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A mixed-methods approach was used to assess the fidelity of virtual environments as ergonomic assessment tools 
for human-robot interaction. Participants performed a visual search task in the physical environment while a 
nearby collaborative robot repeatedly extended its arm toward them. This scenario was reconstructed in two 
virtual environments with different levels of graphical detail. Measures of presence, task performance, workload, 
and anxiety were taken to determine the effect of robot motion in all three environments. Task performance 
decreased in response to robot motion in the physical environment, while workload and anxiety increased. 
This simple effect of motion was consistent across environments for measures of task performance and anxiety. 
However, people performed faster overall in virtual reality, and the effect of motion on workload was greatly 
reduced in virtual reality. Results in the virtual environments suggest that people were distracted by the sound 
of the robot, and that presence was affected by manipulations of immersion and coherence.
1. Introduction

Immersive virtual environments (VEs) block out sensory cues from 
the physical environment and replace them with computer-generated 
stimuli (Jerald, 2016). The power of virtual reality (VR) is that while 
users recognize that what they perceive is an illusion, they still respond 
to it as if it were real (Slater, 2018). The ability of VEs to recreate 
hazardous situations that may be unattainable in the physical environ-
ment and, crucially, human responses to them, makes them a boon to 
researchers, educators, and clinicians. Virtual reality has proved useful 
for studying driving behavior (Ménétrier et al., 2017), providing sur-
gical training (Harris et al., 2020), and in treating PTSD (Slater and 
Sanchez-Vives, 2016; Chen et al., 2021). Additionally, as the Fourth 
Industrial Revolution accelerates, VEs are being used as ergonomic as-
sessment tools for human-robot interaction (HRI) in simulations free 
from objective hazards (Gualtieri et al., 2021). But when it comes to the 
use of VEs as research tools, the question of fidelity must be addressed 
(Harris et al., 2020). That is, to what extent do VEs elicit realistic human 
behaviors, cognitions, and affective states? As researchers continue to 
leverage simulations in VEs to study physical and cognitive ergonomics, 
it is important to understand the extent to which results obtained in 
VEs relate to those obtained in the physical environment. This study 
addresses this question by comparing measures of task performance, 
workload, and anxiety between physical and virtual environments.

* Corresponding author at: Fitts Department of Industrial and Systems Engineering, North Carolina State University, 915 Partners Way, Raleigh, NC 27695, USA.

In human factors and ergonomics research, a recent topic of in-
terest is HRI. In the past, non-immersive (i.e. 2D screen-based) VEs 
have been used to study the perception of safe robot speeds (Duffy 
et al., 2006). More recently, immersive VEs have been used primarily 
to “[minimize] mental stress and psychological discomfort [...] while 
sharing the workspace with robots” (Gualtieri et al., 2021). Immersive 
VEs have been developed for training (Matsas et al., 2013; You et al., 
2018; Pérez et al., 2019; Shu et al., 2019; Sievers et al., 2020), assess-
ing human responses to different motion planners (Matsas et al., 2016), 
evaluating the efficacy of alarms (Matsas and Vosniakos, 2017), and 
exploring novel interaction strategies (Matsas et al., 2018). VEs have 
also been used to assess the effect of unpredictable robot motion on 
human behavior (Oyekan et al., 2019), the effects of robot speed and 
predictability on task performance, anxiety, and mental workload (Kop-
penborg et al., 2017), the behavioral and psychological effects of being 
struck by a robot (Fratczak et al., 2019), and to study how control strate-
gies influence human post-accident behavior (Fratczak et al., 2021).

Since VEs cannot perfectly simulate the sensory qualia of physi-
cal scenarios, and since users know that virtual robots cannot hurt 
them, it seems plausible that human performance, cognition, and af-
fect measured in VR may not be an accurate reflection of reality. To 
our knowledge, the body of research that has tested for differences 
between physical and immersive virtual environments in HRI simula-
Available online 13 June 2023
0003-6870/© 2023 Elsevier Ltd. All rights reserved.

E-mail addresses: nesander@ncsu.edu (N.E. Sanders), zxie8@ncsu.edu (Z. Xie), kb

https://doi.org/10.1016/j.apergo.2023.104039
Received 22 November 2022; Received in revised form 15 February 2023; Accepted
chen2@ncsu.edu (K.B. Chen).

 19 April 2023

http://www.ScienceDirect.com/
http://www.elsevier.com/locate/apergo
mailto:nesander@ncsu.edu
mailto:zxie8@ncsu.edu
mailto:kbchen2@ncsu.edu
https://doi.org/10.1016/j.apergo.2023.104039
https://doi.org/10.1016/j.apergo.2023.104039
http://crossmark.crossref.org/dialog/?doi=10.1016/j.apergo.2023.104039&domain=pdf


N.E. Sanders, Z. Xie and K.B. Chen

tions is sparse and results have been mixed. For example, Weistroffer et 
al. (2014) and Paljic (2017) reported that participants preferred being 
farther away from industrial robots in both physical and virtual envi-
ronments, but physiological stress increased with proximity only in the 
physical environment. Kamide et al. (2014) did not find differences in 
the amount of personal space that people desired between themselves 
and a robot, but they found differences in how “under control” partici-
pants perceived the physical and virtual robots to be. In contrast, Li et 
al. (2019) found that people preferred closer interaction distances with 
a physical robot, but participants let the virtual robot come closer when 
it was accompanied by realistic sounds. The paucity of these compari-
son studies and their mixed findings underscores the need to assess the 
fidelity of human factors measures, and to explore how the objective 
characteristics of VEs might affect fidelity.

