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ABSTRACT

GUIDING GAZE, EVALUATING VISUAL CUE DESIGNS FOR AUGMENTED REALITY

Visual cueing is an interdisciplinary and complex topic. It has garnered interest for imple-
mentation with extended reality (XR). Both augmented reality (AR) and virtual reality (VR), are
often employed for visual search tasks. Visual search, a paradigm rooted in cognitive psychology
(in particular attention theory), can often benefit from cueing interventions. However, there are
several potential pitfalls with using cueing techniques in AR; namely, automation bias, clutter, and
cognitive overload. These factors are tied to design and implementation choices, such as modality,
representation, dimensionality, reference frame, conveyed information, purpose, markedness, or
the task domain. Design factors are subject to both the cognitive factors, as well as, technical spec-
ifications of the display technology. To address these factors, this work proposes a within-subject
four factor design addressing the question how do different cue designs affect visual search perfor-
mance? Four cueing conditions are used: no cue (baseline), gaze line, 2D wedge, and 3D arrow.
Results support the use of cues for visual search, however the gaze line condition provided for the
fastest search time, accuracy, and greatest reduction in head rotation. Additionally, the gaze line

cue was preferred by participants and was produced more favorable NASA TLX scores.

il



ACKNOWLEDGEMENTS

Thanks to Dr. Ortega and the NUI Lab for the constant support and assistance. Thanks to
Cyane Tornatzky for always being a fantastic collaborator. This study was partially supported by

ONR grants N00014-24-1-2214 NSF 2238313, N00012-21-1-2949, and N00014-21-1-2580.

il



DEDICATION

For my cat, Chewy, who has always been there for me. For my partner, Alissa, for all of the love
and support during my program. For my parents, for supporting me through all of these years.
For my brother, who always has my back. For my uncle, who's reckless donation of funds towards

my first gaming console, set me on this path. Fiir meine Oma. Ich hoffe, dass sie stolz auf mich ist.

v



TABLE OF CONTENTS

ABSTRACT . . . . . e il
ACKNOWLEDGEMENTS . . . . . . e iii
DEDICATION . . . . . e e e v
LISTOF TABLES . . . . . . e e e e e e e vii
LISTOF FIGURES . . . . . . e e e viii
Chapter 1 Introduction . . . . . . ... 1
Chapter 2 Literature Review . . . . . . . . . . . . ... 3
2.1 Augmented Reality for Visual Search . . . . ... .. ... ... ... .. 3
2.1.1 KeyTerms . . . . . . . . . . . e 3
2.1.2 Visual Search . . . . .. .. .. oo 4

2.2 Theoretical Elements . . . . . . . . ... ... ... ... ... ..., 6
2.2.1 Cognitive Theories . . . . . . . . . . .. .. . 6
2.2.2 Cognitive Limitations . . . . . . . . ... ... ... .. ........ 9

2.3 Elements of Cue Design . . . . . ... ... ... ... .......... 11
2.3.1 ARvs VRCueing . . . . . . . . .. 11
232 Modality . . . . . . . . . 12
233 Representation . . . . . . . . .. ... .. 13
234 Dimensionality . . . . ... .. .. ... ... 14
2.3.5 Reference Frame . . . . . . .. ... .. ... ... .. .. 15

2.3.6 Conveyed Information . . . . . . .. ... ... L L oL 15
2.3.7 Purpose . . . . . .. 16
2.3.8 Markedness . . . . . .. .. 17
239 Domain . . . . . . .. ... 18
2.3.10 Concluding Summary . . . . . . .. ... .. ... .. ... 18
Chapter 3 Methods . . . . . . . . . e 21
3.1 Apparatus . . ... e e e 21
3.1.1 CueDesigns . . . . . . . . e 21
3.1.2 Environment, Target, and Distractors . . . . . . . .. .. ... ..... 22

3.2 Experiment Design . . . . . . . . . ... ... 24
3.2.1 Variables . . . . . . . . .. 24

3.3 Procedure . . . . . . . . L 25
34 Participants . . . . . . . . . ... 26
Chapter 4 Results and Analysis . . . . . . . ... .. L o 27
4.1 Results . . . . . . . 27
4.1.1 Time . . . . . . 27
4.1.2 ACCUIACY . . v o v o e e e e e e e e e e e e 28

4.1.3 Head Rotation . . . . . . .. .. .. ... . L 29



4.14 NASA TLX and Cue Rankings . . . . . ... ... ... ........ 31

4.1.5 Hypothesis Testing . . . . . . . . . . .. .. ... ... . ... ..., 32

4.2 Discussion . . . . . . ... 34
4.2.1 Limitations and Future Directions . . . . . . . ... ... ... .... 36
Chapter 5 Conclusion . . . . . . . . e 38
Bibliography . . . . . . e 39
1 Demographics Questionnaire . . . . . . . ... ... 56

2 Ranking and NASATLX . . ... .. ... ... ... ... ... 58

Vi



3.1
4.1
4.2
4.3
4.4

4.5

LIST OF TABLES

Dependant variables and the measurement method foreach. . . . . . . . ... ... .. 25
Search time effect size (Cohen’s D) for each condition pair. . . . . . . ... ... ... 27
Accuracy effect size (Cohen’s D) for each condition pair. . . . . . ... ... ... .. 29
Search time, accuracy, and head rotation means across all 4 cue conditions. The gaze

line cue demonstrated the lowest search time, highest accuracy, and least amount of

head rotation. . . . . . . . . . L L 31
Number of times each cue appeared at different ranking (1 is best 4 is worst) with

associated favorability scores. . . . . . .. ..o 31
Average NASA TLX score for each category andcue. . . . . . ... ... ... .... 32

vii



2.1

22
2.3
24
2.5

3.1

32

33

4.1
4.2
4.3
4.4

LIST OF FIGURES

An example of a classic visual search task, such as those inspired by [1,2]. In this the

participant would be asked to search for the target k among the distractor x’s. . . . . .
The Multi-Store Model of memory as proposed by Atkinson & Shiffrin [3]. . . . . ..
The Working Memory Model as proposed by Baddeley & Hitch, 1974 [4]. . . . . . . .
The mixed reality continuum as proposed by Milgram & Kishino [5]. . . . . ... ..
The stylo device and the handifact cue in action. Taken from [6].. . . . . . . . .. ..

The different cue designs used for this experiment. The gaze line (a) consists of a
single line drawn from the user’s FOV to the target location in 3D space. The 2D
wedge (b) uses a scaling triangle one of the vertices centered over a 2D translation of
the target location from 3D space. The 3D arrow (c) consists of a 3D arrow model
fixed to the user’s FOV that rotates to always point toward the target location in 3D
SPACE. « v v e e e e e e e e e e e e e e e e
The search field used for this experiment. This image would be overlaid onto an ArCuo
marker. . . . .. e e e e e
The target stimuli (left) and a selection of distractor stimuli (right 3) with varying
similarity to the target. . . . . . . . . . .. L

Average search time for each cue condition. . . . . . .. ... ... ..o L.
Average accuracy with each cue condition. . . . . . . . .. ... ... ... ... ..
Average head rotation in degrees for each cue condition. . . . . . ... ... ... ..
Left: the Necker Cube [7,8]. Middle: rear view of the arrow model. Right: front view
of the arrow model. The two views of the arrow model have similar shapes resulting
in some level of ambiguity. . . . . . . .. ...

viii

35



Chapter 1

Introduction

As extended reality (XR) technologies have continued to advance and develop we have seen
their use applied to a variety of tasks. Training and education [9], assembly directions [10], and
visual search [11] tasks have all seen successful adoption of both augmented reality (AR) and vir-
tual reality (VR) technologies. To assist in tasks, visual cueing techniques are often employed such
as 2D arrows [12], spatial highlights [13], or other novel approaches specific to a problem [14] or
task [15]. In particular, visual cueing techniques have been shown to increase overall performance
with visual search.

However, not all cues are created equal. A variety of different design factors affect cue imple-
mentation including: modality, representation, dimensionality, the reference frame, conveyed in-
formation, cue purpose, markedness, and contextual domain [16—19]. Each of these factors affects
the overall benefit and efficacy of the cueing intervention; with the goal often being to decrease
search time and increase accuracy. In addition to these design factors, cognitive aspects must also
be considered for visual cueing. Each of these factors is considered to explore the question: how
do different cue designs affect visual search performance?

