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Abstract

This thesis examines how Situational Awareness (SA) and Trust, along with

some exploratory variables, were affected by different immersion levels in

maritime remote monitoring. To examine this a simulated Shore Control

Centre (SCC) interface for Maritime Autonomous Surface Ships (MASS) was

constructed, which had an autonomous container ship traversing the arctic with

robotic aids. Three query sets were asked per simulation run, which facilitated

tracking how SA, Trust, and Motion Sickness (MS) evolved over time. Three

different virtual reality (VR) interfaces were used; Non-Immersive VR (NVR),

Semi-immersive VR (SVR), and Immersive VR (IVR). The simulation and

query sets were performed on a counterbalanced within-subjects user study

with 39 participants. The results illustrated various trade-offs - with NVR

showing higher user preference, SVR showing signs of higher SA, and IVR

showing moderate Trust but increased MS. Understanding these trade-offs

between immersion levels is a requisite step for designing future SCCs.
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Chapter 1

Introduction

As automated vehicles and robots become increasingly ubiquitous, there has

been a push from shipping solutions providers to extend these technologies

to maritime shipping. This is known as Maritime Autonomous Surface Ships

(MASS), and has been a growing area of research over the past decade with

potential benefits of mitigated environmental impact, reduced risk for seafarers,

and economic efficiency (Dybvik et al., 2020; Yara, 2021). Various projects have

made strides designing MASS systems including the Munin Project, ReVolt,

and the Yara Birkeland (Munim, 2019). The latter has made the most progress,

with manned pilot voyages being carried out across the Oslofjord in 2021

and 2022, and un-crewed commercial usage expected to begin in late 2023

(Kongsberg, 2022).

Autonomous vessels can have various levels of automation, exemplified by

the four Degrees of Shipping Automation defined by the International Maritime

Organization (IMO) (IMO, 2021). These range from partial automation of

manned ships at Degree 1, to fully autonomous vessels with no human in-

tervention at Degree 4. Degree 3 is the major goal of many research groups,
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since this technology is deemed plausible in the near future (Dybvik et al.,

2020). Degree 3 vessels would rely on autonomous navigation, but still have a

remote human-in-the-loop to make course impacting decisions and take control

if necessary. This remote monitoring and control would occur at a Shore

Control Centre (SCC), sometimes called a Remote Operation Centre (ROC),

which are command centres for autonomous MASS systems (Van Den Broek

et al., 2020; Kongsberg, 2022). The humans that will monitor these systems

are typically given the title of SCC Operator (SCCO) in the literature (Saha,

2021). Key factors when building interfaces for future MASS systems are the

need to optimize Situational Awareness (SA) and manage Trust (Heffner and

Rødseth, 2019; Dybvik et al., 2020). This is because they serve to mitigate risk

when properly accounted for (Thieme and Utne, 2017).

Endsley defines SA as “the perception of elements in the environment within

a volume of time and space, the comprehension of their meaning, and the

projection of their status in the near future” (Endsley, 1995; Loft et al., 2013;

Nguyen et al., 2019). This relates to the concept of mental models, wherein a

user has an internal conceptualization of the environment that can vary from

the ground truth. As such, an SCCO would always want a relatively high

SA. Trust is a more complex concept, and instead of a higher level, requires

calibration when dealing with automation (Lee and See, 2004). Too little Trust

and an SCCO might intervene too much, which wastes time and resources and

can be dangerous if an SCCO has an inaccurate mental model. Conversely, too

much Trust can be just as dangerous, as an over-reliant SCCO may not notice

signs that the system is malfunctioning or in danger.

One factor that has the potential to impact these constructs is a user’s

sense of immersion, which is a concept associated with virtual reality (VR)
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and mixed reality (MR) technologies. Immersion involves constraining a user’s

perceptual experience to a virtual or remote environment (Rizzo and Koenig,

2017). As such, increased visual peripheral occlusion, naturalistic control,

haptic feedback, and focused auditory stimuli correlate to a greater sense of

immersion. Since immersion depends on varying degrees of engagement with

numerous senses, it is not a binary concept, and can have differing levels. For

practicality, the immersion levels herein are categorized and referred to as

Non-immersive Virtual Reality (NVR), Semi-immersive Virtual Reality (SVR),

and Immersive Virtual Reality (IVR), and serve as the main Independent

Variables (IVs) in this thesis.

NVR, sometimes called Low-immersion VR, involves interacting with a

virtual environment using limited sensory immersion (Rizzo and Koenig, 2017;

Martirosov et al., 2021). As such, playing a video game on a TV would

constitute NVR. The function of NVR in the present study is to see what a

basic teleoperation interface would look like. SVR, sometimes called Medium-

immersion VR, is ambiguously defined in the literature, but typically involves

using large or concave displays that semi-occlude the user’s peripheral vision

(Pollard et al., 2020; Martirosov et al., 2021). In SVR, camera movement

around the virtual environment can be accomplished through a secondary

medium like a joystick. SVR also often uses earphones, or speakers, for

controlled audition. Finally, IVR, sometimes called High-immersion VR, uses

Head-mounted Displays (HMDs), which occlude peripheral vision and use

sensors to map head movement to the rendered vantage point in the virtual

environment (Pollard et al., 2020). Other sensory tools are often utilized to

increase immersion, such as noise-cancelling headphones for controlled audition,

and haptic controllers for proprioceptive feedback.

3



This thesis sought to examine how SA and Trust are affected by different

immersion levels in SCC interfaces, and in turn how these cognitive assessments

correlate to each other. For exploratory purposes, a small battery of supplemen-

tary cognitive tests and behavioural measures were added as well. This included

Motion Sickness (MS), Mental Workload (MWL), Usability (US), Camera’s

Average Rotational Speed (C-ARS), and Camera’s Number of Vantage State

Changes (C-NVSC). All of these measures serve as Dependent Variables (DVs)

in this thesis, and their specifics are discussed in Chapter 3.

This is a complicated area of research to explore due to the lack of opera-

tional SCCs, let alone those employing MR interfaces. Considering this, a VR

simulation of a MASS system and SCC interface was constructed and used to

mimic how these systems will navigate their environment and how the SCCO

will receive navigational and sensory data. As such, in this study VR is used

as a proxy for future SCC MR interfaces.

The simulation scenario involves a MASS container ship and its robotic aids

traveling through the Canadian arctic. The lack of appropriate telecommuni-

cations infrastructure in remote areas of Canada’s arctic will pose one of the

most extreme bandwidth-limited scenarios a MASS vessel is likely to encounter.

Additionally, the MASS vessel was tasked with navigating around floating ice.

This simulation assumed an IMO automation level of 3, so the participant who

is acting as the SCCO was tasked with remotely monitoring the container ship’s

progress. Having different immersion levels helped to determine if there is a

statistically supported benefit to an operator’s SA and Trust in the utilization

of immersive MR equipment in SCCs.
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Chapter 2

Related Work

I am unaware of any research focusing on VR or MR interfaces for the teleop-

eration or remote monitoring of MASS systems. As such, comparable areas of

research are discussed to piece together the state of the literature.

2.1 Comparing Levels of Immersion

Several research groups have explored the impact of immersion levels. For

example, Pollard et al. (2020) used a within-subjects study using 61 participants

to examine how learning differed between levels of immersion. The IVs in this

instance were the level of immersive technology used, described as Low, Medium,

High. Respectively, these were a desktop monitor with speakers, a NVIS HMD

with supra-aural headphones, and an Oculus Rift HMD with circum-aural

headphones. Their study used various performance metrics related to learning

and memory, and found that in general the higher level of immersion provided

better learning performance - and suggested worse learning performance for the

medium immersion level. This not only illustrates an example of an immersion
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level comparison, but also shows that different immersive technologies can

uniquely impact various human factors variables. They also argue for the use

of within-subjects study designs when doing VR research.

Similarly, Martirosov et al. (2021) performed a user study on 89 participants

examining how non-immersive, semi-immersive, and immersive VR affect cyber

sickness. Herein, they used a desktop monitor for non-immersive VR, a Cave

Automatic Virtual Environment (CAVE) system for semi-immersive VR, an

Oculus Rift for immersive VR, and a physical task for the control group. The

study showed immersive VR led to very high cyber sickness, with numerous

participants unable to complete the full 10 minutes of the study. Here, semi-

immersive VR also showed increased cyber sickness, but to a lesser extent

than immersive VR. This illustrates how cyber sickness, or MS, is thought to

increase as immersion level increases.

These studies show how comparing immersion levels can be useful for

understanding immersion’s effect on cognitive constructs. However, there

appears to be no research of this form when it comes to Trust or SA for

teleoperated automation in non-line-of-sight scenarios.

2.2 VR & MR for Autonomous Teleoperation

While it appears no research group has tested the use of MR teleoperation

for MASS systems, there are several papers that discuss the utilization of

MR teleoperation for robotics. To understand the requirements for remote

operators, it is necessary to examine the field of teleoperation. This research

examines the area of interface design for teleoperated robots, which can often

incorporate MR. For example, Smolyanskiy and Gonzalez-Franco (2017) out of
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Microsoft examined how first-person VR perspectives during Unmanned Aerial

Vehicle (UAV) flight can aid in navigation. Herein, they built a VR interface

for a drone, and then tested it on 7 participants. They then utilized video

recordings of these tests to create a VR simulation that they used to separately

test the effects of stereo vision and the prevalence of MS in teleoperation in

two user studies. This work is useful for two reasons, the first being that it

shows that simulations have been used in private industry and academia for

testing immersive interfaces for teleoperated robotics. Another reason is that

the results showed relatively low levels for MS, which indicates that MS in VR

teleoperation is not necessarily a given.

Other groups like Naceri et al. (2021) explored the use of a VR HMD

as an interface for a robotic arm to improve SA. This group designed a VR

interface for a UR5 robot arm, and then performed a between-subjects user

study on 24 participants that used completion time and performance as DVs.

The IV conditions in this case were a desktop setup, VR without camera

teleporting, and VR with camera teleporting. This concept of teleporting

involved implementing multiple cameras as freely navigable viewpoints - a

concept that directly influenced this study. Notably, out of 3 IVs VR with

teleporting had the best performance, illustrating a potential benefit to this

approach. The study also gave an architectural overview of connecting the

Unreal game engine with ROS, which could prove useful for future research.

Additionally, groups like Fabris et al. (2021) explored how immersive tele-

operation can impact SA. This group created two interfaces, one a traditional

computer monitor interface, and the other a computer monitor with an Aug-

mented Reality (AR) headset to augment the user’s view - which they refer

to as traditional and immersive stations, respectively. They also created a
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simulation of a teleoperated Unmanned Ground Vehicle (UGV) that they tested

on 11 participants using a within-subjects user study. To assess SA, they used

the Situation Awareness Global Assessment Technique (SAGAT) - a freeze

probe technique - as well as various performance metrics. Their work showed

very little difference for SA between their station interfaces.

These studies demonstrate different ways of designing immersive interfaces

for teleoperated robotics, which is useful for narrowing down which features

should be explored for a MASS SCC.

2.3 MASS Systems

Several groups have examined the various concerns and design strategies that

will have to be considered before MASS systems and SCCs can be developed.

Peeters et al. (2020) examined how human monitoring at an SCC might occur

for USVs that are large enough to transport cargo. This study is relevant since

it highlights the benefits of creating an Inland SCC, and also the requirements

to create such systems. Even though they don’t explicitly study SA, they also

note its importance for remote monitoring stations.

Felski and Zwolak (2020) examined the threats that will be posed for future

MASS SCCs. This paper was important for contextualizing risk and threat

analysis - which highlighted concepts important for analysis when designing an

SCC, such as SA and Trust.

Namgung and Kim (2021) analyzed how MASS systems would need to

comply with the International Regulations for Preventing Collisions at Sea

(COLREGs) navigational rules laid out by the IMO. This outlined the general

system requirements for MASS, and specifically for understanding how ship
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avoidance would have to be designed for these autonomous systems so as to

mitigate risk.

Yoshida et al. (2020) and Saha (2021) both examined the exact responsi-

bilities of SCCOs, their required background, and the necessary training to

prepare them for the role. Yoshida et al. outlined the regulatory needs for

MASS operation such as legal gaps, operator training, and operator certifi-

cation which was important to understand what kind of person would be an

SCCO. They suggest that SCCOs, or remote operators as they are called,

would be a person of a seafaring background with supplementary education in

electronic navigation and autonomous technologies. Secondly, they indicate

the importance of SA and understanding how the various levels as defined by

Endsley (1995) can be accounted for. Moreover, they indicate the importance

of Trust for remote operation. Saha on the other hand focused on examining

core competencies for future SCCOs, which include systems understanding,

technical communications knowledge, and maritime competence. Both of these

illuminate the general requirements for an SCCO.

