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Abstract

Dynamic Vergence–Accommodation Conflict: Effects on 3D Selection Performance
When Target Depth Changes

Zahra Rasoulifar

The effect of the Vergence–Accommodation Conflict (VAC) in state-of-the-art head-mounted

displays on 3D interaction performance is well-studied in scenarios where targets remain stationary

at a fixed depth. Yet, many VR applications include targets moving continuously toward or away

from the user, causing vergence demand to change over time while accommodation remains fixed

at the display focal plane. We study this scenario using an ISO 9241-411 multidirectional target

selection task with: No VAC (targets at the display focal plane), Constant VAC (targets further from

the focal plane), Varying VAC (targets appear at both No VAC and Constant VAC depths across

selections), and Dynamic VAC (target depth changes continuously during acquisition) conditions. In

a within-subjects study with 24 participants, Dynamic VAC produced slower selections, higher error

rates, lower accuracy, and reduced throughput compared with the No VAC condition. To account

for target movements in depth, we propose an extension of Fitts’ law that models the additional

performance costs introduced by continuously changing vergence demand. Our results provide

guidance for modeling and designing interaction techniques in depth-varying 3D environments.
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Chapter 1

Introduction

Extended Reality (XR) is an umbrella term that refers to a range of immersive computing tech-

nologies that combine real and virtual environments within a unified interaction space [7]. XR

includes Virtual Reality (VR), Augmented Reality (AR), and Mixed Reality (MR), which differ

in terms of how digital content is integrated with the physical world, as illustrated along the Mil-

gram’s [1] reality–virtuality continuum in Figure 1.1. These technologies aim to move beyond

traditional screen-based interaction by enabling users to perceive, manipulate, and navigate digi-

tal information through input modalities [8], such as controllers, hand gestures, gaze, speech and

voice commands [9], and body movement. XR systems are typically experienced through dedicated

hardware platforms, including head-mounted displays (HMDs), CAVE systems, mobile devices, or

spatial computing glasses, and are increasingly used in applications such as training simulation [10],

engineering design [11], healthcare [12], education [13], and collaborative visualization [14].

A Head-Mounted Display (HMD) is a wearable visual interface device that is positioned di-

rectly in front of the user’s eyes to deliver stereoscopic or monoscopic digital imagery [15]. HMDs

are a fundamental hardware component in many XR systems because they provide controlled visual

presentation and support immersive perception. From a technical perspective, an HMD integrates

near-eye displays, optical lenses for focal adjustment and field-of-view expansion, inertial mea-

surement units (IMUs) such as accelerometers and gyroscopes for head-motion tracking, and often

outward-facing cameras for inside-out positional tracking and environment sensing (Figure 1.2)

[7, 15]. This sensing pipeline enables real-time viewpoint updates based on user movement, which
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Figure 1.1: Milgram’s Reality–Virtuality Continuum [1], illustrating the spectrum from real envi-
ronments to fully virtual environments, including augmented and mixed reality.

is essential for maintaining spatial consistency and presence. Modern HMDs may also incorporate

advanced sensing and interaction capabilities, including hand tracking, eye tracking, depth sensing,

and controller input, allowing multimodal interaction within virtual or augmented environments. An

example HMD is shown in Figure 1.3, which is also used in the user study included in this thesis.

Virtual Reality (VR) is a type of XR technology that generates a fully computer-simulated en-

vironment which replaces the user’s perception of the physical world. In VR systems, the HMD

occludes real-world visual input and presents a stereoscopic virtual scene that responds dynami-

cally to head and body motion. Users interact with virtual objects through input devices such as

handheld controllers [7], tracked hands [8], or gaze-based interfaces [8, 16]. From an engineering

standpoint, VR systems require low-latency tracking, high frame rates, and accurate spatial render-

ing to maintain immersion and reduce discomfort [17]. VR is widely applied in domains where

controlled, repeatable, and highly immersive environments are beneficial, such as simulation-based

training [18–20], virtual prototyping [21], rehabilitation [22], and immersive gaming [23].

Augmented Reality (AR) is defined as a technology that superimposes digital content onto the

user’s view of the real environment while preserving direct perception of physical surroundings [24].

AR systems register virtual elements such as text, graphics, or 3D models within the user’s visual

field, typically through hand-held displays, optical see-through HMDs, or video see-through de-

vices [24, 25]. Technically, AR requires accurate tracking and registration algorithms to align digital

content with real-world coordinates, as well as environment understanding [25] to maintain spatial
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Figure 1.2: Components of a VR headset, including lenses, displays, sensors, and housing. Adapted
from Interaction Design Foundation [2].

Figure 1.3: Example of a modern XR head-mounted display (Meta Quest Pro), illustrating a com-
mercially available device used for immersive interaction. Image source: Meta Platforms, Inc. [3].

stability. AR is commonly used for applications such as navigation assistance [24, 25], industrial

maintenance guidance [24], retail visualization [26], and context-aware information delivery [27].

Mixed Reality (MR) represents a more tightly integrated form of real–virtual fusion in which

digital objects are not only overlaid onto the physical environment but are also spatially anchored

and capable of interacting with real-world geometry. MR systems employ advanced spatial map-

ping, depth sensing, and real-time scene reconstruction [25] to enable virtual content to respond to

surfaces, occlusions, and user movement in a physically meaningful way. This allows users to walk

around holographic objects [7], manipulate them with natural gestures [8], and collaborate with

others in shared hybrid environments [14]. Due to these capabilities, MR is particularly relevant
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for engineering visualization [11], medical planning [28], remote collaboration [14], and complex

training scenarios [10] where contextual alignment between real and virtual elements is critical.

As XR systems continue to evolve, they are increasingly used in scenarios where interaction

accuracy directly affects real-world outcomes [29]. In training and simulation environments, small

errors in user interaction can translate to significant performance differences when skills are trans-

ferred to real-world tasks [18]. Similarly, in medical or industrial applications, imprecise interaction

may negatively affect decision-making and task performance [18, 28]. Therefore, understanding the

factors that affect interaction performance in XR is critical for designing reliable and effective sys-

tems [30].

Beyond application-specific requirements, XR interaction also introduces new challenges com-

pared to traditional 2D interfaces [30]. Users must perceive and interact with virtual objects in

three-dimensional (3D) space, often without the physical feedback available in real-world inter-

actions. This makes accurate perception of spatial relationships a fundamental requirement for

successful interaction. As a result, limitations in visual perception can directly affect how users

perform tasks in XR environments.

One challenge for modern XR HMDs is accurately rendering depth cues, enabling users to

perceive the placement of an object in three-dimensional (3D) space correctly. Depth perception,

the ability to judge spatial distances and objects, relies on a combination of monocular (e.g., size,

motion parallax, accommodation, or texture gradient) and binocular cues (e.g., stereopsis or ver-

gence) [31, 32]. Modern XR HMDs still struggle to simulate monocular and binocular cues [33, 34].

Particularly, current commercial HMDs suffer from the vergence-accommodation conflict (VAC), a

mismatch between the vergence (the inward or outward turning of the eyes to align on an object)

and accommodation (the adjustment of the eye’s lens to optically focus on the object by changing its

shape) [34, 35]. As illustrated in Figure 1.4, vergence cues indicate a virtual depth while accommo-

dation remains fixed at the display plane, creating a discrepancy in visual signals. This mismatch

affects user performance in 3D selection tasks [36, 37]. Previous work has shown that the VAC

produces a combination of increased cognitive and perceptual strain that impairs the user’s ability

to quickly and accurately perceive an object’s spatial position [38–40], thereby affecting the speed

and precision of interaction with the object [41–43].
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Figure 1.4: Illustration of the vergence–accommodation conflict (VAC) in XR head-mounted dis-
plays. Vergence cues suggest a virtual depth while accommodation remains fixed at the display
plane.

In natural viewing conditions, vergence and accommodation are tightly coupled, meaning that

both eye convergence and lens focusing adjust consistently based on the distance of the observed

object [38]. However, in most XR HMDs, visual content is displayed at a fixed focal distance while

binocular disparity cues simulate objects at varying depths [44]. This decoupling introduces a per-

sistent inconsistency in visual signals, forcing the visual system to reconcile conflicting information

during interaction.

This mismatch is not only a perceptual issue but also has measurable consequences on user

performance. When users attempt to interact with virtual objects, especially in tasks that require

precise targeting, they rely heavily on accurate depth perception [44]. Any inconsistency in depth

cues can lead to errors in estimating object position, resulting in slower movements, reduced accu-

racy, and increased effort [38, 44]. Understanding how these perceptual limitations affect interaction

is therefore essential for designing better XR systems.

Previous work has demonstrated the detrimental effects of the VAC on user interaction perfor-

mance in VR and AR environments [44, 45]. However, these studies investigated tasks involving
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stationary targets, where object positions remained fixed at specific depths. Such experimental se-

tups are useful for modeling user motor performance in controlled scenarios that resemble everyday

interactions with objects located at constant distances. In many real-world situations, however, users

interact with targets that move dynamically in depth. Examples include catching a thrown ball, a

goalkeeper intercepting a soccer ball, catching a flying frisbee, reacting to a dropped object such

as a slipping phone, catching keys or tools tossed by another person, or a firefighter intercepting

equipment thrown from below. In these scenarios, the target position continuously changes along

the depth axis, requiring users to update both motor plans and visual focus in real time. Model-

ing such interactions in XR environments introduces additional challenges. As the target moves in

depth, the visual system must continuously adjust vergence to maintain fixation, while the accom-

modation demand imposed by current stereoscopic displays remains fixed. This dynamic mismatch

may further affect visuomotor coordination and movement timing compared to the VAC in station-

ary targets. Despite the ecological relevance of these tasks, the impact of VAC under dynamic depth

conditions has not been systematically investigated in prior XR interaction studies.

