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The Effect of Layout on Visual Search in
Augmented Reality Multi-Window Displays

Abstract—Augmented reality (AR) may provide supplementary
information to support tasks in the physical world, offering the
advantage of displaying multiple windows with high flexibility
in interface layout. In AR-physical world mixed scenarios, users
often need to locate and retrieve target information from virtual
multi-window displays. Understanding how to design effective
layouts for these interfaces is critical to enhancing visual search
performance, a key element of information retrieval. This study
examines the effects of depth separation, information density
and curvature of virtual multi-window displays on a conjunctive
visual search task in AR. Results indicate that reducing infor-
mation density and introducing curvature significantly reduced
both search time and the time taken to decide that the target
was absent (task quit time). Although depth separation did not
significantly affect search time, it notably reduced quit time. The
number of errors was not significantly influenced by any of the
factors. Additionally, users preferred a curved display with lower
information density that remained within the device’s field of
view, and their search time was fastest with this layout. Finally,
we noticed variations in layout preference and performance
changes among individuals, possibly influenced by differences
in search strategies.

Index Terms—Augmented Reality, Visual Search, Multi-
Window Displays, Display Layout.

I. INTRODUCTION

AUGMENTED reality (AR) interfaces have been increas-
ingly used to display information that supports tasks

in the physical world. Unlike physical multi-display user
interfaces, which usually distribute information in multiple
discrete displays [1], AR can create multiple virtual windows
of varying presence, size, and arrangement, with minimal
cost and effort. These virtual multi-window displays have
been tested in various domains, including health care [2],
maintenance [3], aviation [4], and everyday applications [5],
[6]. When AR displays are used to present supplementary
information, users will need to retrieve data from multiple
virtual windows. Visual search—i.e., the process of visually
locating a target among distractors [7]—is a critical compo-
nent of this information retrieval process and can be largely
influenced by the interface layout. AR’s capacity to generate
numerous windows in diverse spatial configurations introduces
a multitude of display layout possibilities. This raises a variety
of questions for display layout design, including those we aim
to address in this paper: Should virtual windows be flat or
curved? Tightly clustered or more dispersed? Arranged on a
single plane or across multiple depths? Remain fully within
the field of view (FOV) or extend beyond it?

In this paper, we developed a conjunctive visual search task
(i.e., the target and distractors are defined by a combination of
multiple features, such as color and shape) using twenty-four
virtual windows displayed on a state-of-the-art see-through
head-mounted AR headset, which simulates the visual search

processes that are common in AR applications with multi-
window displays. We conducted an experiment featuring eight
AR layouts to investigate the effects of depth separation,
information density, and curvature of display on search perfor-
mance. We also investigated the interaction between the effects
of information density and display curvature. The results sug-
gest that introducing depth separation, lowering information
density, and creating display curvature all positively impact
performance. Participants achieved the fastest search time
when using a curved display with lower density that remained
within the device’s FOV, and this layout was also the most
preferred. More detailed findings will be discussed later.

II. RELATED WORK

A. Design of AR Multi-Window Displays
Many previous studies have sought to optimize the design

of AR multi-window displays to better support information
retrieval. Given AR interfaces overlay virtual content onto the
physical environment, it is critical to ensure that virtual worlds
are well-aligned with the physical space they are intended to
be used in. Various approaches have been proposed to adapt
virtual windows to the shapes of physical objects and their
spatial arrangements [8]–[10]. Research has also shown that
the arrangement of physical objects [11] and their physical
and semantic properties [12] can influence user preferences
for virtual window placement. Additionally, dynamic layouts
that respond to user movement and pose have been shown
to aid user interaction with virtual displays [10], [13], [14].
Other work has investigated strategies to reduce interferences
between virtual elements [15]–[18] and between virtual win-
dows and physical world interactions [19]. More recent work
has explored real-time optimization of mixed-reality layouts
that adapt to user context and cognitive load [20].