One important question in this regard is whether VEs can elicit re-
alistic human responses to nearby robot motion in terms of measures 
of task performance, mental workload, and anxiety. Mental workload 
is one of the most widely used constructs in ergonomics (Young et al., 
2015), and one of the goals of HRI is the amelioration of workload 
via the reduction of task demand. Yet it seems plausible that the mo-
tion of a nearby robot might actually increase mental workload and 
decrease task performance via attentional capture. Attentional capture 
occurs when a salient and unattended stimulus draws attention (Simons, 
2000). Resource theory describes attention as a metaphorical pool of 
mental resources, whose capacity can change depending on physiolog-
ical arousal and task demand (Kahneman, 1973; Norman and Bobrow, 
1975; Young et al., 2002; Yerkes and Dodson, 1908). Mental work-
load reflects the utilization of that limited pool of attentional resources 
(Hancock et al., 2019). Auditory distractors (e.g. the sound of robot 
actuators) can also capture attention (Dalton and Hughes, 2014), espe-
cially under conditions of high visual load (Tellinghuisen and Nowak, 
2003). Threatening or anxiety-inducing stimuli have also been shown to 
augment attentional capture (Kim and Anderson, 2020), and industrial 
robots can induce stress and fear in nearby workers (Arai et al., 2010; 
Kulić and Croft, 2007; Dehais et al., 2011; Fujita et al., 2010). Both 
distraction and high mental workload have been associated with inade-
quate time for information processing and possibly increased likelihood 
of accidents (Young et al., 2015). The motion and sound of robots, and 
their effect on task performance, workload, and stress, are therefore im-
portant considerations for the well-being of workers who are engaged 
in HRI. Understanding how the objective characteristics of VEs affect 
their fidelity is also therefore important for the use of VEs as evaluative 
tools.

In order to study fidelity, the present study adapted the method-
ological framework of Harris et al. (2021), which defines fidelity as 
“the extent to which a simulation recreates the real-world system, in 
terms of its appearance but also the affective states, cognitions or be-
haviors it elicits from its users” (Harris et al., 2020). Past research has 
also referred to this issue as ecological validity (Araújo et al., 2007; 
van der Ham et al., 2015; Paljic, 2017), although the term validity is 
also frequently used in training contexts (Harris et al., 2021), referring 
to transfer of training (Hoareau et al., 2017) or the ability to distin-
guish real-world differences between user groups (Weiner and Sanchez, 
2020). Earlier research on fidelity has focused on driving simulator ex-
periments, which concerned the level of correspondence between the 
driving behaviors in a simulator and on real roads (Fisher et al., 2011; 
Porter, 2011; Ranney, 2011). The present study with its focus on mea-
sures of performance, workload, and anxiety is therefore framed by 
Harris et al. (2021) as an evaluation of the behavioral, psychological, 
and affective fidelity (see Table 1).

The framework of Harris and colleagues suggests testing physical fi-
delity through measures of realism or presence. Presence refers to “a 
user’s subjective psychological response to a VR system” (Bowman and 
McMahan, 2007), and comprises the dimensions of place illusion and 
plausibility (Slater et al., 2022b). Underlying these constructs are the 
2

objective measures of immersion and coherence, respectively, referring 
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Table 1

Four types of fidelity, their descriptions, and proposed measures for testing, 
adapted from Harris et al. (2021).

Type Description How to test

Physical Is there a high degree of detail and 
realism provided by the physical 
elements of the simulation?

User reports of presence 
and experiences of 
immersion

Behavioral Does the simulation provide an 
accurate representation of real task 
performance?

Ability of the simulation 
to distinguish real-world 
performance differences

Affective Does the simulation elicit 
emotional responses, such as fear 
or enjoyment, which are similar to 
the real task?

Self-reported experiences 
of users, or online 
monitoring of 
psychophysiology

Psychological Does the simulation replicate the 
perceptual-cognitive demands of 
the real task?

Measurement of mental 
effort, gaze behavior or 
neural activity

to the affordances of the system to deliver sensory information such as 
graphical detail or sound (Slater et al., 2022b), and to the extent that 
objects in the VE behave “in a reasonable or predictable way” (Skar-
bez et al., 2021). Although many researchers and designers believe that 
high levels of presence are necessary for a VE to be effective, Harris et 
al. (2020) cast doubt on that assertion, and Slater (2018) suggests that 
“researchers can study how different levels of immersion might corre-
spond to different levels of place illusion, and the extent to which people 
respond as if events in the virtual world were really happening.” Skar-
bez et al. (2021) make a similar call for exploratory research involving 
coherence and plausibility.

1.1. Research goals

The first research goal (RG1) was to broadly assess the fidelity of 
VEs in terms of their ability to recreate the real-world effects of robot 
motion on nearby workers. This was done by selecting a single de-
pendent measure for each of the types of fidelity listed in Table 1 – 
task performance, workload, and anxiety for behavioral, psychologi-
cal, and affective fidelity (respectively). The effect of robot motion was 
measured in the physical environment and two VEs, each with a differ-
ent level of graphical quality, in a within-subject factorial design. The 
second research goal (RG2) was to explore how two objective charac-
teristics of VEs – graphical quality and sound – affected measures of 
task performance, workload, anxiety, and presence, as a way to test the 
effects of immersion and coherence on behavioral, psychological, af-
fective, and physical fidelity (respectively). A mixed-methods approach 
was employed (Shorten and Smith, 2017), which used both quantitative 
and qualitative data to answer the research questions.

