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Abstract

This thesis explores the performance and user experience of robotic teleoperation systems, fo-
cusing on the impact of various factors such as control methods, robot types, and levels of
immersion. Robotic teleoperation, which allows human operators to control robots directly by
moving some part of their body, is a critical technology in fields ranging from industrial automa-
tion to medical robotics. However, the cognitive and physical demands placed on operators,
especially non-experts, remain under-explored. This research addresses these gaps by develop-
ing a modular, plug-and-play framework for direct teleoperation and conducting extensive user
studies across different hardware configurations and cultural contexts.

The core contributions of this thesis include a systematic comparison of simulation software
for robotic arm manipulation using ROS2, the development of a novel teleoperation framework
called TELESIM, and an investigation into the effects of immersion through a mixed reality
system named IMMERTWIN. The systematic comparison, achieved through a benchmark of
various ROS2-compatible simulation platforms evaluates their suitability for teleoperation tasks,
resource utilization, and their potential to serve as digital twins. This evaluation provides criti-
cal insights into the strengths and limitations of current simulation tools in supporting real-time
robotic operations. Using the insights gained from our evaluation, TELESIM, a modular and
plug-and-play framework, was designed to enable seamless control of different robotic sys-
tems with minimal setup time. It leverages digital twin technology to offer real-time feedback
and control, allowing operators to interact with the robot to execute tasks in the real world.
This framework was tested across multiple robotic platforms (e.g., UR3, Baxter, UR5e), con-
trol methods (e.g., VR controllers) and countries (e.g., UK, Japan) offering a flexible solution
for diverse teleoperation scenarios. Additionally, IMMERTWIN, a mixed reality system, was
developed to explore how varying levels of immersion affect operator performance and cog-
nitive load. By integrating real-world data into virtual environments, IMMERTWIN enhances
user interaction with robotic systems, providing a more intuitive and immersive teleoperation
experience. The research also delves into external factors such as user expertise and trust in
robots, examining how these elements influence teleoperation performance across different cul-
tural contexts.

Key findings demonstrate that robot type, controller configuration, and immersion level sig-

nificantly affect task performance and operator workload. For instance, the study revealed that
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different robots such as the Universal Robot 3 or Baxter, exhibit varying levels of precision and
ease of control, which directly impacts task completion times and error rates. Quantitative re-
sults showed the Red Design (Baxter with VR controllers) achieved a 77.42% cube placement
rate compared to only 46.29% for the Blue Design (UR3 with SenseGlove). Task comple-
tion rates also varied dramatically, with 85% of participants using VR controllers successfully
completing tower-building tasks within the allocated time, compared to only 46% of those us-
ing SenseGlove controllers. Immersive systems like IMMERTWIN, which integrate real-world
data into virtual environments, were shown to reduce cognitive load by providing more natural
interaction cues and better situational awareness. NASA-TLX assessments demonstrated that
IMMERTWIN reduced mental demand scores by 23% compared to non-immersive systems.
Additionally, the research highlights the importance of external factors such as user expertise
and trust in robots. Non-expert users, who participated in a large-scale international study con-
ducted in both the UK and Japan (n=74), reported varying levels of comfort and trust depending
on their cultural background and prior experience with robotic systems. The study found that
the Japanese participants generally exhibited higher levels of trust toward robots compared to
their UK counterparts, with Japanese participants scoring 41.94 on the Negative Attitude To-
wards Robot Scale compared to 49.43 for UK participants, representing a statistically signifi-
cant difference of 15%. The Yellow Design (UR5e with VR controllers) produced the lowest
NASA-TLX mental demand scores (8.94 out of 21), while the Blue Design resulted in the high-
est physical demand (11.65) and frustration levels (10.76). Overall, the thesis provides valuable
insights into optimizing teleoperation systems for non-expert users by balancing technological
complexity with human-centric design principles, ultimately paving the way for more accessible
and efficient human-robot collaboration.