The research here pertains to studies that examine how
different spatial arrangements of virtual windows influence
user performance. Imamov et al. [21] investigated the effect of
a transparent virtual window’s horizontal, vertical, and depth
positioning relative to an opaque display on task switching.
Their findings suggested that placing the window at eye level
or below, and reducing the distance between the interfaces,
enhanced both performance and comfort. Perelman et al. [22]
found that placing a virtual window in front of the user re-
duced target acquisition time and head movement compared to
positioning it on the right side. Satriadi et al. [23] showed that
users preferred multiple virtual windows oriented toward them
in a surrounding arrangement while avoiding the overlapping
of windows. Similarly, Ens et al. [6] explored multi-window
layouts for pointing tasks and recommended a curved design
that fits within the user’s FOV and minimizes the angular
separation between windows.
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Figure 1: Illustration of the eight AR layout configurations. The visualizations are not to scale and are intended for illustrative
purposes only. The circle represents the participant’s head position, and the arrow indicates their direction of view. The two
straight lines in e, f, g, and h represent the device’s horizontal field of view (FOV). a) “Baseline (high-density)” with all
windows at the same depth. b) “Column-separated” layout. c) “Column- and row-separated” layout. d) Side view of the
“curved high-density” layout. e) Top view of the “medium-density” layout, showing its proximity to the user compared to the
“high-density” layout. f) Top view of the “curved medium-density” layout, with reference to the “curved high-density” layout.
g) Top view of the “low-density” layout, with reference to the “high-density” layout. h) Top view of the “curved low-density”
layout, with reference to the “curved high-density” layout. The x-axis represents the horizontal direction, the y-axis represents
the vertical direction, and the z-axis represents the distance from the user.

In this study, we employed a virtual display consisting of
twenty-four windows, reflecting the potential future use of
AR interfaces, as AR technology allows for the rendering of
multiple freely placed virtual windows. Our focus is on how
predetermined spatial arrangements of these virtual windows
affect visual search performance, a task that is particularly
sensitive to the arrangement of visual content. To reflect real-
world AR usage scenarios, our layout designs take into account
the FOV limitations of current see-through AR headsets and
the placement of virtual windows relative to the physical
screen displaying the search target cue.

B. Visual Search in Multi-Window Displays

Previous studies have begun exploring the impact of in-
formation density and display curvature of virtual windows
on visual search performance. Here, we define information
density by item sparsity (i.e., the number of items per area)
without changing the total item count. Lower information
density can reduce visual clutter, which has been shown to
enhance search performance [24], [25]. In addition, lower
information density may also allow bigger sizes of the search
items, a factor known to decrease search time [26]. When
the total number of search items stays unchanged, to reduce
information density, one can increase display size, which has
been shown to increase search time in conjunctive search tasks
like the one used in this study [27], [28]. As the display
becomes larger, some search items could exceed the device’s
field of view (FOV). Trepkowski et al. found that increasing

FOV may significantly aid visual search [25] and Ren et al.
[29] found that a restricted FOV led to slower completion time
on a task that included visual search than full FOV. However,
in a complex visual search task, sacrificing the ability to keep
all content within the restricted FOV of the see-through AR
HMD—thus achieving lower information density—may be
worthwhile for improving visual search performance. More-
over, adding curvature to displays has been found to enhance
performance in text search tasks on physical screens [30],
and this benefit may extend to virtual windows in a complex
conjunctive search task. While previous work investigated the
effect of curvature and information density on visual search
performance, no study to our knowledge explored the potential
interactions between these two factors.

Depth separation has also been studied as a factor affecting
search performance. Prior research suggests that separating
items across multiple planes at different depths can improve
search accuracy by making it easier for users to fixate on
and identify the target after fixation [31]. However, this im-
provement in accuracy does not necessarily translate to faster
search times [31], [32], and may only apply to certain target
types (e.g., transparent polygons, X-ray objects, etc.) [31]. In
more complex search tasks, depth separation has been shown
to increase response time in target-absent trials [32]. Finlayson
et al. found that increasing the number of depth planes reduced
search efficiency, with items on further planes requiring longer
search times [33]. In conjunctive search tasks, Finlayson et al.
found no performance benefit from using two depth-separated
planes, even when participants were given prior knowledge
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Study Layout Factors Task / Environment Measures Key Findings

Finlayson et al. (2013) Depth separation
Letter-based feature and
conjunction search on
stereoscopic displays

Search time|accuracy

Depth separation improved performance
mainly when target depth was known in

advance, with limited benefit for
conjunction search.

Godwin et al. (2017) Depth separation

Visual search with transparent
and opaque stimuli and
X-ray-like images on
stereoscopic displays

Search time|accuracy|eye movements
Depth separation improved accuracy

primarily for transparent and overlapping
stimuli, and altered fixation behavior.

Arefin et al. (2022) Depth separation
Text visual search with an AR

haploscope and a physical
monitor

Search time|accuracy|visual fatigue

Increasing focal switching distance reduced
search performance and increased visual

fatigue. Transient focal blur caused by large
depth separation produced further

performance decrements.

Kyung & Park (2021) Curvature|info density
Single-monitor text visual
search at a fixed viewing

distance
Search time|accuracy|visual fatigue

Moderate curvature reduced search time,
improved accuracy, and lowered visual

fatigue compared with flat or very
large-radius displays. Increasing flat size
worsened search time and fatigue, and

curvature mitigated those harms.