2. Methods

2.1. Participants

Twenty-nine (29) participants (M = 24.1 years, S.D. = 6.6 years, 9 
female) were recruited in a convenience sample at the university cam-
pus. Volunteers were excluded if they were unable to use a keyboard 
with their hands, had a tendency for motion sickness, or had a history 
of Lasik eye surgery. The study was approved by the university Institu-
tional Review Board.

2.2. Experimental setup

The experiment took place in a large room with a standing desk, 
computer monitor, and keyboard at its center. A Sawyer collaborative 
robot (Rethink Robotics, Boston, MA) was positioned at the opposite 
side of the desk facing the participants. It had a single arm with seven 
degrees of freedom controlled by a separate workstation using ROS 

(www .ros .org) and Python 2.7. Two virtual copies of this setup were 

http://www.ros.org
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Fig. 1. Starting position with HMD (left), fully extended position without HMD (right). The physical robot did not move when the participants wore the HMD.
created in Unity (2019.4) and rendered on an HTC Vive Pro HMD with 
a Dell Precision 5810 workstation and an NVIDIA GeForce RTX 3080 
Ti. Passive haptics were utilized as participants stood at this desk with 
their hands on the keyboard in both physical and virtual environments. 
They performed a visual search task as the robot performed a reach-
and-retract motion (see Fig. 1).

2.3. Independent variables

2.3.1. Environment

Environment was a factor with three levels: the Physical environ-
ment and two VEs – VR-LiDAR, and VR-CAD – with high and low levels 
of graphical quality, respectively (Fig. 2). The two levels of graphical 
quality were chosen to maximize the difference in the Place Illusion 
component of Presence between the two VEs, with a photorealistic en-
vironment at one factor level, and a low-poly environment at another.

The Physical environment (Fig. 2, top) comprised the real-world lab 
space, with a standing desk, computer monitor, keyboard, and collabo-
rative robot, as described previously.

The VR-LiDAR environment (Fig. 2, middle) was a point-cloud 
replica of the lab. It was created with a Light Detection and Ranging (Li-
DAR) scanner (Focus M, FARO, USA) at 43.7 Mpts resolution (6.1 mm at 
10 m). It was based on a single scan taken from where the participants 
would be standing, at the 50th percentile standing eye height (Gordon, 
1989). Post-processing of the scan was done in Meshlab (Cignoni et al., 
2008) and rendered with the PCX package for Unity (github.com/kei-
jiro/Pcx).

The VR-CAD environment (Fig. 2, bottom) was composed of low-
poly parametric models of the lab and its equipment. It was created 
with Fusion 360 (Audodesk, USA) and Blender (Blender Foundation, 
Netherlands). The models were based on photographs, measurements, 
and the aforementioned LiDAR scan.

2.3.2. Motion

Motion was a factor with two levels: still and moving. The motion 
was a reach-and-retract motion similar to that of Kulić and Croft (2007)
and Koppenborg et al. (2017), analogous to what might be used for 
material handling. The robot began from a starting position, extended 
its arm toward the participant, paused, and retracted to the starting 
position where it paused again before repeating (Fig. 1). The exten-
sion movement completed in 4.8 seconds; the retraction in 2.5 seconds. 
The maximum linear speed and acceleration were 600 mm/s and 600 
mm/s2, respectively, below the ISO 10218 standard. The pauses were 
uniformly and randomly distributed between 1 and 2 seconds. The 
motion of the real robot was recreated in the VEs using keyframe ani-
3

mation.
2.3.3. Sound

Sound was a factor in the VEs with two levels: off (silent) and on. 
When on, audio recordings of Sawyer’s motors emanated from its arm 
segments as they moved. Audio recordings of Sawyer were made with 
an H4N stereo recorder (Zoom Corp., Japan).

2.4. Task

Both workload (Hancock et al., 2019) and attentional capture 
(Wolfe, 2010; Chan and Hayward, 2013) can be inferred via response 
time during a visual search task. The search task was adapted from Psy-
Toolkit (Gijsbert Stoet) and was recreated in Unity so that it could be 
displayed on both the physical and virtual computer screens (Fig. 3). It 
is an example of conjunctive search, i.e. a search for a specific combina-
tion of stimulus features. For example, a cobot might perform material 
handling while a worker searches the workspace for a component of a 
particular shape and color, or inspects workpieces for defects of a cer-
tain size and orientation. Although the visual search used here is more 
abstract, it had the advantage of being reproducible in every environ-
ment, avoiding a potential confound.

There were 40 trials (stimulus presentations) in each run: 30 tri-
als with the target and 10 catch trials without the target. Each trial 
contained 20 symbols randomly distributed on the search grid (Fig. 3). 
Participants stood at the standing desk with their hands on the key-
board and responded via a button press with their right hand (‘J’) if a 
target was present, and with their left hand (‘F’) if the target was ab-
sent. Large buttons were affixed to these keys so they could be easily 
located while wearing the HMD. Participants were told to respond as 
quickly as possible while maintaining maximum accuracy. Responses 
were recorded with the Unity Experimental Framework (Brookes et al., 
2020). The same keyboard was used in all three environments to avoid 
another potential confound.

