead of J (11x), and S instead of Z (4X). Participants
made the fewest errors with red (only once selecting teal instead)
but confused all shapes at least once.

Subjective Performance. For statistical analysis, we used Fried-
man rank sum test and, if significant, post-hoc pairwise Wilcoxon
signed rank test with Bonferroni correction. Participants tended
to rate their task performance the best for the color and text con-
ditions, but the differences were not significant. For the questions
on the display, the color condition was significantly rated the high-
est. We found significant differences between color and all other
conditions in terms of whether it was easy to understand the in-
formation shown on the display and whether it felt comfortable
to look at the display. It was also rated significantly better than
snapshot and shape in terms of whether the information on the
display was displayed at the right time and whether the display
felt like it was in the way. When asked whether the participants
felt they mostly looked real-world vs. in-display, there was a trend
towards real-world, with the color and shape conditions rated the
highest, but the differences were not significant.

Reflection & Takeaways. From our experiment observations
and participant feedback, two main themes emerged: (1) Percep-
tual efficiency of color: Participants favored the color condition
for its efficient communication of information. Particularly when
perceived peripherally, color was the most potent feature and it
provided a manageable amount of information, making it easier
for participants to interpret. (2) Limitations of color alone: Some
participants encountered difficulties when nearby tetrominoes had
similar colors, prompting reflections on the limitations of relying
solely on color cues on a peripheral display. Participants suggested

combining color with other features such as shape. Some articu-
lated benefits of the snapshot condition, as it showed more context,
while others maintained that it was confusing.

5 Peripheral Proxy Generation

Given the findings from Study 1—that participants favored the
color condition for its perceptual efficiency, but struggled when
nearby objects had similar colors—we devised a technique that
generates a peripheral proxy from a real-world object targeted
by the user’s eye gaze and makes differences to similar objects
nearby more visible. Our technique is based on a color enhancement
algorithm that shifts key color attributes—luminance, saturation,
and chromaticity—to make the proxy more noticeable in peripheral
vision while remaining consistent with the real-world object.

Color Enhancement Algorithm. As shown in Fig. 6, our al-
gorithm takes two inputs: a target image for enhancement and a
reference image against which the target is contrasted. The images
are transformed through a pipeline in three steps: (1) quantization,
(2) palette-level color distance analysis, and (3) masked enhance-
ment of the target. We detail the algorithm in Appendix A but give
an intuitive explanation below.

Consider the green pear (target) and the green apple (reference)
shown in Fig. 6. The green pear has a lighter and more yellowish
green than the green apple. The differences are noticeable in foveal
vision but much harder to detect in peripheral vision. The algo-
rithm first simplifies the green pear’s texture into a small set of
dominant colors (quantization), then enhances lightness, saturation,
and chromaticity to maximize contrast with the green apple (the
quantization step and the full pipeline will be explained in detail
below). The resulting green pear proxy appears brighter and more
distinct, making it easier to recognize peripherally. If the target is
darker than the reference, the algorithm performs only quantiza-
tion and skips enhancement, since further darkening would reduce
visibility in the periphery.

Technical Pipeline. Building on the gaze classification and dis-
play emulation described in Section 3, we implemented a pipeline
that connects real-world fixation to peripheral proxy generation
and subsequent rendering. Once a valid fixation is detected on a
real-world object, our system designates it as the target and extracts
its texture as the target image from a decimated version of the ob-
ject model. Decimation reduces geometric detail while retaining
the outline shape, ensuring that proxies remain lightweight for
peripheral rendering. Next, a reference image is obtained using one
of two strategies described below. Both images are color enhanced
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Figure 6: Color enhancement pipeline. (a) The target and
reference undergo color quantization (k=7). (b) Palette-level
color distances are computed between the intermediate quan-
tized target and reference. (c) The intermediate quantized tar-
getis color-enhanced based on the computed palette-level dis-
tances, producing the final texture for the peripheral proxy.

by our algorithm, which adjusts the target’s appearance relative
to the reference to increase salience of the peripheral proxy while
preserving visual consistency with the target. The final color en-
hanced target is then displayed in the peripheral view, completing
the feedback loop from gaze fixation to proxy confirmation.

Strategy 1: Snapshot as Reference. The first strategy assumes
that users rely on the surrounding context of the real-world object.
When a valid fixation is detected, PERIPHAR registers the real-world
object as the target and extracts a localized screenshot centered on
it, including adjacent objects and background, similar to the snap-
shot condition in Study 1. The screenshot serves as the reference
image. By analyzing the screenshot’s color distribution, the algo-
rithm adjusts the target’s luminance, saturation, and chromaticity
to increase contrast with its surrounding objects captured in the
screenshot. We refer to this as the screenshot strategy.

Strategy 2: Most Similar Object as Reference. The second
strategy goes beyond the first by identifying the one nearby object
that is most likely to be confused with the target. Upon fixation,
PERIPHAR compares the target’s color to its neighbors in CIELAB
space using the CIEDE2000 color-difference formula [50], selecting
as reference the adjacent object with the smallest color distance—
i.e., the object most similar in color and therefore most likely to
be confused with the target. The algorithm then enhances the tar-
get relative to this reference, adjusting luminance, saturation, and
chromaticity to maximize perceptual contrast to this reference. We
refer to this as the most similar color (MSC) strategy.