As a last note, companies such as Rolls-Royce and Kongsberg have been

making active strides to construct SCCs (Rolls-Royce, 2016; Kongsberg, 2022).

Knowledge of these are sparse due to the proprietary nature of the technology,

but highlight how this is an active area of industry research.

2.4 Human Factors for Control Centres

There are multiple factors to consider when designing teleoperated, or remotely

monitored, interfaces, such as communications bandwidth and the type of data

available. One type of data is a video stream. These are informative, but are
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bandwidth-intensive, especially when operating at high latitudes with limited

satellite coverage. Importantly, video quality can be reduced without having

a large impact on the SA of SCCOs as shown by Yoshida et al. (2021) in

their study of how MWL would affect remote operators of MASS systems. In

addition to video feedback, some degree of navigational information would be

available for control centres.

Marusich et al. (2016) performed multiple Command and Control (C2)

simulation user studies to analyze how varying levels of task relevant information

can affect SA and Trust in C2 environments. They note how too much

information, even if task-relevant, can negatively impede SA and Trust. This

emphasizes the need to organize these systems around cognitive processes, and

to emphasize simple and intuitive design. Much like the findings of Yoshida

et al. (2021), this is beneficial in situations where a control centre has poor

bandwidth connection or high latency, since it means design can focus on

conveying the core navigational information.

Cunningham et al. (2015) performed a within-subjects user study on 35

pilots to assess SA in an aviation ground control simulation. Their work focused

on why Situation Present Assessment Method (SPAM) queries are sometimes

left unanswered by participants, but notably they used a multiple query set

model. Herein, different SPAM probes were asked over the course of a test in

2-4 minute intervals, with the participant acting the part of various control

room roles for the different conditions. This study was valuable for two reasons.

First, it lends credence to the idea of using multiple SPAM queries, or probes,

in a single test. Second, it shows the use of SPAM queries that mimic remote

operators, which is an important concept for creating a believable role-based

simulation.
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Finally, the group of Loft et al. (2016) performed various within-subjects user

studies to assess how uncertainty affects operator SA, MWL, and performance,

for remote track management of submarines in combat scenarios. They used

SPAM to assess SA, and the National Aeronautics and Space Administration’s

(NASA) Task Load Index (NASA-TLX) to assess MWL. By manipulating

uncertainty in submarine locations, they illustrated how increased uncertainty

can negatively impact SA and MWL. Like Cunningham et al. this shows SPAM

being used to emulate a role-based scenario, but importantly it demonstrates

its utility in a maritime setting in addition to the aviation scenarios it was

originally developed for. Additionally, this concept of uncertainty was useful

since part of what this thesis analyzed was randomized ice obstacle avoidance.

Thus, understanding how uncertainty could impact SCCO SA was important

for designing the ice distribution system that will be discussed in the next

section.

The research discussed in this chapter illustrates how a lot of pieces required

to study human factors in MASS systems are there to build on, but that there

are still significant gaps in the literature - the most obvious of which being a

lack of focused user study on MR for MASS systems. Additionally, there is

a gap in research exploring whether immersive systems can impact SA and

Trust in maritime teleoperation scenarios. The goal of this research was to

build upon the works discussed to try and bridge parts of these gaps in the

literature.
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Chapter 3

Methods

This section will cover the methods used in the research. Specifically, this

section covers the participants enlisted, the system apparatuses, the simulation,

the study procedure, the study’s design, and the methods of statistical analysis

used.

3.1 Participants

Thirty-nine participants were enlisted through two main sources, the first

source being participants from York University’s Undergraduate Research

Participant Pool (URPP). These students comprised 28 of the total number,

and were compensated with course credit. The other 11 of participants were

local volunteers.

The majority of participants were undergraduate students, which is perhaps

unsurprising given how many people were enlisted via the URPP. These students

came from a wide range of majors. Of the volunteers, three were graduate

students from the Virtual Reality & Perception Lab, and the rest of the
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participants were working professionals. The breakdown of these occupational

backgrounds can be seen in Figure 3.1.

Figure 3.1: Histogram showing the breakdown of participant occupations.

The age of participants ranged from 18 to 61, with the majority of par-

ticipants being in their twenties. Additionally, for the gender breakdown, 28

participants identified as women, and 11 identified as men. A histogram of

participant ages with their respective gender identities can be seen in Figure

3.2.

3.2 Apparatus

A laptop was utilized for running all of the simulations and gathering output

data. This was a DELL G15 with Windows 11, 16 GB Random Access Memory
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Figure 3.2: Histogram of participant ages with gender identity breakdown.

(RAM), 1 TB Solid State Drive (SSD), an Intel Core i7 Processor, and a Nvidia

Geforce RTX 3060 Graphics Processing Unit (GPU).

3.2.1 NVR Setup

The NVR immersion level - an example of which can be seen in Figure 3.3 -

used a large TV with built-in speakers, a secondary monitor, a keyboard, and

a wireless mouse. The TV showed the various panoramic camera perspectives,

which were navigable with the W(steer up), A(steer left), S(steer down), D(steer

right) keys on the keyboard. This meant that users could affect the camera

display’s yaw and pitch - however the roll was locked to be level with the

horizon. Horizontal movement included the full 360° range, while the vertical

movement was locked to a 150° range, which was to avoid issues with camera

flipping. The visual details for the TV were as follows:

• Dimensions (Width x Height): 123 cm x 70 cm

• Field-of-View (FOV): 90°

• User Distance from Focal Point: 70 cm
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• Resolution (Constrained): 1280 x 768

• Luminance (Box Measurements; calculated by fixating on the central

static focal point of two different types of light contrast test background

using a Minolta LS-100 Luminance Meter):

– White Box (10% of screen) on a Black Background: 62.270 cd/m2

– Black Box (10% of screen) on a White Background: 0.728 cd/m2

The second display showed the console and query set interfaces, which could

be interacted with using the mouse. The second display blocked roughly 10%

of the participant’s camera FOV when looking directly forward. This was an

unfortunate necessity to maintain continuity with the IVR setup, which would

invariably have some level of obstruction from its game space console. The

details for the secondary monitor were as follows:

• Dimensions: 38 cm x 31 cm

• User Distance from Focal Point: 45 cm

• Angle of the Secondary Monitor (Relative to the Table): 80°

• Luminance (Box Measurements):

– White Box on a Black Background: 78.490 cd/m2

– Black Box on a White Background: 4.472 cd/m2

3.2.2 SVR Setup

The SVR immersion level - an example of which can be seen in Figure 3.4 -

used an eLumens concave projector display, a secondary monitor, a joystick,
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Figure 3.3: A participant using the NVR immersion level

a wireless mouse, and supra-aural headphones. The eLumens display showed

the various panoramic camera perspectives, which were navigable via joystick.

Similarly to NVR, the users could affect the camera display’s yaw and pitch -

however the roll was locked to be level with the horizon. Horizontal movement

included the full 360° range, while the vertical movement was locked to a 150°

range, which was again to avoid issues with camera flipping. The details for

the eLumens display were as follows:

• Dimensions: 165 cm x 160 cm

• FOV: 90°

• User Distance from Focal Point: 100 cm
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• Resolution (Constrained): 1280 x 768

• Luminance (Box Measurements):

– White Box on a Black Background: 8.470 cd/m2

– Black Box on a White Background: 1.720 cd/m2

The second display showed the console and query set interfaces, which

could be interacted with using the mouse. The second display blocked roughly

10% of the participant’s camera FOV when looking directly forward. This was

again to maintain continuity with the IVR setup. The details for the secondary

display were as follows:

• Dimensions: 38 cm x 31 cm

• User Distance from Focal Point: 45 cm

• Angle of the Secondary Monitor: 45°

• Luminance (Box Measurements):

– White Box on a Black Background: 47.700 cd/m2

– Black Box on a White Background: 1.028 cd/m2

3.2.3 IVR Setup

The IVR immersion level - an example of which can be seen in Figure 3.5 - used

a Meta Quest 2 HMD1 in Rift mode, one haptic controller, and circum-aural

headphones. It should be noted that there were numerous types of higher
1https://www.meta.com/ca/quest/products/quest-2/
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Figure 3.4: A participant using the SVR immersion level

quality IVR systems that could have been used instead - such as the Pro Series

HMDs developed by Vive2. Additionally, Imagine4D have non-HMD immersive

display systems like the Station IX3, which could perhaps have produced very

different results. However, IVR is consistently represented by HMDs in the

literature, so I opted not to break with that - and the Quest 2 HMD was

chosen since it was the most readily available to myself during the height of the

COVID-19 pandemic when the simulation was being developed. The HMD was

connected to the laptop via USB-C cord with a 10 Gbps bandwidth. Within

the HMD the horizontal and vertical movement enabled the participant to see

the full spherical range of the video feedback. The details for the HMD display
2https://www.vive.com/ca/product/
3https://imagine-4d.com/multimmersion/
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were as follows:

• FOV: 90°

• Resolution:

– Panoramic Background (Constrained): 1280 x 768

– Interfaces and Remote: 1920 x 1832

• Luminance (Box Measurements):

– White Box on a Black Background:

∗ Left Eye: 38.340 cd/m2

∗ Right Eye: 36.170 cd/m2

– Black Box on a White Background:

∗ Left Eye: 10.730 cd/m2

∗ Right Eye: 10.310 cd/m2

Connecting to the laptop allowed for a consistent frame rate and the simul-

taneous ability to display the simulation to the laptop for observer monitoring.

Participants could look around the panoramic camera view with their head

motion, and could use their haptic controller to interact with the console and

query set interfaces - which were part of the rendered world space in this

instance. The console blocked roughly 10% of the participant’s camera FOV

when looking directly forward. Additionally, audio was stereo and directional,

coming from the centre of the query set interface. This allowed participants to

quickly orient themselves towards the query set interface if they were facing

away from the console.
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Figure 3.5: A participant using the IVR immersion level
Left: Full view of the IVR setup, Right: The view of the IVR immersion level

from the observer’s vantage point.

3.3 Simulation

The simulation was built by the Virtual Reality and Perception Lab at York

University, and further customized to accommodate this study. All software

was designed inside of the Unity game engine, version 2020.3.12f1. Additionally,

the High Definition Render Pipeline was used for emulating naturalistic lighting.

Several packages were used for creating the simulation including the Oculus
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Integration4, Crest Ocean System5, and the A* Pathfinding Project6. Finally,

all response and reaction time data were automatically stored in an external

time-stamped CSV file for each immersion level.

The simulation is set in the Davis Strait at approximately 70°0’N 70°0’W.

The scenario involved an autonomous shipping vessel making its way from the

Eastern entrance of the Northwest Passage out to the Western entrance. In

total, there were 5 autonomous vessels in the simulation:

• One Container Ship, ice class 1A (Canada, 2017)

• Three Unmanned Surface Vehicles (USVs)

• One Drone / UAV

Each of these had one panoramic camera affixed to it, except the container

ship which had three cameras; one on the main observation deck, one on the

ship’s bow, and one on the ship’s stern. This made for a total of seven freely

navigable camera perspectives to select and use.

All immersion levels had a monoscopic panoramic video feedback with 1024

x 768 resolution and a 20 Hz frame rate to emulate a limited bandwidth. The

exact bandwidth that will be available in the Canadian Arctic over the next

few decades is unclear. The Canadian Government has invested in a satellite

project to enhance non-line-of-sight communications in the Arctic, but that

project is not slated to be finished until 2031 (Canada, 2020). However, even if

this managed to finish on time, it can be assumed non-line-of-sight bandwidth

would still remain fairly limited - especially for civilian and commercial uses.
4https://developer.oculus.com/downloads/package/unity-integration/
5https://crest.readthedocs.io/en/stable/
6https://arongranberg.com/astar/
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As such, the implementation of a 20 Hz frame rate helped to instill a sense of

limited communications bandwidth that is likely to be present in any initial

Arctic SCC.

Navigational information for the simulation was available on the console in

front of the user, as well as the electronic chart display and information system

(ECDIS) map that showed all vessel locations, path plans, paths travelled in

the last 2 minutes, vessel domains, known obstacles, and projected location

in 2 minutes. These data all had a 0.25 Hz refresh rate, which served the

dual purpose of emulating limited communications bandwidth and improving

legibility. The console also included weather information, such as wind speed,

wind direction, temperature, and weather - however, these were functionally

static in every simulation. An example of this display can be seen in Figure

3.6.

Figure 3.6: An example of the console used in the user study.

Pathfinding was implemented using an A* grid system with 40 m2 squares.