Shupp et al. (2006) Curvature|info density
Geospatial search and route
tracing on 12 and 24 screen

walls
Search time|accuracy|workload

Larger display configurations reduced
search time for easier search tasks, and the
largest configurations performed best when

paired with curvature. Accuracy was
similar across configurations and workload

was lower for large curved displays.

Tatzgern et al. (2016) Info density
AR visual search and recall

with geo-referenced labels in
real scenes

Search time|accuracy

Adaptive info density management reduced
search errors and was preferred by the
users, but did not consistently reduce

search time.

Trepkowski et al. (2019) FOV|info density Symbol and text visual search
on AR headset and wall displays Search time|accuracy|workload

Wider FOV and lower info density reduced
search time and improved accuracy. A
narrower FOV increased the perceived

workload.

Wolfe (2012) Info density Lab-based symbol and
real-world object search Quit time (threshold)

Higher info density led to a more
conservative threshold and thus longer quit

time.

Present work Depth separation|info
density|curvature|FOV

Conjunctive visual search across
24 virtual windows in AR Search time|quit time|accuracy Results reported in Section V

Table I: Summary of prior visual search studies relevant to the present work and the present work (last row). The table lists
the layout factors, task/environment, measures, and key findings from each study.

about the target’s depth plane [34]. Having multiple depth
planes also requires users to frequently switch their fixations
between different depths, a process that has been shown to
hinder search performance [21]. In the present work, we aimed
to further explore the effect of depth separation in visual search
within a complex task involving high visual clutter generated
by multiple virtual windows. Our motivation was to investigate
whether reducing visual clutter by positioning virtual windows
at different depth planes could outweigh the additional search
effort required.

III. PRESENT WORK

Table I summarizes similar prior studies that have examined
visual search performance with some of the layout factors and
dependent measures considered in this study. Compared to
previous work exploring depth separation, our study differs
in both motivation and implementation. Earlier studies used
depth separation to reduce visual clutter between overlapping
items along the same x–y plane [31], [34] or between two
side-by-side screens [35]–[38], whereas our design employed
a relatively small depth separation to reduce spatial clutter
among a large number of non-overlapping virtual windows. In
prior research, the level of separation was typically controlled

by the distance between depth planes, whereas our study intro-
duced both column- and row-based depth separation between
windows to simulate a structured, three-dimensional layout.
Building on studies that examined display curvature and infor-
mation density, we further investigated the trade-off between
reducing information density and extending portions of the dis-
play beyond the FOV, a foundational design consideration for
current AR headsets. We also examined whether introducing
curvature could mitigate the costs of having parts of the display
extend beyond the FOV. Our task design was also unique from
prior work, employing a challenging conjunctive visual search
task with three target-defining variables across multiple virtual
windows, an arrangement that reflects realistic AR usage
contexts. Finally, in addition to the commonly measured search
time and accuracy, we incorporated the dependent measure
of ’quit time’ to quantify the user’s decision threshold for
ending a search. While previous studies have examined how
quit time is affected by factors such as distractor properties,
target prevalence, and information density [39]–[41], few
have explored how curvature or depth separation influence
this measure. Addressing this gap represents an important
contribution of the present work.

Motivated by the unique flexibility of AR to manipulate
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Figure 2: Left: The search panel displayed to the user at the start of each trial. Right: The window indices overlaid on the
virtual windows after the user presses the space key to indicate they have located the target.

virtual window depth, curvature, and information density, we
designed a controlled study to examine how these layout
factors affect visual search performance while accounting for
the FOV constraints of current AR headsets. Specifically, we
investigated their effects on search time, quit time, and accu-
racy in a stationary AR condition that emulates workstation
scenarios, where virtual displays serve as low-cost, adjustable,
and supportive information panels. The goal of this work is
to provide foundational design insights for AR applications
that employ multi-window layouts, which may also generalize
to other multi-display user interfaces with comparable spatial
configurations. Our research questions were as follows:

1. How does depth separation between virtual windows
affect search performance?
2. How do information density, curvature of the virtual
multi-window display, and their interaction affect search
performance?
3. How can we understand the effect of the aforemen-
tioned factors based on user preferences and the self-
described search strategies?

IV. EXPERIMENT

A. Apparatus

The virtual windows were displayed on a Magic Leap 2
see-through augmented reality headset, which has a resolution
of 1440 × 1760 pixels per eye and a diagonal FOV of 70
degrees. The physical display used to present the search target
was a 10.1-inch monitor with a resolution of 1024 × 600
pixels, connected to a Macbook laptop with the M1 Pro chip.
The experiment was developed using the Unity game engine,
and participants interacted with the program via a full-sized
Bluetooth keyboard. Both the physical display and keyboard
were placed on a table, with participants seated in a chair
during the experiment. The positions of the chair and table
remained fixed throughout the study. The physical display
remained at 1 meter from participants in all conditions.