Screenshot optimizes contrast against the average context, whereas
MSC optimizes contrast against the worst-case distractor. In our
second study, we tested both strategies (average vs. worst-case) to
generate a peripheral proxy. We wanted to see which one was more
salient and allowed users to distinguish the target rendered on the
peripheral display with greater confidence. But first, we aimed to
empirically tune three parameters of the color enhancement algo-
rithm so that the peripheral proxy was both salient in peripheral
vision and visually consistent with the real-world target.

Color Enhancement Parameter Calibration. As illustrated
in Fig. 7, each trial displayed a pair of fruits of similar color on
a virtual shelf, with the left fruit serving as a reference and the
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right fruit as the target. During a series of parameter adjustments,
participants evaluated whether the peripheral proxy matched the
target fruit while remaining noticeable with peripheral vision and
distinguishable from the reference fruit only rendered real-world.

At the start of each trial, the peripheral proxy of the target fruit
was rendered with default parameter settings. Similar to Study 1,
participants first completed IPD fit and eye tracking calibration on
Quest Pro to ensure accurate gaze tracking. We then fine-tuned
the parameters sequentially using a dichotomous (binary search)
procedure, i.e., for each parameter, the current color enhancement
setting was compared against an alternative at the opposite bound
of its range (e.g., max_luminance=1 vs. 8). Participants indicated
which rendering viewed better for the peripheral proxy, defined
as more salient and more differentiable from the reference fruit
while still clearly matching the target fruit. The preferred value
became the new baseline, and the parameter was then compared
against the midpoint of the range. This halving procedure contin-
ued until a stable setting was reached, with at most three compar-
isons per parameter. The final value was then fixed before mov-
ing to the next parameter. Three parameters were tuned (Fig. 8):
max_luminance (upper bound on luminance increase; default 1;
range 1-8), max_sat_boost (upper bound on saturation boost; de-
fault 1; range 1-16), and ab_push (Lab chromaticity shift magnitude;
default 0; range 0-60).

In total, 8 participants (1 female, 7 male; ages 19-29, M=24,
SD=2.74) with normal or corrected vision and no color-vision de-
ficiencies completed the calibration. All provided their informed
consent and were compensated $20 USD for their time. We aggre-
gated parameter settings across participants and reported the 75th
percentile to derive conservative, perceptually effective bounds:
max_luminance = 2.125; max_sat_boost = 9.75; ab_push = 30.0.
These group-level values reflect settings that ensure sufficient salience
without over-enhancement. We also report the grouped 75-percentile
parameter values based on colors in Table 2.

Color Max Luminance Max Saturation Boost AB Push
Green 2.00 6.875 15.00
Yellow 3.00 10.50 38.00
Red 3.00 10.50 28.75
Blue 3.00 6.500 38.00

Table 2: Group-level 75th percentiles for each parameter by
shelf color.

6 Study 2: Peripheral Proxies

Our final study applied the color enhancement calibration values
to evaluate the screenshot and Most Similar Color (MSC) strategies
for PERIPHAR against a baseline condition. The baseline used a
peripheral proxy with only color quantization—i.e., without color
enhancement—and applied the same decimation process. To maxi-
mize control and balance visual features, we simulated real-world
targets using virtual objects with a video passthrough environment
similar to Study 1; however, this time, the real-world objects were
chosen as representations of real-world objects in a virtual fruit
market scene.

Task. Each trial presented a virtual shelf with more than 40
similarly shaped and colored virtual fruits. Participants selected
two designated fruit types in a fixed alternating sequence (six of
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Figure 7: Calibration workflow. Left: Participants viewed a fruit shelf through left and right eye cameras; the peripheral proxy
of the target fruit was rendered in the right-eye periphery. Participants assessed whether the proxy was visually consistent
with the real-world target and distinguishable from the reference object. Right: We adjusted color enhancement parameters
(max_luminance, max_sat_boost, ab_push) via a web interface not visible to participants. This participant-researcher loop iterated
until the proxy appeared to be both salient in peripheral vision and consistent with the target, yielding empirically tuned

parameter values.
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Figure 8: Each parameter’s isolated effect for color enhance-
ment. The target fruit (yellow mango) is enhanced relative
to the reference fruit (yellow lemon). From left to right: base-
line target, luminance boost, saturation boost, and chroma
push. Each output shows the effect of a single parameter
while the others remain fixed at their default values.
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each; 12 correct selections total). They were instructed to make
selections as accurately as possible without foveating toward the
peripheral proxy, maintaining gaze on the shelf and using peripheral
vision for confirmation.

Procedure. The study used a within-subjects design with three
conditions (baseline, screenshot, MSC) and three color-themed shelves
(green, yellow, red fruits), yielding nine trials per participant. The
set of fruit types associated with each shelf color (green, yellow,
red), the positions of the designated fruits within each shelf, and
the order of shelves were all fixed across participants. Shelf lay-
outs were identical across conditions to maximize comparability.
Only condition order was randomized, counterbalanced via a 3x3
Latin square (six groups; two participants per group). As in Study 1,
participants first completed IPD fit and eye-tracking calibration to
ensure accurate gaze tracking.