The grid was 900 x 120 squares to mimic the scaled dimensions of the National

Research Council of Canada’s (NRC) Ocean, Coastal and River Engineering

Research Centre (NRC-OCRE) ice tank discussed by Gash et al. (2020), as
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it may be used for testing in future research (Canada, 2022). All vessels

operated independently and collectively shared sensor data to make path

adjustments. All vessels had their vertices modeled as a rigid body for ocean

interaction, but accurate hydrodynamics were not used for any of the vessels in

the simulation. This is a feature that the research group intends to implement

in future iterations of the simulation but was not required for this stage of

human factors analysis.

The vessels emulated the detection of hazardous ice through a spheroidal

contact flags with a radius of 250 m for the USVs, and 500 m for the container

ship, intended to imitate the range of Light Detection and Ranging (LiDAR)

sensors – a roughly 100 m radial berth was given to all detected ice. A Reciprocal

Velocity Obstacle (RVO) modifier was used on each of the waterborne vessels to

avoid inter-vessel collision. Like the LiDAR sensors, these RVO modifiers used

radial domains of 250 m for the USVs, and 500 m for the container ship - upon

interaction between these domains the respective A* path plans would adjust

to move out each others way, with precedence being given to the container

ship.

The simulation used a mixture of sea ice and land ice that are typically

present in the Northwest Passage during the summer melt, so a "Bergy Wa-

ter" distribution of < 1/10th ice coverage was utilized (Canada, 2005). For

placement, the A* grid was broken down into sub-quadrants of 500 m2. Pre-

fabricated ice objects were placed in randomized sub-quadrants. This avoided

objects overlapping at run-time. An example of this distribution can be seen

in Figure 3.7. A caveat to the system is that icebergs in neighbouring blocks

cannot be placed in squares directly next to each other. This was to avoid

unnatural-looking linear arrangements.
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Figure 3.7: An example of the ice distribution system.
Each red dot represents an iceberg that was randomly placed in one of the ten

2 x 5 sub-quadrants at runtime.

Iceberg distribution was further randomized by assigning each iceberg one of

5 possible prefabricated iceberg shapes based on real-world shape distributions.

It should be noted that the metrics used were from Romanov et al.’s observed

iceberg shape distributions in the Antarctic ocean over the course of 52 years

(Romanov et al., 2011). This is not an exact match to the iceberg shape

distribution one could expect in the Canadian Arctic, but serves as a rough

correlate in this instance. The iceberg shapes and their relative distributions

can be seen in Figure 3.8. Notably, this attempt at creating a high degree of

realism did not extend to relative sizes. Given the focus of this thesis being on

how human factors variables are impacted by immersion level, a high-fidelity
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model of iceberg size distribution was not developed. Instead, all of the iceberg

models had varying degrees of size built into their prefabs, which allowed for

sense of size change for the user.

Figure 3.8: A picture of the iceberg prefabs that were used.
a) Pinnacle Iceberg, Dist: 18%; b) Tabular Iceberg, Dist: 24%; c) Weathered

Iceberg, Dist: 24%; d) Dome Iceberg, Dist: 11%; e) Sloping Iceberg, Dist:
23%.

The fast ice added a further degree of complexity as it does not always pose

a threat to the hull of ships with a sufficient ice class. As such, not all visible

ice was a direct danger to the ship, which meant the participant needed to rely

on both the cameras and ECDIS sensor data to optimize their SA.

3.4 Procedure

Participants first filled out an informed consent form and a demographic form,

and were then shown a brief instructional video before starting the study. When

the test began, the participant was tasked with monitoring a MASS container

ship and its 4 support vessels as they traversed the Davis Strait.

Additionally, the monoscopic panoramic camera was available to observe

the surroundings of each vessel via the seven camera perspectives. After

two minutes, the participant was prompted to answer questions. When they
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accepted, they were asked three questions for the query set:

• One randomized SPAM question

• One self-assessed Trust question

• One Fast MS Scale (FMS) question

This process was repeated two more times at two-minute intervals for a total

of three query sets, with 9 questions in total. The participant was then

asked to fill out a Raw Task Load Index (RTLX) and System Usability Score

(SUS) questionnaires for the immersion level, which was repeated for the other

immersion levels.

3.5 Design

As discussed in the procedure section, the study started off with the participant

completing an informed consent form, as well as a background questionnaire.

The questionnaire asked people the following questions:

• Age

• Occupation and/or Field of Study

• Experience with Video Games (days played weekly) (GamesWk)

• Driving Experience (in years) (DrivingYr)

• Experience Flying Planes and/or Navigating Boats (in years)

• Robotics Experience (in years)

• Handedness
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• Gender

• Sex at Birth

The questionnaire served an exploratory research purpose, as values could

be correlated against DVs to assess potential impact and relationships.

As previously mentioned, following the questionnaire the participant watched

a roughly three-minute long instructional video to acquaint them with the

purpose, key terms such as SCCO, their task of remote monitoring, and expec-

tations of the user study. After the video they were free to ask uncompromising

questions, and then proceeded to begin testing.

The user study used a within-subjects design, with the primary IVs being

levels of immersion. Herein, each participant performed all three immersion

level tests. Counterbalancing was used to mitigate the effects of learning and

asymmetric skill transfer during the three immersion levels. As such, a 3x3

Latin square was used to place participants into counterbalanced groups, as

seen in Figure 3.9.

Figure 3.9: The 3x3 latin square for all immersion levels
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Three different query sets were asked per immersion level, as seen in Figure

3.10. The length of each immersion level was intended to invoke a sense of

routineness, the same kind that might occur in a real SCC where the SCCOs

would spend a lot of time monitoring the MASS system’s progress. Four

primary DVs, SA Activation Time (SA-AT), SA Percent Correct (SA-PC), SA

Response Time (SA-RT), and Trust were collected. Automating the recording

of these variables increased objectivity by removing the role of experimenter.

An additional DV was created using SA-PC and SA-RT, namely the Rate

Correct Score (SA-RCS), which combined the two variables to get a better

understanding of participant SA. Five extra DVs, namely MS, MWL, US,

C-ARS, C-NVSC, were collected for exploratory purposes. The rest of this

section will explore these DVs in more detail.

Figure 3.10: Timeline of one immersion level.
Shows Query Set #1 (Q1), Query Set #2 (Q2), and Query Set #3 (Q3).

3.5.1 Situational Awareness

Numerous methods have been developed to assess a user’s SA at a given

moment. More common methods like the SAGAT rely on pausing a simulation

and querying the user based on their memory of the systems state directly

preceding the question (Endsley, 2019; Durso et al., 2006; Fraune et al., 2021;

Nguyen et al., 2019; Fabris et al., 2021). In contrast, SPAM focuses on one’s

ability to locate the requisite information, as opposed to using memory to
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measure their SA, and is assessed based on reaction time and performance

(Durso et al., 1999; Durso and Dattel, 2004; Cunningham et al., 2015). This is

a useful feature when assessing SA in C2 scenarios where an operator would

not need to memorize all data from moment-to-moment, but would simply

need to know where to find said information. Additionally, SPAM does not

pause during its set of queries, allowing the simulation to continue operating

in the background (Endsley, 2019). This is also useful for C2 scenarios since in

real control centres there would be no chance to pause external events.

It should be noted that the use of a ready prompt is standard for SPAM

questions, as it allows the participant time attend to the question before

response time measurements begin. As such, the time it takes for the participant

to accept the question, herein referred to as SA-AT, is sometimes thought of

as an SA correlate to MWL (Durso et al., 2006). Thus, a high SA-AT value is

viewed as a negative outcome.

Conventionally, SA can be broken down into 3 primary levels, defined by

Endsley (1995) as:

• SA Level 1: Perception of Elements in the Environment

• SA Level 2: Comprehension of the Current Situation

• SA Level 3: Projection of Future Status

Adding three different SPAM questions to each immersion level allowed

for a question from each SA level to be asked, which further allowed for a

more holistic assessment of a participant’s SA. Additionally, the study used

a modified SPAM design. The query sets began with a pre-recorded audio

prompt. This was meant to emulate a radio communication with the SCCO.
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The questions were not shown until the participant pressed "Yes" to accept it.

An example of this process can be seen in Figure 3.11. The time from when

the audio prompt ended until the participant accepted it was recorded as the

SA-AT for that particular query set.

Figure 3.11: An example of how the initial query set prompt appeared.
Left: The audio prompt, Right: The written prompt and the response button.

The SPAM question was then automatically assigned a random SA Level

from the pool of unused levels, and then randomly assigned a question from

that SA Level’s pool of five questions. That SA Level was then removed from

the pool of unused levels so that the same question could not be asked more

than once, and each SA level was assessed once per immersion level. The

random assignment of SA Level and SPAM question was used to mitigate any

unintentional question biases.

All SPAM questions used pre-recorded audio prompts. Following this, a

written version of the same question was displayed, as well as a set of 5 multiple

choice responses. An example of this can be seen in Figure 3.12.

When the participant selected a response, the time it took to respond was

saved as the SA-RT, wherein a low value was considered indicative of a higher

SA. Additionally, the multiple choice selection was compared against the ground

truth of the simulation at the moment of response. This saved a Boolean value
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Figure 3.12: An example of a SPAM question in IVR.

of 1 for true and 0 for false into the SA-PC variable, which can be thought

of more colloquially as accuracy. As noted previously, SA-RCS is a DV that

combines SA-PC and SA-RT. First described by Woltz and Was (2006), and

later compared against other combination metrics by Vandierendonck (2016),

this method takes the sum of all correct answers and divides it by the sum all

response times - this can be seen in Equation 3.1.

SA-RCS =

∑n
i=1[SA-PCi = 1]∑n

i=1 SA-RT
(3.1)

This DV can be thought of as the number of correct answers per second,

and has the benefit of integrating the two primary SA metrics.

Finally, a full list of the SPAM question pool can be seen in Table 3.1.

3.5.2 Trust

Trust in automation, or more specifically, human Trust in autonomous robots,

is a perceptual construct defined by Lee and See (2004) as "the attitude that

an agent will help achieve an individual’s goals in a situation characterized

by uncertainty and vulnerability". Automation is inevitably imperfect and

can falter for a variety of reasons - which means it is never completely reliable.
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Table 3.1: SPAM question pool with all possible multiple choice responses.
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So, to mitigate risk it is important to avoid over-reliance on these systems

by maintaining an appropriate level of Trust. Having an appropriate level of

Trust means that it is reflective of an autonomous robot’s actual capabilities

- a concept typically referred to as calibrated Trust. This thesis considers

a moderate, or middling, Trust value to be appropriate for this simulation,

since it is reasonable for the participant to assume that the MASS vessel and

autonomous robots are at a potential risk of collision with ice in the scene. It

should be noted that, over-reliance, and in turn inappropriately high Trust,

can occur for a variety of reasons including a poor mental model and/or high

MWL (Inagaki and Itoh, 2013). As such, it is important to understand how

Trust interacts with other cognitive constructs.

Human Trust in robots is made more complicated by the fact that humans

tend to anthropomorphize robotic vehicles and systems (Fraune et al., 2021;

Hancock et al., 2020). That is to say people tend to erroneously attribute

human emotions and features to robots, so understanding how self-assessed

Trust develops across immersion levels, and over time, might give insight into

this relationship.

Trust was assessed 3 times during each immersion level immediately follow-

ing each SPAM question. This contemporaneous measurement contextualized

how self-assessed Trust and SA correlated, and how that relationship evolved

over time. The participant used a Likert-style rating scale to describe their

current level of self-assessed Trust. This method was inspired by Xu & Dudek’s

self-assessed Trust question in their OPTIMo research (Xu and Dudek, 2015).

However, they used a Visual Analog Scale as opposed to a rating scale, which

I felt was less conducive to a VR setting - with discrete buttons being more

evidently clickable. It should also be noted that Xu & Dudek, as well as
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other groups like Hald et al. (2020), have attempted to create objective Trust

measures, but I chose to use self-assessed Trust for its simplicity in terms of

implementation and statistical assessment.

The Trust question asked participants to quantify their Trust in the au-

tonomous MASS system’s ability to safely navigate at a given moment. Herein,

participants rated this Trust on a 7-point rating scale, with 1 representing

the lowest Trust, and 7 representing the highest Trust. An example of this

can be seen in Figure 3.13. This method is comparable to the 5-point Trust

Likert scale used by Merritt (2011). A 7-point rating scale was chosen as it

is relatively easy and fast to use, while still allowing participants more detail

to express their sentiment than a 5-point rating scale (Preston and Colman,

2000).

