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ABSTRACT

As virtual reality (VR) headsets become more comfortable and
accessible, their growing use in high-stakes, time-critical settings
raises concerns about fatigue. Fatigue impairs perceptual and cog-
nitive functioning. It reduces oculomotor accuracy and visual fo-
cus, and can lead to an early decline in depth estimation perfor-
mance. By augmenting the visual presentation with depth infor-
mation cues, adaptive designs can reduce fatigue-related depth per-
ception errors, enhancing safety and task effectiveness. Explicit
cues present depth information directly through text or color, while
subtle cues adjust scene properties, such as depth-dependent blur,
to convey depth information implicitly without drawing overt atten-
tion. We examined how fatigue interacts with different cues in a 27-
hour within-subject protocol. Across six overnight sessions (20:00—
07:00), twenty-three participants completed a VR depth perception
task at varying fatigue levels and under four cue conditions: no
cue (baseline), text, color, and blur. Over the night, vigilance de-
clined, sleepiness and mental effort increased, and simulator sick-
ness rose before stabilizing, independent of cue condition. All
augmented cues reduced depth estimation error relative to base-
line. Text yielded the largest and most consistent accuracy gains,
especially for farther targets and later sessions. At peak fatigue,
response probability dipped for text but remained stable for blur
and color, indicating an accuracy versus responsiveness trade-off.
These results support mixed adaptive designs that default to sub-
tle cues to preserve responsiveness at low alertness and introduce
explicit overlays when precise metric information is needed.

Index Terms: Virtual Reality, Depth Perception, Fatigue, Sleep
Deprivation, User Study, Visual Cues, Subtle Cues

1 INTRODUCTION

Modern Virtual Reality (VR) headsets are increasingly used in de-
manding contexts (e.g., remote operation and navigational decision
support) where precision, situational awareness, and rapid decision
making are essential. In these contexts, users often remain in VR
for extended periods, making fatigue difficult to avoid. While hard-
ware advances reduce some physical discomfort, the gradual fa-
tigue related decline in perceptual performance remains largely un-
addressed in VR interface design [67, 12, 68].

Fatigue is a common challenge across operational domains. It
can impair perception, cognition, and motor performance [47, 65,
68]. It can result from sleep loss, prolonged task engagement, or
sustained mental workload, and it typically reduces visual acuity
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and attentional control [66, 79]. In immersive displays, such ef-
fects matter because accurate distance and depth judgments rely on
sustained attention and stable oculomotor control, including binoc-
ular coordination and gaze stability. When fatigue is driven by sleep
loss, binocular coordination and gaze stability can degrade, increas-
ing errors in spatial judgment [71, 69]. It also increases lapses, so
fatigue effects may appear as missed responses in time critical inter-
action [13, 4, 5]. These effects align with prior research on VR in-
duced visual fatigue, which manifests as blurred vision, eye strain,
and reduced focus [22]. Hence, fatigue in VR can reduce spatial
understanding and depth estimation, increasing the risk of errors
in navigation and object interaction. It can also make visual in-
formation harder to interpret, increasing the effort required to read
overlays, monitor displays, or judge spatial relationships. But, since
VR allows control over the visual presentation, such effects can be
averted through adaptive designs that respond to the user’s state.

In VR, augmentation refers to adding visual information or mod-
ifying scene appearance to support perception and interaction. In
this work, we focus on augmented depth cues that support distance
judgments. Two cue classes are commonly discussed, explicit cues
and subtle cues. Explicit cues convey distance through overlays
such as text labels or coded color mappings [14, 25]. In practice,
these overlays can improve accuracy, but they may also impose ad-
ditional cognitive demands during extended use [10, 14]. Subtle
cues instead modify scene properties such as depth dependent blur
to reinforce depth without overtly capturing attention [28, 35, 45].
This approach can be valuable in operational environments where
visual clutter must be minimized and task relevant visual details
must remain visible. Prior work has shown benefits for these cues
in well rested participants in controlled settings [78]. This remains
an open question because prior work does not establish which VR
depth augmentation strategies remain robust when attentional sta-
bility declines, or whether cue benefits shift from accuracy to re-
sponsiveness under fatigue.

We evaluated these cues in a dynamic depth judgment task where
participants responded when an approaching target reached a des-
ignated depth plane [9]. The task emphasizes depth relevant per-
ception and action under fatigue rather than static depth matching.
Participants took part in a 27-hour sleep-deprivation protocol, per-
forming repeated trials under four cue conditions, baseline (no cue),
explicit cues (text and coded color), and a subtle cue (blur). We
recorded response probability and depth error, alongside subjective
sleepiness, perceived effort, simulator sickness, and vigilance.

Across the night, vigilance declined, sleepiness and effort in-
creased, and simulator sickness rose before stabilizing. All aug-
mented cues reduced depth error relative to baseline. Text produced
the largest, most consistent accuracy gains, especially for farther
targets and later sessions.

At peak fatigue, response probability decreased most for text,
while blur and color maintained higher responsiveness. Meanwhile,
text remained the most accurate cue on responded trials. This pat-
tern indicates that fatigue can change how cues help performance,
so a cue that improves accuracy may still increase lapse risk when
attention becomes unstable. This motivates cue designs that priori-
tize response reliability under low alertness.
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2 BACKGROUND AND RELATED WORK

Research on fatigue, depth perception, and visual augmentation in
VR spans domains, from cognitive neuroscience to applied human—
computer interaction. We review how fatigue affects attention and
spatial judgment, how Head Mounted Display (HMD) constraints
distort depth perception, and how augmented cues are used in VR.
We then identify the gap in cue robustness under sustained fatigue.

2.1 Effects of Fatigue on Human Performance

Fatigue caused by sleep deprivation, prolonged cognitive effort, or
extended task engagement undermines sensory, cognitive, and mo-
tor performance [38, 47, 48]. Typical consequences include slower
reaction time, reduced attentional control, and declines in working
memory [23, 65]. These effects have been reported across safety-
critical contexts where sustained alertness is required [38]. In short,
fatigue degrades the basic resources on which higher order percep-
tual judgments rely.

Sleep deprivation is closely linked to vigilance decrement and
wake state instability [50, 53]. Under this instability, performance
failures often appear as intermittent lapses and missed responses,
and sustained attention requires greater effort as time awake in-
creases [29]. These effects have clear consequences in applied per-
ception and action tasks. For example, driving studies report slower
responses, more lapses, and degraded vehicle control under sleep
loss, with safety relevant outcomes [54]. Similar fatigue mecha-
nisms are expected to affect time critical perception and action in
immersive systems. In the next section, we focus on how fatigue
influences spatial judgment and depth estimation.