At the start of each trial, the two target fruit types were an-
nounced (e.g., green apple — guava — green apple — guava, etc.).
For each selection, the participant (1) recalled the next fruit in
sequence, (2) fixated on the corresponding fruit on the shelf, (3) re-
ceived audio feedback as PERIPHAR rendered the peripheral proxy
for confirmation, and (4) pressed a controller button to confirm
the selection. Correct selections removed the target from the shelf

with a confirmation sound; wrong selections left it visible with an
error audio cue. After completing all three shelves for a condition,
participants filled out a questionnaire and participated in a brief
semi-structured interview before proceeding to the next condition.
See Fig. 9 for the study setup.

Participants. In total, 12 participants (3 female, 9 male; ages
21-28, M=24.7, SD=1.8) with normal or corrected vision and no
color-vision deficiencies took part. All provided informed consent
and were compensated $20 USD.

Data Collection & Analysis. We logged gaze traces, gaze events,
and selection events during the study session, together with post-
questionnaire and interview feedback, providing objective and sub-
jective measures. Objective metrics included: (1) foveal vs. pe-
ripheral gaze distribution (percentage of gaze time spent looking
directly at the peripheral proxy, lower is better), (2) selection ac-
curacy (proportion of correct selections, higher is better), and (3)
completion time (average time to complete one trial, lower is bet-
ter). Subjective metrics (7-point Likert scale, from post-condition
questionnaire) included: confidence in selection, ease of noticing
the peripheral proxy, perceived speed of confirmation, level of dis-
traction (lower is better), perceived effectiveness, cognitive load
(lower is better), reliance on color/shape cues of the peripheral
proxy when selection, and gaze distribution (shelf vs. proxy, higher
means more time on shelf). In addition, participants reported their
overall preference by ranking the three conditions.

We securely stored anonymized data and performed scripted
preprocessing and statistical analysis. Similar to Study 1, ANOVA or
Friedman significance tests, with Holm or Bonferroni corrections as
appropriate, were applied for objective and subjective data analysis.

Objective Performance. Table 3 shows the objective metrics
(gaze distribution, selection accuracy, completion time). We found
no significant effect of condition per these metrics (all p > 0.05).

To examine how the color context influenced errors, we aggre-
gated error rates by shelf across all conditions (Table 4). Because
yellow shelves proved to be more error-prone than green and red
shelves, we focused on the yellow shelf (Table 5). Interestingly, on
the yellow shelf, the screenshot condition produced a higher error
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Figure 9: Study 2 setup. Left: Left/right eye views of the shelf; upon fixation on a target (e.g., green apple), a peripheral proxy is
rendered for confirmation. Right: The participant commits the selection with the “A” button; correct selections remove the

gazed fruit.

Metric Base SS  MSC Shelf ~ Wrong Total Err.% Yellow Wrong Total Err.%
Gaze (%) 0.95 0.82 0.79 Green 72 504 14.3 Baseline 41 185 22.2
Error (%) 17.1 16.0 10.6 Yellow 123 555 22.2 Screenshot 51 195 26.2
Time (s/trial) 11559 91.90  97.06 Red 27 459 5.9 MSC 31 175 17.7
Table 3: Objective metrics. Table 4: Error rates by shelf. Table 5: Yellow shelf error rates.

rate (26.2%) than baseline (22.2%), whereas MSC reduced errors to
17.7%. We then analyzed the main distractors that the participants
mistakenly selected (Table 6). In both baseline and MSC, errors
were spread across yellow persimmon and Asian pear with similar
frequency. In contrast, errors in the screenshot condition were dom-
inated by confusions with Asian pear (19 times), in the majority of
cases when the intended target was yellow apple (Table 7).

This pattern directly reflects how screenshot constructs its refer-
ence image from a snapshot of the target on the yellow shelf with
highly similar color distributions. The algorithm tries to enhance
both the target and distractor but, in this case, against a very similar
average, thus pushes in similar hue directions. This essentially re-
duces their perceptual distinctiveness in the peripheral display and
results in insufficient enhancement. Participant feedback aligned
with this interpretation. For example, P10 noted: “At the periphery,
the Asian pear and yellow apple looked like uniform blocks of color,
making them very difficult to differentiate [in screenshot].”

In contrast, MSC explicitly selects the neighbor with the most
similar color as reference. For the yellow shelf, yellow apple and
Asian pear were the closest pair in CIELAB space. When Asian pear
was the target, yellow apple became the reference, and the algorithm
enhanced the pear proxy to increase contrast. Conversely, when
yellow apple was the target and Asian pear the reference, the apple
was darker and therefore left unenhanced by the algorithm. This
asymmetry in the algorithm produced a visible difference in the
periphery. In post-condition interviews, five participants reported
deliberately alternating their gaze between the two fruits to exploit
this difference, noting that MSC made such comparisons more reli-
able. Across the study, most correct selections did not involve such
deliberate comparisons: depending on shelf and condition, roughly
half to two thirds of correct trials were completed with zero gaze
switches between target and distractors (e.g., 57% for baseline, 61%
for screenshot, and 64% for MSC across all shelves). This matches
our design goal that PeriphAR should normally support “one-look”