In this thesis, we investigate the effect of a dynamic vergence–accommodation conflict on 3D

selection performance in VR. Specifically, we examine how a continuously changing VAC condi-

tion, produced when targets move toward and away from the user, affects target selection compared

to fixed-depth conditions. Chapter 3 presents our study and its findings in detail.
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Chapter 2

Background

2.1 Human Depth Perception and Visual Cues

Depth perception refers to the ability of the human visual system to interpret the three-dimensional

structure of the environment and estimate the relative or absolute distance of objects. Rather than

relying on a single source of information, the visual system integrates multiple depth cues, whose

contribution depends on factors such as viewing distance, task requirements, and cue reliabil-

ity [31, 32, 46]. This integration is particularly critical in near-field (peri-personal) space, where

precise depth estimation directly supports visually guided motor actions such as reaching and point-

ing [31, 47].

Depth cues are commonly categorized into monocular and binocular cues [31, 48]. Monocular

cues include relative size, occlusion, texture gradients, shading, motion parallax, and accommoda-

tion, and can be perceived with one eye [31, 48]. Binocular cues arise from the coordinated use of

both eyes and include stereopsis and vergence [31, 48]. In natural viewing conditions, these cues are

not processed independently; instead, they are combined to produce a coherent and stable percep-

tion of spatial layout [31]. For objects within arm’s reach, accurate depth perception relies on the

effective integration of multiple complementary cues, as no single cue is sufficient on its own [31].
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2.1.1 Binocular Depth Cues: Vergence and Disparity

Stereopsis is a key binocular cue that arises from the horizontal disparity between the retinal

images of the left and right eyes [48]. Because each eye observes the scene from a slightly dif-

ferent viewpoint, these disparities provide information about relative depth between objects [31].

Stereopsis is especially important for fine-grained depth judgments and supports accurate spatial

discrimination in near-field interaction tasks [48].

Vergence refers to the inward or outward rotation of the eyes required to align both foveae

(the regions of highest visual acuity on the retina) on a target. As an object moves closer, the

eyes converge; as it moves farther away, they diverge [48]. This oculomotor response provides

an additional signal related to viewing distance and plays a crucial role in depth perception within

peri-personal space [32]. Vergence is also involved when observing objects moving in depth, where

eye movements must continuously adjust to maintain fixation [49]. However, prior work shows

that vergence can affect and bias the perception of motion-in-depth, for example by affecting the

perceived speed of targets moving in depth [49]. This indicates that dynamic depth perception arises

from an interaction between visual signals and oculomotor responses, rather than from a single cue

alone. Such dynamic depth perception is particularly relevant in interactive environments where

targets may change position along the depth axis.

2.1.2 Accommodation and Focus Mechanisms

Accommodation is the process by which the crystalline lens changes shape to maintain a sharp

retinal image as viewing distance varies [50]. When focusing on nearby objects, the lens increases

its optical power; when focusing on distant objects, the optical demand decreases. In natural view-

ing, accommodation provides a depth-related signal, particularly at short distances where changes

in focal demand are more pronounced [32, 51].

Although accommodation alone is generally not sufficient for precise depth estimation, it con-

tributes to the overall perception of depth and supports stable vision [31, 32]. Previous work has

shown that accommodative responses differ between stationary and moving targets, reflecting dif-

ferences in the visual stimuli driving focus adjustments [51]. This suggests that accommodative
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behavior depends on the properties of the visual input and operates in coordination with other depth

cues during natural viewing.

2.1.3 Coupling of Vergence and Accommodation

In natural viewing conditions, vergence and accommodation are tightly coupled. When fixating

on a real object, the eyes converge to its spatial location while the lens accommodates to the same

physical distance. This coordinated response ensures that both disparity-based and focus-based cues

provide consistent information about object depth [38, 52, 53]. As a result, the visual system can

maintain single, clear vision and achieve accurate depth perception.

This coupling is not static but reflects a dynamic interaction between the oculomotor subsys-

tems. Changes in vergence can induce accommodation responses and vice versa, demonstrating the

interdependence of these mechanisms [54]. Under normal conditions, this coordinated binocular

response supports efficient visually guided reaching and grasping in peri-personal space [31, 47].

Previous work has shown that, for targets in near-field viewing, depth perception relies on mul-

tiple non-pictorial cues such as stereopsis, motion parallax, vergence, and accommodation [31].

For real-world targets, these cues are consistent and jointly contribute to highly accurate depth per-

ception [31, 32]. However, when this consistency is disrupted, depth perception can become less

accurate, which has direct implications for interaction performance [38].

2.2 Vergence–Accommodation Conflict in XR Systems

2.2.1 VAC in Commercial Head-Mounted Displays

Vergence–accommodation conflict (VAC) occurs when the vergence demand specified by binoc-

ular disparity does not match the accommodative demand specified by the focal distance of the dis-

play. This situation commonly arises in stereoscopic displays used in virtual and augmented reality,

where depth is simulated visually but the physical focal distance remains fixed [38, 52].

Prior work indicates that VAC can affect both visual experience and visual performance. Hoff-

man et al. showed that the VAC can reduce visual performance and increase visual fatigue [38].

Related work has discussed visual comfort in binocular and 3D displays [55]. The VAC has also
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been connected to changes in visual system behavior (e.g., vergence and accommodation responses)

when viewing stereoscopic imagery [53, 54] and to measurable costs in demanding cognitive tasks

under induced conflict [40].

Current VR and AR head-mounted displays commonly operate as single-focal stereo systems,

meaning that the display optics provide a fixed focal distance while binocular disparity is used to

simulate depth in the virtual scene [36, 56]. As a result, accommodation is driven toward the dis-

play’s focal plane, while vergence follows the depth specified by the stereo content. This mismatch

between accommodative distance and vergence distance is known as the VAC [52, 56].

2.2.2 Effects of VAC on Perception and Cognition

The vergence–accommodation conflict affects perception first at the level of depth interpreta-

tion and visual comfort. When vergence demand is driven by the simulated depth of stereo content

while accommodation remains tied to the display focal plane, the visual system receives inconsis-

tent distance information. Prior work has shown that this inconsistency can reduce the accuracy

of perceived depth and decrease visual performance compared to conditions in which focus cues

are correct or nearly correct [38, 52]. More broadly, research on binocular and stereoscopic dis-

plays has shown that mismatches in binocular presentation can reduce visual comfort and increase

viewing difficulty, especially when the visual demands are sustained or precise depth judgments are

required [55]. In XR systems, these perceptual limitations are particularly important because users

often need to estimate object depth accurately enough to guide interaction.

The VAC has also been linked to changes in the behavior of the oculomotor system. Vienne

et al. [53] showed that vergence responses become slower under accommodation–vergence conflict

than under matched focus and disparity conditions, indicating that the mismatch affects how effi-

ciently the eyes respond to depth changes. Related work further suggests that individual differences

in accommodative behavior while viewing stereoscopic stimuli are associated with the coupling be-

tween vergence and accommodation mechanisms [54]. These findings do not imply that the visual

system fails completely under conflict, but they do show that the normal coordination between eye

alignment and optical focus is altered. As a result, users may require more effort to achieve stable

and clear viewing when interacting with stereoscopic content at depths away from the focal plane.
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Beyond perception and oculomotor behavior, the VAC can also affect higher-level task perfor-

mance. Daniel and Kapoula [40] showed that induced vergence–accommodation conflict increased

interference effects in a Stroop task, particularly under conditions with higher cognitive demand.

This suggests that the cost of resolving or tolerating the conflict is not limited to low-level vision

alone, but can also affect attentional processing. In other words, the VAC can introduce an ad-

ditional cognitive burden, especially in tasks that require sustained attention, visual precision, or

rapid responses. Taken together, these results suggest that the VAC should not be viewed only as

a display artifact or a source of discomfort. It can affect how accurately users perceive depth, how

efficiently the visual system responds to stereo content, and how well users perform demanding

tasks. This provides an important basis for understanding why the VAC also affects 3D interaction

performance, which is discussed in the following sections.

2.2.3 Approaches to Mitigate VAC

Because the vergence–accommodation conflict originates from a mismatch between simulated

depth and optical focus, many proposed solutions aim to restore a more natural relationship between

these cues. In general, these approaches attempt to reduce the separation between vergence demand

and accommodative demand, so that the visual system receives depth information that is more con-

sistent with natural viewing. Among the most studied hardware-based approaches are multifocal

and varifocal displays.

Multifocal displays address the problem by presenting imagery at more than one focal dis-

tance [59]. Instead of forcing accommodation to remain fixed at a single plane, these systems

provide multiple focal planes so that virtual content can be displayed with more appropriate fo-

cus cues across depth. Prior work has shown that reducing the VAC in this way can improve user

performance in 3D interaction tasks. For example, Batmaz et al. [44] compared multifocal and

single-focal display conditions and found that reducing the conflict led to better virtual-hand point-

ing performance in immersive displays. These findings suggest that when focus cues are brought

closer to the simulated depth of the target, users can interact more efficiently.

Varifocal displays follow a different strategy [59]. Rather than presenting several fixed focal

planes, they dynamically adjust the focal distance of the image to better match the depth of the
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currently viewed content. In principle, this allows the system to more closely reproduce the natural

coupling between vergence and accommodation during viewing. Recent work has shown that vari-

focal designs can reduce the impact of the VAC on 3D pointing performance relative to fixed-focal

baselines [60]. This makes varifocal systems particularly promising for XR applications in which

targets appear at a range of depths and accurate depth-guided interaction is required.