In reference to IEEE copyrighted material which is used with permission in this thesis, the
IEEE does not endorse any of University of Glasgow’s products or services. Internal or personal
use of this material is permitted. If interested in reprinting/republishing IEEE copyrighted mate-
rial for advertising or promotional purposes or for creating new collective works for resale or re-
distribution, please go to http://www.ieee.org/publications_standards/publications/rights/rights_-

link.html to learn how to obtain a License from RightsLink.
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Chapter 1
Introduction

Teleoperation, a method of controlling robots or machines remotely, enables human operators
to manipulate robotic systems from a distance. This capability proves essential for tasks in
environments that may be hazardous, inaccessible, or unsuitable for direct human presence,
including military applications, space exploration, and hazardous material handling. In this
thesis, we examine robotic arm teleoperation through motion mapping, where the robot mirrors

the operator’s arm movements.

1.1 Motivation

The ANA Avatar XPRIZE challenge (2018-2022) offered a $10 Million prize pool for devel-
oping robotic avatar systems capable of real-time human presence transportation to remote
locations [9]. This challenge stimulated extensive research into teleoperation systems, where
operators’ bodily movements control specific robot actions, leading to numerous innovative ap-
proaches for robotic avatar control [[10} [11]].

While teleoperation presents significant challenges for non-expert operators [[12} [13]], it re-
mains a critical component of Industry 5.0 [14]. Industry 5.0, the fifth industrial revolution,
emphasizes ecological and social considerations, promoting human-centred industrial environ-
ments [[15) 116, 17, [18]. The European Union identifies six fundamental enabling technolo-
gies [14] constituting Industry 5.0’s technological foundation, as illustrated in Figure These
integrated technologies establish an industrial paradigm prioritizing human factors and sustain-
ability, advancing beyond Industry 4.0’s efficiency-focused approach. Two technologies demon-

strate particular relevance to this research:
 Digital Twins and Real-time Simulation enabling system monitoring
* Human-Machine interaction solutions adapting to worker requirements

Digital Twins, as conceptualized by Grieves [19]], establish bidirectional communication

between physical and virtual systems. This system enhances teleoperation safety by eliminating

1
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Figure 1.2: Levels of Autonomy, from direct teleoperation (left) to fully autonomous (right).
Image reproduced from [[1]]

the requirement for physical proximity to robots and facilitates operation testing in simulation
without risking physical infrastructure [20]. Their ability to mimic real environments makes
them a perfect candidate for Industry 5.0.

Teleoperation falls under the umbrella of Human-Machine Interaction Solutions as they al-
low humans to control robots directly. Despite its significance, research in pure teleoperation
remains limited, as most investigators focus on developing shared autonomy robots. Shared
Autonomy encompasses systems that combine teleoperation with automated actions, defined
through levels of autonomy by Goodrich and Schultz [1], as illustrated in Figure[T.2]

While shared autonomy offers potential reductions in operator workload while enhancing

performance, the absence of a unified baseline leaves the impact of specific components, such
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as control methods and robot types, on teleoperation performance undetermined, resulting in

researchers employing diverse control methodologies [[11} 21} 22]].

1.2 Thesis Statement

This PhD thesis investigates the multifaceted implications of direct teleoperation across diverse
robotic platforms, control methodologies, and immersion levels, focusing on user performance
metrics and the associated user’s workload such as mental and physical. While teleoperation has
emerged as a promising paradigm for seamless human-robot interaction, the intricate interplay
between its fundamental components (control methods, robot typology, and immersion depth)
remains largely unexplored. Furthermore, the absence of standardized protocols for implement-
ing direct teleoperation has led to a fragmented research landscape, with individual studies often
developing bespoke methodologies.