Figure 3.13: An example of a Trust question in IVR.
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3.5.3 Motion Sickness

MS can occur during prolonged VR usage, which is often thought to be due

to accrual of conflicting sensory information (Palmisano et al., 2020). For

example, visual-vestibular conflict during self-motion can occur when the VR

user’s optic flow indicates movement but the inner ear indicates that the user

is stationary (Keshavarz and Hecht, 2011; Palmisano et al., 2020). However, as

noted, this is one of many proposed causes for visually induced MS, and there

is some disagreement about the exact sensory interactions at the root of this

problem. Regardless, MS is still generally acknowledged to increase over time

in VR HMDs due to some compounding sensory conflicts (Akiduki et al., 2003).

As such, MS should increase over time, especially in higher levels of immersion.

To account for this, a modified 7-point FMS question was asked immedi-

ately following the Trust question, with 1 representing the lowest MS, and 7

representing the highest MS. An example of this can be seen in Figure 3.14.

The original FMS by Keshavarz and Hecht (2011) used a 21-point scale (0-20)

for detailed rating, but since participants respond via buttons, as opposed to

verbally, I opted to use a smaller scale to reduce visual clutter. Additionally,

to match the other rating scale response measures in the study, a 7-point

rating scale was chosen. Asking the FMS as part of the query set helped to

contextualize MS with SA and Trust, both through mean comparisons and

time series analysis.

3.5.4 Mental Workload

The NASA-TLX is a questionnaire to assess MWL, which was first developed

in the 1980s by Hart and Staveland (1988). As this is a well-validated and
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Figure 3.14: An example of an FMS question in IVR.

frequently used assessment for MWL in the literature, a variation of this test

was administered in the written post-test questionnaire. Instead of using the

pairwise rating system from the original NASA-TLX, I opted to use the version

with the pairwise ratings removed. This is typically known as the RTLX score,

and there is some evidence of it being more sensitive to changes in MWL

(Hart, 2006; Bustamante and Spain, 2008). However, the main reason it was

implemented in this user study was to make testing simpler and to avoid

overwhelming the participants. Each question in the RTLX was scored out of

100, with the average scores from each question being used as the RTLX value.

The application of the RTLX helped to ascertain the relationship between

MWL on mean SA and mean Trust.
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3.5.5 Usability

The SUS is a questionnaire that was used to determine the participant’s opinion

of the system’s US for each level (Brooke, 1986). This questionnaire was in the

form of a written response, and administered on the same page as the RTLX.

The scale returns a score out of 40 which can then be represented as percentage.

This was useful for understanding how participants perceived the US of the

immersion level interfaces, and how it correlated to their mean SA and mean

Trust.

3.5.6 Camera Data

Two different variables were recorded from the camera data returned by the

simulation - the C-ARS and the C-NVSC. C-ARS was the average angular

speed in degrees per second. C-NVSC was the total count of the times the

participant switched between panoramic camera views. These variables gave

insight into how camera usage relates to mean SA and mean Trust in the

monitoring of autonomous robots.

3.6 Statistical Analysis

This section will discuss the methods of data analysis. This will be done by

reviewing the data subsets, methods of normalization, methods of parametric

analysis, and methods of non-parametric analysis.
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3.6.1 Subset Analysis

This research aimed to better understand how SA and Trust are affected by

varying levels of immersion when monitoring remote robotics, such as MASS

and their navigational aids. MASS has the unique benefit of having hazardous

environmental elements that approach more slowly than in other autonomous

vehicle domains such as automobiles and planes. Two main problems arose

from this research however. The first is that it examined the human factor

impact of monitoring a hypothetical technology, in a professional setting, using

the general populace instead of Subject-matter Experts (SMEs) like seafarers.

The second is that since this technology is still largely in its conception stages -

or planning stages in the case of the Yara Birkeland (Kongsberg, 2022) - there

appear to be no SCCOs yet, and as such, no true SMEs. So while it would have

preferable to test on seafarers, since it is assumed the first batch of SCCOs will

have a seafaring background, it is not an exact correlate since they would have

a different set of experiences and biases. With these considerations in mind, it

is important to consider additional methods of analyzing the output data to

better understand how a technologically savvy person might interact with such

systems. To accomplish this, I opted to analyze both the full data set, as well

as various subset groups within the full set - such as people with consistent

experience playing video games, people with some experience driving, and

people that can get a minimum number of SA questions correct. Additionally,

the Interquartile Range (IQR) method was implemented on two of the larger

data sets to examine the effects of removing outliers. The entire list of data

sets examined is as follows:

• Full data set
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– 39 people

– Takes the entire set of participants.

• Passed subset

– 30 people

– Takes the participants that managed to get at least one SPAM

question right in every immersion level (i.e., showing some basic

competence).

• GamingExp subset

– 18 people

– Takes the participants with at least some weekly gaming experience

(i.e., they listed more than 0 for the gaming question in the pre-test

questionnaire).

• DrivingExp subset

– 30 people

– Takes the participants with at least some driving experience (i.e.,

they listed more than 0 for the driving question in the pre-test

questionnaire).

• Full data set with no outliers (FullNO)

– 34-39 people, depending on the DV

– Takes the entire set of participants, but removes participants who

had one or more outlier per variable.
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• Passed subset with no outliers (PassedNO)

– 25-30 people, depending on the DV

– Takes the participants that managed to get at least one SPAM

question right in every immersion level, but removes participants

who had one or more outliers per variable.

Notably, no subsets were analyzed for experience boating or experience

with robotics, because only 2 participants respectively stated experience with

these technologies.

3.6.2 Normalization

All data that was measured was normalized using monotonic power functions

so as to satisfy the requirements for parametric testing. These were calculated

using pre-built functions from Python’s SciPy package, which automatically

generated the fitted lambda values for each data set when ran. This was done

to the full data set, all three subsets, and the outlier analyses. All DVs with

strictly positive values were normalized using a fitted lambda and Box-Cox

Transformation (BC)7 - which, can be seen in Equation 3.2 (Box and Cox,

1964).

y =


(xλ − 1) λ ̸= 0

log(x) λ = 0

(3.2)

Conversely, the rest of the DVs were normalized using a fitted lambda and

Yeo-Johnson Transformation (YJ)8 - which, can be seen in Equation 3.3 (Yeo
7https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.boxcox.html
8https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.yeojohnson.html
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and Johnson, 2000).

y =



((x+1)λ−1)
λ

x ≥ 0, λ ̸= 0

log(x+ 1) x ≥ 0, λ = 0

−((−x+1)(2−λ)−1)
(2−λ)

x < 0, λ ̸= 0

−log(−x+ 1) x < 0, λ = 0

(3.3)

The normalized data for the Full data set was then tested for normality

using the Lilliefors test, which was completed using Scott MacKenzie’s GoStats

application9. This test was performed on the normalized Full data set alone as

it was intended to understand which variables in general illustrate normality.

Herein, the null hypothesis stipulates that the residuals for the DV will have a

Gaussian distribution, so DVs that do not have their null hypotheses rejected

are considered to have residuals that have satisfied normality.

3.6.3 Parametric Analysis

For all normalized mean data I performed a repeated measures Analysis of

Variance (ANOVA) with a post-hoc Fisher’s Least Significant Difference (LSD)

test. Additionally, for the normalized data of the time series breakdown I used

a two-way ANOVA between immersion level and query set. A post-hoc Fisher’s

LSD was also used for the time series breakdown, and was split into two groups

- comparing differences between immersion levels per query set, and comparing

differences between query sets per immersion level.

Another set of two-way ANOVAs were performed on the normalized data

for the Full data set, between immersion level and counterbalanced groups.
9http://www.yorku.ca/mack/GoStats/
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This was to determine whether there was any statistically significant group

effect. All of these methods of analysis were performed on all of the data

subsets in an exploratory analysis. The results of these analyses are shown in

Chapter 4.

Two important points should be highlighted here. Regardless of whether

or not the normalized data satisfied normality per the Lilliefors test it was

still tested via ANOVA. Glass et al. (1972) note that normality, depending on

circumstance, is not always considered a strict requirement for ANOVA testing.

As such, using an ANOVA on non-normally distributed data was considered

valid for this analysis. However, all DVs that did not satisfy normality were

also analyzed using a Friedman test to confirm the robustness of the findings.

The second major point to discuss is that core DVs, which are DVs collected

from the SPAM and self-assessed Trust measures (i.e., SA-AT, SA-PC, SA-RT,

SA-RCS, and Trust), were tested using post-hoc analysis regardless of whether

or not they achieved significance.

3.6.4 Non-Parametric Analysis

As discussed, several of the DVs transformed did not satisfy Lilliefors test for

normality. While still analyzed using ANOVA tests, comparable non-parametric

tests were also required to confirm the findings and better understand these

data. Since the user study used a within-subjects design with multiple IV levels,

a Friedman test was utilized, along with a Connover’s F pairwise analysis for

the mean DVs. The Friedman was completed using GoStats, and is a non-

parametric correlate for the one-way ANOVA specifically. This method of

analysis produced two variables for determining statistical significance, which
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were the p value (p), and the p value corrected for ties (p’). For the time series

breakdown, I was unable to find an utility or academic source for calculating a

Friedman test correlate to the two-way ANOVA. As such, I opted to perform a

one-way Friedman test on each query set and each immersion level, respectively.

These breakdowns also include Connover’s F pairwise comparisons. The outputs

of these analyses are listed in Chapter 4.
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Chapter 4

Results

Before beginning this chapter, the context of the simulation length should

be discussed. Each immersion level simulation took around 8 minutes for

participants to complete on average, with IVR taking the longest - the probable

reason for this will be discussed later. A comparison of the mean completion

times can be seen in Figure 4.1. Standard Error (SE) bars are small and show

very little variation from the mean across all immersion levels. Completion

times here differentiate based on the time it takes to respond to the questions

in the query set.

This chapter is broken down into three major sections - DV analysis,

correlation analysis, and a brief summary. DV analysis will look at each of the

DVs separately and look at their means as a function of the IVs and time series

breakdowns. Correlation Analysis will use the Pearson Correlation Coefficient

to compare the strength of correlation between two DVs in all of the data set

variations. The first subsection discusses the full correlation table. The second

subsection compares all of the pertinent correlations to the research goals.

Finally, the summary section contextualizes the core results of this chapter.
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Figure 4.1: Mean immersion level completion time.
Determined using the Full data set.

Error bars represent SE.

4.1 Dependent Variable Analysis

The following section will discuss how the different DVs were affected by the

immersion levels. To do this, the methods of normalization, group effect, means,

and time series breakdowns of the DVs is examined.

4.1.1 Normality

The results of the Lilliefors test for the normalized Full data set can be seen

in Table 4.1. The DVs that had their null hypothesis rejected did not satisfy

normality - these were SA-PC, SA-RCS, Trust, MS, MWL, and US.

4.1.2 Group Effect

A two-way ANOVA on group and immersion was used to test for a statistically

significant group effect. Herein, none of the DVs had a statistically significant

group effect, as can be seen in Table 4.2. This is an encouraging result as it
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Table 4.1: Results of the Lilliefors normality test for the Full data set.

implied that placement into counterbalanced groups did not have a significant

impact on the DVs.

Table 4.2: Results of the two-way ANOVA to verify counterbalancing.

4.1.3 Means

This section will explore the patterns of mean responses across immersion levels

for all of the DVs.

Situational Awareness - Activation Time (SA-AT)

The mean results of SA-AT for all of the data set variations can be seen in

Figure 4.2.
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a) Full data set b) Passed subset

c) GamingExp subset d) DrivingExp subset

e) FullNO subset f) PassedNO subset

Figure 4.2: Mean SA-AT comparisons of the three immersion levels.
Error bars represent SE.

One can note for the Full data set how mean SA-AT for IVR was more

than twice as slow as the other two SA-AT means - which is a probable cause

for why the IVR’s average completion time was slightly slower. Notably, this

pattern did not change very much when examining the subset data. GamingExp

showed a minor reduction in SA-AT for IVR relative to other subsets, but it
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still showed a large difference with the other two immersion levels.

The repeated measures ANOVA performed on mean SA-AT can be seen

in Table 4.3 for each data set. SA-AT had omnibus significance for the Full

data set and every subset variation. The post-hoc Fisher’s LSD test showed

pairwise significance between NVR and IVR, as well as SVR and IVR. So IVR

had a significantly higher SA-AT overall, regardless of subset.

Table 4.3: Mean SA-AT ANOVA analysis across all of the data set variations.
Note for the pairwise comparisons: standard letters indicate pairwise

significance between immersion levels and omnibus significance; italicized
letters indicate pairwise significance between immersion levels and no omnibus

significance; light grey shading indicates no pairwise significance between
immersion levels and omnibus significance; dark grey shading indicates no

pairwise significance between immersion levels and no omnibus significance.

Situational Awareness - Percent Correct (SA-PC)

The mean results of SA-PC for all of the data set variations can be seen in

Figure 4.3.