2.2 Fatigue, Spatial Judgment and Depth Estimation

Depth perception is a key component of human spatial cogni-
tion, enabling effective interaction in both real and virtual settings.
Depth judgments rely on combining binocular cues such as dispar-
ity, motion cues like motion parallax, and pictorial cues including
occlusion, texture gradients, luminance, and relative size [51, 74].
In this context, fatigue impairs spatial judgment, the ability to es-
timate distances, positions, and motion trajectories in three dimen-
sional environments. This skill is crucial for tasks such as inter-
ception, navigation, targeting, and obstacle avoidance. Fatigue can
compromise spatial judgment through physiological and neural dis-
ruptions such as oculomotor instability, reduced binocular coordi-
nation, and slower visual processing speed [62, 69, 71].

Depth estimation, a subset of spatial judgment, is especially vul-
nerable because accurate egocentric distance perception depends on
the integration of binocular disparity, convergence, and motion par-
allax. Under fatigue, these mechanisms can be disrupted, for exam-
ple by reduced convergence accuracy or impaired smooth pursuit
eye movements [69, 71]. Such disruptions increase the likelihood
of timing and spatial errors in operational tasks that demand precise
distance judgments [68]. In VR headsets, these same mechanisms
are further constrained by display and rendering factors, which can
amplify distance errors.

2.3 Depth Perception Challenges in VR

VR introduces unique challenges for depth perception because
technological limitations in current head-mounted displays con-
strain the available cues. Depth perception in VR can be disrupted
by vergence—accommodation conflict, display resolution and sam-
pling, and the absence of stable spatial anchors [2, 15, 52]. Com-
mercial HMD comparisons further document performance differ-
ences and simulator-sickness issues on depth tasks [34]. Even
without fatigue, VR depth perception is limited by hardware and
rendering constraints. Key contributors include the vergence—
accommodation conflict, narrow field of view, and display parame-
ters that constrain disparity sampling [33, 39, 41]. In action space,

typically spanning 2-30 meters, users often underestimate ego-
centric distances and respond as though objects are closer than
they are [15, 39, 59]. Classic cue weighting theory explains this
compression, since depth perception normally relies on binocu-
lar, motion, and pictorial cues, but in VR these cues are compro-
mised [16]. Mechanical properties of HMDs, including weight,
inertia, and field of view restrictions, further amplify distance er-
rors, with mock-HMD experiments confirming that device design
itself contributes to perceptual bias [75]. Although some adapta-
tion occurs with repeated exposure or calibration [15, 42], resid-
ual biases persist and remain problematic for precision-critical
tasks. Even advanced solutions such as focus-tunable optics [61]
or accommodation-invariant displays [44] have not fully resolved
the compression of egocentric distance judgments in VR [41, 58].
Rendering level adaptations can also mitigate discomfort. For
example, gaze contingent adaptation of stereoscopic rendering pa-
rameters such as interaxial separation and depth of field blur has
been shown to reduce cybersickness and improve comfort in im-
mersive environments [70]. These display specific constraints mean
that fatigue findings from other operational domains cannot be
transferred directly to VR. Since depth in HMD VR is already
distorted by factors such as the vergence—accommodation con-
flict [46]. This motivates testing which augmentation strategies pre-
serve reliable depth based performance when alertness drops.

2.4 Interplay of Fatigue and Depth Perception in VR

While fatigue impairs spatial judgment across environments, VR
introduces additional constraints that can amplify these effects. In
extended VR use cases such as long duration training, overnight
monitoring, teleoperation, and simulation based mission rehearsal,
fatigue and workload are difficult to avoid [12, 68]. When fatigue
is layered on top of HMD limitations, perceptual challenges be-
come more pronounced. In VR, fatigue has been associated with
increased stereoscopic visual fatigue, reduced depth sensitivity, and
slower responding [27, 77, 79]. Related work also reports degraded
binocular accuracy and changes in depth related neural markers
such as visual evoked potentials [26, 77]. The combined effect of
hardware related distortions and fatigue induced degradation sub-
stantially increases the risk of perceptual failure in VR. This com-
bination is especially detrimental in applications where precise ego-
centric distance estimation determines safety, such as interception
tasks, collision avoidance in remote robotics, or VR assisted pro-
cedures. Depth estimation is both a critical and fragile perceptual
function in VR for operational contexts. Even small decrements
from fatigue can have disproportionate operational consequences.

2.5 Augmented Depth Cues

Augmented depth cues supplement or reinforce natural depth in-
formation and are often grouped as explicit or subtle cues. In this
paper, explicit cues convey distance through a symbolic mapping
that must be interpreted, such as reading a numeric label or apply-
ing a learned color to depth rule. We treat color as explicit because
it functions as a coded mapping rather than a depth signal specified
by the scene itself [25].

Explicit cues such as numeric labels or color-coded mappings
can improve depth judgments by providing overt metric informa-
tion [3, 25, 49], but overlays in head-mounted displays can impose
additional cognitive strain and attention demands [8].

Subtle cues such as blur, luminance gradients, aerial perspective,
and gaze contingent stereo rendering can reinforce depth without
drawing overt attention [28, 43, 45, 74]. For example, inverse blur
has been shown to reduce depth estimation errors by 36-48% [36].

In practice, text needs focal attention and reading before acting,
and coded color needs applying a learned mapping. Blur instead
changes image clarity with depth in a way that can complement
disparity with less symbolic decoding [28]. Since sleep deprivation
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increases vigilance decrement and attentional lapses [50, 23], cues
that rely on sustained decoding may be more vulnerable to missed
responses than cues that reinforce depth at a perceptual level.
Fatigue has also been shown to degrade depth processing, visuo-
motor coordination, and stereoscopic sensitivity in VR [26, 27, 76,
77], while augmented cues can improve performance or comfort in
well-rested users [35, 45, 78]. However, direct comparisons of ex-
plicit and subtle cue classes under sustained fatigue remain limited.
In summary, it remains unclear how these cue classes compare un-
der sustained fatigue, especially when distinguishing accuracy on
responded trials from responsiveness. This gap also raises a design
question about how cueing should be adjusted as alertness changes.
In physiological computing, fatigue and workload are treated as in-
put to a closed loop system, where psychophysiological or behav-
ioral markers can drive real time interface adaptation [21, 20].

3 RESEARCH Focus AND CONTRIBUTIONS

Our study aims to evaluate which depth cue strategies remain robust
as alertness declines under fatigue. We treat fatigue as a controlled
cognitive and physiological stressor to evaluate cue performance as
alertness declines. We compare explicit and subtle VR depth aug-
mentation strategies under controlled overnight fatigue and quantify
the trade offs that emerge as alertness declines. We examine two
classes of augmented cues: explicit (text, coded color) and subtle
(blur). The aim is to understand how these cues interact with fatigue
to affect perceptual accuracy, user experience, and cognitive effort.
Our hypotheses draw on vigilance decrement accounts of sleep loss,
where reduced attentional stability increases lapses and effort, and
where performance failures may appear as missed responses rather
than uniform slowing [50, 53, 29].

The study addresses the following research questions:

RQI1: How does fatigue interact with cue type to affect perfor-

mance in a dynamic depth judgment task, measured by response
probability and depth error.
We expected blur to be less vulnerable to fatigue related reductions
in response probability than text or color, because explicit cues re-
quire symbolic decoding that becomes more fragile under reduced
attentional stability [50, 53, 29]. H1.