B. Participants

Twenty university students (12 males, 8 females, M= 23.5,
SD= 3.2) were recruited for this study. All participants had
normal or corrected-to-normal vision and normal color vision.
The study was approved by the university’s Institutional Re-
view Board. Standard IRB protocols were followed to ensure
informed consent, participant anonymity, and data security
throughout the experiment. The participants were compensated
with gift cards for their time.

C. Task

We developed a conjunctive search task that required the
participants to read search cues from a physical display,
identify the virtual window containing the target, and input the
search results to the physical display. This procedure simulates
a real-world scenario where users retrieve information required
by their physical task from multiple virtual windows in AR.
The target item and distractors could share the same color,
shape, or text. In each search trial, participants first viewed
the target item on the physical display (see Figure 2 left),
then located the virtual window containing the target among
twenty-four equally sized virtual windows. Upon identifying
the target, they pressed the space key on a keyboard, at which
point response time was recorded. Following the key press,
a two-digit number representing the index of each virtual
window (ranging from 01 to 24) appeared on the windows
(see Figure 2 right). Participants then typed the index of the
identified window into the input field displayed on the physical
screen. If participants concluded that the target was absent
after a careful search, they pressed the space key and entered
“00”. There was no time limit for the search, but participants
were instructed to prioritize accuracy while aiming to perform
the search as quickly as possible. All virtual windows were
world-fixed, remaining anchored to the same positions in
the environment rather than following the user’s viewpoint.
Therefore, participants could move their heads to focus on
different windows for all conditions.
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Each of the 24 virtual windows contained 10 randomly
positioned items, meaning a total of 240 items were displayed
in each search trial. Each item could be one of five colors
(red, orange, green, blue, or purple), one of four shapes (heart,
star, diamond, or triangle), and one of six capitalized letters
(“R”, “V”, “N”, “T”, “S”, “Z”). These attributes generated
120 unique combinations. In target-present trials, one com-
bination was selected as the unique target item, while the
remaining 119 combinations appeared twice, generating 239
items, with one additional item using a randomly selected non-
target combination. In target-absent trials, where the target
item was not present in the virtual windows, the target was
replaced by an item using another one of the 119 non-target
combinations. Within each virtual window, no more than three
occurrences of the same color, shape, or text were allowed.
To arrange these windows symmetrically within the headset’s
field of view while maintaining comfortable viewing angles,
we adopted the current seven-column layout shown in Figure
2. A pilot test (N=5) was conducted before the experiment to
calibrate the task’s difficulty and ensure no combination was
disproportionately difficult or easy to locate, and that the target
was clearly visible across all layout conditions.

D. Experimental Design

Each participant performed the task under eight different
conditions, each characterized by distinct virtual window
layouts representing various levels of depth separation, infor-
mation density, and curvature of virtual windows. The eight
layouts were selected to balance experimental completeness
and feasibility within a within-subject design. Depth separation
was explored specifically under high-density layouts, where its
potential benefits in mitigating visual clutter would be most
relevant. In contrast, lower information density and display
curvature were examined as alternative strategies for reducing
clutter without depth layering. The conditions are listed below:

- Baseline (high-density with no depth separation)
(Figure 1a): Virtual windows were positioned at the same
distance on the z-axis as the physical display (1 meter),
with all windows parallel to the plane of the physical
display.
- Column-separated (Figure 1b): Compared to the no-
separation baseline, every column of virtual windows was
staggered by 6 cm along the z-axis from its neighboring
columns. To prevent excessive distance from the user,
symmetry was maintained using the middle column.
Labeling the columns from left to right as 1 through
7, columns 1 and 7, 2 and 6, and 3 and 5 shared the
same depth, with column 4 furthest from the user and
columns 1 and 7 closest. The average z-distance across
all columns matched the z-distance in the “no-separation
baseline” condition.
- Column- and row-separated (Figure 1c): In addition
to depth separation between columns, every row of virtual
windows was also staggered by 6 cm on the z-axis from
its neighboring rows. A similar depth manipulation was
applied to the rows. Labeling the rows from top to bottom
as 1 through 4, row 2 was furthest from the user and row