confirmation. Gaze switching therefore mainly occurred in a subset
of more difficult trials where participants chose to double-check
ambiguous proxies. To understand these harder cases, we exam-
ined gaze switches between yellow apple (target) and Asian pear
(primary distractor) on the yellow shelf, where errors were most
concentrated. In the screenshot condition, participants made 13
mis-selections. When they incorrectly selected the Asian pear, they
performed on average 3.64 gaze switches (SD=4.96), compared to
7.11 (§D=11.45) for correct selections. This difference was not sig-
nificant (Mann-Whitney U, p=0.097), suggesting that additional
comparisons between the two peripheral proxies did not reliably re-
solve their ambiguity. In the MSC condition, participants made only
7 mis-selections, and they were typically made with almost no com-
parison (M=0.57, SD=0.90), whereas correct selections involved
some back-and-forth gaze switches (M=4.64, SD=9.24). These dif-
ferences were significant (Mann-Whitney U, p=0.016). Together
with the lower error rate on the yellow shelf for MSC, this pattern
indicates that when participants chose to compare yellow apple and
Asian pear, the asymmetric enhancement strategy in MSC produced
more diagnostic peripheral differences, whereas the scene-wide ref-
erence in screenshot often left the two compared fruits (target and
primary distractor) perceptually similar even after additional gaze
switches to compare the intended target and the shown peripheral
proxy (Fig. 10). Importantly, many trials in all conditions were com-
pleted without any gaze switching, so PERIPHAR is not designed to
rely on deliberate back-and-forth inspection; rather, MSC appears
to offer more useful information in those difficult comparisons.
We also examined whether target color affected completion time.
The red fruit shelf were completed fastest (M=67.78 s, SD=36.64),
followed by green (M=103.90's, SD=61.29) and yellow (M=132.98s,
S$D=100.20). A Friedman test revealed a significant main effect of
color, x2(2)=12.67, p=0.0018. Post-hoc Wilcoxon signed-rank tests
with Holm correction showed that red trials were significantly
faster than both yellow (pp,o1,=0.0044) and green (pp1m,=0.0098),



CHI *26, April 13-17, 2026, Barcelona, Spain

Y. Ren, A. Reddy, M. Nebeling

Fruit Type baseline screenshot MSC Intended fruit ~ Mis-selected as Asian pear

Top 1 yellow persimmon (13) Asian pear (19) yellow persimmon (12) Yellow apple 13
. . Yellow lemon 6

Top 2 Asian pear (12) yellow mango (11) Asian pear (11)

Top 3 apricot (6) yellow persimmon (10) yellow mango (5) Total v

Table 6: Top wrong fruit selections (yellow shelf).
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Figure 10: Gaze switches between yellow apple (target) and
Asian pear (distractor) on the yellow shelf for the MSC and
screenshot conditions. Each box shows the distribution of gaze
switches per trial grouped by condition and outcome (correct
vs. mistake). The asterisk marks a significant difference be-
tween correct and mistaken selections in the MSC condition
(Mann-Whitney U test, p=0.016); no significant difference was
found for screenshot.

whereas time differences for green and yellow were not signifi-
cant (Fig. 11). The significant differences for red align with prior
work on preattentive color processing, which reports that red tends
to guide attention more efficiently than other hues [1, 39].

Subjective Performance. Table 8 shows subjective ratings from
the post-condition questionnaires. Overall, the scores tended to fa-
vor conditions with color enhancement, particularly using the MSC
strategy. We found significant differences for two key measures
(Fig. 12): confidence in selection (Friedman y?(2)=9.15, p=0.010; MSC
> baseline ppo1n=0.022) and ease of noticing the proxy (Friedman
x2(2)=11.89, p=0.003; MSC > baseline, ppo}m=0.020). Participants
also reported relying slightly more on shape information in the
peripheral proxy under MSC (M=5.42) than under baseline (M=5.08)
or screenshot (M=4.58; Table 8), but these differences were not sta-
tistically significant. This trend can be explained by considering
that enhancing color relative to the most similar colored neighbor
can increase local chromatic contrast along the target’s edges. As
a result, MSC’s enhancement may sometimes have made object
boundaries in the peripheral proxy easier to interpret. This is con-
sistent with work showing that preattentive processing of color can
facilitate segmentation and grouping [1, 39]. Qualitative interview
feedback echoed this interpretation: P10 noted, “The shape was
more noticeable, and I could discern the fruit’s stamp direction in the
peripheral cue, which helped me differentiate between similar fruits.”,
and P2 felt that “the shape was clearer in this [MSC] condition, which
helped [them] make decisions beyond just color.”

Table 7: Breakdown of Asian pear errors in the
Screenshot condition.
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Figure 11: Mean completion times across target colors in
Study 2. Error bars show + SD. Asterisks indicate significant
pairwise differences based on a Friedman test with Wilcoxon
signed-rank post-hoc comparisons (Holm-corrected).

The MSC condition was chosen by 8 of 12 participants, screenshot
by 3, and baseline by 1. A chi-square test against uniform preference
was significant, y?(2)=6.18, p=0.045. Pairwise two-proportion z-
tests with Holm correction revealed a significant preference for
MSC over baseline (z=2.951, ppo1m=0.009).