RQ2: Do augmented cues retain accuracy benefits over baseline
across the night and across distances.

We expected that all augmented cues (text, color, blur) would out-
perform the baseline (no cue) in accuracy on responded trials as
fatigue accumulates. H2.

RQ3: Do explicit overlays produce higher subjective burden
than blur during prolonged use under fatigue.

We expected higher subjective burden for text or color than for
blur, because head-worn overlays can impose additional parsing de-
mands during task execution [8]. H3.

We evaluate RQ1 and H1 using mixed effects models for re-
sponse probability and depth error. We evaluate RQ2 and H2 using
cue against baseline contrasts across sessions and distances. We
evaluate RQ3 and H3 using mixed effects models for KSS, men-
tal effort, and SSQ, while PVT tracks vigilance decline across ses-
sions.

This work provides empirical guidance for immersive systems
that must sustain spatial perception in high-stakes, extended-use
scenarios such as remote robotics, emergency response, and pro-
longed simulation training. The contributions are as follows:

Framing depth support as a fatigue-sensitive design prob-
lem. Sustained wakefulness reduces alertness and attentional ca-
pacity, and cues that are effective under normal conditions may in-
cur higher processing cost as fatigue accumulates. In particular,
explicit overlays require attentional selection and symbolic decod-
ing, whereas subtle blur strengthens depth information with lower
decoding demands. This motivates treating cue selection as fatigue-
sensitive, rather than assuming one cue is best overall.

A controlled comparative evaluation under sustained sleep
loss. We employ a within-subject overnight protocol with coun-
terbalanced cue conditions and distances in a standardized environ-
ment to reduce external influences on alertness. We combine behav-
ioral accuracy, responsiveness, and state measures across six ses-
sions, providing direct evidence on how cue effectiveness changes
over time as fatigue increases.

Responsiveness treated as a primary outcome. Sleep depri-
vation increases attentional fluctuations and missed responses, so
fatigue is not fully captured by response speed on responded trials
alone [5]. Restricting analyses to completed trials can inflate accu-
racy estimates and obscure a critical operational risk. To address
this, we run two linked mixed-effects models with the same pre-
dictors, a logistic model for the probability of responding on each
trial and a continuous model for error size on the responded tri-
als. This separates two questions that can diverge under fatigue,
whether users respond at all and how accurate those responses are.
This framing shows that cue classes can create an accuracy versus
responsiveness trade-off under fatigue.

Design opportunities for adaptive augmentation. Our find-
ings suggest that subtle depth support can stay usable during ex-
tended sessions, while explicit overlays can be applied selectively
when precise metric information is required. Overlay placement
and density can also be adjusted based on fatigue state and vigilance
indicators to limit clutter and maintain usability. These implications
translate the cue comparison into implementable interface guidance
by identifying which strategies stay usable as alertness declines and
what trade-offs they introduce under fatigue in head-mounted VR.

4 EXPERIMENTAL SETUP
4.1 VR-Based Asteroid Task

A previously reported interactive VR-based asteroid game [78] was
implemented to assess depth estimation performance in dynamic
virtual environments under four cue conditions (no cue, text, color,
and blur; see Fig. 1) and at three catching frame distances (near,
medium, and far). During the game (further referred to as the rask),
approaching asteroids had to be tagged as soon as they reached a
visible planar catching frame at a known egocentric distance, sim-
ulating depth-based object interaction in VR. The catching frame
served as an explicit spatial reference for the judgment.

This is a dynamic depth judgment task as responses must be
timed to a fixed depth plane for an approaching target and therefore
performance reflects depth relevant perception and action under fa-
tigue rather than isolated depth cue integration measured by clas-
sical static matching. The task mechanics, cue design, and visual
encoding followed the non-clutter implementation protocol in [78]
to simulate depth perception in minimal-clutter virtual scenes and
to isolate the effects of different cue conditions under varying fa-
tigue levels.

Each task session contained one block of each cue condition,
with 81 trials per cue, resulting in 324 trials per task session (and
1944 trials over six task sessions; see Section 5.2). In each trial, a
single target asteroid spawned at 10 m and moved on a straight path
toward the observer. Its speed was resampled every frame within
1.5-2.5 m/s (i.e., instantaneous speed varied continuously through-
out the approach from 10 m to 0 m), with speed-dependent cueing
updates tracking the instantaneous speed. The asteroid’s geometry
and texture were intentionally irregular to limit familiar-size infer-
ences. Trajectories were drawn from nine predefined paths span-
ning the field of view, with a random variation of horizontal and
vertical approach angles across different trials. The catching frame
appeared at the egocentric distance of 3 m (near), 5 m (medium),
or 7 m (far). Within each cue condition, frame distance followed a
pre-generated balanced schedule so that each distance occurred 27
times (81 trials =27 x 3 distances).
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Figure 1: Augmented depth cues. (a) No cue (baseline): aster-
oid texture unmodified. (b) Text (explicit): egocentric distance (m)
overlaid. (c) Color (explicit): fixed hue-to-depth map (yellow=far,
red=near). (d) Blur (subtle): texture blur increases with distance.
Rendered at 7 m; other scene elements unchanged [78].

As soon as the asteroid entered the catching frame, the observer
pressed the index trigger on a handheld controller. We used a single
trigger press to keep motor demands constant across conditions and
reduce variability from larger movements [55]. No feedback was
provided during or after trials. One task session lasted ~27 minutes
(=~6:45 per cue), and including the PVT, pre-task KSS and mental
effort ratings, and post-cue SSQs, a full experimental session took
~237-40 minutes.

A response was the first trigger press at any time from asteroid
spawn (10 m) until the asteroid reached O m (trial end); a lapse was
no trigger press during this window. The response probability was
p= nmpt)':::iﬁ]w (i.e., 1— lapse rate). Accuracy for response tri-
als used the signed depth error A = zygieroid (fresponse) — Zframe With
Zframe € {3,5,7}m, where A < 0 indicates an early response and
A > 0 indicates a late response relative to the catching frame. We
analyze A? as the primary accuracy outcome to model error magni-
tude while avoiding cancellation of early and late responses when
averaging. Squaring also penalizes larger misses more dispropor-
tionately, which matches the operational motivation of the task.
Separating response probability and error magnitude supports in-
terpreting cue effects as an accuracy versus responsiveness trade-off
under fatigue.

5 EXPERIMENTAL DESIGN AND PROCEDURE
5.1

Only healthy adult participants were eligible to participate in the
study. Inclusion criteria were age 18—40 years, no chronic health
conditions, no regular medication use, non-smoking, and normal or
corrected-to-normal vision (excluding glasses). Participants were
also required to have an established and consistent sleep routine to
reduce variability in baseline homeostatic sleep pressure, so that
they began the protocol from comparable alertness levels. These
criteria were chosen to minimize between-subject variability in sus-
ceptibility to sleep loss and in the study’s measured outcomes, in-
cluding PVT vigilance and depth-judgment performance.