Attention theory [20, 21] can help to explain the underlying cognitive factors that influence
performance with a given cue. In particular, aspects such as automation bias, clutter, and cognitive
overload are crucial to consider. These factors can quickly erode the potential benefits of visual
cueing techniques. As such both the cognitive basis for visual search, as well as, the design factors
influencing XR cueing must be considered.

To explore visual cueing for AR, a testbed application was developed using Unity (version
2022.2.1f [22]) for the Magic Leap 2 AR head mounted display (HMD). Three cues were uti-
lized (gaze line, 3D arrow, and 2D wedge) along with a baseline no cue condition. Each cue was
specifically chosen based on pilot study results, as well as, their performance or prevalence in prior

literature, and how the communicate spatial information. Fourteen participants used each of these



cue conditions to search for a target among a series of distractors in a virtual search environment
projected over an ArUco AR marker. Results from this study addressed the question, how do dif-
ferent cue designs affect visual search performance? Additionally, results demonstrate a benefit
from cueing, with the gaze line cue providing for the fastest response time, highest accuracy, least

amount of head rotation, and overall user preference.



Chapter 2

Literature Review

2.1 Augmented Reality for Visual Search

Visual search is a common, everyday task that individuals engage with. For instance, looking
around a crowded bar for a friend, looking around a room for car keys, or scanning for keywords in
a thesis document. Each of these is an example of visual search; wherein an individual is scanning
an environment, be that a bar, room, or text, for a target [23]. Often there are other distractors
that hinder the search. These distractors may be similar objects, such as people, or other salient
features of the environment [24].

The use of XR for visual search tasks has proven to yield beneficial results, with several studies
finding that the use of cues improved search time and accuracy metrics [25-27]. A variety of other
factors have also been considered in relation to both the affordances and limitations of current AR
HMDs including lighting [28], out-of-view targets [14, 29, 30], multimodal approaches [31, 32],
collaborative cueing (especially with expert oversight) [33,34], and more. However, these technical
design factors are still rooted in cognitive theory creating a unique, often muddled, interdisciplinary

problem space to explore.

2.1.1 Key Terms

Due to the interdisciplinary nature of cueing research several terms often become conflated.
For instance, the terms point-of-interest [35, 36], or area-of-interest [37] can often be used in lieu
of the term target. Similarly, cues can also be referenced as visualizations [38], or aids [11]. For

the purposes of this discussion the terms target and cue are defined as follows:

» Target: The object, place, thing, or stimuli being searched for. Often used interchangeably

with area-of-interest, or point-of-interest.
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Figure 2.1: An example of a classic visual search task, such as those inspired by [1,2]. In this the participant
would be asked to search for the target k among the distractor x’s.

* Cue: Output from the XR system designed to facilitate a response, incite behaviour, or assist

in a task. Often used interchangeably with aid or visualization.

While the interdisciplinary nature of XR cueing for visual search does provide for a rich prob-
lem area to explore, the conflated nature of terms and definitions can lead to confusion and chal-

lenges between each of the fields. Thus the importance of explicating these terms.

2.1.2 Visual Search

The visual search paradigm in cognitive psychology focuses around identifying targets within
a search field, potentially with the presence of distractors. This process is rooted in information
processing [1], human cognition, and attention [21,39]. In classical visual search tasks, such as
the example in Figure 2.1, participants are shown a slide or projection with a series of shapes,
characters, or figures. They are then asked to find a specific target from among these [1,2]. In the

case of Figure 2.1, a participant would be asked to find the green "k" from among the distractors.



Visual search can be affected by a wide variety of factors, including the search stimuli, the
user’s methods for search, environmental guidance (such as cues), perceived value, and prior search
history [40]. With "bottom-up" guidance, aspects such as color, irregular-shape, or other aspects
of the search stimuli draw attention [41]. For instance if searching for a specific playing card (i.e.
Jack of Hearts) on a table the color and shape of the symbols would serve to guide attention for
searching; as the black symbols (club and spade) and the pointed red diamonds can be ignored. A
"top-down" approach for attention guidance in contrast focuses on objects that closely resemble
the target stimuli, with little to no attention directed at distractors that are of a greatly divergent
design [42]. It is also important to note that "bottom-up" and "top-down" control for visual search
can be combined in a task, and that the switch between the two can be an automatic, unconscious
process [43].

In addition to "bottom-up" and "top-down" guidance, the perceived value of the search items,
the individual’s prior experience with search, and aspects of the scene (or environment) can all
affect the search process [40]. By assigning a perceived monetary value to the selection of oth-
erwise arbitrary, neutral, distractors Anderson et al. [44] were able to manipulate a search task by
guiding focus away from the desired search stimuli. This phenomenon is also in part learned. As
participants were exposed to the perceived monetary value of certain selections, they began to seek
out those selections over the target stimuli (which also was assigned monetary value) [44]. Indeed
memory becomes a useful factor for understanding search.

Both semantic and episodic memory can inform an individual’s search process [45]. Semantic
memory provides guidance for search based on logical assumptions on where an object typically
resides in a scene. For instance, a cup sitting on a table rather than a sofa. Episodic memory
provides guidance based on the last time a particular scene was encountered. For instance, recall-
ing placing keys on a desk. These factors also relate to the notion of scene guidance for visual
search [46]. Even just a brief glimpse of a scene can create mental constructs that are used to guide
search based on where an individual would assume items to be (i.e. cup on table, pen on desk,

etc.) [47].



2.2 Theoretical Elements

"Bottom-up," "top-down," history (or priming), reward, and scene context are all based in
human cognition [48]. Attention theory [20,21,39] provides useful context for human performance
during any given task; AR or otherwise. Both theories also explicate on potential limitations,

shortcomings, and dangers with AR cue integration; namely cognitive overload, clutter effects,

and automation bias.

2.2.1 Cognitive Theories

Attention theory has key foundational assumptions that inform and explicate their more ro-
bust concepts. In 1968 Atkinson and Shiffrin proposed the Multi-Store Memory Model (see Fig.
2.2) [3]. This model proposes that environmental stimuli is first passed to sensory memory. In sen-
sory memory the environmental information can either be attended to (via mechanisms proposed
by attention theory [20,21,39]) or forgotten due to a variety of factors, such as cognitive overload,
irrelevance, attention filtering, etc. From here, any information attended to would be passed to
short term memory where that information is rehearsed. If the information is useful, it may then
be passed to long term memory for later retrieval when exposed to new experiences. Information
in the short term memory may also be forgotten if not rehearsed, or if it is deemed as unneces-
sary for the task at hand. Similarly, even when committed to long term memory, information may
fade over time when not recalled. This Multi-Store Model informs a variety of other cognitive
models, including the Limited Capacity Model of Motivated Mediated Message Processing (or
LC4MP) [49, 50], attention theory [20, 21, 39], cognitive load theory [51, 52], and the Working
Memory Model [4].

The Working Memory Model [4] builds upon the Multi-Store Model [3] by introducing three
key concepts: the Central Executive, the Visuospatial Sketchpad, and the Phonological Loop (see
Fig.2.3). The key function of the Central Executive component is to delegate information and
resources between long term memory (LTM), the Visuospatial Sketchpad, and the Phonological

Store [53]. The Central Executive also helps to focus attention, and even divide attention, among
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Figure 2.2: The Multi-Store Model of memory as proposed by Atkinson & Shiffrin [3].
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Figure 2.3: The Working Memory Model as proposed by Baddeley & Hitch, 1974 [4].

Forgotten

multiple tasks [53]. The Visuospatial Sketchpad is used to process visual and spatial information
[4,54]. The Phonological Store, on the other hand, processes speech [4, 54, 55]. Each of these
functions works in tandem with the Central Executive to dictate what is stored in LTM and what is
forgotten. As with the Multi-Store Model information can also fade from LTM over time. Both of
these models (Multi-Store Model and Working Memory Model) draw from and inform attention
theory. This model is also supported by neuroscience works over the years [56].