4 was closest, and rows 1 and 3 shared the same depth.
As a result, each window’s top, bottom, left, and right
neighbors were at different depths than it. The average
z-distance across all windows remained equivalent to the
“no-separation baseline” condition.
- Curved high-density (Figure 1d): This condition in-
troduced a curved display layout, applying x- and y-
rotations to the virtual windows in the “high-density
baseline” based on user feedback from a pilot test, such
that all windows approximately faced the user’s head
position. X-axis rotations for the top to bottom rows were
-10°, 0°, 10°, and 20°, while y-axis rotations for the left
to right columns were -18°, -12°, -6°, 0°, 6°, 12°, and
18°.
- Medium-density (Figure 1e): Compared to the “high-
density baseline”, the virtual windows were positioned
4m farther from the user so that they appeared about 1.5
times larger visually while remaining within the headset’s
field of view. This visual scaling reduced information
density without exceeding the FOV.
- Curved medium-density (Figure 1f): In this condition,
x and y rotations were applied to the virtual windows
in the “medium-density” condition. Pilot feedback sug-
gested that increasing y-axis rotation would visually
align the curvature more closely with the high-density
baseline. Consequently, y-axis rotations for the left to
right columns were adjusted to -24°, -16°, -8°, 0°, 8°,
16°, and 24°. X-axis rotations remained the same as in
the “high-density” condition.
- Low-density (Figure 1g): In this condition, the height
and width of the virtual windows were further increased
by 1.5 times compared to the “medium-density” con-
dition. The windows exceeded the headset’s horizontal
FOV, requiring participants to move their heads during
the search. This was intentionally done to test whether
decreasing density was beneficial to counter the added ef-
fort resulting from head movement. The medium-density
layout, in contrast, provided full visibility of the display
to provide a control condition for comparison.
- Curved low-density (Figure 1h): In this condition, x
and y rotations were applied to the virtual windows in
the “low-density” condition. Based on pilot feedback, y-
axis rotation was further increased, with the left to right
columns adjusted to -30°, -20°, -10°, 0°, 10°, 20°, and
30°. X-axis rotations remained the same as in the “high-
density” condition.

Each condition consisted of 24 target-present trials pre-
sented in random order, with the target appearing once in
each of the 24 virtual windows. Additionally, three target-
absent trials were randomly integrated into the sequence, and
three practice trials were provided at the beginning of each
condition. Participants were unaware of the total number of
target-present or target-absent trials. The order of conditions
was randomized for each participant. For the target items in
the 24 target-present trials, each of the five colors appeared
no more than five times, each of the four shapes no more than
six times, and each of the six text letters no more than four

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.2025.3642044

© 2025 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.



6

times.

E. Statistical Analysis

Linear mixed models [42] were used to assess the effects of
depth separation, display curvature, and information density on
each of our metrics. Two separate analyses were conducted to
tackle our research questions. The first analysis examined the
influence of depth using three levels of depth configurations:
no depth separation, column-separated, and column- and row-
separated. For this, a one-way linear mixed model with three
levels was applied to each metric. The second analysis ex-
plored the effects of curvature and information density across
various conditions: high-density, medium-density, low-density,
curved high-density, curved medium-density, and curved low-
density, resulting in a 2 × 3 factorial design for the linear
mixed models applied to each metric.

Each model was fitted using stepwise forward selection
with full maximum likelihood estimation. Initially, the model
included random intercepts for participants, then fixed ef-
fects for the predictor variables and their interactions were
incrementally added. The significance of each factor was
assessed using likelihood ratio tests, with p-values adjusted
using Holm’s step-down method to maintain a familywise error
rate of 0.05. Significant effects were further examined using
Bonferroni-corrected paired t-tests. Residuals were examined
using QQ plots for normality and residuals versus fitted
plots for heteroskedasticity. No data transformations were
performed. All tests were conducted at a significance level of
α= 0.05, and estimated marginal means were used for bar plot
visualizations. The statistical analysis was carried out using R
[43].

For each layout, the study considered three dependent mea-
sures that reflect search performance: search time, quit time,
and number of errors. Both search time and quit time were
recorded from the onset when the visual stimuli were presented
until they pressed the space key. If the participant entered “00,”
indicating they could not locate the target, the time would
be logged as quit time, regardless of whether the target was
present or absent. Quit time reflects the duration a user takes
to decide to quit after conducting an exhaustive search. Search
time was recorded only when the participant’s response cor-
rectly matched the index of the window containing the target
item. The number of errors represented how often participants
made incorrect selections during both target-present and target-
absent trials. Additionally, qualitative data were collected in
a post-study survey, including each participant’s ranking of
layout preferences and open-ended questions inquiring about
their search strategies.