Screening captured major moderators of sleep-loss vulnerabil-
ity, including shift-work history, recent time-zone travel, chrono-
type and sleep-risk indicators, and habitual caffeine and alcohol
use. Baseline sleep habits were verified using a sleep and wake
diary during the week preceding the laboratory night. In the screen-
ing questionnaire, participants reported a habitual sleep duration of
M =7.87h (SD =0.88; N = 23). The target sample size was set
by feasibility constraints inherent to a 27-hour, continuously mon-
itored sleep-deprivation protocol with repeated overnight testing,
and is comparable to prior in-laboratory total sleep-deprivation de-
signs with repeated vigilance assessment (e.g., [32, 13]).

The study was approved by UniSA Human Research Ethics
Committee (HREC), and all participants received monetary com-
pensation. Prior immersive-technology experience was assessed at
screening. 7/23 (30.4%) reported no prior VR/MR use, and 15/23
(65.2%) reported limited prior use, while one participant did not
report VR/MR experience. To account for individual differences
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in vulnerability to sleep loss, all mixed-effects analyses included
participant random effects.

5.2 Repeated-Measures Design

We examined cue performance across six overnight sessions dur-
ing a 27-hour sleep-deprivation protocol at 20:00, 22:00, 00:00,
03:00, 05:00, and 07:00 (see Section 5.4). Each session included
a PVT run (Section 6.1), pre-task ratings (KSS and mental effort;
Section 6.2), one VR asteroid task run (Section 4.1) with four cue
blocks, and post-cue ratings (KSS, mental effort, and SSQ) after
each cue block.

To limit learning and carry-over effects across sessions, partici-
pants completed a supervised familiarization block before Session 1
(structurally identical to a task block) and familiarization trials were
excluded from analysis. No performance feedback was provided
during or after trials to reduce explicit reinforcement and strategy
shaping. Within each VR task session, cue order (no cue, text, color,
blur) was counterbalanced using a 4x4 Latin-square schedule so
that each cue appeared equally often in each ordinal position across
participants.

5.3 Implementation and Equipment

The task was implemented in Unity3D (v2021.3.15f1) and ran
on a Meta Quest Pro headset via Oculus Link. Rendering used
4128x2096 at 72 Hz over a cabled connection to maintain stable
visual fidelity. Audio and haptic feedback were disabled. Inter-
pupillary distance was adjusted using the Quest fit procedure prior
to each session. The scene used a dark, space-themed background,
and directional lights, shadows, and texture compression were dis-
abled to suppress incidental spatial anchors outside the experimen-
tal manipulation context.

The task was performed in a seated-upright position using an
armless chair. Participants were instructed to keep the head and
torso still while looking straight ahead and minimizing head move-
ments during task execution. Responses were made with the right-
hand controller using the index trigger as the only input. A single
trigger press was used to keep motor demands and movement am-
plitude constant across conditions, helping isolate cue-related ef-
fects under fatigue [55]. Touch-based responses would require arm
transport and introduce additional motor variability and a different
latency budget, which can affect both performance and perception
in time-critical tasks [55, 30, 31].

5.4 Sleep-Deprivation Protocol

To ensure a consistent starting point for fatigue onset, participants
maintained a regular 8-hour sleep schedule for seven days before
the laboratory night. Compliance was verified using sleep diaries,
time-stamped text messages before sleep and after waking, and in-
lab questioning. This reduced the risk that participants entered the
protocol with different baseline sleep pressure that could confound
cue-dependent performance trends.

On the night before the laboratory session, participants restricted
sleep to 5 hours from 01:00 to 06:00. This ensured a common wake
time of 06:00 and aligned circadian phase at study onset. Starting
from this wake time, the protocol spanned 27-hours, so the final
session occurred after more than 24 hours awake. Participants ar-
rived at the laboratory at 16:00 and were monitored continuously in
a controlled environment until release the following morning.

5.5 Experimental Protocol

5.5.1 Onboarding Session

Upon their arrival to the lab at 16:00, participants received briefing
on the study schedule, sleep restriction requirements, and behav-
ioral guidelines. All participants had to provide a written informed
consent to continue with the experimental procedure.
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5.5.2 Training Session

Following onboarding, participants received instructions for the
PVT (see Section 6.1) and the subjective state assessments (see
Section 6.2). The researcher then introduced the VR-based aster-
oid task (see Section4.1), oriented participants to the four cue con-
ditions, and demonstrated how cue appearance changes with frame
distance.

Training consisted of a supervised familiarization block immedi-
ately before Session 1 that was structurally identical to a task block.
Participants practiced using the catching frame as a reference and
aligning the cue information on the asteroid with the frame to re-
spond at the correct depth. This familiarization ensured compre-
hension and reduced early learning effects.

5.5.3 Experimental Sessions

Six experimental sessions were administered at 20:00, 22:00,
00:00, 03:00, 05:00, and 07:00, with ~50 min breaks in between
sessions and a longer meal break following the 00:00 session.
Break timing and session procedures were standardized to reduce
uncontrolled recovery or activity differences across participants.
Within each experimental session, the protocol execution order
was: (1) PVT; (2) pre-task assessment (i.e., KSS and SSQ); (3)
VR-based asteroid task; and (4) post-task assessment after deliv-
ery of each asteroid task condition (i.e., KSS, Mental Effort Rating
Scale, and SSQ).

Environmental conditions were held constant across participants
and sessions. Room lighting was fixed to reduce circadian drift,
ambient noise was kept stable, and activity levels were standard-
ized. Caffeine and vigorous activity were prohibited, and meal
timing was controlled to avoid energy dips unrelated to sleep pres-
sure. Participants were monitored continuously by staff, with two
researchers per shift enforcing alertness rules and documenting de-
viations. Monitoring included verifying that participants remained
awake, upright, and engaged during required tasks.

Access to personal electronic devices was restricted throughout
the study to reduce external stimulation and preserve the internal
validity of attentional and perceptual measures. During designated
breaks, participants were permitted quiet leisure activities such as
reading or puzzles. Interpersonal interaction was allowed but moni-
tored to prevent discussion of experimental protocol content, ensur-
ing the integrity of individual performance. Non-caffeinated bever-
ages, snacks, and heating packs were offered upon request to sup-
port comfort without influencing alertness.

Meal times were fixed at 18:45, 02:00, and 08:30 to avoid en-
ergy dips unrelated to sleep deprivation. Pre-selection of meals
ensured consistency and minimized metabolic confounds. Experi-
mental sessions were spaced at approximately 90—100 minute inter-
vals, with a longer 00:00-03:00 interval to accommodate the longer
meal break. This spacing was designed to balance two goals: (1)
capturing performance fluctuations across fatigue progression, and
(2) avoiding task saturation or excessive recovery that could mask
fatigue effects. Six experimental sessions at the planned intervals
provided sufficient granularity to observe time-of-night effects and
fatigue-associated cue interactions.

The final experimental session was completed around 08:00, af-
ter more than 24 hours of continuous sleep deprivation. Participants
were debriefed and escorted home by third-party transport, as driv-
ing in this state posed ethical and safety concerns. All participants
who entered the laboratory completed all six experimental sessions.