Attention theory is actually a collection of different theories that pertain to human atten-
tion [20, 21]. It describes a wide range of different mechanics that drive attention, including

attention as both a filter and a resource [39] and the link between perception and memory [57].



As a filter attention serves as a selector, that controls the flow of information from the environment
for processing. When used as a filter attention helps to prioritize pertinent information amongst
competing distractors and information channels [33]. This process is typically referred to as selec-
tive attention. This process helps to drive what spatial and environmental information is exposed
to working memory, however just because something is perceived to does not mean it will also be
attended to [58]. Humans actually neglect to commit a vast amount of information experienced
daily to memory. This filtering function of attention helps to dictate not only what reaches work-
ing memory, but what is also committed to memory, and is a potential mechanism in the sensory
memory component of the Multi-Store [3] and Working Memory models [4].

Working memory is conceived as a small amount of cognitive resources that store information
in a ready to use form [59]. Information stored in working memory is then used to approach an
immediate task, problem, or activity and is not stored for an extended period of time [60, 61].
Instead information in working memory is either discarded or committed to long term memory
for later retrieval [62]. Several other theories help to explain the mechanism behind long term
memory; for instance schema theory [63, 64]. This theory posits that individuals use schema to
build hierarchical relationships with other schema. This produces a web of understanding with each
schema being referential to multiple other schema. With each new interaction we may reinforce or
build new schema [65]. Schema theory is also closely tied to semantics, where a signifier relates
to and conjures information on whatever is signified (i.e. the word tree relates to a more specific
schema pertaining to pine trees) [66].

Attention can also be conceptualized as a resource [39]. When considered as a resource, at-
tention serves as a mediating factor to determine what is committed to memory. In both of these
cases, attention or cognitive resources are limited. The exact allocation and availability of these re-
sources is both task dependent and mediated by individual factors [62,67]. For instance, if a search
task only required finding a single target, a large amount of cognitive resources could be dedicated
solely to finding that target, however if a second target was present that would divert some resource

to that second target. Additionally, if a secondary task were introduced, such as wayfinding, that



task would then further divert resources to the completion of the secondary task. If an individuals
overall workload increases beyond the capacity of cognitive resources currently available, perfor-
mance will begin to suffer [68]. This phenomenon, referred to as cognitive overload, is a common

issue when using technological interventions such as AR cueing.

2.2.2 Cognitive Limitations

Cognitive overload becomes a key danger when considering the completion of any task. Be-
cause individuals have a limited amount of cognitive resources, any task that demands more re-
sources than are currently available will lead to overload [52]. Similarly, if an individual is not
sufficiently stimulated performance may still suffer [51]. This leads to the notion of the Goldilocks
zone, where just the right amount of cognitive resources must be allocated to achieve peak perfor-
mance [20,39]. AR cueing can aid in reducing cognitive load by reducing the cognitive resources
require to attend to and search for a target, however, other factors such as prior knowledge [10,69]
may also impact task performance.

While AR cueing can be beneficial, cues may also induce clutter effects, which can negatively
impact performance. Clutter can be a product of both the cue design (screen clutter) or a product
of the environment (environmental clutter) when considering AR. In the case of screen clutter, this
is a product of the virtual elements (often situated on a 2D UI plane). If the amount of items, size
of items, or salience of items presented virtually to the user requires too much attention to process
this may lead to clutter effects. Similarly, if the environment is exceptionally busy (i.e. bright
packaging in a supermarket), this may conflict with the cue designs. For instance, if the cue is a
green arrow and the search environment is a green forest the cue may be difficult to discern from
the environment.

These clutter effects emerge when the information (i.e. cues) presented in the AR HMD begin
to require extra cognitive resources to process [70, 71]. By introducing too many cues within a
limited space (such as a low field of view, FOV, AR HMD) users have to take time and utilize

resources to discern and differentiate between different cues, as well as their environment, the



targets, and distractors. Cues can be designed to minimize these effects, such as with the wedge
cue [72], which was originally designed to minimize clutter on GPS screens. However, they can
also contribute to these effects when cues become too information dense [25,73].

Clutter and overload effects can also go hand in hand with automation bias. Automation bias
emerges when users rely too heavily on the automated system (such as AR cues). When utilizing
perfect cues (where the cue always points to the target without error) the cue with the highest
performance will often suffer from automation bias once errors are introduced [74-76]. This is
often due to the saliency of the cue. A cue’s salience is predicated on a variety of factors (and can
be mediated by environmental factors such as environment clutter). Color, motion, size, and a host
of other design factors can contribute to salience. When a cue has a high level of saliency it will
draw attention away from the environment, targets, and task.

With high cue salience it becomes far to appealing and easy to blindly follow the cue recom-
mendations. These effects can even persist when working in groups [77]. When automation bias
effects emerge users trust the system over their own perceptions leading them to follow the auto-
mated recommendation even when that recommendation is incorrect. This in turn, increases the
number of errors during the completion of a task [78,79]. This can prove especially dangerous in
high intensity or hazardous environments, such as that of an airplane cockpit [76,79]. Automation
bias may also be the produce of humans’ tendency toward being "cognitive misers." This is the no-
tion that individuals try to expend as little cognitive resources to complete a task as possible [80].
If a cue offloads too much cognitive processing, it may become far more enticing to blindly trust
the cued decision over attending to the environment and task at hand.

Attention theory, clutter, and automation bias become important aspects when designing and
implementing AR cueing interventions for visual search as they underpin a variety of different
human factors that will inevitably intertwine with the cue design. As such the concepts explicated

by these theories should be considered when working with and design systems for AR cueing.
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Physical Virtual
Environment l l I ) Environment
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Figure 2.4: The mixed reality continuum as proposed by Milgram & Kishino [5].

2.3 Elements of Cue Design

Several important elements of cue designs have been identified through prior exploration [16—
18, 81, 82]. These elements include modality, representation, dimensionality, reference frame,
conveyed information, purpose, and markedness. Additional context surrounding the cue imple-
mentation is also important, as different cueing techniques are often developed with a specific task

in mind (i.e. wayfinding [83,84] vs. visual search [25,85]). This takes the form of a cue’s domain.

2.3.1 AR vs VR Cueing

This discussion, and subsequent study, are predominately focused around AR, however VR
has also been used extensively for cueing. Both AR and VR are situated along the mixed reality
continuum (see Fig.2.4) [5]. AR aims to blend virtual objects into the physical environment [86],
whereas VR aims to suppress the physical in favor of the virtual [87]. In spite of these difference,
there is evidence to suggest that simulated AR in VR can yield comparable results to using a live
AR system. Lee et al. [88] replicated the work of Ellis et al. [89] where participants guided a
virtual ring through a virtual path. The original study by Ellis et al. [89] utilized AR, whereas
the replicated work by Lee et al. [88] utilized VR and produced comparable results to the original
study.

Simulated AR was further validated in another study by Lee et al. [90], where participants
traced a yellow pipe in a room with 3 orange pipe distractors. Each pipe intersected with various
letter targets. As participants traced the pipe they verbally indicated what letter was encountered.
Both AR and VR were used with 3 different tracking latencies (Oms, 50ms, and 150ms). Results

demonstrated, that so long as latency was within one standard deviation of the AR condition, VR

11



again produced comparable results. As such, results and experiments from VR can inform AR
design and vice-versa. Several other studies have used VR to test AR cue designs including visual

search [37,91] and navigation tasks [92].

2.3.2 Modality

Modality refers to the type of sensory stimuli used for cueing. This may be visual, auditory,
tactile, forceful, olfactory, or gustatory in nature. Cues may also be multi-modal; adopting multiple
different stimuli for cueing.

Visual cues are by far the most common. This is due to the dominance of vision in everyday
lives; approximately 80% of all environmental information is processed visually [93,94]. Ad-
ditionally, most AR and VR HMDs are build with two main forms of display feedback: visual
and auditory. This in turn, makes those two modalities (audio and visual) much easier to im-
plement. Visual cues do sufferer from a variety of environmental factors. Lighting, background
cutter/salience, and other visual aspects can hinder visual cueing techniques [28,95]. An additional
legacy bias also exists as many cue designs are take from 2D display counterparts which primarily
afforded visual techniques. Halo, for instance, was originally designed for car GPS devices [96],
as was the wedge cueing technique [72].