Although these approaches have shown clear benefits, they have not yet replaced single-focal

stereo displays in current commercial HMDs [59]. Prior work in VR interaction has shown that

commonly used head-mounted displays operate with fixed focal distances, meaning that accom-

modation remains tied to the display plane while vergence follows simulated depth [36, 56]. As

a result, the VAC remains a practical limitation in current systems. For this reason, understanding

how the VAC affects user performance in existing commercial hardware remains important, even

as improved display technologies continue to be developed. These limitations are particularly rele-

vant in the context of 3D interaction, where users must rely on accurate depth perception to guide

movement and selection tasks.

2.3 3D Interaction and Selection in Virtual Reality

2.3.1 Fundamentals of 3D Target Selection

Performance in 3D target selection tasks remains lower than in comparable 2D pointing tasks [37,

61]. For example, several studies have reported that stereo display limitations and depth-related fac-

tors reduce selection performance, including slower movement time and reduced throughput, a mea-

sure of the speed–accuracy tradeoff, for targets that require movement in visual depth [36, 37, 58].

2.3.2 Effects of Depth on Interaction Performance

Depth itself is a contributor to pointing difficulty. Work on 3D pointing reports that movement

direction and depth placement can affect movement time [61–63] and error rates [61, 62], and

that movements along the depth axis can behave differently than lateral movements [61, 63]. Past

work also observed the effect of depth for distal pointing, where distance-related factors can change

effective measures and user strategies [62, 64].
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2.4 Effects of VAC on 3D Interaction Performance

Past work has identified that the VAC affects user performance (speed and accuracy) during 3D

pointing and selection. For example, Batmaz et al. examined virtual-hand pointing under different

VAC conditions and reported significant effects of the conflict on 3D selection performance, partic-

ularly for movements that involved (stationary) targets at various points along the depth axis [44].

In a follow-up study, researchers showed that stereo deficiencies and target position relative to the

focal plane significantly affected ray casting selection performance [45]. Past work also identified

that biomechanical and ergonomic factors could modulate the detrimental effects of VAC during 3D

selection [56].

However, these studies primarily assume that target depth remains constant during each selec-

tion movement. As a result, they do not account for situations in which depth changes continuously

over time, which may introduce additional challenges for both perception and motor control.

2.5 Interaction Across Multiple and Dynamic Depths

2.5.1 Interaction with Moving Targets

For studies that focus on dynamic targets, past work has most often focused on the effects of

monocular depth cues (texture, shadow) and target characteristics (alignment, speed, and moving

direction) [65]. Other work has modeled the relationship between arm movement and visual percep-

tion [66]. Cashion et al. [67] conducted a comprehensive study comparing four specific 3D selection

techniques across scenarios with varying motion dynamics: Raycasting, SQUAD, Zoom, and Ex-

pand. Their evaluation revealed that while Raycasting is a fast baseline, it is highly problematic

for dynamic targets because users must effectively “chase” the moving object around the screen to

maintain cursor alignment. To mitigate this, they found that progressive refinement techniques like

SQUAD and its variation, Expand, significantly improve accuracy for fast-moving targets. Haan et

al. [68] proposed IntenSelect for dynamic scenes, which uses a “dynamic object rating” to bend a

selection ray toward a target based on its movement over time.
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2.5.2 Missing Perspective: VAC Under Dynamic Depth

However, despite these advancements in handling the spatial and temporal difficulties of mov-

ing targets, these evaluations focused primarily on speed, accuracy, and density, and they did not

consider the impact of the VAC on user performance during these dynamic selection tasks.

2.6 Summary and Research Gap

The background reviewed in this chapter shows that depth perception in near-field interaction

depends on the coordinated use of multiple visual cues, including stereopsis, motion parallax, ver-

gence, and accommodation [31, 32]. Under natural viewing conditions, vergence and accommoda-

tion are tightly coupled, allowing the visual system to receive mutually consistent information about

object distance [38, 52, 53]. In current single-focal XR systems, however, this coupling is disrupted

because accommodation remains tied to the display focal plane while vergence follows the simu-

lated depth of the stereo content [52, 56]. This mismatch gives rise to the vergence–accommodation

conflict (VAC), which has been shown to affect visual comfort, oculomotor behavior, cognitive

processing, and interaction performance [38, 40, 53].

Prior work in 3D interaction has also shown that depth is an important factor in pointing per-

formance. Selection performance can vary depending on target placement in depth and the charac-

teristics of the movement, including movements along the depth axis [62–64]. In addition, several

studies have reported that stereo display limitations and VAC-related factors reduce 3D pointing

performance, including movement time, accuracy, and throughput [36, 37, 44, 45, 56, 58]. More

generally, prior work has also shown that modeling 3D pointing performance introduces additional

complexity compared to planar tasks [61, 69, 70]. These findings establish that both visual depth

and the quality of depth cues play a major role in interaction efficiency in XR.

At the same time, the existing literature leaves an important gap. Most prior studies examining

the effect of the VAC on 3D interaction have focused on targets placed at fixed depths during each

selection movement, even when different depth planes are used across trials or across conditions [44,

45, 56]. Similarly, work on dynamic target selection has mainly examined target motion, target

characteristics, or interaction technique design without considering how a continuously changing
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VAC may affect user performance [65–68]. As a result, prior findings do not fully explain user

behavior in situations where a target moves toward or away from the user during the selection itself.

This limitation is important because continuously changing target depth creates a temporally

evolving visual constraint. In such situations, vergence demand changes throughout the movement,

while accommodation remains fixed at the focal distance of the display. Therefore, the magnitude

of the VAC is not constant during the interaction, but changes over time. This means that results

obtained from static-depth conditions cannot simply be assumed to generalize to tasks involving

depth-varying targets. Understanding this case is particularly important for XR applications in

which users interact with objects that approach, recede, or otherwise move in depth during task

execution.

Motivated by this gap, this thesis investigates how continuously changing target depth affects 3D

selection performance in a single-focal VR headset. Building on prior work on VAC, 3D pointing,

and depth-dependent performance modeling, the thesis focuses specifically on the case in which the

target depth changes during acquisition, creating a dynamic vergence–accommodation conflict. The

following chapters present the experimental study, results, and analysis developed to examine this

problem.
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Chapter 3

Dynamic Vergence–Accommodation

Conflict: Effects on 3D Selection

Performance When Target Depth

Changes

The contents of this section is currently under double-blind review process at IEEE ISMAR

2026 conference: Zahra Rasoulifar, Rumeysa Turkmen, Mayra Donaji Barrera Machuca, Wolf-

gang Stuerzlinger, Anil Ufuk Batmaz. Dynamic Vergence–Accommodation Conflict: Effects on 3D

Selection Performance When Target Depth Changes. Submitted to Proceedings of the 25th IEEE

International Symposium on Mixed and Augmented Reality (ISMAR).

3.1 Introduction

Recent progress in extended reality (XR) head-mounted displays (HMDs) has resulted in self-

contained, wireless, and lightweight devices that feature low-latency rendering and tracking, a wide

field of view (FoV), and up to 4K resolution [71]. These advances have made it possible for in-

dustries like healthcare, the military, and the arts and entertainment to use XR as a medium for
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education and to display real-time digital information that users can interact with. For example,

previous work has identified the benefits of virtual reality (VR) training in aviation [19], table ten-

nis [72], surgical skills training [18], and object assembly [20]. Another example is doctors using

augmented reality (AR) HMDs to help guide them in surgeries [28]. In all these areas, it is important

to support high-precision interaction when using XR HMDs.

One challenge for modern XR HMDs is accurately rendering depth cues, enabling users to

perceive the placement of an object in three-dimensional (3D) space correctly. Depth perception,

the ability to judge spatial distances and objects, relies on a combination of monocular (e.g., size,

motion parallax, accommodation, or texture gradient) and binocular cues (e.g., stereopsis or ver-

gence) [31, 32]. Modern XR HMDs still struggle to simulate monocular and binocular cues [33, 34].

Particularly, current commercial HMDs suffer from the vergence-accommodation conflict (VAC), a

mismatch between the vergence (the inward or outward turning of the eyes to align on an object)

and accommodation (the adjustment of the eye’s lens to optically focus on the object by chang-

ing its shape) [34, 35] that affects user performance in 3D selection tasks [36, 37]. Previous work

has shown that the VAC produces a combination of increased cognitive and perceptual strain that

impairs the user’s ability to quickly and accurately perceive an object’s spatial position [38–40],

thereby affecting the speed and precision of interaction with the object [41–43].

Past work has investigated the effect of the VAC on user performance under different conditions,

such as selection tasks occurring in peri-personal space [37, 43] or during distal pointing [45].

More recently, Bashar et al. [41] modeled the effect of the VAC across different focal distances, i.e.,

diopters, showing a decrease in performance with increasing visual depth. One commonality among

these studies is that the target depth remained fixed during acquisition, meaning that users selected

a stationary target, where the VAC effect for that target remained constant. However, previous work

did not consider the case in which targets move along the depth axis, toward or away from the user.