Reflection & Takeaways. In summary, the MSC condition im-
proved the subjective experience, leading to higher preference for
the condition, selection confidence, and peripheral noticeability
over the baseline. While there was no significant effect of condition
per the objective metrics, deeper analysis showed trends in favor
of MSC. Our error selection analysis revealed that color context
mattered: on yellow shelves, screenshot amplified confusion with
similarly colored fruits (Asian pear), whereas MSC was most robust
across shelves. The screenshot’s scene-wide reference tended to ho-
mogenize color enhancement across similar objects, inadvertently
amplifying confusion in cluttered contexts. Conversely, the MSC
strategy leveraged the most similar neighbor to accentuate subtle
but critical differences, yielding more reliable peripheral confirma-
tion in visually challenging scenarios, notably the yellow shelf trials.
Participant feedback suggests that color enhancement relative to
the most similar object in color goes beyond improving color con-
trast alone, potentially strengthening peripheral shape perception
as well. Finally, our analysis of completion times by target color
suggests that PeriphAR inherits classic preattentive color patterns:
red targets were noticed fastest, with green and yellow slower,
mirroring established findings on color-guided attention [1, 39].
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Metric baseline  screenshot  MSC
Color cue reliance 5.667 5.250 5.500 74
Shape cue reliance 5.083 4.583 5.417
Confidence” 4.833 5167 6.167 61
Ease of noticing 5.000 5.667 6.250 o
5]
5 4
Speed of confirmation 5.000 5.250 5.417 @
Distraction (lower, better) 1.917 1.750 1.583
Effectiveness 4.833 5.083 5.500 41
Gaze distribution 4.833 5.250 5.833
Cognitive load (lower, better) 3.000 2.500 2.167 34
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Table 8: Mean subjective ratings (1-7). Higher is better
unless noted otherwise.
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Figure 12: Box plots for Confidence in selection and Ease of noticing.

Asterisks mark significant pairwise differences (Holm-corrected).

7 End-to-end System

As a final step, we wanted to see how PERIPHAR might perform in
less controlled environments compared to our lab studies. However,
we don’t think of this step as a generalization attempt; rather, we
simply wanted to learn if and how it could be made more effec-
tive when part of an end-to-end system and tested in potentially
challenging settings with many similarly looking, cluttered phys-
ical objects (vending machines, bookshelves, etc.). To enable this
exploration, we extended the system with real-time support for
(1) processing live camera video passthrough and (2) object detection
and segmentation, then profiled each step in the pipeline to identify
where most computing resources might be needed.

Switching to Real-World Objects. First, accessing the exter-
nally facing cameras on Quest Pro is an experimental feature. The
recently released Passthrough API is only available for Quest 3. We
were able to exploit an Android media projection workaround to
screen-grab the live video feed. Next, we needed to know where the
user is looking within the passthrough to isolate the target object.
However, converting the eye gaze cursor from 3D coordinates to
the corresponding point in the 2D passthrough image was chal-
lenging because of barrel distortion and the eye gaze originating
from the left eye alone. As a workaround, we added a red dot to
indicate where the user is looking, so that the resulting 2D image
also contains this red dot in the accurate location. The system can
then parse the image for the center of the reddest pixels to find the
2D location of the user’s gaze.

Second, when transitioning from virtual fruits to real-world ob-
jects, we needed object segmentation to isolate individual objects
and grab their corresponding masks. The YOLO11n segmentation
model [23] was used to maximize accuracy while simultaneously
limiting latency. Once the objects are segmented, the system deter-
mines if the decoded gaze pixel resides within any of the detected
object masks and if so, that object is treated as the target. The
bounding box for that target is expanded in all directions to create
a 2D box collider. If any other object bounding boxes intersect this
expanded box, then it is treated as a neighboring object. Once the
target mask and neighbor masks are gathered, the system runs
the color similarity algorithm to determine which neighbor mask
is most similar in color to the target mask. Once the target and
reference masks are determined, a color-enhanced and quantized
version of the target object is created. The enhanced image is then
finally displayed in the simulated peripheral display.

Figure 13: Examples from our end-to-end system tests show-
ing only the right eye view with peripheral proxy on simu-
lated peripheral display.

Testing in Realistic Settings. We then used the resulting end-
to-end system for a variety of real-world tasks (Figure 13): buying
a drink at a vending machine, selecting magazines and books in a
library, operating a kitchen appliance, and finding a car. We treat
these deployments as proof-of-concept demonstrations, intended
to show that the full PeriphAR pipeline can run on current XR
hardware and to obtain failure cases, rather than as a comprehensive
evaluation of deployment-ready performance. We chose to not
incorporate a fixation threshold on the end-to-end system, unlike
the previous two studies, as applying object segmentation to the
real world already takes a significant amount of time and acts as a
threshold (min. time of 113ms) ensuring the user is indeed viewing
arelevant object. Accompanied with the fact that per-frame fixation
is observed on the server-side, as opposed to the headset, we decided
that a fixation threshold would unnecessarily increase the latency
between viewing a physical object and receiving the enhanced
mask. Similarly, request rates between the headset and server were
limited as to not overload the network.