Auditory cues are also a product of HMD designs as most HMDs contain speakers or head-
phones. With auditory cues, sound becomes the primary modality for conveying information.
However, auditory cues are often used in conjunction with other modalities such as visual [27,32,
84]. Often these are paired with visual techniques, but examples of other multi-modal approaches
exist such as audio-tactile [27]. Often audio is used to denote transitions or events rather than
constant information, like a target coming into view [73] or entering a hazard area [32].

Tactile, force, olfactory, and gustatory are not nearly as prevalent as visual and auditory cues,
but do provide opportunities for unique and accessible interactions. Both tactile and force cues
depend on the sensation of touch, however tactile is often conceptualized as surface touch, whereas

force involves pressure. For instance the stylo and handifact design [6] utilize force by adjusting

12



Figure 2.5: The stylo device and the handifact cue in action. Taken from [6].

the strength of feedback from the custom stylo device. This is paired with a virtual hand that
appears to "push" on the user to try and guide them to the proper body position (see Fig. 2.5).
For this design both tactile and force feedback is important, whereas another study on simulating
roughness only utilized tactile cues for their design [97]. Different tactile sensations were paired
with virtual representations to convey surface texture in VR. While 10 different materials were
explored, only two levels of simulation were needed to simulate a variety of textures [97].

As with tactile and force cues, gustatory and olfactory cues often require a custom ancillary
device for cueing; as HMDs often cannot produce tastes or smells. These modalities are often
paired together, as our sense of taste is tied to our sense of smell [98,99]. While the use of olfac-
tory and gustatory cues is possible they are often overlooked, in part due to struggles identifying

opportunities for implementation [100].

2.3.3 Representation

Representation is how information is presented to the user. This may be alphanumeric, sym-

bolic, captured, characterized, via replica, or emphatic. Traditionally these categories have been
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primarily been explored in the visual modality [101], however these categories can also apply to
non visual modalities (such as speech as alphanumeric or sound recordings as captured).
Alphanumeric cues use characters, words, or phrases to present information. This may be
visual text, such as number of meters from a target, or recorded speech directions [84]. Symbolic
representation uses some form of symbol to indicate information. A common example of this
is the use of arrow cues, where the arrow serves as a symbol to indicate direction towards the
target [25,102,103]. Captured, characterized, and replicas, all draw from the real world target in
some way, albeit with various levels of abstraction. Captured uses photos, videos, or sound clips of
targets. Characterized cues are abstracted one step further, by presenting the target using drawings,
diagrams, blueprints, etc., such as with Laviola et al. [104] where a technical diagram of a part was
displayed to cue a maintenance task. Replica is similar to captured, but uses models or animations
of the target object instead of images or recordings, much like a digital twin [105]. Emphatic cues
affect, add to, or alter the physical target to indicate some aspect of it (most often position), such

as spatial highlights [26].

2.3.4 Dimensionality

Dimensionality defines the number of dimensions used to convey information. As AR HMDs
are 3D displays, and typically part of a 3D user interface [81,87], the dimensionality of a cue is
composed of 1 - 3 total dimensions. 2D and 3D cues are the most commonly implemented cues,
however 1D cues are still possible such as a fuel gauge used to represent visibility of a target object
from the user’s position for an architectural planning application [106]. Here the only metric is
visibility (ranging from O to 100 percent visible) and the gauge fills along one axis or dimension.

Cues using 2 dimensions are typically placed on a user interface (UI) plane. These translate
some aspect of the cue into 2D representation. By far the most common example is that of the 2D
arrow which is place on the UI and rotates to point to the target from the users current view. Three
dimensional cues, such as the 3D arrow, 3D wedge, and 3D radar used in Yu et al. [91] are 3D

objects that move in a local 3D space to represent some aspect of the target and user.
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2.3.5 Reference Frame

The reference frame of a cue refers to the nature of spatial information used to drive that
cue. This may be egocentric (in reference to the self) or exocentric (in reference to the external
environment) [107]. Egocentric category cues may be further organized based on the specific
aspect of the user they reference, such as station point, retinocentric, headcentric, bodycentric, or
proprioceptive [19,81, 107].

With most egocentric reference frames the station point, retinocentric, headcentric, or body-
centric frames are used. This is due to them referencing the eyes (station point and retinocentric),
head (headcentric), or entirety (bodycentric) of the user, all of which are easily accessed when
developing for AR HMD systems. Vision referenced and head referenced cueing are especially
useful for collaborative experiences as these designs allow users to explicitly see what the other
person is looking at [33, 108]. Proprioceptive is not as widely used, as it typically depends on
tactile or force modalities which often require custom feedback devices such as the stylo [6] or
VR walking canes [109, 110].

Exocentric references typically center on the target. This may be through highlights, arrows,
or other emphasized cues. For instance a study on locating buttons in a physical environment
overlaid cubes or squares onto the physical buttons [26]. In this case the cube is centered around
the exocentric reference of the search target. Often cues draw from both exocentric and egocentric

reference frames such as with the gaze line design [111].

2.3.6 Conveyed Information

The direction to, position of, proximity to, transition, or other context specific information can
all be conveyed by a cue. Cues may also convey layers of information. For instance, the 2D arrow
conveys just the direction of a target [96], whereas a 2D wedge conveys direction, distance, and
position [72,112].

Direction and position are the most commonly communicated bits of information when using

cues. These are often used for visual search tasks where users must find a target in an environment
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(with or without distractors) [20, 21,23-25,74]. This could be finding office supplies in shared
spaces [113], searching for targets from above (such as in a plane) [114], or identifying areas of
interest in a room [11, 115]. Many tasks also include visual search, even if simply finding the
target is not the end goal. For instance a manipulation task, such as moving multiple objects in an

unordered fashion, requires that users first identify the target to be manipulated [15].

2.3.7 Purpose

The purpose of the cue relates to the task being completed. In particular, the action or state
that causes the cue to disappear, or the exit condition. Discover, look, go, select, manipulate,
operate, gesture, and speak are common purposes for cues [16, 17, 82]. These relate to the task
being completed, but do not necessarily encompass the entirety of the task. Some tasks, such as
select, may first require the user to discover and look before the final selection. In cases such as
these selection is the purpose, but other aspects are also present to complete that goal.

Discover cues help the user to search for and find a target. These are often used for visual search
tasks [21,23,24,116]. This could be office supplies [113] or ground targets [114], in any case the
goal is to find and discover the target. Look cues are build upon discover cues. After discovering a
target, the user needs to view or inspect the target. For instance, in a wide-area search, participants
needed to look at the target gemstones to make judgements regarding their surface textures [11].

Go cues require the user to relocate to the target location. This is unlike discover and go
cues, which typically don’t require the user to relocate. Wayfinding and navigation tasks often
utilize go cues. Both map and arrow cues have been shown to improve wayfinding and navigation
performance [83]. These cases often focus on wayfinding even if a secondary task is also in
progress [117].

Select, manipulate, and operate cues all require the user to affect or use the target in some
way. Selection is the most common, especially in relation to visual search. For visual search
selection tasks, once a target has been found the user must select it [30, 108, 114]. Manipulate

tasks, on the other hand, require the user to manipulate the target in some way after selection.
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Most often this requires rotating, positioning, or scaling the target. For instance, in a bimanual
unordered task users had to manipulate target objects positions after selecting [15], or in a remote
collaborative assembly task, one user positioned pieces to the correct position and rotated them to
the proper orientation [34]. Manipulation first requires discovery and selection of a target, but the
final operation is to reposition, rotate, or scale the selected target. Operate is similar to manipulate,
but depends on specific functions or elements of the target (i.e. turning on a flashlight using the
power button). For these, the cue prompts user to use a specific property or function of the target,
such as pressing a button [26] or removing bolts [104].