V. RESULTS

A. Effect of Depth

Depth did not influence search time (χ2(2) = 5.04, p
= .160) and number of errors (χ2(2) = .609, p = .737).
Descriptive statistics indicated that the mean search times
of no-separation, column-separated, and column- and row-
separated layouts were 11.6 s (SD = 7.72), 10.94 s (SD =
7.17), and 10.62 s (SD = 6.36) respectively. Although the main

Figure 3: Spaghetti plots illustrating individual participants’
search times as a function of depth (No Depth, C=Column-
separated, C+R=Column- and row-separated). Each line rep-
resents a participant, with depth conditions on the x-axis and
time on the y-axis. Blue lines show increasing search times
between the two connected depths; red lines show decreasing
search times.

effect of depth on search time was not significant, there was
substantial variability across individuals. The spaghetti plot
in Figure 3 illustrates how the changes in participants’ search
times varied with increasing levels of depth separation (lowest
to highest): no depth separation, column- separation, and
column- and row-separation. The mean search times of four
participants consistently increased as depth increased while
nine participants consistently decreased. Four participants’
search times increased with column-separation, but decreased
with column- and row-separation; three participants decreased
with column-separation, but increased with column- and row-
separation.

Depth had a significant main effect on quit time (χ2(2) =
37.29, p < .001), where the no-separation layout had longer
task quit times than the column-separated (mean difference
= 6.10 s, t(195) = 4.01, p < .001) and column- and row-
separated layouts (mean difference = 9.55 s, t(195) = 6.28, p
< .001). The bar plots for search time, quit time, and number
of errors are shown in Figure 4.

B. Effect of information density and curvature

Information density significantly influenced search time
(χ2(2) = 15.51, p < .001), where the high information density
layouts had longer search times than the medium (mean
difference = 1.65 s, t(2810) = 5.57, p < .001) and low
information density ones (mean difference = 1.60 s, t(2810) =
5.39, p < .001). In addition, information density significantly
affected task quit times (χ2(2) = 12.61, p = .001), where the
high information density layouts had longer quit times than
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Figure 4: Bar plots depicting the mean values and standard
errors of search time (top), quit time (middle) and number of
errors (bottom) as a function of depth separation (No Depth,
C=Column-separated, C+R=Column- and row-separated). ***
indicates the comparison was significant at the p < .001 level,
otherwise the comparison was insignificant.

the medium (mean difference = 4.31 s, t(397) = 3.67, p <
.001) and low-density ones (mean difference = 7.47 s, t(397)
= 6.74, p < .001). The medium-density layout also had longer
quit times than the low-density one (mean difference = 3.34
s, t(397) = 2.95, p = .009).

Display curvature also had a significant main effect on
search and quit times, where the curved layouts had faster
search times (χ2(1) = 15.51, mean difference = .962 s, t(2810)
= 3.97, p < .001), and quit times (χ2(1) = 12.61, mean
difference = 3.27 s, t(397) = 3.57, p = .001). The significant
information density × curvature interaction effect on quit
time (χ2(2)= 25.32, p < .001) showed that the difference
between information density conditions was only significant

when the layouts were uncurved. The difference between
high and medium information density layouts was significant
when the layouts were uncurved (mean difference = 9.25 s,
t(397) = 5.94, p < .001) but not uncurved (mean difference
= .986 s, t(397) = .321, p = 1.00). Neither information
density (χ2(2) = 2.07, p = .150) nor curvature (χ2(1) =
3.88, p = .143) had a significant main effect on the number
of errors. The bar plots showing the effects of information
density with and without display curvature are shown in
Figure 5. Finally, we generated a spaghetti plot, shown in
Figure 6, to visually examine how individual differences might
contribute to the non-significant results observed in quit time
for curved layouts. As information density decreased from
high to medium to low, the changes in individual mean
quit times varied: the mean quit time of two participants
consistently increased as information density decreased while
five participants consistently decreased. Ten participants’ quit
time increased with medium-density, but decreased with low-
density; three participants decreased with medium-density, but
increased with low-density.

C. Qualitative Data Analysis

We collected participants’ rankings of their preferences
for the eight layouts and then aggregated these rankings to
determine overall preferences. The layouts, ranked from most
to least preferred, were as follows: curved medium-density,
medium-density, baseline (high-density with no depth separa-
tion), curved high-density/ curved low-density (equal rank),
column-separated, low-density, column- and row-separated.
Overall, 35% of participants ranked the curved medium-
density condition as the most favored display, whereas 30%
ranked the column- and row-separated condition as the least fa-
vored. Within the medium-density layouts, 60% of participants
preferred the curved condition over the uncurved one, and
within the low- and high-density layouts, 55% also preferred
the curved condition over the uncurved one.

Participants were asked to describe their general search
strategies across all conditions. Six of the twenty participants
reported initially conducting a quick scan of the display
before engaging in a more thorough search. Eight participants
indicated that they prioritized color over shape and letter
during the search, while three mentioned focusing on items
with the same combination of color and shape as the target. For
most, the letter feature was the least prioritized. Additionally,
seven participants described using a zig-zag search pattern,
either moving row by row or column by column.