In these examples, going through the entire process from acquir-
ing the passthrough image with the real-world target to rendering
the final color enhanced target took on average between 0.72s
(parking lot, where enhancement was often skipped due to no other
objects being detected) and 1.55s (kitchen appliance, with an aver-
age of 2.6 neighbors including refrigerator, sink, chair, bowl, table,
oven). During profiling the various steps of the pipeline, we found
that the object segmentation takes on average about 25% of the
time, while the mean time to find the most similar neighbor object
ranged from 17.8% (vending machine, avg. neighbors 15.6 including
refrigerator, bottle) to 28.5% of the time (parking lot, avg. neighbors
2.3-3.9 including bus, car, truck, person) depending on the com-
plexity of the scene and size of neighbors. Lastly, the quantization
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and color enhancement of the image typically took a majority of
the time ranging from 50.1% (vending machine) to 61.9% (kitchen).

Beyond latency, two practical aspects are important for interpret-
ing these deployments: occlusion safety and lighting conditions.
First, in the headset, the monocular peripheral display occupies only
a small ~20° horizontal FOV and is rendered on a semi-transparent
plane, leaving the central view unobstructed and limiting occlu-
sion in the periphery.! Although the proxy appears larger in the
captured video frames in Fig. 13, its apparent size in the headset is
quite modest. In our end-to-end system use cases, participants used
PERrIPHAR while standing still or moving slowly, and the proxy was
shown only in brief bursts (2 seconds) to confirm a selection. De-
ploying such overlays in safety-critical situations (e.g., approaching
traffic or navigating uneven terrain) would require additional safe-
guards, such as more conservative opacity and size, or temporarily
suppressing the peripheral proxy during rapid locomotion.

Second, because the peripheral proxy is rendered directly into
the passthrough view, its visibility depends on both the headset
display and the captured real-world lighting condition. In our tests,
the end-to-end system was used mainly in indoor environments
and in typical daylight outdoors (sunny but not high-glare condi-
tions), where the Quest Pro display provided sufficient dynamic
range for the proxy to remain clearly visible. We did not systemati-
cally vary ambient lighting, and in very bright sunlight or strong
glare the same color enhancement would have less headroom on
the physical display, reducing perceived contrast between proxy
and background. A more lighting-aware version of PERIPHAR that
adapts enhancement strength to ambient conditions is therefore an
important direction for future work.

Limitations in Real-World Scenarios. While our algorithm
performed reliably in controlled conditions, its behavior with real-
world objects that contain multiple prominent color regions reveals
a notable limitation. Consider the example of two BelVita cookie
packages, Cranberry Orange (target) and Cinnamon Brown Sugar
(reference), shown in Fig. 14. Both share a large yellow header
region at the top of the package, while their lower halves differ
in dominant hue (orange vs. red). When the color enhancement
algorithm processes the full packages, it identifies the shared yellow
header as the dominant overlapping region (see Fig. 14a). Because
this region is nearly identical across both packages, the similarity
measure falls below the skip enhancement threshold. This threshold
serves as a safeguard: when two textures are already visually close,
additional enhancement would either have little perceptual benefit
or risk distorting the target’s appearance. By skipping enhancement
in such cases, the algorithm avoids unnecessary adjustments and
preserves alignment with the real-world object. As a result, the
peripheral proxies remain visually similar.

This mismatch highlights an important limitation: the algorithm
assumes that the most shared dominant region is the critical re-
gion for differentiation. One way to address this is to redirect the
color enhancement algorithm toward the subdominant but visually
distinguishing regions when dominant regions are nearly identi-
cal. As an experiment, extracting and processing only the lower
halves of the packages led the algorithm to enhance successfully
(see Fig. 14b), underscoring the gap between algorithmic focus and

ISee Section 3 for details on display emulation.
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human perceptual strategies. Our exploratory analysis of Study 2
completion times (Fig. 11) also suggests that not all colors contribute
equally to fast peripheral detection: red targets were noticed sig-
nificantly faster than green and yellow, echoing preattentive color
findings [1, 7]. Taken together with the BelVita example, this points
to a perceptually informed extension of our MSC strategy from
object-level to patch-level enhancement. Rather than treating each
object as a single texture, the system could segment it into chro-
matic subregions and, for each subregion, estimate (i) how strongly
it differentiates the target from its most similar color neighbor (i.e.,
the color difference between the corresponding areas in target and
neighbor, discounting large regions that are nearly identical such
as the shared yellow header), and (ii) its predicted preattentive
salience based on hue category (e.g., reddish/orangish accents tend
to guide attention more strongly). Color enhancement could then be
concentrated on subregions that both show strong target-neighbor
contrast and are high-salience, instead of boosting the entire object
uniformly. Such a patch-wise extension would preserve the current
MSC mechanism of choosing the most similar color neighbor as
reference, while making PeriphAR more robust for multi-colored,
cluttered scenes (e.g., packaged goods), where users often rely on
small distinctive regions in the periphery to disambiguate similar
items. We view our BelVita case as highlighting where the present
proof-of-concept starts to break down and as motivating these per-
ceptually informed refinements as concrete future work toward
improved generalizability in real-world deployments.