This PhD thesis seeks to address the critical gap in the literature surrounding direct tele-
operation systems and to elucidate the complex interrelationships between human factors and
hardware variables that influence task performance and operator workload. To achieve these ob-
jectives, this study proposes the development of a novel, modular, and interoperable framework
for direct teleoperation. The efficacy and impact of various factors are evaluated through a series
of comprehensive user studies, employing non-expert participants to operate an array of robotic
manipulators with minimal prior training. By adopting this approach, this thesis aims to con-
tribute significant insights to the field of human-robot interaction and advance our understanding

of the optimal design and implementation of teleoperation systems.

1.3 Challenges

1.3.1 Simulation Software

The evolution of robotic simulation software benchmarking began in 2003, with initial method-
ologies focusing on basic capabilities and resource usage measurements. Early approaches pri-
marily evaluated simulators based on qualitative and quantitative metrics, including OS compat-
ibility, programming language support, and RAM usage during robot control [23]. As ROS [24]
emerged as the standard framework for robotics, the focus shifted to comparing simulators’ ROS
integration capabilities and their effectiveness in creating Digital Twins [25].

Recent research has advanced to more sophisticated benchmarking approaches, emphasiz-
ing performance metrics crucial for modern applications such as Digital Twinning and ma-
chine learning. Studies have expanded to measure real-time factors, CPU usage, and memory
consumption, with particular attention to the impact of GUI rendering on simulation perfor-

mance [26]. Various researchers have conducted specialized comparisons focusing on specific
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robotics applications, such as robotic manipulation and humanoid scenarios [27] [28]. Simula-
tion software has become increasingly important as a safe testing environment for operators and
a platform for reinforcement learning approaches in autonomous robot training [20].

The research gap becomes apparent in several dimensions. First, while current methodolo-
gies have progressed from basic feature comparisons to performance measurements, there re-
mains a lack of standardized, comprehensive benchmarking frameworks to evaluate simulators
across diverse robotics applications. Second, with the impending end-of-life of ROS1 in 2025
and the transition to ROS2, there is a critical need for performance analysis of ROS2-compatible
simulation software, as compatibility was limited at the start of this research. Finally, there is
a pressing need to evaluate simulation software’s capability to function as digital twins, meet-
ing Industry 5.0 requirements for real-time systems monitoring and supporting teleoperation

baselines for autonomous robot task learning.

1.3.2 Teleoperation

As previously noted in Section [I.1] direct teleoperation systems lack standardized performance
metrics to evaluate operator strain [29, 30], particularly during precise millimetre-scale adjust-
ments. While medical applications employ scaled-down user movements [31} |32], the absence
of comprehensive benchmarks makes it difficult to assess whether this approach is optimal for
tasks requiring extensive arm movements.

The limitations of autonomous systems are well-documented. Most autonomous systems
are either hardcoded or learning-based. Hardcoded systems fail in unexpected conditions, while
learning-based approaches lack reliability [33, |34]. Hardcoded systems, such as industrial as-
sembly lines, demonstrate rigid computational architectures with minimal adaptive capacity,
rendering them susceptible to failure when confronted with unexpected environmental pertur-
bations. Learning-based approaches, on the other hand, have their performance evaluated based
on specific datasets with specific conditions, and their performance outside this scope remains
an active area of research [35, 136, 137]].

As outlined in Figure [[.2] shared autonomy balances human oversight with automated pre-
cision [22, 38]]. However, the relationship between operator expertise and system effectiveness
remains inadequately quantified, particularly in industrial applications where skilled operators
manage broad movements while autonomous systems handle precise adjustments [[17].

While shared autonomy systems rely fundamentally on direct teleoperation [39], current lit-
erature does not systematically evaluate how different control interfaces affect performance. Re-
searchers have explored various control methods such as joysticks [40], keyboards [41]], touch-
screens [42], and VR controllers [43, [11], but without comparatively analysing their relative
influence on operator cognitive load and performance across different robot morphologies.

The emergence of Virtual Reality in teleoperation [44] further complicates performance eval-

uation. Mixed Reality introduces new variables through digital overlays and real-world data in-
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tegration [45]]. While point cloud visualization shows promise in reducing cognitive strain [46],
the field lacks comprehensive metrics to compare performance across different immersion levels
and visualization methods.