One can note that mean SA-PC for SVR was slightly higher than the other

two immersion levels, with NVR and IVR being similar. The fact that SA-PC

for NVR and IVR performances are similar in several instances could be due

to the fact that the mean results for SA-PC were fairly discrete, with only 4

different results being possible per immersion level. Regardless, SA-PC for

SVR was higher than both of the other values across all data set variations; a

relationship that was the most pronounced in the GamingExp subset.
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a) Full data set b) Passed subset

c) GamingExp subset d) DrivingExp subset

e) FullNO subset f) PassedNO subset

Figure 4.3: Mean SA-PC comparisons of the three immersion levels.
Error bars represent SE.

The ANOVA for mean SA-PC showed no significant effects. The mean SA-

PC analysis can be seen in Table 4.4, wherein no significant effect of immersion

was present in any of the data set variations.

The Friedman analysis for mean SA-PC can be seen in Table 4.5. Herein,

both p and p’ (tie corrected) showed no omnibus significance across any of the
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Table 4.4: Mean SA-PC ANOVA analysis across all of the data set variations.

data set variations. However, as this was a core planned comparison to the

research, a post-hoc analysis was also done using Connover’s F, which did show

pairwise significance between SVR and IVR in the GamingExp subset.

Table 4.5: Mean SA-PC Friedman analysis across all of the data set variations.

Another key factor to consider is how the different SA level questions

performed on average. One would expect a gradually decreasing mean SA-PC

with increasing SA level. This speculation is based on the premise that as a

question requires a higher level of SA it will require the operator to better

synthesize data and generate an increasingly accurate mental model, which is

a progressively difficult task (Endsley, 1995). As seen in Figure 4.4 this turned

out to be the case, which is an encouraging validation of the SPAM question

design.
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Figure 4.4: Mean SA-PC broken down by SA level.
Error bars represent SE.

Situational Awareness - Response Time (SA-RT)

The mean results of SA-RT for all of the data set variations can be seen in

Figure 4.5.

For the Full data set mean SA-RT showed a shallow decreasing trend from

NVR to SVR to IVR. This indicates that IVR had the shortest mean SA-RT,

however this trend does not hold for the data subsets that suggest technical

proficiency. In every data subset, outside of FullNO, SVR had the fastest mean

SA-RT, with IVR having the second fastest.

As with mean SA-PC in the previous section, mean SA-RT’s ANOVA did

not indicate differences between immersion levels except in the PassedNO subset

where there was some statistical significance. The Fisher’s LSD showed pairwise

significance between NVR and SVR, which based on the means indicates that

SVR had consistently faster SA-RT for that data subset. The results of this

can be seen in Table 4.6.
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a) Full data set b) Passed subset

c) GamingExp subset d) DrivingExp subset

e) FullNO subset f) PassedNO subset

Figure 4.5: Mean SA-RT comparisons of the three immersion levels.
Error bars represent SE.

Situational Awareness - Rate Correct Score (SA-RCS)

The mean results of SA-RCS for all of the data set variations can be seen in

Figure 4.6.

Notably, SVR showed a trend of having the best mean SA-RCS in every

data set variation, with NVR and IVR trading places in the different data sets.
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Table 4.6: Mean SA-RT ANOVA analysis across all of the data set variations.

However, the ANOVA for mean SA-RCS, which can be seen in Table 4.7,

found no statistically significant effects for immersion in any of the data set

variations.

Table 4.7: Mean SA-RCS ANOVA analysis across all of the data set variations.

The Friedman results for mean SA-RCS can be seen in Table 4.8. Here one

can note there was no omnibus significance for any of the data set variations.

However, as this was a core planned comparison to the research, a Connover’s

F was performed, which showed pairwise significant differences between SVR

and IVR for both FullNO and PassedNO. This indicates that in these specific

scenarios SVR had a consistently better SA-RCS than IVR.

Table 4.8: Mean SA-RCS Friedman analysis across all of the data set variations.
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a) Full data set b) Passed subset

c) GamingExp subset d) DrivingExp subset

e) FullNO subset f) PassedNO subset

Figure 4.6: Mean SA-RCS comparisons of the three immersion levels.
Error bars represent SE.

Trust

The results of mean self-assessed Trust for all of the data set variations can be

seen in Figure 4.7.

Mean self-assessed Trust appeared to decline for higher immersion levels,

as NVR showed a trend of being consistently higher than either SVR or IVR
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a) Full data set b) Passed subset

c) GamingExp subset d) DrivingExp subset

e) FullNO subset f) PassedNO subset

Figure 4.7: Mean Trust comparisons of the three immersion levels.
Error bars represent SE.

in every data set variation.

The ANOVA for mean Trust can be seen in Table 4.9. Notably, no statisti-

cally significant relationships between Trust and immersion could be discerned

in either the Full data set or any of the various subsets.

The results of the Friedman test for mean Trust can be seen in Table 4.10.
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Table 4.9: Mean Trust ANOVA analysis across all of the data set variations.

Trust showed no significant effect of immersion for any of the data set variations.

However, Trust was also considered one of the core variables to this research,

and as such, a Connover’s F was performed. Herein, pairwise significance

between NVR and SVR could be observed for both the Full data set and the

FullNO data set. This indicates that Trust for NVR was consistently higher

than Trust for SVR in those data sets.

Table 4.10: Mean Trust Friedman analysis across all of the data set variations.

Motion Sickness (MS)

Mean self-assessed MS results for the data set variations can be seen in Figure

4.8.

These results are not very stark, but they are consistent. Mean MS increased

in the order NVR < SVR < IVR across all of the data set variations.

The ANOVA for mean MS can be seen in Table 4.11. Herein, there was

significance for every data set variation. Interestingly, no pairwise significance
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a) Full data set b) Passed subset

c) GamingExp subset d) DrivingExp subset

e) FullNO subset f) PassedNO subset

Figure 4.8: Mean MS comparisons of the three immersion levels.
Error bars represent SE.

was observed using Fisher’s LSD. This indicates that while the immersion level

effect was present, pairwise differences were too small to be detected by this

post-hoc analysis.

The Friedman analysis for mean MS can be seen in Table 4.12. Herein,

p showed no significance for any of the data set variations, but p’ did show
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Table 4.11: Mean MS ANOVA analysis across all of the data set variations.

significance for PassedNO. There was also pairwise significance between NVR

and IVR per Connover’s F for PassedNO.

Table 4.12: Mean MS Friedman analysis across all of the data set variations.

Mental Workload (MWL)

The mean MWL results for the data set variations can be seen in Figure 4.9.

Notably, mean MWL showed a trend of being lowest for NVR and highest

for SVR, though this difference was relatively small. This order remained the

same in most of the data set variations, except for DrivingExp where MWL

was highest for IVR.

The ANOVA for mean MWL, which can be seen in Table 4.13, showed

significance for both the Full data set and the FullNO subset. However, none

of the pairwise comparisons between immersion levels were significant. Also,

ANOVA did not show significant effects of immersion in the other subset

variations.
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a) Full data set b) Passed subset

c) GamingExp subset d) DrivingExp subset

e) FullNO subset f) PassedNO subset

Figure 4.9: Mean MWL comparisons of the three immersion levels.
Error bars represent SE.

The results of the Friedman test for mean MWL can be seen in Table

4.14. Notably, p and p’ were significant for the Full data set, as well as the

DrivingExp and FullNO subsets. All of these showed pairwise significance

between NVR and SVR, and the Full and FullNO data sets also showed pairwise

significance between NVR and IVR. This indicates that in these data sets NVR
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Table 4.13: Mean MWL ANOVA analysis across all of the data set variations.

had consistently lower MWL than IVR, and more specifically, in the Full and

FullNO data sets NVR had a consistently lower MWL than both of the other

immersion levels.

Table 4.14: Mean MWL Friedman analysis across all of the data set variations.

Usability (US)

Mean US for NVR was notably the highest, followed by SVR and then IVR

can be seen in Figure 4.10. This trend holds for most of the data set variations

except for two. In FullNO IVR overtook SVR to have the second highest US

score, and in GamingExp IVR overtook NVR to have the highest US score

overall. However, it should be noted that all of these differences are relatively

small. Additionally, all of the SUS scores ranged between 70 to 76, which

indicates they would all be considered to be between average and good SUS

scores (Lewis, 2018).

The ANOVA results for mean US can be seen in Table 4.15 and were not
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a) Full data set b) Passed subset

c) GamingExp subset d) DrivingExp subset

e) FullNO subset f) PassedNO subset

Figure 4.10: Mean US comparisons of the three immersion levels.
Error bars represent SE.

significant for any of the data set variations.

Similarly, the Friedman analysis for mean US in Table 4.16 did not find

any significant relationships, which indicates that the trends observed were not

statistically validated.

61



Table 4.15: Mean US ANOVA analysis across all of the data set variations.

Table 4.16: Mean US Friedman analysis across all of the data set variations.

Camera’s Average Rotational Speed (C-ARS)

The mean C-ARS output for the data set variations can be seen in Figure 4.11.

Mean C-ARS for IVR was noticeably much higher than the other two

immersion levels. This is unsurprising as the camera was affixed to the user’s

head so the camera movement is much more accessible and common. Even when

IVR users are stationary they are still unwittingly performing some minute

movement that will be registered by the simulation. Compare this to NVR and

SVR where, when users stop moving, the camera movement will be registered

as zero. With this in mind it becomes unremarkable that C-ARS for IVR

remained significantly higher for every subset variation as well. Additionally,

C-ARS was slightly lower for SVR than NVR, which is a trend that can be

seen in every data set variation.

The results of the ANOVA for mean C-ARS can be seen in Table 4.17.

There was strong significance for all of the data set variations, with all of them
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a) Full data set b) Passed subset

c) GamingExp subset d) DrivingExp subset

e) FullNO subset f) PassedNO subset

Figure 4.11: Mean C-ARS comparisons of the three immersion levels.
Error bars represent SE.

also having pairwise significance between NVR and IVR, as well as SVR and

IVR. As noted in the mean analysis, this is somewhat unsurprising considering

IVR has some degree of constant rotational movement, whereas NVR and SVR

can have zero movement.
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Table 4.17: Mean C-ARS ANOVA analysis across all of the data set variations.

Camera’s Number of Vantage State Changes (C-NVSC)

The differences between mean C-NVSC for each of the immersion levels were

extremely shallow, as can be seen in Figure 4.12. Herein, the main apparent

trend was that C-NVSC appeared to be higher for IVR in every data set

variation outside of the outlier analysis.

The ANOVA results for mean C-NVSC can be seen in Table 4.18. This

analysis showed no significance for any of the data set variations or pairwise

comparisons, which indicates that the trends observed were not statistically

validated.

Table 4.18: Mean C-NVSC ANOVA analysis across all of the data set variations.

4.1.4 Time Series Breakdowns

Having analyzed the means one can now look at the time series breakdowns to

better understand how these DVs changed over time within each immersion

level. This can only be performed on data that was recorded repeatedly as
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a) Full data set b) Passed subset

c) GamingExp subset d) DrivingExp subset

e) FullNO subset f) PassedNO subset

Figure 4.12: Mean C-NVSC comparisons of the three immersion levels.
Error bars represent SE.

part of the query set, so only SA-AT, SA-PC, SA-RT, Trust, and MS will be

explored in this section.
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Situational Awareness - Activation Time

The time series breakdowns of SA-AT for the data set variations can be seen

in Figure 4.13.

a) Full data set b) Passed subset

c) GamingExp subset d) DrivingExp subset

Figure 4.13: SA-AT’s time series breakdown.
Error bars represent SE.

All of the immersion levels appear to show a trend of developing faster

SA-AT over time, but IVR still remained markedly slower than NVR and

SVR at each query period. This difference varied in the data subsets, with

GamingExp showing the biggest reduction over time. Herein, by Q3, SA-AT

for IVR was close to SA-AT for SVR, but was still around half a second slower.

It is worth noting that by Q3 SA-AT for NVR was the fastest in every data

set variation.

The two-way ANOVA for the time series breakdown can be seen in Table
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4.19. Here significance was present in every subset for both Question and

immersion. Notably, the post-hoc analysis showed that for the Question

breakdown IVR had pairwise significance with both NVR and SVR in almost

every data set variation except GamingExp. Herein, GamingExp had no

significance for Q1, and only significance between SVR and IVR for Q3. In the

immersion breakdown the post-hoc also showed that Q1 and Q2 had a significant

relationship for NVR and SVR in almost every data set variation - except for

the GamingExp subset in SVR. Q1 and Q3 also had a significant relationship

for SVR in all of the data sets. IVR showed a significant relationship between

Q1 and Q2 for the Full and DrivingExp data sets, but then showed no pairwise

significance in the other data set variations.