6 MEASURES

6.1 Psychomotor Vigilance Test

The Psychomotor Vigilance Test (PVT) was used to assess overall
sustained attention (vigilance) to visual stimulation [18]. A sim-
ple, three-minute computer-based reaction test measures response
speed at a millisecond level by means of button presses to visual
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Figure 2: Estimated marginal means (EMMs) of PVT reciprocal
reaction time (RRT; 1/s; higher values indicate faster responding)
across sessions (20:00-07:00). Error bars show +1 SE

stimuli presented at random time intervals. The psychomotor vig-
ilance metric is defined in terms of the mean reciprocal reaction
time (RRT), computed as RRT = mean(1/RT) in s~! over valid
responses. The so-called false starts (RT < 100 ms) and lapses
(RT > 500 ms) are treated as invalid and are not included in the
RRT metric computation.

6.2 Subjective State Assessment

Karolinska Sleepiness Scale (KSS): Perceived level of drowsi-
ness was measured with the single-item 9-point Karolinska Sleepi-
ness Scale (KSS; 1 = “extremely alert”, 9 = “very sleepy, fighting
sleep”) [1, 37].

Mental-Effort Rating Scale: Perceived mental effort was mea-
sured with the single-item 9-point Mental-Effort Rating Scale by
Paas (1 = "very, very low mental effort”, 9 = "very, very high men-
tal effort”) [60].

Simulator Sickness Questionnaire (SSQ): The perceived severity
of cybersickness was assessed with the Simulator Sickness Ques-
tionnaire (SSQ) that measures the severity of nausea, oculomotor,
and disorientation symptoms on 16 4-point scales (0 = “none”, 3 =
”severe”) [40]. For the analysis, only the Total SSQ Score was used.

7 RESuULTS

A total of 23 participants took part in the study (13 women, 9 men,
and one genderqueer participant), aged 18-38 years (M = 24.4,
SD = 6.6). Statistical analyses were conducted in R [63] using
mixed-effects modeling. Linear mixed-effects models (LMMs)
were performed using LME4 package [6], and generalized lin-
ear mixed-effect models (GLMMs) using glmmTMB package [11].
Where outcome distributions were approximately linear and sym-
metric, we used LMMs. Where outcomes were non-Gaussian, we
used GLMMs with an appropriate family and link function.

Fixed effects were tested using Wald x? tests (Type II/III), with
estimated marginal means (EMMs) for post-hoc tests using Sidak
or Holm adjustment for multiple comparisons. Where relevant, ef-
fects are reported on the natural scale, i.e., odds ratios (OR) for
logistic models, ratios of estimated means for Gamma models, and
mean differences for linear mixed models. All values were back-
transformed from the model link function. Two-tailed tests used
a = 0.05 with 95% confidence intervals (Cls). All (G)LMM analy-
ses included a random effect of participant to account for individual
differences. Relevant distributions and link functions for GLMMs,
fixed effects, and reference levels selected for individual analyses
are reported at the beginning of each subsection. Fatigue was op-
erationalized as session (time-of-night), reflecting the protocol pro-
gression across distinct testing times. KSS was collected once per
session and is reported as a subjective state measure alongside per-
formance outcomes.
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Figure 3: Asteroid task—response probability by session and cue.
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sponse probability from a binomial GLMM (logit link) across ses-
sions (20:00-07:00) for each cue (None, Blur, Color, Text). Error
bars show +1 SE.

7.1 Psychomotor Vigilance Test Performance

Mean reciprocal reaction time (RRT; in 1/s) was analyzed using
LMMs. Fixed effect was session (20:00, 22:00, 00:00, 03:00,
05:00, 07:00). Reference level was set to 20:00.

7.1.1 Reciprocal Reaction Time (RRT)

A Type IT Wald x? test confirmed a significant effect of session,
2%(5) = 60.18, p < .001. The model explained a small proportion
of variance through fixed effects, large proportion when including
both fixed and random effects (ernarginal =.10, Rgondmonal =.78).

Relative to the 20:00 baseline (EMM =~ 4.52, SE =~ 0.12), RRT
was lower at 03:00 (p < .05), and lower at 05:00 and 07:00 (both
p < .001), while 22:00 and 00:00 did not differ from baseline (ns.).
Among non-baseline sessions, early-evening levels (22:00, 00:00)
were higher than late-night levels: 22:00 > 05:00 (p < .001) and
07:00 (p < .001); 00:00 > 05:00 (p < .01) and 07:00 (p < .01).
Adjacent late-night sessions (03:00 vs. 05:00; 05:00 vs. 07:00) did
not differ (ns.); all other pairwise differences were not significant
(ns.). Performance declined over the night (Fig. 2), consistent with
accumulating sleep pressure and the early-morning circadian trough

[50].

7.2 VR-Based Asteroid Task Performance

Both performance measures were analyzed using GLMM. Re-
sponse probability was fitted with a binomial distribution and logit
link. Depth-estimation accuracy (squared depth error, A?) was fitted
with a Gamma distribution and log link. The Gamma distribution
was selected due to the positive, right-skewed nature of the data. We
use A2 to model error magnitude, and frame distance was included
as a fixed effect with cue and session interactions to estimate cue
effects conditional on distance. Fixed effects for both models were
cue (no cue, text, color, blur), session (20:00, 22:00, 00:00, 03:00,
05:00, 07:00), and frame distance (3, 5, 7 m), including their two-
and three-way interactions. Reference levels were no cue and 20:00.

7.2.1 Response Probability

A Type IIT Wald x? test indicated that the three-way interaction
of cue x session x distance was not significant, x2(30) = 25.88,
p = .68. Accordingly, we examined the two-way interactions.
A Type III Wald xz test showed a significant cue X session in-
teraction, x2(15) = 225.78, p < .001, whereas cue x distance
and session x distance were not significant ( x2(6) = 4.96, ns.;
2%(10) =9.19, ns.).

The model exzplained a moderate proportion of variance
(Rﬁlarginal =.27, Rconditional =.58).

The post-hoc results show that under lower-fatigue sessions
(20:00-00:00), response probability was near ceiling across all four
cue conditions (EMMs > .99). A clear divergence emerged at
05:00: the text condition yielded the lowest response probability
(EMM = .950) relative to no cue (.987), blur (.980), and color
(.971), see Fig. 3. Response probability for the text condition,
whilst comparatively accurate in the depth-estimation analysis, was
lower than for no cue, color, and blur. Response probabilities some-
what recovered by 07:00, consistent with circadian influences on
alertness [50]. These results suggest that while textual depth cues
may enhance depth-estimation accuracy, they may also increase
lapses late in the night.