2.5. Dependent variables

2.5.1. Presence

Presence was associated with physical fidelity and was measured 
via the Slater-Usoh-Steed Questionnaire (SUS) (Usoh et al., 2000). The 
responses were averaged across all six items to obtain a mean score. 
The possible score ranged from 0-7.

2.5.2. Task performance

Task performance was associated with both behavioral and psycho-
logical fidelity and was defined as target-present mean correct response 
time for the visual search task. For each treatment condition, response 

times for correct “yes” responses were averaged across trials.
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Fig. 2. Participants’ first-person view in the physical environment (top), VR-
LiDAR (middle), and VR-CAD (bottom).

2.5.3. Workload

Workload was associated with psychological fidelity and was mea-
sured via the “weighted workload score” (overall workload) of the 
NASA Task Load Index (TLX) (Hart and Staveland, 1988). The final 
score was the weighted average of the six subscales and ranged from 
0-100.

2.5.4. Anxiety

Anxiety was associated with affective fidelity and was measured via 
the six-item form of the State-Trait Anxiety Inventory Inventory (STAI) 
(Tluczek et al., 2009). Participants responded to all six items on a scale 
4

of 1-4.
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Fig. 3. Stimulus presentation timeline and example of a search grid with target 
(red ‘T’). Each trial comprised a blank screen lasting 1 second followed by a 
fixation cross lasting 1 - 2 seconds (uniform random) followed by the search 
grid lasting until response.

Table 2

Initial questions of the semi-structured interview and their relation to quanti-
tative measures, constructs, and types of fidelity in the framework suggested 
by Harris et al. (2021).

Type of Fidelity Construct Measure(s) Initial Question

Physical Presence SUS How could the VEs be 
made more realistic?

Behavioral Performance Response Time Do you think you 
performed the same in 
all three 
environments? Why or 
why not?

Psychological Attention, 
Workload

Response Time, 
TLX

What parts of the 
environments drew 
your attention away 
from the task?

Affective Anxiety STAI How did the robot 
make you feel?

2.5.5. Qualitative data

Four semi-structured interview questions were asked at the end of 
the session (Table 2). Each open-ended question targeted a specific 
type of fidelity (e.g., affective fidelity), which was also assessed using 
a quantitative measure (e.g. the STAI). Since this was a semi-structured 
interview, follow-up questions were permitted to explore and under-
stand how participants’ experiences in VR were qualitatively different 
from those in the physical environment, and to help explain any ob-
served differences in the quantitative measures. The interviews were 
recorded using a microphone (Blue Microphones, USA) and transcribed 
using Nvivo (Version 2020, QSR International, Australia).

2.6. Procedure

The experimental procedure is illustrated in Fig. 4. Participants were 
first briefed, which included obtaining informed consent and explain-
ing the questionnaires and experimental task. Next, they performed one 
practice run in the physical environment. After the practice run, they 
were fitted with the HMD and the experimental runs began. Each ex-
perimental run lasted 4 minutes, during which response times were 
recorded. After each trial, participants completed the TLX, SUS, and 
STAI on a desktop computer, followed by a one-minute break. This 
process was repeated until all ten experimental runs were complete. 
A semi-structured interview was conducted at the end of the session. 

Participants were then debriefed and left the lab.
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Fig. 4. Flow of each session. Breaks were provided after every run. The run 
sequence for each participant was determined with a Williams design (Latin 
square).

2.7. Experimental design and analysis

There were ten within-subject conditions (Fig. 5). In order to control 
for workload hysteresis (Hancock et al., 2019), the sequence of runs 
for each participant was determined using a Williams design (Williams, 
1949), a Latin square balanced for first-order carryover effects.

Two generalized linear mixed effects models (GLMMs) were struc-
tured to address the research goals in Section 1.1. Model 1 was a 2 x 3 
(Motion x Environment) which addressed RG1. Model 2 was a 2 x 2 x 
2 (Motion x Environment x Sound) which addressed RG2. Because the 
robot could not move without making sound in the Physical environ-
ment, Model 1 included only the six conditions in which robot motion 
and sound were concurrently on or off (See Fig. 5). Model 2 included 
all eight virtual conditions but omitted the two physical conditions.

By-participant random intercepts were included to account for in-
dividual differences (Barr et al., 2013; Matuschek et al., 2017). Time 
was included as a covariate to account for fatigue and learning effects. 
Analysis of the SUS, response time, and TLX data was done using JMP 
Pro 16 (SAS Institute, Cary, NC) and lme4 (Bates et al., 2015) in R 
4.2.0. Effect sizes d were calculated according to Brysbaert and Stevens 
5

(2018). Because model assumptions were not met for the STAI data, 
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a cumulative logit mixed model (CLMM) was fit to the “I feel tense” 
item of the STAI using the ordinal package (Christensen, 2018). This 
item was chosen because the word “tense” was often used by partic-
ipants during interviews to describe their emotional state around the 
robot, and “tense” was the only one of the three anxiety-present items 
(“tense”, “upset”, and “worried”) that had a non-sparse contingency ta-
ble.