Table 4.19: Two-way ANOVA analysis of SA-AT’s time series breakdown across
all of the data set variations.

Situational Awareness - Percent Correct

The time series breakdowns of SA-PC for the data set variations can be seen

in Figure 4.14.

Notably, for the Full, GamingExp, and DrivingExp data set variations,

SA-PC for SVR remained higher than the other two immersion levels for the

first two query sets, but dropped below them for Q3. This trend where SA-PC

for SVR started off with the best results, but eventually fell below at least one

of the other immersion levels by Q3, is present in every data set variation.
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a) Full data set b) Passed subset

c) GamingExp subset d) DrivingExp subset

Figure 4.14: SA-PC’s time series breakdown.
Error bars represent SE.

However, the two-way ANOVA for the time series breakdown, which can

be seen in Table 4.20, showed there was no significance for either Question or

immersion in any of the data set variations.

Table 4.20: Two-way ANOVA analysis of SA-PC’s time series breakdown across
all of the data set variations.

The results of the Friedman test for the query set time series breakdown

can be seen in Table 4.21. Here again there was notably no significance for any

of the data sets.
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Table 4.21: Friedman analysis of SA-PC’s query set time series breakdown
across all of the data set variations.

The Friedman test results for the immersion level time series breakdown

can be seen in Table 4.22. Once more there was no significance for any of the

immersion levels in any of the data set variations, which indicates that none of

the observed trends were statistically validated.

Table 4.22: Friedman analysis of SA-PC’s immersion level time series breakdown
across all of the data set variations.

Situational Awareness - Response Time

The time series breakdowns of SA-RT for the data set variations can be seen

in Figure 4.15.

SA-RT for NVR and IVR showed a trend of increasing slowness across the
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a) Full data set b) Passed subset

c) GamingExp subset d) DrivingExp subset

Figure 4.15: SA-RT’s time series breakdown.
Error bars represent SE.

data set variations. On the other hand, SA-RT for SVR appeared to show a

trend of peaking in slowness during Q2 of every data set variation.

Notably, for the two-way ANOVA, there was no statistically significant

relationships for either Question or immersion, as seen in Table 4.23. This

indicates that none of the observed trends were statistically validated.

Table 4.23: Two-way ANOVA analysis of SA-RT’s time series breakdown across
all of the data set variations.
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Trust

The time series breakdowns of Trust for the data set variations can be seen in

Figure 4.16.

a) Full data set b) Passed subset

c) GamingExp subset d) DrivingExp subset

Figure 4.16: Trust’s time series breakdown.
Error bars represent SE.

There was a trend of Trust decreasing in the order NVR > SVR > IVR on

Q1, which held for every data set variation. This trend was also present on Q3

for most of the data set variations except for GamingExp. Trust for Q2 was

much less clear, and did not have an obvious pattern, although SVR always

had the lowest Trust score for Q2 in every data set except for in DrivingExp

where it was tied with NVR.

The two-way ANOVA for the time series breakdown showed no statistically

significant relationships for either Question or immersion. The results of this
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can be seen in Table 4.24.

Table 4.24: Two-way ANOVA analysis of Trust’s time series breakdown across
all of the data set variations.

The Friedman test for the query set time series breakdown proved to be a

more notable analysis - the results of which can be seen in Table 4.25. Herein,

none of the p values proved statistically significant, but p’ for the Full data set

was statistically significant. The Connover’s F for the Full data set showed that

pairwise significance was present between NVR and SVR, as well as NVR and

IVR. This indicates that, for NVR, Trust was generally higher for the Full data

set. Additionally, the Passed subset showed pairwise significance between NVR

and SVR for Q1 - and the DrivingExp subset showed Q1 pairwise significance

between NVR and SVR, as well as NVR and IVR. This indicates that NVR

had a consistently higher Trust score for NVR on Q1.

Table 4.25: Friedman analysis of Trust’s query set time series breakdown across
all of the data set variations.

The results of the Friedman test for the immersion level time series break-
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down can be seen in Table 4.26. Herein, neither p nor p’ showed any significance

for any of the immersion levels across the data set variations. However, pair-

wise significance was observed between Q1 and Q2 in IVR for GamingExp.

This indicates that for that specific data set’s immersion level, Trust typically

decreased from Q1 to Q2.

Table 4.26: Friedman analysis of Trust’s immersion level time series breakdown
across all of the data set variations.

Motion Sickness

The time series breakdowns of MS for the data set variations can be seen in

Figure 4.17.

As one can note, for MS there was generally a clear ordering per question

of NVR < SVR < IVR. There was also an increase in MS over time, although

this upward trend was perhaps shallower than one might anticipate. These

trends held for the most part across data subsets, except in a few instances.

Firstly, for GamingExp, SVR and IVR did not show a trend of increasing. In

fact, MS for SVR showed a trend of slightly decreasing, with SVR having had

the lowest MS score for Q3 in that data subset. Secondly, for DrivingExp, MS

for SVR was tied with MS for NVR as the lowest MS score for Q3.
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a) Full data set b) Passed subset

c) GamingExp subset d) DrivingExp subset

Figure 4.17: MS’ time series breakdown.
Error bars represent SE.

The two-way ANOVA for the time series breakdown sheds some light on

how MS was affected over time. The results of this can be seen in Table 4.27.

Question had statistical significance for the Full, GamingExp, and DrivingExp

data sets - and immersion had statistical significance for the DrivingExp subset.

However, none of these instances showed pairwise significance.

Table 4.27: Two-way ANOVA analysis of MS’ time series breakdown across all
of the data set variations.

The Friedman analysis for the query set time series breakdown can be seen
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in Table 4.28. One can note how p showed no significance for any of the data

set variations, but there was significance for p’ on Q1 of every data set except

for GamingExp. These values showed pairwise significance between NVR and

IVR, suggesting that IVR had consistently higher MS for Q1.

Table 4.28: Friedman analysis of MS’ query set time series breakdown across
all of the data set variations.

The Friedman analysis for the immersion level time series breakdown can

be seen in Table 4.29. This showed that none of the data set variations had

discernible significance from either p or p’.

Table 4.29: Friedman analysis of MS’ immersion level time series breakdown
across all of the data set variations.
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4.2 Correlation Analysis

I analyzed the relationships between different DVs using the Pearson Correlation

Coefficient. This was visualized through two primary methods in this section.

The first is the analysis of the Pearson Correlation Coefficients in a full table,

the second is the break down of relevant and interesting correlations by their

relationship per immersion level.

4.2.1 Correlation Coefficients

This section looks at the various Pearson Correlation Coefficients associated

with all of the data sets. A full list of these coefficient values across immersion

levels for each of the data set variations can be seen in Table 4.30.

The correlation coefficients for NVR across the data set variations show

some interesting results. MWL & US showed a very strong negative correlation

across all NVR data sets. MWL had sporadic but frequent correlation with

the other self-assessed values like Trust, MS, and US. Although, Trust, outside

of correlating with MWL, had very little correlation with other DVs, except

for SA-RT in the Full data set. In contrast to Trust, MS had much more

correlation to the other DVs than one might anticipate from NVR, since NVR

should not evoke a lot of MS - and this is the case across all data set variations.

Moving on to the SVR data, there are several points of note. There was

once again a strong negative correlation between MWL & US across all data

set variations, with MWL once more showing strong correlation with the other

self-assessed DVs. Furthermore, US & Trust showed strong positive correlation

across all data set variations for SVR. Trust had correlation with more DVs in

this instance, although in the DrivingExp subset there is only correlation with
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Table 4.30: Correlation coefficients across IVs and data set variations.
Bold values indicate statistical significance per linear regression.
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MWL & US. MS had much more frequent strong correlation with other DVs in

the Full data set, whereas in the subsets it was much more limited - and in the

DrivingExp subset it was negligible outside of MWL. One of the striking things

in the SVR analysis was that SA-PC & SA-RT show a consistent negative

correlation across most of the data set variations outside of GamingExp.

IVR also had several notable correlations. Again, MWL & US showed

correlation across all data set variations, with MWL showing correlation with

the other self-assessed DVs in most instances. Moreover, usability and Trust

showed positive correlation in every instance except for the GamingExp subset.

Trust also showed frequent instances of correlation with other DVs across most

data set variations. What is especially striking about IVR is that it had some

consistent correlations for MS, but less than one might anticipate. What was

especially notable was that GamesWk was negatively correlated with SA-RT,

but positively correlated with SA-RCS, for the Full, Passed, and DrivingExp

data set variations. Given the fact that these two SA DVs had inverse value

judgments this is unsurprising, but their relative consistency across data sets

is notable.

Given the results of this section, one can note 15 correlations worth analyz-

ing. These are correlations that are either directly involving the core DVs, or

values that had such stark contrast or consistency across immersion levels that

they necessitate further discussion. Namely these are:
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• Trust vs SA-PC

• Trust vs SA-RT

• Trust vs SA-RCS

• SA-PC vs SA-RT

• MWL vs US

• MWL vs Trust

• MWL vs MS

• MWL vs SA-AT

• US vs Trust

• MS vs SA-RT

• SA-RT vs GamesWk

• SA-RCS vs GamesWk

4.2.2 Correlation Comparisons

In this section I will break down the notable Pearson Correlation Coefficient

relationships across immersion levels.

Trust vs SA-PC

The correlation between Trust & SA-PC across data set variations can be seen

in Figure 4.18. The relationship between these DVs was very limited, with a

significant positive correlation for IVR in the Full data set, SVR in the Passed

subset, and SVR in the GamingExp subset.

Trust vs SA-RT

The correlation between Trust & SA-RT across data set variations can be seen

in Figure 4.19. Only NVR in the Full data set had a statistically significant

negative correlation.

Trust vs SA-RCS

The correlation between Trust & SA-RCS across data set variations can be

seen in Figure 4.20. These two DVs show the only consistent relationship

between Trust and an SA variable, but only in the upper levels of immersion.
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Figure 4.18: Correlation for Trust vs SA-PC.
Dark centres indicate statistical significance, and error bars indicate 95%

confidence intervals.

Figure 4.19: Correlation for Trust vs SA-RT.
Dark centres indicate statistical significance, and error bars indicate 95%

confidence intervals.

Notably, there was a significant positive relationship between Trust & SA-RCS

in both SVR and IVR in the Full data set. Additionally, there was a significant
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correlation between the DVs in IVR for the DrivingExp subset, and in SVR

for both the Passed and GamingExp subsets.

Figure 4.20: Correlation for Trust vs SA-RCS.
Dark centres indicate statistical significance, and error bars indicate 95%

confidence intervals.

SA-PC vs SA-RT

The results of the correlation between SA-PC & SA-RT across data set variations

can be seen in Figure 4.21. Considering SA-PC & SA-RT are both metrics of

SA, one might expect a strong negative correlation across all data sets and

immersion levels. Notably, significant negative correlation is only found in

SVR, specifically for the Full, Passed, and DrivingExp data set variations.

MWL vs US

The results of the correlation between MWL & US across data set variations

can be seen in Figure 4.22. One can note a significant negative correlation
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Figure 4.21: Correlation for SA-PC vs SA-RT.
Dark centres indicate statistical significance, and error bars indicate 95%

confidence intervals.

for all of the immersion levels. This means that in general, both post-test

questionnaires, MWL & US, had an inverse relationship.

Figure 4.22: Correlation for MWL vs US.
Dark centres indicate statistical significance, and error bars indicate 95%

confidence intervals.
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MWL vs Trust

The results of the correlation between MWL & Trust across data set variations

can be seen in Figure 4.23. Much like the relationship between US & MWL,

Trust showed a strong negative correlation with MWL for the higher levels of

immersion, and weaker, but still significant, negative correlation for NVR.

Figure 4.23: Correlation for MWL vs Trust.
Dark centres indicate statistical significance, and error bars indicate 95%

confidence intervals.

MWL vs MS

The results of the correlation between MWL & MS across data set variations

can be seen in Figure 4.24. For MS & MWL there was a very strong positive

correlation, with all values having p < .01. Notably, the correlation coefficient

was the strongest for SVR in all subsets. Given these results, and the results

from the previous two subsections, MWL appears to have had correlation with

all self-assessed DVs.
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Figure 4.24: Correlation for MWL vs MS.
Dark centres indicate statistical significance, and error bars indicate 95%

confidence intervals.

MWL vs SA-AT

The results of the correlation between MWL & SA-AT across data set variations

can be seen in Figure 4.25. The correlation coefficients for both NVR and SVR

were not significant. However, there is a fair amount of significance between

these two DVs in IVR.

US vs Trust

The results of the correlation between US & Trust across data set variations

can be seen in Figure 4.26. US & Trust had a significant positive correlation

for the higher levels of immersion, but was not significant for NVR.
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Figure 4.25: Correlation for MWL vs SA-AT.
Dark centres indicate statistical significance, and error bars indicate 95%

confidence intervals.