To further investigate differences at the 05:00 session, we fit a
focused binomial GLMM (logit link) including cue condition and
frame distance as fixed effects, with a random intercept for partic-
ipant. A Type II Wald x?2 test showed a significant main effect of
condition, x2(3) =125.12, p < .001, and a main effect of frame
distance, x2(2) =126.67, p < .001, while the condition x distance
interaction was not significant, y*(6) = 4.76, p = .575. Partici-
pants were more likely to respond in the no cue condition com-
pared to color no cue > color (OR = 2.36, p < .001), blur no cue
> blur (OR = 1.61, p < .01), and text no cue > text (OR = 4.05,
p < .001). Among augmented cues, responses were more likely
with blur than color blur > color (OR ~ 1.46, p < .05), and more
likely with both color color > text (OR = 1.72, p < .001) and blur
blur > text (OR = 2.51, p < .001) than with text. (Here, OR>1 fa-
vors the first-listed condition; e.g., OR= 4.05 for none/text means
the odds of responding were about four times higher with none than
with text.) In addition, post hoc tests on frame distance indicated
that response probability was lower at 3 m than at both Sm 3m
< 5m (OR =0.70, p =.005) and 7m 3m < 7m (OR = 0.57,
p < .001), while the difference between 5m and 7 m was not sig-
nificant (OR = 0.805, p = 0.197). Taken together, response prob-
abilities were uniformly high early in the night and then diverged
at 05:00, with fext showing the greatest vulnerability to lapses at
05:00, even though it improved depth-estimation accuracy.

7.2.2 Depth-Estimation Accuracy (Squared A)

A Type III Wald xz test showed a significant cue x session x dis-
tance interaction, y2(30) = 188.70, p < .001.

The model exzplained a moderate proportion of variance
(Rﬁlarginal =.27, Rconditional =.44).

The post-hoc results show that depth estimation error (i.e.,
squared A) increased with fatigue (especially from 05:00 onward)
and with greater distance (see Fig. 4), and that cue effectiveness de-
pended on both factors. Relative to no cue, depth estimation error
was consistently lower for text across sessions and distances (e.g.,
text < no cue at 07:00 and 7m (ratio = 0.337, p < .001), with
color and blur also conferring benefits under high fatigue and far-
ther distance (e.g., color < no cue at 07:00 and 7 m (ratio = 0.653,
p < .001), blur < no cue at 07:00, 7,m (ratio = 0.770, p < .05).
At the 05:00 session, fext remained significantly better than no cue
(e.g., text < no cue at 05:00, 3,m (0.631, p < .001); text < no cue
at 05:00, 5,m (0.431, p < .001), whereas blur and color often did
not differ from no cue (ns.). These patterns highlight that depth-
cue benefits are largest under more demanding conditions (i.e., late
night, far targets). Unless otherwise stated, results refer to post-hoc
contrasts versus ‘none’; contrasts not mentioned were ns.

Detailed Sidak-adjusted post-hoc contrasts (cue vs. no cue)
across all session-by-distance cells are summarized in Table 1.
Briefly, fext outperformed no cue in all 18 cells (p < .001); blur im-
proved 10/18 (mainly 3—5 m); color improved 8/18 (concentrated at
7m), with one worse-than-none case at 00:00 and 3m (p < .05).
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Table 1: Depth-estimation accuracy (squared A): ratio of estimated
marginal means (cue / no cue) from the Gamma GLMM (log link),
by session and frame distance. Ratios < 1 indicate lower squared
error (better). Significance from Sidak-adjusted post-hoc contrasts
Vvs. no cue: *** p < .001, ** p < .01, * p < .05, ns = nonsignificant.
+ = significantly worse than no cue (ratio > 1, p < .05).

Frame distance  Session Text Color Blur
20:00 0.242%*% 1220 (ns)  0.586%**
22:00 0.122%*%%  (0.857 (ns)  0.642%**
im 00:00 0.302°%:k* 1.309% 0.469%:#:
- 03:00 0.229%**  0.859 (ns)  0.736%*
05:00 0.631%**  (0.868 (ns)  1.009 (ns)
07:00 0.341%%% 1221 (ns)  0.606%**
20:00 0.194%*%  0.804 (ns)  0.640%**
22:00 0.130%**  0.867 (ns)  0.517%***
Sm 00:00 0.121%%%  (0.959 (ns)  0.567%#%*
03:00 0.182%#%  (),683%:k* 0.786%*
05:00 0.431%*+*  (.886 (ns) 0.875 (ns)
07:00 0.268%:#* 0.761%* 0.798 (ns)
20:00 0.141%*%%  (0.558%#*%  (.856 (ns)
22:00 0.192%*%  (),724%* 0.858 (ns)
7m 00:00 0.136%*+*  0.663%#*  (0.911 (ns)
03:00 0.194%*%  0,639%#%  (0.921 (ns)
05:00 0.319%*k%  (.543%#*%  ().852 (ns)
07:00 0.337%5%  (,653%:%* 0.770%*

7.3 Subjective State Assessment

The Karolinska Sleepiness Scale (KSS), the perceived mental ef-
fort scale, and the Simulator Sickness Questionnaire (SSQ) were
analyzed using LMMs. Fixed effects for all three LMMs were
[cue] condition ([pre-task], no cue, text, color, blur), session (20:00,
22:00, 00:00, 03:00, 05:00, 07:00), and their two-way interaction
([cue] condition x session). Note that only KSS and SSQ include
the pre-task condition, which was collected before the VR-based
asteroid task execution and serves as a session-level state baseline.
Accordingly, we use the term condition (rather than cue condi-
tion) for KSS/SSQ. Reference levels were set to pre-task/no cue
and 20:00 for condition/cue condition and session, respectively.

7.3.1 Karolinska Sleepiness Scale (KSS)

A Type IT Wald x?2 test showed significant effects of condition,
x%(4) = 28.89, p < .001, and session, x2(5) = 880.61, p < .001;
the condition x session interaction was ns., ¥2(20) = 11.99.

2The model exglained a substantial proportion of variance
(R =42,R .69).

marginal —

The post-hoc results show that KSS ratings were lower during
the pre-task condition (EMM = 5.45, 95% CI [4.82, 6.08]) than
during all four task conditions (No Cue = 6.11, Text = 6.13, Color
=6.27, Blur = 6.14; all p < .001), with no differences among the
task conditions (all ns., see Fig. 5a). These results suggest that
perceived sleepiness increased significantly after engaging with the
asteroid task, but was not affected by the type of augmented cue
presented or whether a cue was presented at all.

Furthermore, KSS ratings also show an increase over sessions
(see Fig. 5b). EMMs were 3.85 (20:00), 4.31 (22:00), 5.21 (00:00),
7.50 (03:00), 7.88 (05:00), and 7.37 (07:00). Pairwise tests showed:
within the early evening, 20:00 < 22:00 (p < .05) and 22:00 <
00:00 (p < .001) (hence 20:00 < 00:00, p < .001). Among late
sessions, 03:00 vs. 05:00 and 03:00 vs. 07:00 were ns., while 05:00
> 07:00 showed a small decline by the final session (p < .05). All
early (20:00-00:00) vs. late (03:00-07:00) comparisons were sig-
nificant (p < .001). Overall, sleepiness rose from evening through
night, peaked around 05:00, then slightly declined by 07:00.

conditional —
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Figure 4: Asteroid task-depth estimation accuracy. Lines and points

show EMMs of squared depth error (A2, in m?) across sessions

(20:00-07:00), faceted by frame distance (3, 5, 7 m) and colored by

cue, from a Gamma GLMM with a log link; error bars are +1 SE of

the EMMs. Lower values indicate more accurate depth estimation.
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Figure 5: Estimated marginal means (EMMs) of Karolinska Sleepi-
ness Scale (KSS) from LMMs. Left: by condition (collapsed across
sessions). Right: by session (collapsed across conditions). Error
bars show +1 SE.