Vision research has found that depth perception of a moving target is more complex than that of

a stationary target [49, 73], with past work identifying a high degree of variability between individ-

uals [74] and a higher reliance on stereo depth cues than monocular cues [51]. In target selection

using XR HMDs, vergence demand changes continuously while accommodation remains fixed at
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the display’s focal plane. Consequently, the magnitude of the VAC also changes continuously dur-

ing interaction with targets moving in depth. This dynamic condition fundamentally alters the visual

constraints under which users perform the task, as they must track and interact with a target while

the VAC’s magnitude changes over time. Such changes can negatively affect how users visually

select targets, estimate depth, and coordinate eye–hand movements during selection. As a result,

interaction performance measured under fixed-depth conditions cannot fully represent user behavior

when interacting with targets that move in depth.

In this paper, we investigate how targets moving along the depth axis affect user performance

in VR. Specifically, we examine how a dynamic VAC condition, produced when targets move to-

ward and away from the user, influences target selection performance compared to conditions where

targets remain at fixed depths with and without the VAC. Through a controlled, ISO 9241:411 mul-

tidirectional selection task, we analyze how a dynamic VAC affects performance, providing insights

into how dynamic depth changes influence interaction performance in immersive environments. Our

contributions are:

• Introduce a Dynamic VAC interaction condition where targets move toward and away from

the user, producing a continuously changing vergence–accommodation conflict during inter-

action.

• Demonstrate that the Dynamic VAC condition leads to slower task completion times, higher

error rates, and reduced selection accuracy compared to fixed-depth conditions.

• Propose a performance model that captures the relationship between task difficulty and target

depth when targets move along the depth axis.

3.2 Previous Work

3.2.1 VAC in Commercial HMDs

Prior work indicates that VAC can affect both visual experience and visual performance. Hoff-

man et al. showed that the VAC can reduce visual performance and increase visual fatigue [38].

Related work has discussed visual comfort in binocular and 3D displays [55]. The VAC has also
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been connected to changes in visual system behavior (e.g., vergence and accommodation responses)

when viewing stereoscopic imagery [53, 54] and to measurable costs in demanding cognitive tasks

under induced conflict [40].

Commercial VR and AR HMDs like the Quest 3, Varjo-4, and Galaxy XR remain effectively

single-focal systems due to the use of stereo displays at fixed focal distances as their underlying

technology [34, 35]. Stereo displays render two different images, one for each eye, to create the

binocular disparity needed to perceive depth. In modern HMDs, the physical focal distance is fixed

by the display optics. As a result, accommodation is driven toward the display’s focal plane, while

vergence follows the depth simulated by the stereo content. This mismatch between accommodative

distance and vergence distance is known as the VAC [52, 56].

Other work has compared different display types to determine whether they can overcome

the VAC. Examples include multifocal and single-focal display conditions [44] and varifocal dis-

plays [60]. Results show that these technologies reduce the impact of the VAC on user performance.

However, these approaches have not been widely adopted in current commercial HMDs.

3.2.2 VAC and 3D Interaction Performance

Stereo displays can improve 3D target selection, but performance in 3D remains lower than in

comparable 2D pointing tasks [61]. For example, several studies have reported that stereo display

limitations and depth-related factors reduce selection performance, including slower movement time

and reduced throughput (a measurement for speed-accuracy), for targets that require movement in

visual depth [36, 37, 58].

Past work has identified that the VAC affects user performance (speed and accuracy) during 3D

pointing and selection. For example, Batmaz et al. examined virtual-hand pointing under different

VAC conditions and reported significant effects of the conflict on 3D selection performance, partic-

ularly for movements that involved (stationary) targets at various points along the depth axis [44].

In a follow-up study, researchers showed that stereo deficiencies and target position relative to the

focal plane significantly affected ray casting selection performance [45]. Past work also identified

that biomechanical and ergonomic factors could increase the detrimental effects of VAC during 3D

selection [56].
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3.2.3 Depth-Varying and Multi-Depth Interaction

Depth itself is a contributor to pointing difficulty. Work on 3D pointing reports that movement

direction and depth placement can affect movement time [61–63] and error rates [61, 62], and

that movements along the depth axis can behave differently than lateral movements [61, 63]. Past

work also observed the effect of depth for distal pointing, where distance-related factors can change

effective measures and user strategies [62, 64].

Other studies used multiple depth planes or targets placed at different depths to study selection

when visual depth changes. Examples include using a varying VAC condition, where target po-

sitions switch between the HMD’s focal plane and locations away from the focal plane [45, 56].

These works have shown that the VAC affects the selection performance of the user. Yet, in all

conditions, the position of the selected target remains constant during each individual movement.

In other words, the target was rendered at a fixed depth until selection was completed. This is an

important limitation of these works, as they do not consider targets that are (continuously) moving

in depth.

For studies that focus on dynamic targets, past work has most often focused on the effects of

monocular depth cues (texture, shadow) and target characteristics (alignment, speed, and moving

direction) [65]. Other work has modeled the relationship between arm movement and visual percep-

tion [66]. Cashion et al. [67] conducted a comprehensive study comparing four specific 3D selection

techniques across scenarios with varying motion dynamics: Raycasting, SQUAD, Zoom, and Ex-

pand. Their evaluation revealed that while Raycasting is a fast baseline, it is highly problematic

for dynamic targets because users must effectively “chase” the moving object around the screen to

maintain cursor alignment. To mitigate this, they found that progressive refinement techniques like

SQUAD and its variation, Expand, significantly improve accuracy for fast-moving targets. Haan et

al. [68] proposed IntenSelect for dynamic scenes, which uses a “dynamic object rating” to bend a

selection ray toward a target based on its movement over time. However, despite these advance-

ments in handling the spatial and temporal difficulties of moving targets, these evaluations focused

primarily on speed, accuracy, and density, and they did not consider the impact of the VAC on user

performance during these dynamic selection tasks.
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3.2.4 Fitts’ Law and 3D Selection in VR

Fitts’ law relates movement time to target distance and size and has been widely used for model-

ing pointing performance in HCI [75, 76]. One of the most commonly used Fitts’ law formulations

is Shannon’s formulation, as shown in Equation 1.

MT = a+b · log2

(
A
W

+1
)
= a+b · ID (1)

In Equation 1, the logarithmic term indicates the Index of Difficulty (ID). The ID is calculated

from target distance (A) and target size (W ). a and b are derived with linear regression.

In HCI research, performance is commonly summarized using throughput, defined as the ratio

of effective index of difficulty to movement time, where the effective index of difficulty is com-

puted from effective distance and effective width to capture the speed–accuracy tradeoff [77]. The

ISO 9241-411 standard [78] defines a multi-directional selection task for evaluating pointing per-

formance with Equation 2.

THP =
EffectiveIndexOfDifficulty

MovementTime
=

IDe

MT
(2)

In Equation 2, effective throughput is calculated through the effective index of Difficulty divided

by the movement time (MT ). The IDe is defined in Equation 3.

IDe = log2

(
Ae

We
+1

)
= log2

(
Ae

4.133 ·SDx
+1

)
(3)

In Equation 3, the Ae represents the movement amplitude and We the effective target width. We is

determined by the standard deviation of the distance between selection points and the target center

(SDx), which also indicates the accuracy in the selection performance [44]. Effective throughput

and ISO 9241:411 multidirectional selection tasks have been widely adopted in HCI research [77]

and for VR studies investigating VAC [56].

Different formulations of Fitts’ law have been proposed for 3D interaction, as interaction tech-

niques can involve different movement characteristics and control parameters [37, 41, 63, 69, 70].

For raycasting and other rotational pointing techniques, angular formulations are often used because
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the motor action is largely wrist rotation and the relevant geometry is better captured by angular sep-

aration and angular target width [64]. These modeling choices become especially important when

targets are placed at different depths, since the geometric distance to the target and its appearance

change with depth. The angular Fitts’ law formulation is shown in Equation 4.

MT = a+b · log2

(
αe

ωk
e
+1

)
= a+b · log2

(
αe

(4.133 ·SDx)k +1
)

(4)

As with Fitts’ law, angular Fitts’ law is based on the effective angular index of difficulty, where

αe represents the angular distance and ωe the angular target width, i.e., the distribution of the angular

selection coordinates, calculated as ωe = 4.133 ·SDx. The constant k represents the relative weight,

which is typically set to 1 [56].

3.2.5 Controlling Visual Angle and Perceived Size

Fitts’ law shows that movement time is modeled as a function of movement amplitude and target

width [75, 77]. When comparing performance across depth conditions, targets placed closer to the

viewer naturally appear larger than targets positioned farther away. As a result, faster performance at

nearer depths may reflect increased visibility rather than changes in VAC. Depth-related differences

in 3D pointing performance have also been reported in prior VR studies [61]. To address this,

previous VAC studies scaled target size and target distance to maintain a constant visual angle

across depth conditions, ensuring that targets were perceived with the same apparent size across

depth planes. [43, 44, 56].

Such control of visual angle is especially important when depth changes continuously during a

trial. Without scaling, depth motion would cause targets to visibly grow and shrink, adding a clear

size change on top of the intended depth manipulation. By keeping perceived target position and

target size constant, one can vary vergence demand over time while avoiding additional size cues

during target selection.
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3.3 Motivation & Research Gap

Prior work shows that the vergence–accommodation conflict (VAC) affects 3D selection perfor-

mance in VR. Single-focal stereo HMDs impose a fixed accommodative demand while vergence

varies with simulated depth [38, 52, 56]. As a result, performance results in these studies showed

that the VAC affects movement time, accuracy, and throughput, where targets switch discretely be-

tween depth planes [44, 45, 56]. However, existing work assumed that the target depth remains

constant during each individual selection. Even in varying VAC conditions, depth changes occurred

between selections, not during target acquisition itself.