Gesture and speech cues aim to solicit responses from the user. Gesture cues ask the user to
perform a movement, pose, or action. This could be for martial arts or other physical training [6].
This could also be for physical interventions, such as using cues for gait control for individuals
with Parkinson’s [118]. Speech cues prompt vocalizations from the user. This could be words or
phrases, but may also include general noises. These are often used for secondary tasks, such as

measuring cognitive load [11].

2.3.8 Markedness

Markedness is the extent to which the cue blends into the environment. Cues may be subtle,
emphasized, integrated, or overlaid. Subtle cues blend into the environment. With these, there is
little differentiation between the cue and the environment, or target. These are not commonly used,
but do exist. Often, subtle cues take advantage of our physical world and perception; such as using
shadows or parallax effects for depth in surgical operations [119]. Others are simply manipulations
in lighting or color of the target [115].

Emphasized and integrated cues are much more readily apparent. These change the environ-
ment in an overt manner, but emphasized cues change an aspect of the physical object, whereas
integrated cues add a new virtual object to the environment. Emphasized cues include highlight-

ing a pedestrian crossing a street with a yellow highlight [120], changing the color of the tar-
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get [121, 122], or placing colored wireframes over a button [26]. Integrated cues include attention
tunnels/funnels [123—-125] and bezier arrows [85, 126].

Overlaid cues are unique in that they are almost always 2D, and exist on the 2D UI plane of
a HMD. These may extrapolate from 3D information, but are always 2D or 1D in nature. These

include minimaps [25, 108], 2D compasses [11], and 2D radar designs [11].

2.3.9 Domain

Domain relates to the specific context surrounding a cue’s use. Some cues are developed with
a specific task or purpose in mind, which dramatically shapes their implementation. For instance
the Search and Rescue AR Visualization Environment (SAVE) implements a series of visual cues,
such as frame highlighting and drawing tools, for first responder use [127]. Another tool, MRsive,
focuses on wayfinding and engagement for art museums [128]. Another study built a variety of
cues specifically for robot teleoperations [129].

Each of these design practices, along with the cognitive aspects of visual search and cueing,
help to inform the presented study. These aspects have been carefully considered while devel-
oping the testbed application and experiment focused on exploring the question how do different
cue designs affect visual search performance? As discussed in Section 2.3 a variety of technical
implementation aspects can dramatically affect cued tasks. These can be further influenced by the

cognitive aspects related to attention theory.

2.3.10 Concluding Summary

Visual cueing for AR benefits from a rich background. Cognitive theories [20, 21, 51, 52],
technical design [16-18, 81, 82], mediated theories [50], and more all help to inform designs,
implementation, and use cases for visual cueing. This can lead to conflating terms, such as target
with point-of-interest or area-of-interest, or cue with visualization or aid.

Much of visual cueing research has been applied to tasks that include visual search [1, 2,23,
24,40, 41]. This paradigm is rooted in cognitive psychology, and typically asks an individual

to find a target in an environment among distractors. Both the Multi-Store Memory Model [3]
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and the Working Memory Model [53] help to explain the mechanisms underpinning attention the-
ory [20,21,39]. Each of these highlights the important human elements that affect the efficacy
and performance of search. Especially, the dangers posed by automation bias [76, 77], cognitive
overload [51,52], and cluttering effects [70,71].

These are invariable tied to the specifics of cue design. Modality, representation, dimension-
ality, reference frame, conveyed information, purpose, markedness, and domain can all affect the
efficacy and usefulness of a cue [16-18, 81, 82]. Efficient cue designs tie these factors into the
cognitive aspects of cueing, but are also limited by the technical elements of the display technol-
ogy; in this case XR HMDs. Each of these factors suggests the research question how do different

cue designs affect visual search performance?

Research Question and Hypothesis

In addition to the research question: how do different cue designs affect visual search perfor-
mance? Prior work suggests several hypothesis that merit exploration.

The cognitive factors suggested by attention theory [20, 21] suggest two hypotheses. Clutter
becomes an important factor to consider, as cues that take up more of the users FOV may suffer
from cluttering effects [70,71]. This suggests H2 Cues that take up more of the user’s FOV will be
less effective. Salience becomes another important factor, as cues that are demand more attention
from the user may become very compelling. With perfectly cued targets this should result in
beneficial outcomes, but may lead to detrimental effects when errors are introduced [76,77]. Even
with error, but especially with perfect cueing, any cue should improve upon the baseline no cue

condition. This suggests H3 The more salient the cue design the more effective it will be.

* H1: Any cue condition will improve upon the baseline condition.
* H2: Cues that take up more of the user’s FOV will be less effective.

* H3: The more salient the cue design the more effective it will be.

The design of cues also suggests several hypotheses [16—18,81,82]. In particular, the embedded

information can be a beneficial when it reduces the amount of processing an individual must do
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to locate targets (i.e. a cue that only shows target direction would require cognitive resources to
extrapolate location). As such cues with more embedded information should provide for better

results. This suggests H4 through H7:

H4: Cues with more embedded information will produce faster search times.

HS5: Cues with more embedded information will produce higher accuracy rates.

H6: Cues with more embedded information will reduce user movement.

H7: Cues with more embedded information will reduce task demand.

To address these hypotheses, time, accuracy, and head movement data are collected. Additional

NASA TLX scores and rankings are collected to address H7 specifically.
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Chapter 3
Methods

To address the question how do different cue designs affect visual search performance? a
comparative research study is used. A testbed application was developed for use with the Magic
Leap 2 AR HMD using Unity (version 2022.2.1f [22]). Two pilot studies were conducted to
evaluate the cue designs as well as the experiment design. Pilot study 1 focused on the 8 original
cue designs implemented. Performance data and feedback from participants was then used to
modify the application for pilot study 2 and narrow the selection of cues (down to 3). Pilot study
2 focused on the experiment design, testing the full procedure used in this study. Changes from
these two pilot studies helped to validate the testbed application as well as verify the experiment

design and procedure.

3.1 Apparatus

The testbed application used for this study was developed using Unity. It is compatible with
most AR HMDs, but for this study the Magic Leap 2 was utilized. The Magic Leap 2 HMD also
includes one motion controller that was used for selecting targets during the experiment using
the trigger button and a ray interactor. A standalone .apk file was loaded onto the HMD and the
experiment ran solely on the Magic Leap 2 hardware. The virtual elements were spawned using
ArCuo markers. To configure and drive the visual search task a configuration text document was

loaded that contained 64 total search configurations.

3.1.1 Cue Designs

While eight different cues were implemented into the test bed application only 3 of them were
selected for this experiment: gaze line, 2D wedge, and 3D arrow. Each was selected based on pilot

study results, their use/prevalence in prior literature, and their differences in design.

21



The gaze line cue consists of a line drawn from the user’s FOV to the target location (see
Fig.3.1a). This allows it to convey both direction (by following the line) and location. During both
of the pilot studies the gaze line cue produced favorable results and was preferred by participants.
Additionally, a prior study utilized this cue and demonstrated favorable outcomes for identifying
buildings in a simulated JTAC task [111].

Several prior studies have also produced favorable results with the 2D wedge design [72, 112].
This cue overlays a triangle on a 2D UI plane. The tip of the triangle is situated over the target
location and the triangle scales as the center of the user’s FOV approaches the target location (see
Fig.3.1b). This allows the 2D wedge to convey both direction and location, similar to the gaze line.
Additionally, the 2D wedge produced strong results in both of the pilot studies, however it was not
as preferred as the gaze line.

Unlike the gaze line and 2D wedge, the 3D arrow does not provide location information, only
direction. The 3D arrow cue consists of an arrow model that rotates such that the tip of the arrow
points towards the target (see Fig.3.1c).This in turn, requires that the user extrapolates the target
location based on the direction indicated by the arrow. Several variations of the 3D arrow cue exist,
but all typically include a 3D model that points towards a target [29, 38,91, 126]. The inclusion of
the 3D arrow in this study is due to it’s prevalence in prior literature, as well as the lack of location

information when compared to the gaze line and 2D wedge cues.