7.3.2 Mental-Effort Rating Scale

A Type Il Wald x2 test revealed a significant main effect of session,
2%(5) = 218.58, p < .001. Neither condition nor the condition x
session interaction was significant (y2(3) = 2.42, ns.; x2(15) =
15.11, ns.).

The model explained a modest proportion of variance
(Rgnarginal =.17, Rgonditional =.61)

Perceived mental effort increased across sessions (Fig. 6a). Pair-
wise comparisons showed: 20:00 =~ 22:00 (ns.); both < 00:00
(p < .05); 00:00 < 03:00, 05:00, 07:00 (all p < .001); and late-
session comparisons (03:00, 05:00, 07:00) were ns. Cue pairwise
contrasts were ns. Table 2a summarizes Post-hoc EMMs with 95%
CIs. Perceived mental effort rose across the night and plateaued
toward morning, with no evidence of cue-related differences.

7.3.3 Simulator Sickness Questionnaire (SSQ)

A Type II Wald x? test revealed significant effects of condition,
x%(4) =33.30, p < .001, and session, x2(5) = 549.35, p < .001;
the condition x session ¥*(20) = 13.75, interaction was ns.
The model exglained a substantial proportion of variance
(ernarginal =.25, Rconditional =.72).

Post-hoc contrasts showed pre-task < each task condition (all
p < .001) with no differences among task conditions (ns.) (Fig. 6b).
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Figure 6: Estimated marginal means (EMMs; 95% Cls) from LMMs for subjective state measures. Left: mental effort (Paas, 1-9) by session
(collapsed across conditions). Middle: SSQ Total by condition (collapsed across sessions). Right: SSQ Total by session (collapsed across

conditions).

SSQ increased from 20:00 / 22:00 to 00:00 (p < .001) and from
00:00 to 03:00 / 05:00 / 07:00 (all p < .001), with 05:00 ~ 07:00
(ns.) (Fig. 6¢) Full EMMs and 95% Cls are in Table 2b. Overall,
cybersickness increased with time-of-night; the pre-task baseline
was lower than all task conditions (None, Text, Color, Blur), with
no differences among the task conditions.

Table 2: Simulator Sickness Questionnaire (SSQ) Total Score and
mental effort (Paas, 1-9; higher scores = greater effort): estimated
marginal means (EMMs) with 95% Cls from LMMs. Top panel:
EMMs by session (collapsed across conditions). Bottom panel:
EMMs by condition (collapsed across sessions; SSQ includes a pre-
task baseline).

(a) By session

Session  SSQ (EMM [95% CI]) Mental effort (EMM [95% CI])

20:00 70.3 [64.9, 75.6] 3.45[2.76, 4.14]
22:00 70.5[65.1, 75.8] 3.37[2.68, 4.07]
00:00 75.5[70.1, 80.9] 3.99 [3.30, 4.68]
03:00 85.2[79.8, 90.6] 5.11[4.42,5.80]
05:00 88.7 [83.3,94.1] 5.55[4.86, 6.24]
07:00 89.7 [84.3, 95.0] 5.24 [4.55,5.93]
(b) By condition

Condition SSQ (EMM [95% CI]) Mental effort (EMM [95% CI])

Pre 76.0 [70.7, 81.4] —

None 80.9 [75.6, 86.3] 4.32[3.65, 4.99]

Text 80.2 [74.9, 85.5] 4.56 [3.88, 5.23]
Color 81.5[76.2, 86.8] 4.41 [3.74,5.09]
Blur 81.2 [75.9, 86.5] 4.52 [3.85,5.19]

8 DiscussioN
8.1 Fatigue and circadian timing drive depth loss

Fatigue from extended wakefulness interacts with circadian phase
and can degrade visual perception and visuomotor control; per-
formance is poorest when high homeostatic sleep pressure coin-
cides with the biological night [17, 24, 56]. This pattern is con-
sistent with the two-process framework and wake-state instability
accounts, which predict slower responses and intermittent lapses
as time awake increases and the circadian trough around 02:00-
06:00 is reached [19]. Sleep deprivation can also produce vigilance
decrement and attentional state instability, with transient lapses
and higher response variability rather than only uniform slowing
[13, 4, 19, 5]. Our overnight pattern, PVT slowing after midnight
with a circadian trough near 05:00, rising KSS, and greater response
variability tracks these predictions. This pattern is evident in the
MRRT decline and KSS increase across sessions, with the circa-
dian trough near 05:00 (Fig. 5b).

Even a single night without sleep disrupts binocular coordina-
tion and smooth pursuit [69, 71], degrading the fidelity of dis-
parity/convergence and motion signals needed for precise ego-
centric distance judgments. In HMD-VR, depth is already con-
strained by disparity sampling, field of view (FOV), and the ver-
gence—accommodation conflict; in the 2-30 m “action space”
users commonly show distance compression and elevated variance
[15, 39, 52, 57, 64]. It follows that fatigue should most harm far-
distance judgments late at night—precisely where we observed the
largest errors and where augmentation helped most.

8.2 Augmented cues improve accuracy, while subtle
cueing better preserves responsiveness

All augmented cues reduced depth error relative to no cue, with the
largest gains at 7 m and in late sessions. Text produced the strongest
and most consistent accuracy benefits across distances and times,
but around 05:00 it showed a dip in response probability, whereas
blur and color maintained higher response probability at 05:00 (blur
> color > text; Fig. 3). One explanation is vigilance decrement
under sleep loss, where performance failures often appear as in-
termittent lapses and attentional instability rather than only slower
responses|[ 13, 4, 23, 5]. In this task, responding at the correct depth
plane still requires sustained attention and temporal prediction be-
cause the target keeps moving. When attentional stability drops
near the circadian trough, cues that require active decoding can be-
come less reliable for responding even if they remain accurate on
trials where a response is made. This can explain why explicit cues
show strong accuracy on responded trials while response probabil-
ity drops under high fatigue. Text requires reading and verification,
coded color requires applying a learned mapping, and blur changes
image structure in a depth-contingent way that can be used with less
symbolic decoding [28, 8].

This trade-off aligns with evidence that head-mounted displays
can elevate cognitive load and that reading dynamic numerals re-
cruits controlled attention, costly when sleepy [8, 10]. Blur retains
responsiveness while improving accuracy under fatigue, consistent
with its low parsing cost and prior reports of comfort benefits via
foveated/depth-of-field blur [28, 35]. We interpret these cue effects
as differences in behavioral performance under fatigue rather than
evidence about cue integration weights. The takeaway is that aug-
mentation cues robustness varies under fatigue, leading to a trade
off between responsiveness and accuracy on responded trials.