Selecting a target moving in depth is different from selecting a stationary one, due to the in-

creased demands on the visual system [49, 73]. When a target stays at a fixed depth, vergence

demand is constant during the movement. In contrast, when the target moves toward or away from

the user, vergence demand changes continuously throughout the acquisition. However, accommo-

dation in current single-focal HMDs remains fixed at the display’s focal distance. This means that

in a Dynamic VAC condition, where the targets move toward or away from the user, the conflict

between vergence and accommodation is not constant but evolves during the selection. The visual

system must thus repeatedly adjust eye alignment while the optical focus stays fixed. This ongoing

adjustment may introduce additional instability or delay compared to static depth conditions. As a

result, the Dynamic VAC condition is not simply a stronger version of the static VAC one. It repre-

sents a temporally changing conflict that may affect both the perception of depth and motor control

during target selection.

As a result, even without noticeable visual motion, the underlying vergence–accommodation

relationship evolves during the movement. It is therefore unclear whether the performance effects

observed under static VAC conditions extend to this type of continuously changing, but perceptually

subtle depth change. Based on the above motivation, this work is guided by the following main

research question: RQ: How does continuously changing target depth during acquisition, which

creates a dynamic vergence–accommodation conflict, affect 3D target selection performance in a

single-focal VR HMD?
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3.4 Methodology

3.4.1 Participants

We conducted a user study with 24 participants (12 female, 12 male), aged between 23 and 38

years (M = 27.54, SD = 3.72). Twenty-one participants were right-handed, and three were left-

handed. All participants reported normal or corrected-to-normal vision. Three participants reported

no prior VR experience, six tried VR once, four had tried VR twice, one tried VR four times, and

ten reported using VR five or more times. All procedures were approved by the local university

research ethics board (protocol anonymized for review). The certification document is provided in

Appendix A.2. Participation was voluntary and uncompensated, and no participants were excluded

from the study.

3.4.2 Apparatus

The experiment was conducted on a PC equipped with an Intel(R) Core(TM) i7-14650HX pro-

cessor, 32 GB of RAM, and an NVIDIA graphics card. We used a Meta Quest Pro HMD for the

headset, which has a focal distance of 1.33 m [41]. The virtual environment was developed using

Unity version 2021.3.24f1 and displayed in the HMD via Meta Quest Link. A detailed visualization

of the experimental setup and Dynamic VAC condition is provided in Appendix A.1.

3.4.3 Procedure

The user study was conducted on-site in an indoor laboratory on a university campus. After

completing the consent and demographic questionnaire, an experimenter explained the study pro-

cedure and assisted participants with putting the HMD on. Participants were seated throughout the

experiment and were instructed to hold the VR controller in their dominant hand (Figure 3.1.(a)).

The controller was used to point at targets, while the non-dominant hand rested on a keyboard

placed in front of them. Participants confirmed selections by pressing the space bar with their non-

dominant hand to reduce the “Heisenberg effect” [79], where mechanical input on the controller can

unintentionally disturb pointing accuracy.

We used a variation of ISO 9241-411 multidirectional selection task [78] and adapted it to
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Figure 3.1: Overview of the experimental setup and Vergence–Accommodation Conflict (VAC)
conditions. (a) A participant performing the ISO 9241-411 multidirectional selection task in VR
while pointing with a controller and confirming selections using a keyboard. (b) No VAC: tar-
gets are located at the headset’s focal plane (1.33 m), so vergence and accommodation demands
match. (c) Constant VAC: targets are placed further from the focal plane (4 m), creating a fixed ver-
gence–accommodation conflict during selection. (d) Varying VAC: targets appear alternately at near
and far depths across selections. (e) Dynamic VAC: targets continuously move between depths dur-
ing acquisition while maintaining a constant perceived size, causing the vergence–accommodation
conflict to change over time.

consist of a ring of spherical targets. Participants were presented with a circular arrangement of

gray spheres, with one sphere highlighted in orange as the current target (Figure 3.1(a)). Each

participant completed four experimental blocks, corresponding to the four VAC conditions (4VAC)

with this target arrangement:

• No VAC: Targets were placed at the focal plane of the VR HMD, i.e., 1.3 m ((Figure 3.1(b)).

• Constant VAC: Targets where placed at a far distance (Figure 3.1(c)). We used 4 m, as in

previous work [45].

• Varying VAC: Half of the targets were placed on the focal plane and the other half at the far

distance (Figure 3.1(d)).

•Dynamic VAC: Targets moved continuously back and forth between the focal plane of the VR

HMD and the far distance. The depth changed smoothly over time, taking 5 seconds to move from

the near depth to the far depth and vice versa (Figure 3.1(e)). We selected this duration based on

pilot testing as the shortest transition that kept the depth change subtle, so that visible motion cues
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were minimized and the effect of the continuously changing VAC could be isolated.

Target selection was performed using a small spherical pointer controlled by the VR controller.

Although the pointer position was computed using an invisible ray, the ray itself was not rendered to

avoid making depth changes visually noticeable, particularly in the Dynamic VAC condition. The

pointer’s apparent size was adjusted to remain visually consistent across different depths. Selection

was determined by computing the distance between the pointer and the target center. When this dis-

tance became smaller than a predefined proximity radius around the target, the target changed color

from orange to blue, indicating that the pointer was inside the selectable area. Correct selections

were indicated by the target turning green, while incorrect selections (i.e., confirmations outside the

proximity area) were indicated by the target turning red and accompanied by a short auditory cue.

The ring of targets was anchored to the participant’s head position and orientation, ensuring that

it remained directly in front of them even if small head movements occurred. This head-anchored

configuration was used to reduce the possibility of revealing depth differences through head motion,

particularly in the Varying VAC and Dynamic VAC conditions. At the beginning of the experiment,

participants were also asked to minimize head movement during selections to maintain consistent

task geometry and reduce unnecessary difficulty.

At the start of the session, participants were informed that they would experience four different

conditions, without being told how the conditions differed. Before beginning the main experiment,

participants completed a training phase in which they practiced the selection task until they felt

comfortable with the interaction and understood the task mechanics. Training data were not in-

cluded in the analysis. The order of the four experimental conditions was fully counterbalanced

across participants to reduce order effects.

During the experiment, we measured task execution time (seconds), error rate (%), angular

effective THP (bits/s), and angular SDx. After completing each block, participants removed the

headset and completed questionnaires assessing their experience in that condition, including the

System Usability Scale (SUS) [80], NASA TLX [81], and additional custom questions related to

visual comfort and perceived difficulty. These custom questions asked whether participants experi-

enced difficulty focusing on the targets, noticed any blur or double vision, or felt eye strain during

target selection. At the end of the experiment, participants completed a final questionnaire assessing
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overall physical and mental fatigue, eye discomfort, motion sickness symptoms, and their percep-

tion of target depth changes. The full session, including instructions, training, experimental blocks,

questionnaires, and breaks, lasted approximately 40–60 minutes per participant.

Participants were given short breaks between VAC conditions, during which they completed

questionnaires related to the preceding condition before continuing the experiment.

3.4.4 Experimental design

We used a within-subjects design with four VAC conditions (4VAC): No VAC, Constant VAC,

Varying VAC, and Dynamic VAC. All participants completed four conditions with the above-described

variation of the ISO 9241:411 multidirectional selection task [78] with 11 targets. To vary angular

index of difficulty (IDα ), we used 3 angular target sizes ωe (0.66°, 1.10°, and 1.54°, correspond-

ing to W : 1.5 cm, 2.5 cm, and 3.5 cm metric size at the 1.3 m focal plane), and 3 angular tar-

get distances αe (11.0°, 13.2°, and 15.4°, corresponding to L : 25 cm, 30 cm, and 35 cm metric

units at the 1.3 m focal plane, and combined them, yielding 9IDA . These physical target sizes and

spacings follow parameter ranges used in a prior VR pointing study investigating stereo deficien-

cies and vergence–accommodation conflict [45]. Within each VAC condition and repetition, the

nine ID configurations were presented in randomized order. Overall, each participant completed

4VAC ×3 repetitions×9IDA ×11 trials = 1188 selections.

3.5 Results

We analyzed the data using repeated-measures (RM) ANOVA in SPSS 29, with the VAC con-

dition (4 levels: No VAC, Constant VAC, Varying VAC, Dynamic VAC) as the within-subject fac-

tor. Data were considered normally distributed when Skewness and Kurtosis values were within

±1 [82, 83]. When this assumption was violated (even after log transformation), we applied the

Aligned Rank Transform (ART) [84] before analysis. Post hoc comparisons were conducted using

Bonferroni correction. Results are reported as means with standard error of the mean (SEM) in the

figures. Non-parametric data was analyzed with a Friedman’s test and a Wilcoxon Signed Rank test

for pairwise comparisons.
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(a) (b)

(c) (d)

Figure 3.2: RM ANOVA results for (a) time, (b) error rate, (c) SDx, and (d) throughput

3.5.1 Performance Results

Movement Time (MT). Movement time was significantly different for VAC conditions (Table 3.1).

As shown in Fig. 3.2a, the Dynamic VAC condition had the largest movement times overall. The par-

ticipant were significantly faster with the No VAC condition compared to Constant VAC (p= 0.011),

Varying VAC (p = 0.001), and Dynamic VAC (p < 0.001).

Error Rate. Error rate was significantly different across VAC conditions (Table 3.1). As shown

in Fig. 3.2b, post hoc comparisons indicated that Dynamic VAC resulted in significantly more errors

compared to the No VAC (p < 0.001), Varying VAC (p = 0.001), and Constant VAC (p = 0.017)

conditions.
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Table 3.1: ANOVA results for VAC condition, index of difficulty (ID), and their interaction across
performance measures. Significant effects (p < 0.05) are shown in bold.