When asked about specific strategies for different layouts,
nine participants stated they applied the same approach across
all conditions. Four participants mentioned scanning column
by column only in conditions where columns were sepa-
rated by depth. Participants also made various comments on
how their strategies evolved in medium and low information
density conditions. Some noted, “I prefer moving my head
while searching,” “I tend to look through quickly,” “I would
randomly skim through first,” and “I would remember all
features rather than focusing on one initially.” Two participants
mentioned scanning thoroughly on one side (left or right)
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Figure 5: Bar plots depicting the mean values and standard
errors of search time (top), quit time (middle) and number
of errors (bottom) as a function of information density and
curvature. *** indicates the comparison was significant at the
p < .001 level, otherwise the comparison was insignificant.

before moving to the other. In the lowest information density
condition, where some items were outside the FOV, one
participant found it helpful for “minimizing the information
at any given time,” while another noted that it made quick
scanning “less effective because I couldn’t see the entire
display.”

VI. DISCUSSION

A. R.Q.1: “How does depth separation between virtual win-
dows affect search performance?”

The results indicate that introducing depth separation did
not significantly affect search time or the number of errors.

Figure 6: Spaghetti plots illustrating individual participants’
quit times as a function of information density for the curved
conditions in which no significant results were observed. Each
line represents a participant, with information density condi-
tions on the x-axis and time on the y-axis. Blue lines show
increasing quit times between the two connected conditions;
red lines show decreasing quit times.

Increasing the level of separation by creating more depth
planes also had no significant effect on search performance. In
contrast to some previous studies, which found that introduc-
ing additional depth planes could hinder performance [33], our
results show that introducing and increasing depth separation
did not negatively impact performance. This could suggest that
the reduced visual clutter offsets the additional search effort
caused by multiple depth planes. However, it is important
to highlight that the crossing of the lines with positive and
negative slopes in Figure 3 reveals substantial individual
differences in the direction of the effect of depth separation on
search time, suggesting that the variation in individual search
behaviors might have contributed to the lack of statistically
significant results. Additionally, the relatively small distance
between the depth planes in this study might have reduced the
effort associated with depth separation compared to previous
research.

Furthermore, compared to the no-separation condition, quit
time was significantly reduced in the conditions with depth
separation. This differs from findings in previous research
[32], possibly due to different task and study designs. Depth
separation could have guided users to search through depth
planes sequentially, as suggested by their self-reported search
strategies. This could have influenced the dwelling, skipping,
and revisiting of distractors, factors that previous research has
shown to impact quit time [44]. Further confirmation of this
hypothesis will require analysis of future eye-tracking data.

If examining the individual lines in Figure 3 more closely,
we can observe some V-shaped patterns, with the “V” pointing
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in both upward and downward directions. This suggests that
for certain participants, search time decreased when only
columns were separated but increased when both columns and
rows were separated, or vice versa. Meanwhile, many lines
show continuous improvement or decline in performance as
the level of separation increased. These observations further
highlight the individual differences in how depth separation
affects performance.

B. R.Q.2: “How do information density, curvature of the vir-
tual multi-window display, and their interaction affect search
performance?”

The results show that reducing information density and
creating display curvature significantly reduced both search
time and quit time, without significantly affecting the number
of errors. This is consistent with earlier results showing that
moderate curvature improves search efficiency and the user’s
comfort [45], [46] and that lower information density facili-
tates visual search by reducing clutter [24], [25]. Search time
was significantly lower in the medium and low information
density conditions compared to the high-density baseline,
regardless of whether the display was curved. However, the
insignificant difference between medium and low information
density conditions indicates that the positive effect of having
lower density becomes incremental beyond a certain point,
potentially when the part of the windows were outside of
the FOV. This pattern aligns with findings by Trepkowski et
al. (2019), who reported that performance improvements from
reduced information density diminish once the visible area of
the AR display is exceeded.

Quit time significantly decreased as the information density
reduced, although this effect was only observed in conditions
without display curvature. In addition to the notably lower
mean quit time observed in the curved high-density condition
compared to the uncurved high-density condition, the lack
of significant results in quit time differences between curved
conditions could be caused by the individual differences shown
in Figure 6, which shared similar patterns as observed in
search time of different depth separation levels. The statistical
test results indicated that introducing curvature to the virtual
display is a promising design strategy to enhance visual search,
as it improves both search and quit times without impacting the
number of errors, even with small curvature. For applications
prioritizing efficiency and restricted display size, creating
display curvature could be a viable approach to improve search
performance. A curved display could reduce the variation in
the distance between the user and each window by making
the layout more radial. This more consistent proximity could
help explain the performance improvement observed with the
curved display.