3.1.2 Environment, Target, and Distractors

The search environment was rendered over an ArCuo marker, and was presented as a 8 by 4
grid of windows with a black background rendered behind (see Fig. 3.2). During a search 20 of
these windows would be filled (out of 32). One of the windows would contain the target. The other
19 filled locations would contain the 19 different distractors. The target was the figure wearing
a military helmet and vest (see Fig. 3.3). Each distractor was created to have varying degrees of

similarity to the target stimuli.
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c) 3D Arrow

Figure 3.1: The different cue designs used for this experiment. The gaze line (a) consists of a single line
drawn from the user’s FOV to the target location in 3D space. The 2D wedge (b) uses a scaling triangle
one of the vertices centered over a 2D translation of the target location from 3D space. The 3D arrow (c)
consists of a 3D arrow model fixed to the user’s FOV that rotates to always point toward the target location
in 3D space.

Figure 3.2: The search field used for this experiment. This image would be overlaid onto an ArCuo marker.
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Figure 3.3: The target stimuli (left) and a selection of distractor stimuli (right 3) with varying similarity to
the target.

3.2 Experiment Design

This study utilized a within subjects design with 4 different conditions (no cue, gaze line,
2D wedge, and 3D arrow). The order that a participant was exposed to these cues was counter
balanced using Latin Squares. A total of 64 different search configurations were pre-loaded into
the application using a configuration text file; this allowed the target stimuli to appear in every
window twice. This file contained each configuration on a separate line. Windows were encoded
with a number to denote their location. Each line contained numbers to denote the window location
of the target and the 19 distractors. The order of the 64 configurations was randomly shuffled for

each participant and between each cue condition using a random without replacement algorithm.

3.2.1 Variables

During the experiment time, accuracy, and head rotation metrics were automatically collected
during each search. Time was collected by adding the time between each frame, during each
search, until the participant made a selection and automatically moved on to the next search con-
figuration. Accuracy was indicated by a 0 or 1 depending on if the target was correctly selected
or not (1 indicated a correct selection). Head rotation added the total change in degrees between
each frame, until the participant made a selection, and automatically moved on to the next search

configuration.
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In addition to time, accuracy, and head rotation, subjective measures were also collected. The
overall reported workload was collected using the NASA TLX shortened questionnaire [130,131].

Additionally, each participant was asked to rank each of the cue conditions from most to least

preferred.
Table 3.1: Dependant variables and the measurement method for each.
Variables and Measures

Variable Measure

Time Automatically measured. Additive times since current search config-
uration began.

Accuracy Automatically measured. Coded as 0 if wrong window was selected.
Coded as 1 if correct window was selected.

Head Rotation Automatically measured. Additive rotation since current search con-
figuration began.

NASA TLX Collected after AR portion of study using online questionnaire.

Cue Ranking Collected after AR portion of study using online questionnaire.

3.3 Procedure

After consenting to participant, participants completed a demographics survey. This survey
also included questions on prior experience with AR and VR HMDs. Once complete participants
moved on to the AR portion of the study. They stood 2.5 meters away from a blank wall containing
only an ArCuo marker (for registration and spawning of the virtual search environment, distractors,
and target). Once the HMD identified the marker, participants completed an orientation in the
HMD to become familiar with the search task, the target stimuli, and the controls (in the form of a
virtual slide show). They were allowed to engage with the orientation material for as long as they
wanted.

Once they felt ready they began the AR search portion of the experiment. Each participant
used all four cue conditions (no cue, gaze line, 2D wedge, 3D arrow). The order of these cues

was counter balanced via Latin Squares to minimize any order or learning effects. Each participant

25



completed 64 searches with each of the cue conditions. When using a cue (anything other than
the no cue condition), the cue always cued the target location. The searches were controlled by a
configuration file, and the order of the searches was shuffled using a random without replacement
algorithm between each participant and between each cue condition. This produced a total of 256
searches per participant (64 search configurations x 4 cue conditions). Between each condition the
participants were granted a 20 second break.

After completing all of the searches, participants completed a post experiment survey consist-
ing of the NASA TLX questionnaire and a cue ranking question. Additional subjective feedback
was solicited regarding their experience. They were then thanked for their participation. Each
participant was compensated with either a $25 Amazon E-Gift card or extra credit in an applicable

course.

3.4 Participants

A total of 14 participants were recruited for this experiment. Of theses 8 identified as male, 5
as female, and 1 as non binary, with an average age of 22.79. Six participants reported prior use of
AR, however most of this use was reported as demonstrations, part of a tour, or as part of another
AR related study. Six participants also reported prior use of VR. On average participants used a

computer for 45.23 hours each week (both work and pleasure).
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Chapter 4

Results and Analysis

4.1 Results

Data was collected to examine the response time in seconds, the response accuracy, the partici-
pant’s head rotation, subjective demand (via the NASA TLX), and cue preference. Results heavily
favor the gaze line cue, although any cue improved upon the base line no cue condition. Data was

checked for normal distribution using QQ-plots.

4.1.1 Time

A one way ANOVA was conducted, and indicated a significant result for search time (F'(3, 42) =
56.65,p < 0.001). Post hoc analysis with Bonferroni correction indicated significance between
each of the condition pairs for search time (see Figure: 4.1). Effect size analysis using Cohen’s D
revealed a large effect size for all of the condition pairs (see Table 4.1).

The fastest search time was produced by the gaze line cue (1.35 seconds). This was nearly 5
seconds less than the no cue condition (6.16 seconds). The 2D wedge cue produced the second
fastest response time at 1.88 seconds. While the 3D arrow was still faster than the no cue condition

by 3.29 seconds it produced the slowest response time of the cued conditions (2.87 seconds).

Table 4.1: Search time effect size (Cohen’s D) for each condition pair.

Search Time Effect Size

Condition Pair Cohen’s D
No Cue X 3D Arrow 1.61
No Cue X Gaze Line 2.55
No Cue X 2D Wedge 2.17
3D Arrow X Gaze Line 1.8
3D Arrow X 2D Wedge 0.97
Gaze Line x 2D Wedge 0.81
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Figure 4.1: Average search time for each cue condition.

4.1.2 Accuracy

For accuracy, one participant’s dataset was identified as an outlier and excluded. Anova results
for the remaining data points revealed a significant effect for accuracy (F'(3,39) = 4.89,p <
0.01). Post hoc analysis revealed a significant effect between the no cue and gaze line condition
(p < 0.05), for the no cue and 2D wedge condition (p < 0.01), for the 3D arrow and gaze line
condition (p < 0.05), and for the 3D arrow and 2D wedge condition (p < 0.05). For each condition
pair, the observed effect size was small (d between 0.2 and 0.49: see Table: 4.2).

As with search time the strongest accuracy results were produced by the gaze line condition
with a mean accuracy of 99.11%. This was followed by the 2D wedge condition (97.43%) and then
the 3D arrow condition (94.08%). Each of the cued conditions improved on the no cue condition

(87.17%), with the gaze line providing an 11.94% increase in accuracy.
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Figure 4.2: Average accuracy with each cue condition.

Table 4.2: Accuracy effect size (Cohen’s D) for each condition pair.

Accuracy Effect Size
Condition Pair Cohen’s D
No Cue X 3D Arrow 0.24
No Cue X Gaze Line 0.47
No Cue X 2D Wedge 0.38

3D Arrow X Gaze Line 0.41
3D Arrow X 2D Wedge 0.23
Gaze Line x 2D Wedge 0.21

4.1.3 Head Rotation

Strong significance also emerged for the head rotation exhibited by participants though their
searches (F'(3,42) = 58.28,p < 0.001). Post hoc analysis revealed significant effects for all
condition pairs except for gaze line and 2D wedge. The interaction between the no cue condition
and all cue conditions (3D arrow, gaze line, and 2D wedge) all exhibited very strong significance

(p < 0.001). The interaction between the 3D arrow and gaze line demonstrated strong significance
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(p < 0.01), and the interaction between the 3D arrow and 2D wedge also indicated significance
(p < 0.05).

The average head rotation per search with the no cue condition was 2696.4 degrees. Each of
the cue conditions reduced this to less than 1250 degrees with the gaze line exhibiting the least
amount of movement (727.36 degrees). This was followed by the 2D wedge with 868.93 degrees

of rotation and then the 3D arrow with 1115.01 degrees of rotation.
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Figure 4.3: Average head rotation in degrees for each cue condition.