Parameters VAC Condition ID VAC Condition × ID

Time (s)
F(3, 69) = 11.559,

p<0.001, η2 = 0.334
F(7, 161) = 9.476

p<0.001, η2 = 0.292
F(21, 483) = 5.572

p<0.001, η2 = 0.195

Error Rate
F(3, 69) = 8.890,

p<0.001, η2 = 0.279
F(7, 161) = 29.684,

p<0.001, η2 = 0.563
F(21, 483) = 54.724
p<0.001, η2 = 0.704

SDx
F(3, 69) = 2.102,

p<0.001, η2 = 0.819
F(7, 161) = 82.196

p<0.001, η2 = 0.781
F(21, 483) = 2.905

p<0.001, η2 = 0.112

THP (bits/s)
F(3, 69) = 16.007,

p<0.001, η2 = 0.410
F(7, 161) = 24.947

p<0.001, η2 = 0.520
F(21, 483) = 1.243

p=0.210, η2 = 0.051

SDx. Angular endpoint variability differed significantly across VAC conditions (Table 3.1). As

illustrated in Fig. 3.2c, post hoc comparisons showed that Varying VAC had significantly higher SDx

than No VAC (p < 0.001), Constant VAC (p < 0.001), and Dynamic VAC (p < 0.001). In addition,

Dynamic VAC also had significantly higher SDx than the No VAC (p = 0.001) and Constant VAC

(p = 0.003) conditions.

Throughput. Throughput differed significantly across VAC conditions (Table 3.1). As shown in

Fig. 3.2d, the No VAC condition exhibited overall the highest throughput. Post hoc comparisons

indicated that throughput in the No VAC condition was significantly higher than in the Constant

VAC (p = 0.002), Dynamic VAC (p < 0.001), and Varying VAC (p < 0.001) conditions.

3.5.2 Fitts’ Law Model Fit

Figure 3.3 shows the relationship between movement time and index of difficulty (ID). When

the data from the whole study are analyzed together, linear regression results yield R2 = 0.74 with

a =−3.00, b = 1.17 (Fig. 3.3a).

A separate analysis for each VAC condition showed that movement time increases as ID in-

creases (Fig. 3.3b). Linear regression results indicated (a =−0.14, b = 0.34, R2 = 0.83) for the No

VAC condition, (a = 0.01, b = 0.43, R2 = 0.76) for Constant VAC, (a = 0.04, b = 0.44, R2 = 0.73)

for Varying VAC, and (a = 0.438, b = 0.501, R2 = 0.63) for the Dynamic VAC condition.

The relatively low coefficient of determination (R2 = 0.63) observed in the Dynamic VAC con-

dition indicates that the standard Fitts’ law model does not adequately capture performance in this
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(a) (b)

Figure 3.3: Fitts’ law analysis for (a) the whole user study, and (b) each VAC condition.

scenario. Unlike the other experimental conditions, target depth in Dynamic VAC does not remain

fixed during acquisition, but changes continuously throughout the movement. Thus, movement time

in the Dynamic condition depends not only on ID but also on how the target depth evolves relative

to the focal plane during the selection. We argue that a 2-dimensional (ID vs time) linear regres-

sion result does not adequately capture the effect of depth. For this reason, we further analyze the

Dynamic VAC condition using a depth-dependent representation in the next section.

3.5.3 Depth-dependent relationship between ID and selection time

To further examine how movement time changed jointly with task difficulty and target depth in

the Dynamic VAC condition, we first visualized the empirical data as a smoothed movement-time

surface over the index of difficulty (ID) and depth (Figure 3.4). The empirical surface suggests that

movement time generally increases with both variables, while also indicating that the effect of ID is

not uniform across depth.

To formalize this pattern, we modeled movement time as a depth-dependent function of ID.

Since the headset focal plane was fixed at 1.3 m, depth was expressed relative to the focal plane as

∆ = max(D−1.3,0), (5)

where D is the target depth in meters.

We then evaluated five candidate formulations based on prior work and extensions of Fitts’ law:
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Figure 3.4: Smoothed empirical movement time surface for the Dynamic VAC condition as a func-
tion of index of difficulty (ID) and target depth. Color indicates movement time in seconds. The
same surface is shown from two viewing angles (front and side) to better illustrate the relationship
between task difficulty and depth.

the classical Fitts’ law formulation [75, 76], a linear depth–interaction model, a diopter-based VAC

model [41], a power depth model, and a quadratic depth–curvature model designed to capture how

the relationship between task difficulty and movement time changes as depth increases.
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Table 3.2 summarizes the comparison of these models. To compare models with different func-

tional forms and numbers of parameters, we used the Akaike Information Criterion (AIC) [4] and

the Bayesian Information Criterion (BIC) [5]. Lower AIC and BIC values indicate a better model

fit, while also penalizing unnecessary model complexity. These criteria are particularly useful when

comparing nonlinear models, where R2 alone may not provide a reliable basis for model compari-

son [6]. Among them, the quadratic depth–curvature formulation provided the best overall fit to the

Dynamic VAC data. It achieved the lowest AIC and BIC values, and the highest explained variance

(R2 = 0.840, AIC =−981.90, BIC =−964.84).

The fitted model is therefore:

MT (I,D) =−0.361+0.432ID+0.711∆−0.393ID∆+0.056∆ID2 (6)

where MT is the predicted movement time in seconds and ID is the angular index of difficulty.

This formulation extends the linear Fitts-style relationship by allowing the curvature of the ID–time

function to increase with distance from the focal plane.

Figure 3.5 shows the movement-time surface generated from the fitted model. The predicted

surface captures the same overall trend seen in the empirical data: movement time increases with

both depth and ID, while the shape of the ID–time relationship becomes increasingly non-linear at

farther depths.

To make this behavior easier to interpret, Figure 3.6 shows model-based 2D slices at three

representative depths: 1.3 m, 2.5 m, and 4.0 m. At the focal plane (D = 1.3 m), ∆ = 0, and the fitted

model reduces to:

T (I) =−0.3617+0.4324I. (7)

At 2.5 m, ∆ = 1.2, and the fitted model becomes:

T (I) = 0.4915−0.0396I +0.0672I2. (8)

At 4.0 m, ∆ = 2.7, and the fitted model becomes:
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Figure 3.5: Movement time predicted by the fitted quadratic depth–curvature model as a function of
index of difficulty (ID) and target depth in the Dynamic VAC condition. Depth is expressed relative
to the headset focal plane (1.3 m). The model predicts that movement time increases with both
task difficulty and depth, while the ID–time relationship becomes increasingly non-linear at farther
depths.

T (I) = 1.5580−0.6296I +0.1512I2. (9)

These depth-specific slices show that the fitted relationship is approximately linear at the focal

plane, while curvature becomes stronger as depth increases. This supports the interpretation that,

in the Dynamic VAC condition, increasing distance from the focal plane does not simply add a

constant time penalty, but also changes how strongly movement time scales with task difficulty.

To further show how the proposed model captures the behavior of the Dynamic VAC data, we

compared the model predictions with the observed movement times at some depths in the Dynamic

VAC data (Fig. 3.7). The plots show the relationship between movement time and index of difficulty

for depths within ±0.10 m of 1.5 m, 2.0 m, and 4.0 m. The model predictions closely follow the

observed data points with R2 = 0.936 at 1.5 m, R2 = 0.959 at 2.0 m, and R2 = 0.955 at 4.0 m. These

examples show that the proposed formulation can accurately capture the relationship between task

difficulty and movement time across different depth levels in the Dynamic VAC condition.

As a consistency check, we evaluated how the model derived from the Dynamic VAC condition
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(a) Depth = 1.3 m (b) Depth = 2.5 m (c) Depth = 4.0 m

Figure 3.6: Model-based depth slices derived from the fitted quadratic depth-curvature model for
the Dynamic VAC condition. Each panel shows predicted movement time as a function of the index
of difficulty (ID) at a fixed depth. Near the focal plane, the fitted relationship is close to linear, while
at farther depths it becomes increasingly curved.

(a) Depth ≈ 1.5 m (b) Depth ≈ 2.0 m (c) Depth ≈ 4.0 m

Figure 3.7: Example fits of the proposed depth-dependent model to the Dynamic VAC data at
three depths. Points represent the observed mean movement times for each index of difficulty (ID),
and the lines show the model prediction. The results show that the model captures the increasing
relationship between ID and movement time across different depth levels.

relates to the static No VAC and Constant VAC conditions. To do this, we used fixed depths cor-

responding to the No VAC (1.3 m) and Constant VAC (4.0 m) conditions in the fitted model and

compared the predicted movement times with the observed mean times across ID levels. Figure 3.8

shows the resulting comparisons. In both static conditions, the observed data showed a similar

overall relationship between the ID and movement time as predicted by the model. Movement time

increases with task difficulty in a manner consistent with the model structure. However, the ob-

served times in the static conditions are consistently lower than the predictions derived from the

Dynamic VAC model.

Overall, this comparison suggests that the model derived from Dynamic VAC overestimates

movement time for stationary targets, but it captures the general relationship between task difficulty
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(a) No VAC (targets at 1.3 m). (b) Constant VAC (targets at 4.0 m).