Figure 4.26: Correlation for US vs Trust.
Dark centres indicate statistical significance, and error bars indicate 95%

confidence intervals.

MS vs SA-RT

The results of the correlation between MS & SA-RT across data set variations

can be seen in Figure 4.27. The relationship between MS & SA-RT is notable
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because it is only significant for IVR. Herein, there is a significant positive

correlation in the Full, GamingExp, and DrivingExp data set variations.

Figure 4.27: Correlation for MS vs SA-RT.
Dark centres indicate statistical significance, and error bars indicate 95%

confidence intervals.

SA-RT vs GamesWk

The results of the correlation between SA-RT & GamesWk across data set

variations can be seen in Figure 4.28. These two DVs only have statistically

significant correlation for IVR. Specifically, IVR showed significant negative

correlation in the Full, Passed, and DrivingExp data set variations.

SA-RCS vs GamesWk

The results of the correlation between SA-RCS & GamesWk across data set

variations can be seen in Figure 4.29. Given that SA-RT & SA-RCS are

directly related DVs it is somewhat unsurprising that SA-RCS & GamesWk
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Figure 4.28: Correlation for SA-RT vs GamesWk.
Dark centres indicate statistical significance, and error bars indicate 95%

confidence intervals.

showed a similar relationship to the correlation between SA-RT & GamesWk.

Herein, IVR showed a significant positive correlation for the Full, Passed, and

DrivingExp data set variations.
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Figure 4.29: Correlation for SA-RCS vs GamesWk.
Dark centres indicate statistical significance, and error bars indicate 95%

confidence intervals.

4.3 Summary

The principal manipulation in this study was the level of immersion used for

the monitoring and control interface. Level of immersion most consistently

impacted SA measures, Trust, MS, and MWL. This section will summarize the

core outcomes of the Results chapter in terms of the impact of immersion level.

Immersion level affected SA measures. SVR showed a trend of having faster

mean SA-RT than NVR in every data set. The parametric tests showed a

significant effect of immersion level and a significant difference between NVR

and SVR for the PassedNO subset. Accuracy, as measured by SA-PC, showed

a trend of being higher for SVR, wherein the non-parametric tests showed a

significantly higher SA-PC in SVR over IVR in the GamingExp subset. Further,

non-parametric tests showed immersion level differences in the combined time-

accuracy score of SA-RCS, which was significantly higher in SVR than IVR in
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the FullNO and PassedNO subsets.

There was also a trend of higher mean Trust for NVR, with non-parametric

pairwise significant differences between NVR and SVR in the Full and FullNO

data sets. This held over time: Trust for NVR was generally higher than the

other immersion levels over time with omnibus significance and significant

differences between NVR and either SVR, IVR, or both, on Q1 and Q3 in the

Full data set and some subsets.

Mean MS was significantly affected by immersion level across all data sets as

indicated by omnibus parametric tests. Herein, MS increased in the order NVR

< SVR < IVR. The non-parametric tests showed omnibus significance for MS in

the PassedNO subset, and additional pairwise analysis showed that MS in NVR

was significantly lower than IVR. The time series breakdown maintained the

same general trend as the means, and showed parametric omnibus significance

in the Full, GamingExp, and DrivingExp data sets. Additionally, the non-

parametric tests showed omnibus significance on Q1 for the Full, Passed, and

DrivingExp data sets - with pairwise significance between NVR and IVR.

MWL tended to be generally higher in both IVR and SVR compared to

NVR. This relationship showed parametric omnibus significance in the Full and

FullNO data sets, however these were essentially the same result since MWL

contained no outliers. There was also non-parametric pairwise significance

between what is essentially the Full and DrivingExp data sets based on the

aforementioned rationale. It also showed pairwise significance between NVR

and SVR in the Full data set, and pairwise significance between NVR and IVR

in the Full and DrivingExp data set.

In terms of correlation between the DVs:
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• Trust vs SA-PC for SVR showed a significant positive correlation for the

Passed and GamingExp data sets

• Trust vs SA-RCS showed a significant positive correlation for SVR (Full,

Passed, and GamingExp), and IVR (Full and DrivingExp)

• SA-PC vs SA-RT showed a significant negative correlation for SVR (Full,

Passed, and DrivingExp)

• MWL vs US showed a significant negative correlation for NVR (all

datasets), SVR (all datasets), and IVR (all datasets)

• MWL vs Trust showed a significant negative correlation for NVR (Full and

DrivingExp), SVR (all datasets), and IVR (Full, Passed, and DrivingExp)

• MWL vs MS showed a significant positive correlation for NVR (Full and

GamingExp), SVR (all datasets), and IVR (all datasets)

• MWL vs SA-AT for IVR showed a significant positive correlation for the

Full, Passed, and GamingExp data sets

• US vs Trust showed a significant positive correlation for SVR (all datasets)

and IVR (Full, Passed, and DrivingExp) data sets

• MS vs SA-RT for IVR showed a significant positive correlation for the

Full, GamingExp, and DrivingExp data sets

• SA-RT vs GamesWk for IVR showed a significant negative correlation

for the Full, Passed, and DrivingExp data sets

• Finally, SA-RCS vs GamesWk for IVR showed a significant positive

correlation for the Full, Passed, and DrivingExp data sets
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Chapter 5

Discussion

Having analyzed the results, the impact of these findings can now be discussed.

This section will explore key findings, core takeaways, and avenues of future

research.

5.1 Key Findings

This section discusses the key points of the results to better contextualize the

data.

Trust had a trend of being generally higher in NVR, but only showed

significance in some pairwise comparisons

I had originally hypothesized that at higher immersion levels, there should be

a decrease in Trust towards a moderate, or a more calibrated, level. This is

predicated on the idea that when monitoring automation, a lack of SA can lead

to overconfidence, or complacency, and an inappropriately high degree of Trust

(Nguyen et al., 2019). Consistent with this hypothesis, mean Trust did show a
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gradual decrease as immersion increased in the full data set. However, none

of the data set variations showed significance in either the parametric or non-

parametric tests. The non-parametric post-hoc did show pairwise significance

between NVR and SVR for some data sets, indicating that there are scenarios

where Trust is consistently higher for NVR. Additionally, in the time series

breakdown the full data set did show non-parametric significance for Q1, with

further post-hoc analysis showing pairwise significance between NVR and SVR,

as well as NVR and IVR. This indicates NVR was significantly higher in this

scenario. It also appears to indicate a much more nuanced relationship, one

where self-assessed Trust is generally higher for NVR over the higher immersion

levels, but mostly just when it is measured at the start of the simulation.

Furthermore, the fact that mean Trust in SVR and IVR are very close, but only

SVR showed significantly lower values than NVR in some data sets, appears to

indicate that Trust does decrease for higher immersion levels, but that Trust

does not decrease strictly in tandem with immersion level. As noted earlier,

calibrated Trust is the preferred outcome, as it avoids overtrust and distrust,

which can both be detrimental to the safety of the system (Lee and See, 2004).

As such, SVR having the only statistically significant lower Trust score, which

was also closest to a moderate Trust score, makes it likely to be a preferred

outcome for Trust.

Trust & SA had correlation in numerous scenarios

I had hypothesized that there would be an inverse relationship between Trust

& SA, which would mean SA increased as Trust decreased - and vice versa.

Herein, DVs like SA-RT would have a positive correlation with Trust - while

SA-PC and SA-RCS would have negative correlation. Trust & SA did show
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sporadic correlation across immersion levels, with the most notable correlation

occurring between Trust & SA-RCS. Herein, there was a consistent statistically

significant positive correlation at the higher levels of immersion (ie. SVR

and IVR), with Trust & SA-RCS showing the strongest correlation across

the most data set variations. This appears to indicate that immersion fosters

some increased relationship between Trust & SA-RCS - however, there is a

positive, not negative, correlation between these DVs. Regardless, the positive

correlation means there is still a notable relationship between Trust & SA,

which corroborates Lee and See’s statement that there is a relationship between

these constructs (Lee and See, 2004).

Mean SA-RT showed a shallow decrease across immersion levels, but

SVR was potentially faster for technologically savvy participants

I had hypothesized that as more spatial information became available at higher

immersion levels, there should be a correlative increase in SA as the partic-

ipant’s mental model becomes closer to the ground truth of the simulation.

However, this relationship, wherein the parametric analysis only showed om-

nibus significance in the PassedNO data set, likewise only showed pairwise

significance between NVR and SVR for the same subset. Herein, SVR showed

a trend of having better SA-RT than NVR, with this relationship being statisti-

cally significant for one of the subsets that indicate technical proficiency. Thus,

there is some inclination that SA for SVR improves with technical proficiency.

SA-AT was consistently worse in IVR

One of the most notable and consistent results from the study was how much

slower participants accepted query set prompts in IVR. This can be partly
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attributed to HMD controllers being substantially different from the mice used

in the NVR and SVR setups. However, the fact that IVR was still significantly

slower in the data subsets that indicate higher technical proficiency could mean

this would remain a consistent issue even for trained industry professionals.

Although, MWL & SA-AT showed a significant correlation in three of the data

sets, which could indicate that mitigating the impact of MWL for SCCOs may

improve SA-AT for IVR. A major limitation of this study was that to maintain

continuity with the other immersion levels the console had to be stationary in

the world space. SA-AT could potentially become faster if the console tracked

with the users line of sight. However, this could bring its own host of issues

as fixating a pointer on a button that has the potential to move could make

acquiring a target more difficult.

MS increased with immersion level

These data indicated that mean MS increased with immersion level. The

non-parametric tests showed omnibus significance in the PassedNO subset, and

pairwise significance was detected between NVR and IVR in the same subset.

As such, MS was significantly higher for IVR in this instance. The parametric

tests showed omnibus significance in every data set variation, but no pairwise

significance in any of these same instances. The failure to detect pairwise

differences in the parametric tests is likely attributable to the relatively short

time of the simulations. Essentially, as the simulations were roughly 8 minutes

long there may not have been enough time for the effects of sensory conflict to

compound and be reflected by self-assessed MS - resulting in shallow differences

between immersion levels for MS. As such, one would expect the difference in

MS between immersion levels to become more clear and detectable in longer
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simulations. Regardless, IVR appears to be the worst option when it comes to

MS. This outcome relates to the observations of Martirosov et al. (2021), who

saw MS increase in tandem with immersion level.

MS & SA-RT were consistently correlated for IVR

MS & SA-RT only showed significant positive correlation for IVR. This appears

to indicate that as MS increases participants tend to respond to SPAM questions

slower. Given that MS is expected to increase, over time and at higher levels

of immersion, this could pose a problem for SCCOs in IVR - as SA-RT, and in

turn their SA, could be severely impacted by MS.

US & Trust only had correlation for higher immersion levels

US & Trust exhibited some surprisingly clear correlation. SVR having persistent

significant positive correlation for these two DVs, and IVR having significant

positive correlation in every data set variation except GamingExp, shows that

the participants’ sense of US was generally correlated to their level of Trust for

the higher immersion levels. Understanding that US & Trust have a potential

relationship for immersive displays could prove to be a boon for SCC designers.

However, for SVR and IVR, there is also a potential risk that users who find

the interface too usable may be prone to overtrust the system - which numerous

authors in the literature note is a dangerous state for an operator to be in when

teaming with an autonomous robot (Lee and See, 2004; Inagaki and Itoh, 2013;

Hoff and Bashir, 2014). Ideally, US would be very high and Trust would be

calibrated based on the situation, but never at the highest level. This means

an extremely positive correlation could be a poor outcome that SCC designers

will need to look out for.
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All SA accuracy metrics showed better mean performance in SVR

SA-PC & SA-RCS are generally inconsistent across data set variations, except

for the fact that every mean analysis of SA-PC & SA-RCS shows a higher

score for SVR. However, no omnibus significance was shown in any of the

parametric or non-parametric tests for either SA-PC or SA-RCS. With that

said, the non-parametric post-hoc test did show pairwise significance between

SVR and IVR for SA-PC in the GamingExp subset. Additionally, there was

pairwise significance for SA-RCS between SVR and IVR in both of the outlier

removed subsets. This finding possibly indicates that participants with technical

proficiency have higher SA-PC & SA-RCS for SVR, but the lack of omnibus

significance means this needs to be explored further.

SA-PC & SA-RT were consistently negatively correlated, but only

in SVR

Given that both SA-PC & SA-RT are metrics for SA performance that have

inverse value judgements, one might anticipate that SA-PC & SA-RT have

consistent inverse correlation across immersion levels. However, significant

negative correlation only appears to be present for SVR, and even then is

only present in three of the data set variations. A strong negative correlation

between these DVs is a preferable outcome, as the SCCO would need to be

both fast and accurate in their assessments of ship safety (Yoshida et al., 2020).