More broadly, our prototype should be interpreted as a proof-
of-concept for peripheral confirmation on low-FOV AR glasses
rather than a deployment-ready system. Our end-to-end system
focused on relatively low-risk scenarios (e.g., standing or slow
movement), not fast locomotion or safety-critical tasks, so any
real-world deployment would need to incorporate explicit safety
constraints on when and where peripheral proxies may appear.

8 Discussion

Opportunities & Tradeoffs with Display Simulation. The
system we created to design our PERIPHAR technique provided a
quasi-realistic simulation of future AR glasses on Quest Pro, en-
abling peripheral vision experiments in the absence of wide-FOV
AR displays. Simulation is an important tool in HCI research to ex-
perience advanced technology [37]. We posit that future AR glasses
will have to be limited in critical ways and, even if more capable
with larger FOVs, users may not always want full-on AR. So, our
idea of adopting graceful degradation as a design principle could
provide a way forward.

While we believe in the practical value and applicability of our
work, findings are based on simulation. We modeled display charac-
teristics like position and FOV digitally. Without the hardware we
cannot verify accuracy. Another critical aspect is that our controlled
setting was free from peripheral distractions in the real world. With
optical see-through displays, digital eye strain [19] will likely be
more pronounced. In our studies, eye movements when switching
from real-world targets to the simulated display required relatively
little accommodation. Using a unifocal video passthrough display
meant that the eyes’ focal length did not need to adjust as much.
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Figure 14: Effect of the color-enhancement algorithm on real-world objects with multiple color regions, illustrated using
two BelVita cookie packages. (a) With full packages, the algorithm selects the shared yellow header as the dominant region.
Since the color distance of the shared dominant region between target and reference is below the enhancement threshold,
enhancement is skipped, and the target proxies remain visually similar to the reference. (b) With only the lower halves, the
dominant regions (orange vs. red) differ more, exceeding the threshold and triggering enhancement, making the target proxy

more distinguishable to the reference.

Context-Aware Parameter Tuning. While we selected a single
global setting for our color-enhancement algorithm parameters
based on group-level 75th-percentile values, the calibration results
indicated distinct optimal values for different colors. For instance,
participants generally required less aggressive enhancement for
green fruits compared to yellow or red fruits (see Table 2). Conse-
quently, participants with higher peripheral sensitivity occasionally
found certain peripheral proxies to be overly enhanced. For example,
the green apple proxy sometimes made alignment with the real-
world object challenging. Future implementations should adopt
context-aware parameter tuning, dynamically adjusting enhance-
ment parameter values based on color context to ensure consistent
peripheral proxy effectiveness across diverse visual scenarios.

Neighbor-Aware Enhancement Bounds. In the current MSC
implementation, enhancement is based solely on the single adjacent
object with the closest color. For example, in a green shelf trial,
when participants fixated on a lighter green apple, the algorithm
selected a darker green guava as the reference. This shifted the
peripheral proxy of the apple brighter toward yellow-green, creat-
ing a stronger contrast with the green guava. However, this also
risked enhancing the proxy to the point that it no longer aligned
well with the green apple, instead shifting toward a lighter, more
yellowish green that resembled the nearby green pear. This over-
enhancement made it harder for participants to match the proxy to
the intended target in peripheral vision. To address this limitation,
future work should extend the MSC strategy with a neighbor-aware
constraint mechanism. After selecting the most similar neighbor,

PERIPHAR could check all other adjacent objects and clamp en-
hancement so that the target never exceeds any neighbor. In this
way, enhancement would still increase target-neighbor contrast
but remain bounded by the broader visual context. Such safeguards
would reduce the risk of overly bright or misleading proxies and
better preserve perceptual alignment in complex, multi-object en-
vironments. These refinements highlight promising directions for
improving the robustness and generalizability of peripheral color
enhancement in AR-based selection tasks.

Loss of Fine-Grained Details. Although color enhancement in-
creases overall salience, it can inadvertently obscure subtle features
that aid recognition. For example, P12—the only individual who
preferred the baseline condition—reported difficulty aligning the
peripheral proxy with the real-world target on the fruit shelf. In the
baseline condition, the proxy is only quantized, which preserves the
dark striping on the tomato’s surface. After enhancement in other
two conditions, however, those stripes blended into a uniform red,
making the peripheral proxy appear “too flat” and harder to match
to the real fruit. Future refinements should balance global color
boosts with the preservation of local contrast and edge details. This
would help maintain both visibility and recognizable texture cues.

Simpler Shape Representations. As our selection error analy-
sis in Study 1 showed, targets close in hue and shapes with only
minor differences led to the most errors. The decimation step prior
to color enhancement in Study 2 mitigated these issues; however,
color enhancement was based on the full textures of the virtual
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fruits rather than only on the viewable perspective. Our end-to-end
system used object masks from the segmentation based on low-res
passthrough images, skipping 3D representation altogether making
visual similarity dependent on viewing angle and size of region.
While modern segmentation and 3D reconstruction techniques such
as Segment Anything Model (SAM) [25] or Neural Radiance Fields
(NeRF) [35] could perhaps be added one day, such fine-grained
segmentation and photo-realistic reconstruction would be overkill.
Our work calls for new techniques that abstract real-world objects
by compressing their texture and shape into simple yet distinguish-
able visual patterns. For example, finding rough visual contours
approximating an object to its primitive shape yet exaggerating
certain features in the context of nearby objects, or semantically
shifting colors based on keys that humans associate with particular
objects, such as green for apples or yellow for bananas despite not
being plain in color, could further improve glanceability.