A thematic analysis with three hierarchical code levels was per-
formed following the guidelines of Guest et al. (2012); Braun and Clarke 
(2006); Nowell et al. (2017). The highest-level structural codes corre-
sponded to the four types of fidelity – physical, behavioral, affective, 
and cognitive (Table 2). Three mid-level conceptual codes were de-
termined a priori and corresponded to the variables of environment, 
motion, and time. One additional conceptual code (meta-knowledge) 
was created a posteriori during the coding process. Low-level codes, or 
themes, emerged from the data as the analysis progressed.

3. Results

3.1. Task performance

Output from Model 1 showed significant main effects of motion 
(𝐹1,139 = 11.38, 𝑝 = 0.001) and environment (𝐹2,139 = 8.26, 𝑝 < 0.001). 
The motion x environment interaction was not significant (𝐹2,2 = 0.33, 
𝑝 = 0.718).

The mean correct response time (MCRT) when the robot was still 
was 1.080 ±0.032 seconds (Fig. 6b). Participants responded 0.052 ±0.016
s slower when the robot was moving, regardless of environment (𝑡139 =
3.37, 𝑝 < 0.001, 𝑑 = 1.45). The MCRT in the physical environment was 
1.148 ±0.033 s. Participants responded 0.052 ±0.019 seconds faster in the 
VR-LiDAR environment (𝑡139 = 2.70, 𝑝 = 0.021, 𝑑 = 1.43) and 0.076 ±0.019
seconds faster in the VR-CAD environment (𝑡139 = 3.98, 𝑝 = 0.001, 𝑑 =
2.10) regardless of motion. The difference between the VR-CAD and 
VR-LiDAR environments was not statistically significant (𝑡139 = 1.28, 𝑝 =
0.411, 𝑑 = 0.67).

Output from Model 2 showed a statistically significant simple ef-
fect of sound in the VR-CAD environment when the robot was still. The 
MCRT was 0.051 ± 0.022 s slower in response to audio cues (𝑡196 = 2.26, 
𝑝 = 0.025, 𝑑 = 1.55), keeping the other factor levels fixed. Themes relat-
ing to behavioral fidelity are shown in Table 4.

3.2. Workload

Output from Model 1 showed a statistically significant interaction 
effect of motion x environment (𝐹1,133 = 3.86, 𝑝 = 0.024) and a main ef-
fect of motion (𝐹1,133 = 15.57, 𝑝 = 0.001). The main effect of environment 
was not significant (𝐹2,133 = 1.801, 𝑝 = 0.169).

The mean TLX score in the physical environment when the robot was 
still was 32.99 ±3.60 (Fig. 6c). When the robot was in motion, scores in-
creased by 7.58 ±1.92 in the physical environment (𝑡133 = 3.95, 𝑝 = 0.002, 
𝑑 = 0.02), but this effect was reduced by 5.70 ± 2.72 (75%) in the VR-
LiDAR environment (𝑡133 = 2.10, 𝑝 = 0.04, 𝑑 = 0.02) and 7.16 ±2.73 (95%) 
in the VR-CAD environment (𝑡133 = 2.62, 𝑝 = 0.010, 𝑑 = 0.02). Further-
more, the simple effect of motion was not significant in either the 
VR-LiDAR environment (𝑝 = 0.33, 𝑑 < 0.01) or the VR-CAD environment 
(𝑝 = 0.83, 𝑑 < 0.01).

Output from Model 2 did not reveal any statistically significant ef-
fects. Themes relating to psychological fidelity are shown in Tables 5
and 6.

3.3. Anxiety

Output from Model 1 revealed a main effect of motion (𝜒2
1 = 10.31, 

𝑝 = 0.001). The motion x environment interaction effect was not sig-
nificant (𝜒2

2 = 3.62, 𝑝 = 0.163), nor was the main effect of environment 

(𝜒2

2 = 0.06, 𝑝 = 0.973).
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Fig. 5. Design space of the experiment. Note the absence of two impossible conditions in the Physical environment.

Fig. 6. The effect of robot-motion in different environments on: (a) presence, (b) task performance, (c) workload, and (d) anxiety. Error bars show ± 1 standard 
6

error.
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The latent mean tense score in the Physical environment when the 
robot was still was 1.43 ± 0.13 (Fig. 6d). When the robot was in motion, 
the log-odds of obtaining a greater tense score increased by a factor 
of 𝛽𝑀𝑜𝑡𝑖𝑜𝑛 = 2.14 ± 0.66 (Wald 𝑧 = 3.25, 𝑝 = 0.001), an 89.5% increase 
in probability. Despite the lack of a statistically significant motion x 
environment interaction, post hoc tests of latent mean scores showed 
that the simple effect of motion was not statistically significant in the 
VR-LiDAR environment (Wald 𝑧 = 1.15, 𝑝 = 0.250) or the VR-CAD envi-
ronment (Wald 𝑧 = 1.07, 𝑝 = 0.288).

Output from Model 2 did not reveal any statistically significant ef-
fects. Themes relating to affective fidelity are shown in Table 7.

3.4. Presence

Output from Model 1 revealed a statistically significant main effect 
of environment (𝐹2,131.8 = 61.30, 𝑝 < 0.0001). The motion x environment 
interaction was not significant (𝐹2,131.8 = 0.47, 𝑝 = 0.63), nor was the 
main effect of motion (𝐹1,132.1 = 0.29, 𝑝 = 0.59).