This would seem to suggest that SVR is preferable for SA from this perspective.

However, it should be noted that in GamingExp all of the immersion levels

have a negative correlation, but none of them show statistical significance. This

could indicate that the relationship between SA-PC & SA-RT being stronger
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in SVR would become negligible at higher levels of technical proficiency, or

that the GamingExp subset is too small.

MWL was worse for higher levels of immersion, but this difference

became negligible in SVR for technologically savvy participants

Immersion level had a significant effect on MWL for several data set variations,

wherein, it was lower for NVR than SVR and IVR. However, this relationship

appears to become negligible for SVR in all of the subsets that select for at

least some level of technical proficiency. This likely indicates that risk of higher

MWL for SVR, relative to NVR, would become a mitigated factor for trained

professionals.

MWL was a strong indicator of self-assessed values

MWL had strong correlation with all of the other self-assessed DVs across

all immersion levels. These relationships were both positive and negative

depending on the value judgement of the DV compared to MWL. As such,

the RTLX appears to be a powerful self-assessed sentiment tool that would

be useful for assessing any future SCC interface designs, regardless of the

immersion level used in SCCs.

5.2 Takeaways

These data have illustrated a lot of interesting factors regarding immersion,

and with said factors it becomes easier to anticipate what level of immersion

would be the most useful in industrial scenarios. However, the key takeaway

from this research becomes not "What level of immersion is the most useful?",
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but "Which level of immersion is the least useful?". Herein, I would say that

IVR, so HMDs, are likely the least useful level of immersion for this application,

which was indicated by a variety of factors.

MS proved to be a consistent issue for IVR in both the mean and the time

series breakdown. While this issue was anticipated to be a much more severe

issue between immersion levels than what was observed, it was still a persistent

one for IVR. Moreover, for variables that account for SA accuracy, SA-PC &

SA-RCS, IVR consistently performs worse than SVR. Most notable however is

the impact of IVR on SA-AT, which was significantly slower across all data

sets. The fact that this DV was relatively unaffected by the participants’

technical proficiency would seem to indicate that HMD remote response is

unavoidably slower than a mouse. This makes sense for two reasons, the first

being that most people interact with computers everyday, and as such have

far more experience using mice than they do HMD controllers. The second

reason is the time it takes the cursor to fixate on the target, a concept that

can be thought of as the time to acquire a target. This is very similar to the

concept of "motion time" used in the original HCI paper by English et al.

(1967), wherein they explored the effectiveness of different types of computer

controllers - including the time it took for the controllers to reach an on-screen

target. For this thesis, in NVR and SVR, the cursor is always somewhere on

the main console, and as such, never particularly far away from the question

box. Conversely, to enable freedom of movement, the IVR pointer could be

anywhere within the panoramic range, and as such, could be comparatively far

away from the question box. As mentioned, having an interface that follows

the users’ gaze could mitigate this - but also an interface in motion would likely

bring its own set of target acquisition issues for SA-AT, not to mention SA-RT.
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This a potential drawback for IVR, especially in an industrial environment

where every second could be valuable for mitigating risk. It is important to

note that MWL & SA-AT showed a statistically significant correlation in most

of the data sets, which may indicate that mitigating the impact of MWL for

SCCOs would improve SA-AT for IVR. However, MWL for IVR appeared to

be relatively high, specifically compared to NVR, a relationship which showed

statistical significance in two data sets. Given that MWL for IVR also showed

significant correlations with Trust, MS, US, and SA-AT, it appears to be a

variable that has strong relationships with numerous other human factors

variables, and as such is a potential risk if it becomes too high. In terms of

potential benefits, it was anticipated that IVR would have the lower, more

moderate, Trust consistently across data set variations. There did appear to be

a general trend of Trust being lower for IVR, at least compared to NVR, across

the data sets in both the mean and time series breakdown. This trend did

show statistical significance in the time series breakdown specifically, mostly

for Q1 across three data sets. As such, some indication of this relationship was

present, although it might breakdown with time or system exposure. Notably,

IVR did have some statistically significant correlations between Trust & SA

metrics. Herein, IVR had a significant correlation between Trust & SA-RCS in

the two data set variations. In addition to this, US & Trust showed a significant

relationship in three of the data sets, which, as long it does not become too high,

is a potentially valuable relationship to be aware of for SCC designers. The

biggest potential benefit for IVR was that it showed strong positive correlations

between SA-RT & GamesWk, as well as SA-RCS & GamesWk - which may

indicate that SA for IVR would benefit greatly from system exposure and

training. However, IVR’s strong correlation between MS & SA-RT, especially
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in the GamingExp and DrivingExp subsets, may also indicate that SA-RT for

IVR would become progressively slower in the event of increasing MS - despite

technical proficiency. As such, the SA of SCCOs could see a negative impact

from prolonged IVR usage. With all of that said, IVR appears to be a system

with minimal benefits and numerous points of concern for maritime remote

monitoring.

Moving on, NVR had a number of interesting factors that made it stand out

from the other immersion levels - most notably it had consistently lower MWL

and MS. However, given that NVR is very similar to the desktop computer

setup an individual could have at home, it is unsurprising that participants

seemed to find it less taxing. One of the potential issues for NVR was that

it had a higher level of Trust than both of the other immersion levels, which

showed pairwise significance in various scenarios from the mean and time

series breakdown - although, for the latter, these were predominately on Q1.

This appears to indicate that NVR is prone to overtrust relative to the other

immersion levels, at least for the start of the simulation. Another potential

issue for NVR was that SA-RT appeared to be significantly slower than it was

for SVR in the PassedNO subset. This could indicate that individuals with at

least a base level of SA awareness, which one would expect an SCCO to have,

would then have improved SA in SVR over NVR. When one considers this,

along with the fact that Trust only had significant correlation with SA-RT

and none with any of the SA accuracy metrics, a picture begins to emerge

- one where a stand-in SCCO may feel more comfortable due to the setup’s

familiarity, which can lead them to have higher Trust in general. However, this

Trust is potentially representative of overconfidence and complacency. Herein,

their level of SA is worse but their Trust is greater.
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SVR on the other hand was quite different from NVR. Much the opposite,

it had the high MWL and a middling level of MS. As such, it at first seems the

worse option between SVR and NVR. However, SVR had a trend of having

higher mean SA-PC & SA-RCS values, which showed some pairwise significance

in various data sets. Moreover, SA-RT for SVR showed omnibus and pairwise

significance between NVR and SVR for the PassedNO subset. Building on this,

SA-PC & SA-RT were only significantly correlated for SVR, which poses a

problem for the other immersion levels - as one would want both fast response

times and high accuracy in systems with high risk like an SCC. With these

factors in mind it would appear that participant SA is generally stronger for

SVR. Trust showed a trend of being lower for SVR than NVR, a relationship

which showed pairwise significance in two data sets. This appears to indicate

that participants were perhaps more skeptical when using SVR. It also turned

out that SA and Trust were shown to have a relationship in numerous scenarios.

Specifically, Trust & SA-PC, along with Trust & SA-RCS, had a significant

positive correlation in SVR for several data set variations. I had originally

anticipated a negative correlation between these two DVs, but the fact that

Trust and SA accuracy metrics for SVR showed a relationship here at all is

important to note. However, much like other correlations with Trust, an overtly

high SA might lead to relative overtrust for SVR. If this is true, future SCC

designers would need to be cognizant of that relationship when designing SCC

interfaces. Moving on to another Trust correlation for SVR - US & Trust

showed a significant correlation, which for the same reasons with IVR, is an

interesting and valuable point to consider for future SCC design. However, it

might also be a factor to keep an eye on, since a very high positive correlation

could be indicative of a situation were SCCOs who the find system very usable
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will be prone to overtrust. Finally, MWL for SVR showed a trend of being

higher than for NVR, but this only showed omnibus and pairwise significance

in, what is essentially, the Full data set. This appears to indicate that the issue

of relatively high MWL may become negligible at higher levels of technical

proficiency. If true, this would be a positive since MWL showed significant

correlation with Trust, MS, and US for SVR - so keeping MWL mitigated

would be beneficial to avoid distrust, high MS, and a low sense of US. With

all of these factors considered, one can note a system that is generally more

taxing to users compared to NVR, but also one that holds potential benefits

for the core variables of SA and Trust. Given that the eLumens projector for

SVR had the lowest luminance, poor contrast, and was easily the oldest of

all the immersion systems used, at over 20 years old, it is surprising that it

performed as well as it it did. Also, it might mean that a newer CAVE, or

other immersive projection display system, would show improved results for

the core variables.

As can be noted, the differences between NVR and SVR were much more

nuanced since both systems have pros and cons that contrast with each other

to a degree. However, this appears to boil down to a preference between

a familiar and easy to learn system versus one with better SA and a closer

to calibrated Trust given the scenario. I feel that in an industrial remote

monitoring environment higher SA and calibrated Trust should be paramount,

and as such would advocate for the use of SVR style systems in the future

implementation of SCCs.
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5.3 Future Research

The long-term goal of this research project is to work toward the development

of Intelligent Adaptive Interface (IAI) for teleoperated robotics - ones you

might expect to find in SCCs. There are a number of avenues that should

be explored to build upon this research in the direction of IAI development.

However, there are four specifically that will be crucial.

The first is the impact of augmented reality in SVR and/or NVR. This

will be important for understanding if other aspects of MR are beneficial for

teleoperation. Technologies such as the Magic Leap 2 and the HoloLens 2 could

prove a useful way to improve SA. This could work by having a background

SVR or NVR system with the SCCO using an AR headset for data overlay. It

would allow the SCCO to have interactive console components such as maps

and LiDAR readings that are malleable and interactive. This is not dissimilar

from the system discussed by Heffner and Rødseth (2019).

The second is integration with actual robotics and artificial intelligence (AI)

systems. Building for real world systems means that this work needs to make

the jump to integration with real world robotics systems. This will necessitate

work with a robotics group, wherein the ideal system for bridging between

robotics systems and the software interface can be determined.

Third is the testing of the system in a correlate to a real world icy water

environment. Even if MASS does not get implemented in the arctic, any sort

of implementation in Canada would require the ability to navigate icy waters,

since many of Canada’s major shipping routes, such as the St. Lawrence

Seaway, have significant ice coverage for large portions of the year. To do

this sort of testing, the aforementioned NRC-OCRE ice tank in St. John’s,

103



Newfoundland & Labrador could be used to create a scaled MASS simulation.

This would entail creating a miniature MASS vessel that would relay data to

an SCC as it navigated the ice tank.

Finally, there is the testing and incorporation of Explainable AI (XAI) or

Interpretable Machine Learning (IML) technologies. When a relationship with

a robotics group has been established, it will be paramount to integrate with

their systems so as to convey abstract decisions on the part of the autonomous

vessels in a way that is transparent and comprehensible to the SCCO. This will

serve to mitigate risk by giving the SCCO better SA. Exploring these avenues

should enable the research group to begin preliminary designs of an IAI system.

It should be noted however that even with research into these areas, it

will be difficult to make any sort of substantial advances in designing IAIs for

MASS systems specifically until consistently active MASS vessels operating at

an IMO automation level of 3 exist.

5.4 Conclusion

As automation becomes more omnipresent, there is a growing requirement to

understand human-robot relationships, especially with autonomous robots that

requires some level of monitoring.

This research illustrated the relative pros and cons to various levels of

immersion for use in the remote monitoring of MASS systems. Here one can

see that IVR introduces a number of strong negative factors and only minimal

benefits to SA and Trust. NVR represents a system that invokes less MWL and

MS, but one prone to overconfidence and lower SA. Conversely, SVR represents

a system with moderate, or a more calibrated, Trust and better SA in general,
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but one that can invoke marginally higher MS, and higher MWL in users with

less technical experience. It appears that determining which system is optimal

is a much more nuanced decision, especially for SVR and NVR, and will depend

largely on a designer’s needs and requirements. However, in an industrial

teleoperation scenario, where the mitigation of risk is paramount, having a

higher SA and calibrated Trust is likely more important than mitigating a

marginal increase in MWL and MS - especially when MWL can potentially be

reduced by improved technical proficiency. As such, I would advocate for the

use of an SVR-style system in future SCCs.

All in all, this work represents a requisite step for the construction of

future SCC stations. While limited by nature of being a user study on a

simulation, this research helps to narrow down the optimal level of immersion

for increasing the safety and efficiency of MASS systems - and will ideally

aid in the development of SCC interfaces and IAIs. As such, this research

holds potential value for various MASS stakeholders in both academia and the

private sector.
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