Figure 3.8: Comparison between observed movement times and predictions from the Dynamic VAC
model for the static depth conditions. In both cases, the model captures the increasing relationship
between the index of difficulty and movement time, while the observed static-condition times are
consistently lower because targets do not change depth during acquisition.

and performance across depth.

3.5.4 Subjective Measures

Cognitive Load Based on the NASA TLX scores, perceived workload differed significantly across

VAC conditions (Fig. 3.9a). Median Overall workload scores were 27.33 for the No VAC condi-

tion, 28.50 for Constant VAC, 35.25 for Varying VAC, and 42.50 for Dynamic VAC. A Friedman

test revealed a significant effect of VAC condition on perceived overall workload, χ2(3) = 31.82,

p < .001. Post hoc Wilcoxon signed-rank tests with Bonferroni correction showed that workload

was significantly higher in the Dynamic VAC condition than in No VAC (p < .001), Constant VAC

(p < .001), and Varying VAC (p < .001). Additionally, the Varying VAC condition produced signifi-

cantly higher workload than No VAC (p = .039). No significant differences were observed between

No VAC and Constant VAC, or between Constant VAC and Varying VAC. The individual NASA-

TLX subscale results are shown in Fig. 3.9. Across the six subscales, several significant pairwise

differences were observed:

• Mental Demand: Dynamic VAC produced significantly higher mental demand than No VAC

(p = 0.002).

• Physical Demand: Dynamic VAC resulted in significantly higher physical demand than No

VAC (p < 0.001), Constant VAC (p < 0.001), and Varying VAC (p < 0.001).
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• Temporal Demand: Temporal demand was significantly higher in both the Dynamic VAC

(p = 0.034) and Varying VAC (p = 0.002) conditions compared to the No VAC condition.

• Performance: Participants reported lower perceived performance in the Dynamic VAC con-

dition compared to No VAC (p = 0.005), Constant VAC (p = 0.012), and Varying VAC (p = 0.027).

•Effort: Effort ratings were significantly higher in Varying VAC than in Constant VAC (p =

0.042).

• Frustration: Frustration was significantly higher in the Dynamic VAC condition compared to

No VAC (p < 0.001) and Constant VAC (p = 0.015). In addition, both Constant VAC (p = 0.042)

and Varying VAC (p = 0.003) produced higher frustration than the No VAC condition.

System Usability Scale (SUS). A Friedman test did not reveal a significant effect of VAC condi-

tion on perceived usability, χ2(3) = 4.53, p = .209. As shown in Table 3.3, the mean SUS scores

for all four conditions remained within the Good usability range. Median SUS scores were 80.00

for the No VAC condition, 77.50 for Constant VAC, 75.00 for Varying VAC, and 77.50 for Dynamic

VAC. Overall, these results suggest that participants did not perceive system usability as significantly

different across the four VAC conditions. This indicates that the experimental setup itself remained

consistent and that differences observed in performance and workload measures are unlikely to be

driven by interface usability differences.

Table 3.3: SUS Results and Grades.

Technique SUS Score (M) SUS Grade
No VAC 79.8 B (Good)

Constant VAC 77.4 B (Good)
Dynamic VAC 77.1 B (Good)
Varying VAC 75.2 B (Good)

Post-study feedback. At the end of the experiment, participants answered several questions re-

garding fatigue, visual discomfort, and their visual perception of the targets. Responses indicated

varying levels of physical and mental fatigue on the 7-point scales, and 9/24 participants reported

experiencing eye discomfort during the study (12/24 reported none, 3/24 were not sure). Reports of

perceived inconsistencies in the visual presentation were limited: 3/24 participants reported noticing
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(a) Overall workload

(b) Mental demand (c) Physical demand (d) Temporal demand

(e) Performance (f) Effort (g) Frustration

Figure 3.9: NASA-TLX results across the four VAC conditions. The top panel shows the overall
NASA-TLX raw workload score. The lower panels show the six NASA-TLX subscales. Error bars
indicate variability across participants. Significant pairwise comparisons are shown above the bars.
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inconsistencies in target depth, and 2/24 reported that targets appeared to move or shift unintention-

ally. Reports of motion sickness symptoms were rare (1/24 participants). Overall, these responses

suggest that while the task imposed noticeable visual and attentional demands, participants gener-

ally perceived the visual presentation and target behavior as stable throughout the experiment.

3.6 Discussion

In this paper, we examined how the vergence–accommodation conflict (VAC) affects user per-

formance when target depth continuously changes rather than remaining fixed. We replicated and

implemented the ISO 9241-411 multidirectional selection task in VR while keeping angular target

size and angular target distance constant. As a result, participants perceived the same target size

even though the virtual depth of the targets changed.

3.6.1 Dynamic Target Selection

The motor performance results show that the VAC significantly degraded performance compared

to the No VAC condition (i.e., when targets were placed at the headset’s focal plane). Participants

required more time to acquire the targets, indicating slower movement execution under the VAC.

With the Dynamic VAC condition, we also observed a significantly higher error rate than in the No

VAC condition, suggesting greater difficulty in successfully selecting the intended targets. Accuracy

also decreased, reflected by larger deviations from the target center at selection. Consequently,

throughput—a combined measure of speed and accuracy—was lower under the VAC, indicating an

overall reduction in interaction efficiency.

Beyond confirming the performance cost of the VAC [56], an important result of this study

is that the Dynamic VAC condition consistently produced the lowest overall performance among

the tested conditions. Unlike the static depth conditions, where vergence demand remains stable

during the movement, a Dynamic VAC introduces a continuously changing vergence demand while

accommodation remains fixed at the headset focal plane. In this situation, the visual constraint is

not constant during the interaction. Instead, the relationship between vergence and accommodation

evolves throughout the target acquisition process. This means that participants must perform the
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motor task while the visual conditions underlying depth perception are continuously changing.

This difference is important because it suggests that the Dynamic VAC condition should not

simply be interpreted as a stronger version of a static VAC. In the Constant VAC condition, the vi-

sual mismatch remains stable during the pointing movement. In the Varying VAC condition, depth

changes occur across selections but not during the movement itself. In contrast, the Dynamic VAC

condition introduces a temporally evolving visual constraint while the participant performs the se-

lection movement. As a result, the user must simultaneously find the target (including in the con-

tinuously changing depth dimension) and point to it, and adapt to the changing vergence demand.

This additional instability in this condition causes an increased movement time and a higher error

rate. Past work has shown that typical speed ranges for human vergence motion-in-depth are slow,

often only a few degrees per second or even in the tenths of a degree per second [49], which may

explain this poorer performance.

While Dynamic VAC produced the lowest overall performance, the detailed pattern across met-

rics provides additional insight into how participants adapted to the task. Angular endpoint vari-

ability (SDx) was highest in the Varying VAC condition rather than in the Dynamic condition. One

explanation is that participants adapted a more cautious movement strategy in the Dynamic VAC

condition, slowing down to compensate for the changing visual constraint. While this strategy may

have partially lowered endpoint variability, it did not fully compensate for the increased perceptual

demands, resulting in overall slower movements and reduced throughput.

3.6.2 Dynamic Vergence-Accommodation Conflict

Our findings are consistent with prior research showing that the VAC affects interaction per-

formance in VR [36, 45, 56, 61]. Previous studies have reported slower movement times, reduced

throughput, and decreased pointing performance when targets are placed away from the focal plane

or when multiple depth planes are involved. Our results align with these observations, but extend

them by examining a condition where depth changes during the movement itself. While prior work

primarily focused on static or discretely varying depth configurations, our study shows that contin-

uously changing depth during acquisition introduces additional performance costs that are not fully

captured by static depth evaluations.
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The depth-dependent modeling results provide further insight into this behavior. In traditional

Fitts’ law analyses, movement time is modeled primarily as a function of task difficulty (ID). How-

ever, in the Dynamic VAC condition, depth becomes an additional factor affecting performance. The

3D movement-time surface model shows that movement time increases with both task difficulty and

distance from the focal plane. Also, the relationship between ID and movement time does not re-

main linear as depth increases. Instead, the curvature of the ID–time relationship becomes stronger

at greater depths, suggesting that the effect of task difficulty itself is modulated by the magnitude of

the VAC.

This behavior is captured by the quadratic depth–curvature model fitted to the Dynamic VAC

data. Near the focal plane, the predicted relationship between ID and movement time remains ap-

proximately linear, which is consistent with classical Fitts’ law behavior. However, as the target

moves farther from the focal plane, the model predicts increasing curvature in the ID–time rela-

tionship. In practical terms, this means that depth not only adds a time cost but also changes how

strongly performance is affected by task difficulty. The resulting surface therefore provides a more

complete representation of interaction performance when targets move in depth.

The comparison between the Dynamic-derived model and the static No VAC (close targets at

1.3 m) and Constant VAC (far targets at 4.0 m) conditions further supports this interpretation. When

evaluated at fixed depths corresponding to the static conditions, the model preserves the overall

relationship between ID and movement time observed in the Dynamic VAC data. However, the

predicted movement times are consistently higher than those measured in the conditions where

the target is stationary. This difference is expected because the Dynamic condition includes an

additional challenge: targets continuously change depth during acquisition, and users have to adapt

to that change, while stationary targets remain stable. The comparison, therefore, suggests that

the Dynamic VAC model captures the underlying ID–depth relationship while incorporating the

additional cost introduced by depth motion during interaction.

In this work, we collected 9ID x 11 targets x 3 repetitions x 24 participants, resulting in 7124 data

points for the Dynamic VAC condition. Since the target depth at selection was not constrained, data

were distributed continuously across the depth range rather than accumulating at specific distances.