The estimated mean SUS score in the physical environment was 
6.51 ±0.20 (Fig. 6a). Mean scores were 1.50 ±0.19 points lower in the VR-
LiDAR environment (𝑡131.8 = 8.00, 𝑝 < 0.0001, 𝑑 = 0.91) and 1.99 ± 0.19
points lower in the VR-CAD environment (𝑡131.8 = 10.62, 𝑝 < 0.0001, 
𝑑 = 1.20) regardless of motion. The difference between the VR-LiDAR 
and VR-CAD environments was also statistically significant (𝑡131.8 = 2.61, 
𝑝 = 0.03, 𝑑 = 0.30)

Output from Model 2 showed a significant main effect of graphical 
detail (𝑡186 = 2.86, 𝑝 = 0.005, 𝑑 = 0.25). The mean score in the VR-
CAD environment was 4.36 ± 0.25. Scores were 0.59 ± 0.21 greater in 
VR-LiDAR, averaged across levels of motion and sound. The motion x 
sound interaction was similar in magnitude (𝛽 = 0.44 ± 0.24, 𝑡186 = 1.87, 
𝑝 = 0.063, 𝑑 = 0.19), but was not statistically significant. However, post 
hoc contrasts did show a statistically significant simple effect of motion 
when sound was on (𝑡186 = 2.89, 𝑝 = 0.022, 𝑑 = 0.21), with presence be-
ing 0.48 ± 0.17 greater when motion and sound co-occurred compared 
to when sounds were played but the robot was still.

Themes relating to physical fidelity are shown in Table 3.

3.5. Themes

Table 3

Count of participants (N) who expressed themes associated with physical fi-
delity “How could the VEs be made more realistic?”

Theme N

Environment 18

Shadows in VR-LiDAR 6
“The white shadows threw me off [. . . ] like this is not really real.”

Lack of detail in VR-CAD 6
“It feels kind of cartoonish.”

Embodiment and interaction 5
“Actually being able to see [my hands] would have made it feel more 

realistic for me.”

HMD tracking issues 5
“When I moved my head it just all kind of like distorted a little.”

Depth compression 4
“It felt like the space was more compacted than it was in real life.”

Sound localization 4
“I didn’t like how the sounds didn’t come from the same direction as the 

robot in the VR.”

Sound quality 3
“There was a pretty obvious difference between the headphones and 

hearing it in person.”

Color differences 3
“The colors were really bright in VR. Kind of like a fever dream or 

something.”
7
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Table 4

Count of participants (N) who expressed themes associated with behavioral 
fidelity: “Do you think you performed the same in all three environments? 
Why or why not?”

Theme N

Environment 14

Game-like quality of VR 5
“It was easier to do it virtually because it just feels like a game.”

Fewer distractions in VR 4
“[In VR] it’s like all the distractions are kind of cut out.”

Sound 3
“I think [the sound] made it harder to do the task.”

Novelty 2
“Because of the novelty, I was taking every chance I could get to look up at 

[the real robot].”

Motion 3

Motion per se 3
“I think I performed worse in the actual world when the robot was moving.”

Time 2

Practice 2
“I think over the course of the tests I got more used to the doing the task.”

Table 5

Count of participants (N) who expressed themes associated with psychological 
fidelity: “What parts of the environments drew your attention away from the 
task?”

Theme N

Environment 16

Sound 11
“I think the sound drew my attention more than the visual aspects.”

Bright colors in VR 7
“I was just like really fascinated by the colors, just like pops.”

Details in VR-LiDAR 5
“In the more realistic one, just the amount of detail.”

Fewer distractors in VR 3
It felt clean and sharp, that’s it. Less distracting.

Motion 14

Proximity 5
It just felt like it was getting in my face and I wasn’t able to concentrate.

Motion toward 4
It moving towards me [. . . ] definitely drew my attention.

Novelty 3
That was very distracting because it is cool to look at.

Kinematic qualities 2
The way [the robot] was moving probably drew most of my attention.

4. Discussion

The results of this study suggest that the simple effect of robot 
motion was consistent across environments for measures of task perfor-
mance and anxiety, meaning that the VEs were fidelitous in that sense. 
However, there were several statistically significant results which have 
important implications for the psychological, behavioral, and physical 
fidelity of VEs for HRI.

4.1. Effect of robot motion in the physical environment

In the physical environment, search task performance decreased in 
response to robot motion, while workload and anxiety increased. This 
suggests a reallocation of attentional resources away from the task and 

toward the moving robot via attentional capture, consistent with re-
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Table 6

Count of participants (N) who expressed themes associated with psychological 
fidelity (cont’d): “What parts of the environments drew your attention away 
from the task?”

Theme N

Meta knowledge 13

Looking for differences between environments 13
Once I started to notice the differences between the actual lab and VR,

that would catch my attention.

Time 3

Practice 3
As we kept going, I wasn’t thinking about it as hard.

Table 7

Count of participants (N) who expressed themes associated with affective fi-
delity: “How did the robot make you feel?”

Theme N

Motion 18

Proximity 13
It felt like it was invading my space.

Motion toward 6
I think it’s just that it came straight towards me.

Kinematic qualitites 5
It moves like a snake about to strike.

Time 15

Predictability 11
[Knowing that it had one set pattern] helped reduce the feeling of risk and stress.