9 Conclusion

This paper systematically developed PERIPHAR, a gaze-based feed-
back technique that recreates real-world targets as peripheral prox-
ies optimized for glanceability. To do this, we first developed the key
technical components to simulate future AR glasses with peripheral
display modes operated in monocular fashion on Quest Pro using
graceful degradation. We demonstrated that fundamental tasks like
object selection can be performed efficiently and accurately with
our AR display designs that used color enhancement to become
peripherally glanceable. We discussed the limitations of our display
simulation approach and identified opportunities for improvement
of our technique, pointing toward a roadmap for advancing PE-
RIPHAR toward real deployment in future always-on AR glasses.
By shifting confirmation feedback to the user’s peripheral field,
our work opens a new design space for lightweight, low-powered
AR glasses that align with both hardware constraints and human
perceptual strengths.
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A Color Enhancement Algorithm

Our color enhancement algorithm entails three steps: (1) quantiza-
tion, (2) palette-level color distance analysis, and (3) masked color
enhancement. Fig. 6

Quantization. In the first stage, both target and reference tex-
tures are reduced to a compact set of dominant colors. Using Mini-
BatchKMeans with K = 7, each pixel is reassigned to its nearest
centroid, yielding a quantized image and a histogram of cluster cov-
erages. This step highlights perceptually salient palettes consistent
with peripheral vision’s reduced sensitivity to detail, while also
lowering computational load.

Palette-Level Color Distance Analysis. Next, we compare the
palettes of the target and reference textures to determine the ex-
tent of enhancement needed for the target. We compute weighted
perceptual distances across all pairs of palette centroids:

7 7

AByora = )| D hr (i) hr(j) ABoolc]  cF),

i=1 j=1

where cl.T and cf are the i-th and j-th centroids of the target and
reference palettes, hr (i) and hgr(j) are their normalized cluster
weights, and AEoo(clT, cf) is the CIEDE2000 color difference [50]
between the two centroids in CIE Lab space. We use CIEDE2000
because it captures perceptual non-uniformities, providing differ-
ences that better reflect how humans perceive changes in lightness,
chroma, and hue compared to simpler metrics such as Euclidean
distance. Analogous computations yield AL for lightness and AC for
chroma differences. Together, these metrics quantify how distinct
the two textures are in overall appearance.

For enhancement preparation, we also identify a shared domi-
nant color, chosen from the reference palette but also prominent in
the target. This color acts as an anchor, marking the overlap where
confusion is most likely in peripheral vision. By centering enhance-
ment around this shared color, the algorithm selectively increases
contrast where target and reference would otherwise appear too
similar. The global distance metrics (AEqq1, AL, AC) together with
the shared dominant color form the basis for constructing the boost
map in the next stage.

Masked Color Enhancement. In the final stage, enhancement
is applied selectively to regions of the target associated with the
shared dominant color. A similarity mask is computed by measuring
the CIEDE2000 distance from each target pixel to this color. Scaled
by the global perceptual distance AE;;,1, the mask produces a boost
map B(x,y) that localizes enhancement to areas where target and
reference overlap most strongly. This ensures adjustments increase
perceptual contrast precisely where peripheral confusion is most
likely. While AE;., controls overall enhancement strength, the
relative contributions of AL and AC determine whether emphasis
falls on lightness or chroma.

We capture this weighting by

_AC
T AL+ AC’

where a biases enhancement toward chroma when AC dominates
and toward luminance when AL dominates. Saturation is applied as
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a general vividness boost, independent of a. With this weighting,
the three channels are adjusted as follows:

e Luminance: brightness is lifted by scaling Lab lightness:
L' (x,y) = L(x,y) [1 + B(x, y) (max_luminance — 1)(1 — a)],

where max_luminance caps the maximum increase. Gamma
correction and CLAHE (Contrast Limited Adaptive Histogram
Equalization) preserve highlight detail and local contrast.
Saturation: HSV saturation is boosted by

S’ (x,y) = S(x,y) [1 + B(x, y) (max_sat_boost — 1)0(],

with max_sat_boost controlling the maximum gain. Satu-
ration is weighted by « so that it contributes more when
chromatic differences (AC) dominate, and less when lumi-
nance differences (AL) are the primary factor. This ensures
that saturation lifting is emphasized only when it is most
perceptually useful.

e Chroma push: Lab chroma values (a, b) are shifted outward
from the reference mean p,p,:

(a,b)(x,y) — pap
(a,0)(x,y) = papll2’
where ab_push sets the maximum directional shift. Unlike
saturation, chroma push operates independently of «, be-
cause its role is to explicitly separate the target’s hue from
the reference. This guarantees local color contrast even when
overall luminance differences are dominant.

(a’,b")(x,y) = (a,b)(x,y)+B(x,y)-ab_push-

The result is a color-enhanced target image that is brighter, more
vivid, and chromatically distinct from the reference image, allowing
participants to associate the peripheral proxy with the correct real-
world target at a glance.
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