8.3 Fatigue amplifies underestimation at far distances
and increases variability

Egocentric distance in HMD-VR is typically underestimated in
the 2-30 m action space [16], often 70-80% of physical distance
[39, 57, 64], due to limited and conflicting depth cues and optical
constraints [15, 52]. Since, the primary analyses used AZ, we inter-
pret results as error magnitude rather than directional bias.
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Given the literature and our finding that fatigue disproportion-
ately harms far-distance estimation, a plausible interpretation is that
sleep loss amplified underestimation at 7 m and increased variance
late at night [80]. Future analyses should report signed A alongside
A? to test whether cues primarily reduce compression (bias) or vari-
ance. The disproportionate degradation at 7 m late in the night is
consistent with this account (Fig. 4).

8.4 Cybersickness did not drive performance changes

SSQ increased across the night and then stabilized, with no differ-
ences between cue conditions and no condition x session interac-
tion. No reliable association between SSQ and depth performance
(error or lapses) was observed, suggesting cue effects and overnight
degradation primarily reflect fatigue rather than cybersickness [40].
This interpretation is reinforced by the absence of cue-specific SSQ
differences despite distinct performance profiles. The SSQ plateau
by 07:00 contrasts with the response probability dip around 05:00
(Figs. 3, 6¢).

8.5 Adaptive cueing should default to subtle support
and escalate explicit overlays on demand

Cues improved how effectively participants performed at a given
fatigue level, but did not alter the level of fatigue. KSS rose and
PVT slowed similarly across cue conditions, consistent with ev-
idence that neuro-behavioral impairment accumulates with addi-
tional wakefulness and is not mitigated by interface changes [72].
Augmentation therefore shapes performance expression at a given
fatigue level rather than altering fatigue itself.

A pragmatic policy defaults to subtle support, to preserve re-
sponsiveness and comfort at low alertness, transiently switching
explicit overlays when precise metric information is needed (de-
cision points, on demand, or under gaze dwell). This mixed strat-
egy mirrors findings from fatigue-prone AR tasks, where schedul-
ing predictive overlays around critical events stabilized perfor-
mance near the circadian trough without chronically increasing
load [7, 73]. If available, gaze-contingent stereo/focus tuning and
display-level mitigation of the vergence—accommodation conflict
(varifocal/light-field) can further reduce oculomotor strain and im-
prove depth fidelity [33, 44, 45, 61, 70].

This policy reflects the responsiveness-accuracy trade-off ob-
served on responded trials (Fig. 3, Fig. 4). It also aligns with
physiological computing perspectives where interface parameters
adapt based on operator state [21, 20]. In deployed systems, lapses
or sustained drops in responsiveness could trigger reduced use of
decoding-heavy overlays and selective escalation of explicit metric
support at decision-critical moments. Future work can test whether
adding state proxies such as KSS or online lapse markers improves
prediction of within-block instability beyond time-of-night alone.

8.6 Reflection of research questions

RQ1 (with H1). Fatigue reduced both responsiveness (response
probability) and accuracy (squared depth error), with a reduction
dependent on cue type. Consistent with this, the condition X ses-
sion interaction showed that fatigue reduced responsiveness and in-
creased squared error overall, with blur exhibiting less degradation
in responsiveness than text at peak fatigue (Figs. 3 and 4). Subjec-
tive state followed the expected overnight trajectory: KSS rose and
then plateaued, effort increased after 03:00, and SSQ totals rose
before stabilizing (Figs. 2, 5b, 6a and 6¢). Thus, HI is partially
supported: blur better preserves responsiveness at peak fatigue,
whereas text retains the strongest accuracy on responded trials.
RQ2 (with H2). All augmented cues retained accuracy benefits
over baseline across the night and across distances. As predicted in
H2, text, color, and blur outperformed no cue on accuracy across
sessions (Fig. 4). Relative advantages shifted with task difficulty

323

and time of night: text produced the largest accuracy gains, espe-
cially for far targets late in the night, while blur and color main-
tained moderate gains and higher responsiveness during the circa-
dian trough (Figs. 3 and 4). H2 is supported.

RQ3 (with H3). Explicit overlays did not produce higher sub-
jective burden than blur during prolonged use under fatigue. Self-
reports (KSS, Paas effort, SSQ) did not differ by cue (Figs. Sa,
6a, 6b). Thus, H3 is not supported. Cue-by-fatigue differences
mainly appeared behaviorally (accuracy and responsiveness trade-
offs) rather than in self-report measures.

9 LIMITATIONS

Our findings are best interpreted within the scope of the task and
measurement choices in this overnight protocol. The asteroid task
is a dynamic depth judgment task, so response error reflects a com-
bination of depth relevant perception, temporal prediction, and mo-
tor execution. For this reason, we frame the results as depth relevant
perception and action performance under fatigue rather than as iso-
lated cue integration.

Eye movements were not recorded, so physiological links to
binocular coordination remain inferential. The scene was also in-
tentionally minimal and trajectories were linear to isolate cue ef-
fects, whereas operational environments include clutter and com-
peting signals that can change cue use and cognitive load.

Repeated exposure across six sessions may have introduced
practice effects or strategy drift. Since fatigue progresses with time
of night in a sleep-deprivation design, fatigue and session order
cannot be fully separated. We therefore interpret cue differences
primarily through cue by session patterns and recommend future
multi-day counterbalancing or additional baseline sessions.

Depth perception work often reports signed error and variabil-
ity as complementary outcomes. Given that the primary analysis
uses A2, we interpret results as error magnitude, and plan to report
signed and proportional metrics in follow-up work. Responses were
discrete trigger presses, so depth at response reflects decision time,
motor actuation, and system input latency. Although this motor
component is constant across cue conditions, future studies should
further separate perceptual and motor contributions using eye or
motion tracking or alternative response modalities.

10 CONCLUSION

This study examined how sleep deprivation shapes the usefulness
of explicit and subtle depth cues in VR across a 27-h overnight pro-
tocol. Across sessions and distances, all augmented cues improved
depth performance relative to the no-cue baseline. Text provided the
strongest accuracy gains on trials with a response, with the largest
benefits for far targets late in the night. However, response prob-
ability decreased around the circadian trough, indicating that the
most accurate cue was not always the most reliable for sustaining
responses under fatigue. Blur and color maintained higher respon-
siveness at the same time while still improving accuracy.

These results show that fatigue can change how cue benefits ap-
pear in practice, and that cue evaluation should consider both ac-
curacy on responded trials and the likelihood of responding at all.
From a design perspective, subtle support such as depth dependent
blur can serve as a robust default during extended use, while ex-
plicit overlays can be introduced selectively when precise metric
information is needed. Future work can evaluate whether these pat-
terns generalize to more complex scenes and operational tasks, and
can use this evidence to guide state-aware cue adaptation.
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