Habituation 4
[It] just kind of phased out of my experience.

Meta Knowledge 11

The real robot will not really hurt me 4
I wasn’t worried because I remembered the [consent form] said it could not hurt 

you.

VR is not real 4
The virtual one didn’t really bother me because I knew it was virtual.

Novelty 3
I haven’t seen any robot arms before, so it was fun to look at.

Environment 8

Sound 5
[It] sounded a little more threatening [in reality]. So [it] made me a little more 

tense.

Pleasing aesthetics 3
I liked the designed environment because it felt aesthetically more pleasing.

Warning coloration on robot 2
This may sound weird, but the color red obviously is more associated with danger.

source theory (Hancock et al., 2019) and previous research using visual 
search tasks (Wolfe, 2010; Chan and Hayward, 2013). The motion of 
the robot, its sound, proximity, direction straight toward the body, and 
unsettling animal-like kinematic qualities were identified as themes as-
sociated with both anxiety and workload (Tables 5, 6, and 7). These 
are consistent with previous findings that physiological stress increases 
with robot speed (Arai et al., 2010; Fujita et al., 2010) and that straight-
line reaching trajectories are deemed more unsafe (Kulić and Croft, 
2007) and stressful than more circuitous motion plans (Fujita et al., 
2010; Dehais et al., 2011).

4.2. Behavioral fidelity

Task performance was better overall in the VR-CAD environment 
compared to the physical environment. The themes in Table 4 sug-
8

gest three possible explanations: the relative lack of distractions in VR, 
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increased physiological arousal, or an HMD-specific neurological phe-
nomenon.

Participants cited the lack of environmental distractions as a reason 
for better performance in VR: “it’s like all the distractions are kind of cut 
out” (Table 4). The VR-CAD environment in particular was less detailed 
and contained fewer visual cues of any kind: “it feels kind of cartoonish” 
(Table 3). Performance enhancement due to the lack of distractions is 
consistent with work in diminished reality (Murph et al., 2021), a form 
of augmented reality which eliminates aspects of the physical environ-
ment to promote focus on specific tasks (Richardson et al., 2021). It has 
been used to augment the attention of individuals with autism (Yantaç 
et al., 2015), and to improve attention and memory during video con-
ferencing (Yao et al., 2013). Future work in VR might investigate the 
role of visual clutter on the fidelity of performance-based measures of 
attention allocation.

The themes of novelty and game-like qualities of VR (Tables 4 and 5) 
suggest that participants may have been more excited or aroused when 
they were wearing the HMD. Increased arousal can increase task perfor-
mance up to a point, as described by the Yerkes-Dodson law (Yerkes and 
Dodson, 1908). Although the present study did not measure arousal, 
HMD-based VR has been shown to increase self-reported anger and sex-
ual arousal compared to computer monitors (Magdin et al., 2021; Elsey 
et al., 2019; Milani et al., 2022; Simon and Greitemeyer, 2019). How-
ever, a recent study Li et al. (2020) found that both neurological and 
performance-based measures of selective attention were enhanced in 
VR, but there was no difference in neurological measures of arousal. 
The results of that study, as well as the themes of color in Tables 3 and 
5 (“the colors were really bright in VR. Kind of like a fever dream”) 
may suggest that faster response times were the result of the optical 
characteristics of the HMD displays and their effect on the human ner-
vous system, rather than increased physiological arousal due to a novel 
and game-like VR experience. Future work might be done to investigate 
this possibility.

4.2.1. The role of sound

The effect of sound on task performance from Model 2 in Section 3.1
suggests that motion-related performance decrements were associated 
with the sound of the robot’s motors. This is consistent with previous 
research showing that auditory distractors can capture attention dur-
ing visual search tasks (Dalton and Hughes, 2014; Tellinghuisen and 
Nowak, 2003), and with themes in Tables 4, 5, and 7 showing that 
the robot’s sound made the task more difficult, captured attention, and 
felt threatening. This implies that care should be taken to replicate the 
psychometric properties of the auditory aspects of the physical envi-
ronment even if the primary task is visual, and that the sound design 
of robotic systems may play an important role in the performance of 
human-robot teams.

4.3. Psychological fidelity

The effect of motion on TLX scores was significantly lower in both 
the VEs compared to the physical environment. One possible interpreta-
tion is that workload did not increase with robot motion in VR. Another 
is that workload did increase in VR, but that the TLX dissociated from 
task performance in an example of workload insensitivity (Hancock et 
al., 2019). This latter interpretation is supported by the response time 
results and the qualitative results: The lack of a significant motion x 
environment interaction effect on response time suggests that the dele-
terious effect of motion was consistent across environments, implying 
that attentional capture occurred in all environments (Olk et al., 2018; 
Parsons et al., 2013). The themes in Tables 4, 5, and 6 also suggest that 
explicit attentional capture occurred in the virtual environments. Thus, 
based on the expectations of resource theory, one would expect subjec-
tive workload to have increased with motion in the VEs as it did in the 
physical environment, but it did not. Because the TLX is the gold stan-

dard for measuring mental workload in VR (Reinhardt et al., 2019), the 
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possibility that it can become insensitive under some circumstances has 
serious implications for the use of virtual environments as testbeds for 
HRI research and perhaps human factors research in general.