A distribution analysis also confirmed that, with at least 180 observations within each 10 cm depth
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interval.

The subjective measures provide complementary context for the objective results. NASA TLX

scores indicated that participants perceived a higher workload in the Dynamic VAC condition, which

is consistent with the slower movements and higher error rates observed in the task. At the same

time, SUS scores did not differ significantly across conditions, suggesting that participants perceived

the interaction technique itself as similarly usable across all conditions. This observation indicates

that the differences in performance are unlikely to be caused by interface usability differences.

3.6.3 Design Implications

From a design perspective, our results provide several implications for interaction techniques

and interfaces in VR.

• Continuously changing depth introduces additional perceptual and motor coordination demands

compared to stationary targets. Designers should therefore avoid requiring high-precision selec-

tion or confirmation while targets are moving along the depth axis, particularly when they are

far from the headset’s focal plane.

• The proposed depth-dependent performance model shows that depth not only increases move-

ment time but also alters how performance scales with task difficulty. This suggests that proposed

3D UI interaction techniques should also be evaluated at different depths with different task

difficulties.

• Increased NASA-TLX results in the Dynamic VAC condition, suggesting that depth motion intro-

duces additional cognitive and perceptual loads. Thus, we recommend minimizing task complexity

when the users interact with the targets moving in depth.

• Many real-world VR scenarios involve objects that approach or move away from the user, such

as training simulations [72] and rhythm and action games [85]. As the interaction performance

measurement with stationary targets may underestimate the task difficulty, evaluations should be

based on the depth-varying conditions to better reflect realistic usage contexts.
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3.6.4 Limitations

The experiment was conducted using a single commercial VR HMD with a fixed focal plane.

Since the magnitude of the VAC depends on the optical properties of the display, the observed

effects may differ across headsets with different focal distances or optical designs. Second, the task

used a controlled ISO 9241-411 selection paradigm, which is appropriate for isolating performance

effects but does not represent the full range of interaction scenarios found in VR applications. Third,

the Dynamic VAC condition involved controlled depth changes along the viewing direction while

maintaining a constant visual angle, which isolates the effect of a changing vergence demand but

does not capture all types of depth motion that may occur in practice. Changing the speed of the

targets’ movement might change the effects of VAC and the results here.

Future work could examine how Dynamic VAC affects other interaction techniques, such as

virtual-hand interaction or gaze-based selection, as well as tasks involving continuous confirmation

rather than discrete button presses. Additional studies could also investigate different depth motion

profiles, speeds, and directions to determine how the rate of vergence change affects performance.

Overall, our results show that continuously changing target depth introduces an additional chal-

lenge for 3D interaction in single-focal VR head-mounted displays. Understanding how interaction

performance changes when depth evolves during the movement is important for accurately evaluat-

ing VR interfaces and for designing interactive systems that involve targets moving in depth.

3.7 Conclusion

This paper examined how continuously changing target depth affects 3D selection performance

in Virtual Reality with single-focal head-mounted displays. Unlike prior work that focused on static

depth conditions, we introduced a Dynamic VAC condition in which targets changed depth during

selection and compared it with No VAC, Constant VAC, and Varying VAC conditions in an ISO

9241-411 task. Results from a within-subjects study with 24 participants showed that a Dynamic

VAC reduced interaction efficiency, leading to slower movements, higher error rates, and lower

throughput than the No VAC condition. Our findings also showed that movement time was affected

not only by task difficulty but also by distance from the focal plane, with the relationship between the
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index of difficulty and movement time becoming increasingly non-linear at greater depths. Overall,

these results suggest that targets moving in depth create distinct visual and motor coordination

challenges, highlighting the importance of accounting for dynamic depth changes when evaluating

performance and designing VR interfaces.
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Chapter 4

Conclusion and Future Work

4.1 Conclusion

This thesis examined how continuously changing target depth affects 3D target selection in

single-focal virtual reality head-mounted displays. While previous work on the vergence– accom-

modation conflict (VAC) has mainly studied stationary targets at fixed depths, this thesis focused on

a different scenario: target selection when depth changes during the movement itself. In this situa-

tion, vergence demand does not remain stable throughout the selection, while accommodation stays

fixed at the headset focal plane. This creates a Dynamic VAC condition that differs from previously

studied static-depth conditions.

The results showed that the Dynamic VAC condition reduces interaction performance in terms

of time, error rate, accuracy, and throughput, compared to stationary target conditions in which

targets are positioned at the focal plane of the VR HMD. Moreover, the Dynamic VAC condition

significantly increased number of errors and reduced the error compares to stationary target con-

ditions. These findings indicate that the effect of depth in XR interaction should not be treated

as constant during target acquisition. When target depth changes continuously, the associated vi-

sual constraints also evolve throughout the movement, making the task more demanding for both

perceptual processing and motor control.

Our further analysis based on Fitts’ law revealed consistent findings, indicating that the existing

formulation does not adequately capture performance changes when targets move along the depth
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axis. When we applied both the traditional and recently proposed model formulations, the results

showed relatively low goodness-of-fit. However, when movement time was analyzed jointly with

task difficulty and target depth, the data exhibited a quadratic trend. This observation suggests that

user performance in such dynamic depth conditions cannot be sufficiently explained by a linear

formulation. Based on these findings, we proposed a novel Fitts’ law model that incorporates both

task difficulty and depth variation. The proposed model demonstrated improved fit compared to

existing formulations at different target depths.

Overall, this thesis contributes to a better understanding of how depth-dependent visual con-

straints affect 3D interaction in VR. These findings help extend the study of VAC from fixed-depth

selection toward more realistic interactive scenarios in which objects move during the task.

4.2 Future Work

One potential research direction is to investigate Dynamic VAC across different interaction tech-

niques, such as virtual-hand interaction, gaze-based selection, and multi-modal approaches. These

techniques rely on distinct balances between motor execution, visual feedback, and control-display

mappings. For example, recent work on depth-adaptive gaze selection with stationary targets [16]

could be extended to evaluate performance under continuously changing target depth. Therefore, the

performance effects observed in this thesis may not transfer uniformly across interaction modalities.

Systematic comparisons could help identify how Dynamic VAC interacts with modality-specific

constraints, such as hand-tracking precision, dwell-based selection dynamics, or tool-mediated con-

trol.

Another direction is to examine target motion under varying temporal and spatial characteristics.

In this thesis, depth variation followed a controlled and continuous trajectory within predefined

motion ranges (1.33m—4m). Future studies can investigate whether similar performance patterns

emerge under different motion speeds, depth planes, acceleration profiles, and target behaviors (e.g.,

sudden depth changes or unpredictable motion). Such analyses would help identify which properties

of depth motion contribute most strongly to increased task difficulty and performance costs.
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Dynamic VAC should also be evaluated in ecologically valid XR scenarios. Real-world XR in-

teractions often involve objects that move toward or away from the user during manipulation, train-

ing, or gameplay. Studying Dynamic VAC in applied contexts—such as skill training simulations,

game-like environments, or collaborative tasks—would provide insight into how the controlled ex-

perimental findings reported here translate to practical XR use cases.

Future work can also explore whether advanced display technologies mitigate the observed per-

formance costs. Since the primary source of conflict in this thesis arise from the fixed focal plane

of current single-focal HMDs, it would be valuable to replicate the same experimental framework

using multifocal or varifocal displays. Such comparisons could clarify whether reducing the ver-

gence–accommodation mismatch also alleviates the additional demands introduced by continuously

changing target depth.
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Appendix A

Appendix

A.1 Experimental Setup

This section presents additional visual details of the experimental setup and illustrates the Dy-

namic VAC condition across time.

A.2 Ethics Approval

The following document shows the certification of ethical acceptability for this study.

A.3 Accepted & Submitted Papers

• Zahra Rasoulifar, Rumeysa Turkmen, Mayra Donaji Barrera Machuca, Wolfgang Stuer-

zlinger, Anil Ufuk Batmaz. Dynamic Vergence–Accommodation Conflict: Effects on 3D

Selection Performance When Target Depth Changes. Submitted to Proceedings of the 25th

IEEE International Symposium on Mixed and Augmented Reality (IEEE ISMAR 2026).

• Rumeysa Turkmen, Zahra Rasoulifar, Anil Ufuk Batmaz. VoiceRay: 3D Object Selection

Technique for Occluded and Dense Environments in Virtual Reality. In Proceedings of the

2026 CHI Conference on Human Factors in Computing Systems, CHI’26, pages 1–14, New

York, NY, USA, 2026. ACM.
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Figure A.1: Additional illustrations of the experimental setup and Dynamic VAC condition. Each
frame presents the participant’s perspective view (left) alongside the corresponding isometric scene
view (right). Across the six frames, the highlighted target is shown at different positions along
the depth axis (1.3 m to 4.0 m), while the circular arrangement of targets remains visually stable
from the user’s perspective. These examples further illustrate how dynamic depth changes were
introduced during the selection task without altering the apparent layout of targets.
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• Amal Hatira, Zahra Rasoulifar, Mucahit Gemici, Vrushank Phadnis, Anil Ufuk Batmaz.

Effects of False Positive and False Negative Early Warnings for Hand Tracking Failures on

User Trust and Confidence in Virtual Reality. Submitted to Proceedings of the 25th IEEE

International Symposium on Mixed and Augmented Reality (IEEE ISMAR 2026).

• Rumeysa Turkmen, Zahra Rasoulifar, Aunnoy K Mutasim, Anil Ufuk Batmaz. Investigating

Depth-Based Target Expansion for Gaze Selection with Dwell Activation in Virtual Environ-
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