While each cue improved over the baseline no cue condition, the gaze line condition produced
the most favorable results (see Table 4.3). The gaze line cue produced a 4.81 second faster response
time with an accuracy increase of 11.94% over the baseline no cue condition. Head movement with

the gaze line was also reduced by 1969.4 degrees over the no cue condition.
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Table 4.3: Search time, accuracy, and head rotation means across all 4 cue conditions. The gaze line cue
demonstrated the lowest search time, highest accuracy, and least amount of head rotation.

Search Time, Accuracy, and Head Rotation

Cue Cond. | Search Time | Accuracy | Rotation
No Cue 6.16s 87.17% 2696.4 deg.
3D Arrow 2.87s 94.08% | 1115.01 deg.
Gaze Line 1.35s 99.11% | 727.36 deg.
2D Wedge 1.88s 97.43% | 868.93 deg.

4.1.4 NASA TLX and Cue Rankings

When asked to rank cue preferences from 1 (highest) to 4 (least) the gaze line cue received the
most favorable rankings. The gaze line cue had 10 participants rank it as their preferred cue. The
second most preferred was tied between the 3D arrow and the 2D wedge with each having 5 votes
for rank 2. The 2D wedge received the most votes for rank 3. The no cue condition was the lowest
ranked with 10 participants ranking the condition last.

A favorability score was also calculated using these rankings (see Table 4.4). For each rank 1
rating the cue was granted 4 points, for each rank 2 rating the cue was granted 3 points, for each
rank 3 rating the cue was granted 2 points, and for each rank 4 rating the cue was granted 1 point.
The gaze line had the highest score with 45 points followed by the 3D arrow with 32 points, then

the 2D wedge with 28 points, and finally the no cue condition with 15 points.

Table 4.4: Number of times each cue appeared at different ranking (1 is best 4 is worst) with associated
favorability scores.

Cue Ranking
Rank | No Cue | Gaze Line | 3D Arrow | 2D Wedge
1 0 10 2 0
2 1 1 5 5
3 1 1 4 6
4 10 0 1 1
Score 15 45 32 28
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NASA TLX scores also reveal a preference for the gaze line cue (see Table 4.5). For mental
demand the gaze line was rated as 2 (on a scale of 1-7). Physical demand was also rated low for
the gaze line cue (1.57 out of 7). Participants also reported the highest feeling of success with the
gaze line cue (6.79 out of 7). The total amount of work required to complete the task was also
lowest with the gaze line cue (1.86 out of 7) as was the level of reported annoyance (1.43 out of 7).
However, the condition with the most favorable pacing result was the 3D arrow cue (3.07 out of 7)

with the gaze line and no cue condition both having the least favorable scores at 3.36 (out of 7).

Table 4.5: Average NASA TLX score for each category and cue.

NASA TLX Scores
TLX Measure | No Cue | Gaze Line | 3D Arrow | 2D Wedge

Mental Demand 5.5 2 4.14 3.57
Physical Demand | 3.86 1.57 3 242
Pacing 3.36 3.36 3.07 3.14
Success 4.21 6.79 5.71 5.57
Total Work 5.5 1.86 3.64 3.14

Annoyance 4 1.43 2.93 3

4.1.5 Hypothesis Testing

Seven hypothesis were formulated by reviewing prior literature:

* H1: Any cue condition will improve upon the baseline condition.

* H2: Cues that take up more of the user’s FOV will be less effective.

* H3: The more salient the cue design the more effective it will be.

* H4: Cues with more embedded information will produce faster search times.

* HS5: Cues with more embedded information will produce higher accuracy rates.

¢ H6: Cues with more embedded information will reduce user movement.
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¢ H7: Cues with more embedded information will reduce task demand.

The significant decrease in search time, increase in accuracy, and reduction in head movement
using any of the three cue conditions over the baseline no cue condition supports HI. Each cue
produced a more favorable result over the base line condition with the exception of the 3D arrow
accuracy.

There is partial support for H2, as the 2D wedge did consume more screen space than the gaze
line and the gaze line produced stronger results, however, the 3D arrow was not as invasive as the
2D wedge, but performed worse. This may be due to the embedded position information that was
not present in the 3D arrow, but was present in the 2D wedge design.

Both the 2D wedge and the gaze line had a brighter contrast and more dynamic presentation
than the 3D arrow. As such they would be classified as more salient than the 3D arrow. Due to this
the cue performance results support H3 as the 3D arrow would be considered the least salient and
produced the worst search time, accuracy, and head rotation results of the three cue designs.

The 3D arrow did not have location information embedded into the design. Instead, participants
had to extrapolate position based on the direction the 3D arrow was indicating. As such the gaze
line and 2D wedge contained more embedded information (direction and position). Due to this H4
through H6 are all supported as the gaze line and 2D wedge produced the faster search times (H4),
highest accuracy (H5), and the least amount of head rotation (H6). The differences between the
gaze line and wedge may be related to the mental effort and intuitiveness of the design, resulting
in the gaze line’s better performance.

The last hypothesis (H7) is partially supported by the NASA TLX results. The gaze line and 2D
wedge (which have embedded location information not present in the 3D arrow design) produced
the lowest mental demand, physical demand, and total work load scores. However, other scores
such as the perceived pacing and the reported success did not follow the trend favoring the gaze
line and the 2D wedge.

Based on these results H1 (any cue condition will improve upon the baseline condition) is

supported. H2 (cues that take up more of the user’s FOV will be less effective) was partially
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supported, but H3 (the more salient the cue design the more effective it will be, as long as the cue
is completely accurate) was supported. H4 (cues with more embedded information will produce
faster search times), H5 (cues with more embedded information will produce higher accuracy rates)
and H6 (cues with more embedded information will reduce user movement) are all supported, but

H7 (cues with more embedded information will reduce task demand) is only partially supported.

4.2 Discussion

While any cue increased search efficacy over the baseline no cue condition, the gaze line con-
dition provided for the strongest results. Using the gaze line condition decreased search time by
nearly 5 seconds and increased accuracy by almost 12%. Head rotation was also reduced by al-
most 2000 degrees or nearly 5.5 full 360 degree rotations. This is in line with other studies such as
Mifsud et al. [111], that also found the gaze line cue to be particularly effective.

The 2D wedge provided for the second strongest results with a reduction of 4.28 seconds for
search time and an increase of about 10% in accuracy. As with the gaze line cue the 2D wedge also
shows both the direction to and location of the target [72,112]. However, the reduced performance
from the 2D wedge in contrast to the gaze line may be due to a cluttering effect [70,71] as the 2D
wedge scales to be much larger, and thus occupies more screen realestate, than the gaze line. This
effect may also be due to an increase in cognitive resources required to understand the 2D wedge
design as the wedge may be more conceptually new than the gaze line. Lines and line motifs are
often used for guidance in daily life, whether it be the center lines of a road to help guide a car
forward, or a laser pointer to help guide attention on a slide show. As such less cognitive resources
may be required to process and understand the information embedded in the 2D wedge design.

Despite the prevalence of the 3D arrow cue in literature [29, 38,91, 126], the 3D arrow per-
formance provided for the smallest benefit over the baseline no cue condition. This is most likely
due to its lack of embedded position information. Unlike both the gaze line and 2D wedge, the
3D arrow only communicates direction information to the user. As such, extrapolation of the po-

sition based on direction is required. This would not only increase cognitive load, but would also
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Rear View of Arrow Model Front View of Arrow Model

Necker Cube

Figure 4.4: Left: the Necker Cube [7, 8]. Middle: rear view of the arrow model. Right: front view of the
arrow model. The two views of the arrow model have similar shapes resulting in some level of ambiguity.

increase processing time (thus increasing search time), and may be more error prone due to am-
biguity issues. The problem of 3D ambiguity was originally discussed in conjunction with the
Necker Cube [7,8]. First published in 1832 the Necker Cube is a wireframe 3D cube that, through
ambiguity of the viewing angle, causes the perceived front face to switch leading to multiple pos-
sible perceptions of the same drawing (see Fig.4.4). This effect may be in play with the 3D arrow
cue, especially when viewed either head on or directly behind as it can be difficult to discern it’s
orientation; thus increasing the challenge of extrapolating position from direction.