Although extending the display beyond the FOV could
require more effort in searching, it did not significantly affect
search time or errors. It was also surprising to find that quit
time was lowest in the low-density condition, despite the
search items extending beyond the FOV. This suggests that
the potential additional search effort required for eye and
head movement due to the larger screen size, along with the

drawback of not seeing all items simultaneously, might be
offset by the benefits of larger search items and reduced visual
clutter.

C. R.Q.3: “How can we understand the effect of the afore-
mentioned factors from user preferences and the self-described
search strategies?”

We found that the most preferred layout was “curved
medium-density,” which also resulted in the lowest average
search time. Medium-density was preferred over both high and
low-density layouts, suggesting that users favor sparser search
items, while having everything presented within the device’s
FOV. There were slightly more participants who preferred
curved layouts over uncurved ones across all low-, medium-,
and high-density conditions. More participants favored the no-
separation baseline over the depth-separated layouts, although
eight of the twenty participants still preferred at least one
of the depth-separated layouts compared to the non-separated
baseline.

The self-reported search strategies indicated that depth sep-
aration influenced how users approached the task by encourag-
ing them to move sequentially between depth planes. Similar
sequential search behaviors have been observed in stereoscopic
displays where depth segmentation guided fixation patterns
[31], [34]. Lower information density had varying effects
on users: some favored a more random skimming approach,
potentially due to the larger and sparser items, while others
focused on minimizing switches between display regions. In-
terestingly, some participants liked having parts of the display
outside the FOV, as it reduced distractions during searching,
while others found this layout less effective for quick scanning.
This was in line with the findings of Trepkowski et al. [25],
who reported that having fewer distractors within the field of
view was sometimes preferred because it reduced visual clutter
and helped users focus on the current region. However, the
increased need for scanning could ultimately decrease overall
performance and lead to higher subjective workload.

VII. LIMITATION AND FUTURE WORK

In the next phase, we plan to collect and analyze partic-
ipants’ eye and head movement data to further understand
the differences in search strategies and behaviors across the
conditions, which could provide insights into the performance
variations. In the previous sections, we have discussed how
manipulating the three design factors may result in different
performance outcomes between participants. The eye and head
movement data could also help understand these individual dif-
ferences. Additionally, we plan to investigate whether search
times and the number of errors vary across specific columns,
rows, or regions of the display, and how such variations are
influenced by different layout designs, if present.

A more detailed analysis of the qualitative data is also
valuable. Future steps could include examining whether a
user’s preferences align with their performance across different
layouts. Additionally, eye and head movement data could
provide more insights into user preferences and help verify
the accuracy of self-reported strategies. For instance, while
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most participants stated that they used the same strategy across
layouts, there may be subtle changes in behavior they were
unaware of.

In this study, we aimed to provide foundational design
insights for visual search in AR multi-display user interfaces
with flexible layouts. To better reflect real-world uses of AR,
future work could explore more dynamic scenarios that involve
user or display movement, deeper integration of information
from both virtual and physical environments during the search
process, and the assignment of different windows to specific
functions to introduce contextual priming in visual search.

For this line of work, we controlled the characteristics of
the search items by using simple combinations of color, shape,
and text. Future research could explore more complex search
items like real images or 3D objects, which may further impact
search performance. Moreover, the untimed nature of this
study made the user unlikely to make errors, and the task
in future studies can be more error-prone. Another potential
direction is expanding the search region to require greater head
or even body movement. In such cases, the layout of physical
environments and the placement of physical objects could be
integrated into the design of multi-window virtual displays.
Based on findings in previous literature, we hypothesize that
display layouts that minimize visual noise from the physical
environment may lead to better search performance. Future
work could further disentangle the effects of column compared
to row separation to determine whether the observed benefits
of depth layering depend on the direction of separation.

VIII. CONCLUSION

In this study, we investigated the effects of depth separation,
information density, and display curvature in an AR multi-
window interface on conjunctive visual search performance.
We measured participants’ search time, quit time, and ac-
curacy. Our findings revealed that depth separation between
windows decreased quit time without increasing errors. Addi-
tionally, reducing information density and incorporating dis-
play curvature led to faster search and quit times. Expanding
the display beyond the device’s FOV neither significantly
improved nor worsened search time or accuracy. These results
suggest that designers should consider using curved, larger
virtual multi-window displays, provided they remain within the
FOV, which is also most preferred among participants. We also
observed notable individual differences in layout preferences
and performance changes, potentially driven by varied search
strategies.
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