The themes of “game-like quality” (Table 5) and “pleasing aesthet-
ics” (Table 7) may point to a connection to hedonomics (Hancock et 
al., 2005), or the pleasurable aspects of the VR experience. Participants 
stated that “In the real world it felt like a task, but in VR it was like a 
game”, that the robot was “fun to look at”, and that VR was “aesthet-
ically more pleasing”. This may have made performing the task in the 
face of distraction by the moving robot less a source of mental demand 
and effort, and instead a source of fascination and fun, rendering the 
TLX insensitive while maintaining the sensitivity of the response time 
measure.

Future work could confirm the possible workload insensitivity ob-
served here and determine its cause. Individual differences in VR ex-
perience and the “wow factor” may be worth investigating using a 
mixed-methods approach including additional physiological and neu-
rological indicators of mental workload.

4.4. Affective fidelity

The results from Model 1 in Section 3.3 suggest that the effect of mo-
tion on anxiety was not different across environments. Participants said 
that the proximity of the moving robot made it feel like it was invad-
ing their space (Table 7), but that the virtual robot did not bother them 
because they knew it was not real (Table 7). However, at least two par-
ticipants thought the real robot was moving when they were wearing 
the HMD, which may have attenuated the motion x environment inter-
action effect. Future experimenters should be sure to tell participants 
what will occur in the physical environment while they are immersed 
in VR.

4.5. Physical fidelity

The significant effect of graphical quality on presence from Model 2 
in Section 3.4 suggests that the SUS was sensitive to changes in place 
illusion via manipulations of immersion. This seems to contradict Skar-
bez et al. (2021), who found that the SUS did not respond to increased 
immersion as a main effect on place illusion. This discrepancy may have 
resulted from how immersion was manipulated in the two studies: via 
the graphical detail in this study, and via field-of-view, passive haptics, 
and sound cues in Skarbez et al. (2021).

The post hoc contrasts from Model 2 in Section 3.4 also showed that, 
in VR, greater presence was elicited when sound effects accompanied 
robot motion compared to when sound effects were played but the robot 
was clearly still (Section 3.4). One possible interpretation is that in the 
first case motion and sound were coherent but in the second case they 
were not, because in the physical environment motion always occurs 
with sound and vice versa. Past research has also found that presence 
increased when visual cues were accompanied by coherent audio cues 
(Poeschl et al., 2013; Hoppe et al., 2019), but decreased when audio 
cues were heard despite clear visual evidence to the contrary (Slater et 
al., 2022a,b). An ergonomic application of this might be a virtual fac-
tory, programmed such that ambient noises are heard but the motions 
of machinery that cause those sounds are not animated, perhaps due to 
time or budgetary constraints. Such a condition might actually reduce 
presence. So if presence is important, designers might consider omit-
ting such sounds, or including some sort of easy-to-animate motion to 
indicate their physical origin.

Again, the results of this study seem to contradict Skarbez et al. 
(2021), who found that the SUS did not respond to manipulations of 
coherence. This may be because coherence was manipulated by the con-
gruence of motion and sound cues in the present study, but by physics 
and narrative coherence in Skarbez et al. (2021). Taken together, this 
supports the idea of coherence as represented by a mathematical vector 
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whose important elements are still largely undiscovered (Skarbez et al., 
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2021). It may be that the congruence of motion and sound is one such 
important element, whereas physics and narrative coherence are not.

4.6. Limitations and future work

There several limitations to this study. First, the conjunctive search 
task (Section 2.4) had the advantage of being a well studied paradigm 
that could be reproduced in every environment, but it was rather ab-
stract. Future work might utilize more ecologically valid stimuli or tasks 
based on more realistic HRI applications.

Second, our sample comprised mostly university students, so it is 
probably not representative of the demographic who would be working 
with collaborative robots in real manufacturing environments, and cer-
tainly not representative of the working population as a whole. Future 
work might use a more representative sample.

Third, creating a virtual environment based on multiple co-aligned 
LiDAR scans was challenging, and therefore a single scan taken at eye 
level was ultimately employed (see Section 2). It resulted in “shadows” 
behind every object due to occlusion. These made the VR-LiDAR en-
vironment less realistic (Table 3) and served as distractions (Table 6). 
A more viable approach might have been to apply photorealistic tex-
tures to the models created for the VR-CAD environment. In addition, 
the point-cloud renderings in the VR-LiDAR environment were only 
believable for background objects. Because of this, the desk, monitor, 
keyboard, and robot were rendered in the VR-LiDAR environment just 
as they were in the VR-CAD environment. This may have reduced the 
SUS scores for the VR-LiDAR environment.

Lastly, the measures required to fully address fidelity are more nu-
merous and complex than those used here. Future work might explore 
a single type of fidelity more thoroughly by triangulating constructs via 
subjective, physiological, and performance-based measures.

4.7. Conclusions

The results demonstrate a possible example of workload insensitiv-
ity in VR, with potentially serious implications for the ability of VEs 
to recreate real-world changes in subjective workload associated with 
the motion of nearby robots. The results also corroborate the ability 
of HMD-based VR to enhance attention, the practical implications of 
which are worth exploring. Additionally, presence responded to ma-
nipulations of both immersion and coherence, with implications for the 
theory of presence. Finally, the performance decrements associated with 
robot motion were likely due to the sound of the robot’s motors, with 
potential implications for the performance of human-robot teams.
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