The benefits of the gaze line cue were supported further by both the NASA TLX scores and
the cue ranking results. With a favorability score of 45 the gaze line was ranked as the preferred
cue with 10 out of 12 participants ranking it a their favorite. This was followed by the 3D arrow,
then by the 2D wedge (see Table 4.4), despite the 2D wedge producing more favorable results.
This may be further evidence of the conceptual complexity of the 2D wedge over the other cues,
as well as evidence for the benefit of embedding both position and direction information into cue
designs. Despite the lack of preference for the 2D wedge over the 3D arrow it still provided for
better search time and accuracy results than the 3D arrow.

NASA TLX results further solidify the gaze line cue as the strongest condition in this study. The
gaze line cue greatly reduced the reported mental demand, physical demand, and total perceived
workload of the task. This supports the cue as a strong choice for reducing task workload and
provides explanation for the improved search results with the gaze line. The higher mental demand
for the 3D arrow continues to indicated that the potential ambiguity (a la Necker Cube [7, 8])

and lack of position information did increase the mental effort required to use the 3D arrow over
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the other cue conditions. The one score where the 3D arrow was more favorable than the other
conditions was in reported pacing. This is a measure of how rushed the participant felt with higher
scores being unfavorable. All of the conditions were within a half point of each other, however
the 3D arrow was reported as the least rushed. Conversely, the gaze line was tied with the no cue
condition as the most rushed. This may indicated that the more readily available information is
the more enticed participants feel to act upon the information. This in turn may lead to automation
bias issues when errors are introduced into a system [76—79]. Participants also reported feeling the
most successful with the gaze line cue with an average score nearing perfect. However, this may
also indicate the potential for automation bias to be encountered when errors are introduced, as the
participants may be over confident with the system recommendations.

Based on these results any cue would seem to be beneficial for visual search tasks, however
not all cues are equal. The gaze line is a particularly strong choice for visual search tasks, however
this may only be true in cases such as this study, where the cue is always correct. There is also the
potential danger of reducing the mental resource demand too much, which may lead to performance
issues by falling out of the "Goldilocks zone" [20,39]. As such cues should be vetted and tested to

determine benefit for any given task.

4.2.1 Limitations and Future Directions

Results from this study point to potential issues with automation bias when errors are included,
however this study did not introduce any errors into the work. When using cues the cue always
pointed to the correct location, however this would not be the case with a live cueing system driven
by computer vision or machine learning (ML) techniques [75]. Due to the nature of ML detection
errors would inevitably arise. These errors, in combination with machine bias issues [76-79], can
lead the best cues in a perfect condition to suffer greatly and become worse options for cueing [25,
74,75].

This study was also limited to a forward facing search field. Due to this, the ambiguity effects

observed by the 3D arrow may have been minimized in this study. Furthermore, the other cueing
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conditions did not have to account for targets being in front of or behind the user which may lead
to different results, as other unconsidered issues with ambiguity or direction indication may exist
with the gaze line or 2D wedge condition.

A lab setting was used for this study which is not representative of real world AR use. Aspects
such as occlusion [91, 108] and lighting [28, 95] may cause issues with optical see through ren-
dering used in HMDs such as the Magic Leap 2. Environmental clutter may also be a factor that
limits the usefulness of the cue design presented [115]. For instance, a room with many brightly
colored red toys may overcome the red gaze line rendering limiting its functionality.

Only a single cue was present at any given time, however there are often situations where an
individual must pay attention to multiple targets simultaneously. Increasing the amount of cues
present may have adverse affects due to clutter [70, 71]. As such, determining the maximum
number of cues that can be simultaneously utilized is necessary before including more than one
cue in a task. This number may also differ from cue to cue due to the differences in mental effort
required to process and attend to those cues. For instance, three gaze line cues may be far easier to
attend to than three 2D wedge cues.

Each of these suggests future research topics for exploring aspects of visual cueing and may

lead to new cue designs and innovations.
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Chapter 5

Conclusion

With the increasing attention for using AR for visual cueing it is important that cue designs are
evaluated and compared. This study presents a within-subjects, four factored experimental design,
where participants use four cue conditions (no cue, gaze line, 2D wedge, and 3D arrow) to search
for target stimuli in a forward facing AR environment. Results suggest that any cue intervention
is beneficial over the base line no cue condition, however the gaze line cue provided for the fastest
search time, the highest search accuracy, the least amount of head movement, reduced mental and
physical demand, and was preferred by participants. Additionally, results support embedding both
the direction to, and position of the target stimuli in cue designs, as this may reduce ambiguity
and help to improve results. However, over complicated designs may require more mental effort
to process. Furthermore, there is a potential danger with too salient designs (i.e. lots of motion,
high contrast, large size, etc.), as the reduction in cognitive resources required to complete the
task may in turn lead to a reduction of performance through automation bias and falling out of the

"Goldilocks zone."
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.1 Demographics Questionnaire

1. Please enter your participant number (this will be given to you by the researcher):
2. Please enter your age:
3. What is your gender?

* Male
¢ Female
* Non Binary/Third Gender

* Prefer not to say
4. What is your current academic status

* Undergrad

* Recent Grad

* Master’s Student
e PhD

* Non student
5. What is your major or profession? (Please type N/A if not applicable).

6. Have you ever used an AR headset?
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10.

1.

12.

13.

. If you answered yes please explain:

. Have you consumed any of the following in the past 24 hours?

o Caffeine
¢ Alcohol

¢ Nicotine

On average how many hours a week do you use a computer (personal or work)?

Have you ever used a VR headset?

If you answered yes which headsets and for how long have you used a VR headset?

Have you used a Microsoft Kinect or WiiMote?

Indicate the average number of hours per week you spend playing the following types of
games:

¢ Action-Adventure Games (i.e. Uncharted)

* Platformers

 Shooters

* Fighting games

* Rhythm Games (i.e. Guitar Hero)

* Puzzle Games

* RPGs

* Simulation Games

» Strategy Games

* Sports Games

¢ Online Games
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* Other please specify with hours

14. Indicate the number of hours per week you spend playing games with the following con-
trollers:
* Steering Wheel
* Keyboard and mouse
* Nintedo DS or 3DS
* Gameboy or Gameboy color
* Gameboy advance
* Touchscreen (i.e. smartphone or tablet)
* Wii remote
* WiiU Gamepad
* N64 Controller
* Nintendo Gamecube Controller
* Playstation Controller
* Playstation Portable (PSP) or Playstation Vita
¢ Xbox, Xbox 360, or Xbox One Controller
» Xbox Kinect
* Leap Motion 3D controller
* QOculus Rift

* Other please specify along with hours

.2 Ranking and NASA TLX

1. Please rank each cue by preference:
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¢ No Cue
* 2D Wedge
¢ 3D Arrow

¢ Gaze Line

2. Please rate the perceived task load of the NO CUE condition:

* How mentally demanding was the task?

* How physically demanding was the task?

* How rushed was the pace of the task?

* How successful were you in accomplishing the task?

* How hard did you have to work to accomplish your level of performance?

* How insecure, discouraged, irritated, stressed, or annoyed were you?

3. Please rate the perceived task load of the 3D ARROW condition:

* How mentally demanding was the task?

* How physically demanding was the task?

* How rushed was the pace of the task?

* How successful were you in accomplishing the task?

* How hard did you have to work to accomplish your level of performance?

* How insecure, discouraged, irritated, stressed, or annoyed were you?

4. Please rate the perceived task load of the 2D WEDGE condition:

* How mentally demanding was the task?
* How physically demanding was the task?

* How rushed was the pace of the task?
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* How successful were you in accomplishing the task?
* How hard did you have to work to accomplish your level of performance?

* How insecure, discouraged, irritated, stressed, or annoyed were you?

5. Please rate the perceived task load of the GAZE LINE condition:

* How mentally demanding was the task?
* How physically demanding was the task?
* How rushed was the pace of the task?

* How successful were you in accomplishing the task?

How hard did you have to work to accomplish your level of performance?

* How insecure, discouraged, irritated, stressed, or annoyed were you?
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