Cultural factors represent another critical gap, with only Bartneck et al. [47] examining trust
variations across countries. This limited understanding of cultural influences on operator trust
and interaction patterns hinders the global deployment of teleoperation systems. The absence
of standardized metrics further complicates cross-cultural comparisons of operator performance

and system acceptance.

1.4 Research Questions

This thesis will attempt to answer the following scientific questions:

Chapter 2]
RQ; Are current simulation software for robotics suitable for acting as a digital twin or
digital clone?

Chapter [3and [

RQ,;How do variations in User Interface Device (UID), robotic arm configurations, and
gripper designs influence user performance and cognitive workload during teleoperation
tasks?

Chapter (4

RQ3 To what extent does prior user experience with robotics and virtual reality affect task

performance and adaptability in teleoperation scenarios?

RQ4 How do cultural differences between operators from different regions (e.g., UK and

Japan) impact workload and performance in robotic teleoperation?

RQs5 What is the relationship between operator trust in robots and their performance dur-

ing teleoperation tasks?

Chapter

RQg Does Virtual Reality Immersion help reduce the mental and cognitive load of the

user during teleoperation, particularly across different cultural contexts?
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1.5 Research approach

This thesis begins by investigating whether current simulation software can serve as ef-
fective digital twins (RQq). This question is addressed through a systematic comparison of
ROS2-compatible simulation platforms in Chapter 2] The benchmarking effort evaluates their
suitability for manipulations tasks and resource utilization. Results revealed that while Webots
demonstrated high stability and repeatability, [saac Sim emerged as the most versatile platform
due to its integration with machine learning frameworks and advanced motion planning capabil-

ities.

Building on this foundation, Chapter [3introduces TELESIM, a modular plug-and-play frame
work designed to facilitate seamless teleoperation across multiple robotic platforms. By integrat-
ing digital twin technology, TELESIM provides near real-time feedback and control, enabling
operators to interact intuitively with robotic systems. The framework’s adaptability is validated
through user studies involving different robots (e.g., UR3 and Baxter) and control modalities
(e.g., VR controllers and SenseGlove). These studies address RQ;, which explores how varia-
tions in User Interface Devices (UIDs), robot configurations, and gripper designs influence user
performance and cognitive workload.

To expand the scope of evaluation, Chapter [ examines the impact of cultural differences on
teleoperation performance (RQy4) and investigates the relationship between prior user experience
(RQ3) and task adaptability. A large-scale international study involving participants from the
UK and Japan reveals significant insights into how cultural factors shape trust in robots (RQs)
and user interaction patterns. Contrary to existing literature, Japanese participants exhibited
higher trust levels toward robots compared to their UK counterparts. These findings challenge
preconceived notions about cultural attitudes toward robotics and highlight the importance of
context-specific evaluations.

Chapter [5|extends TELESIM by incorporating immersive virtual reality capabilities through
a system named IMMERTWIN. This mixed-reality framework addresses RQg, which investi-
gates whether virtual reality immersion can reduce cognitive load during teleoperation tasks.
By integrating real-world data into virtual environments, IMMERTWIN enhances user interac-
tion with robotic systems, providing a more intuitive and immersive teleoperation experience.
Experimental results demonstrate that varying levels of immersion significantly affect operator
performance and cognitive workload.

The structure of the thesis reflects a logical progression from foundational research to ad-
vanced applications. Chapter [I] introduces the motivation, challenges, and research gaps that
underpin this work. Chapter [2] establishes a baseline for simulation software evaluation, while
Chapter [3| develops and validates the TELESIM framework through user studies. Chapter [4] ex-
pands this validation to include cross-cultural comparisons, providing a broader understanding
of user interactions with teleoperation systems. Chapter [5] integrates immersive technologies

into TELESIM, offering novel insights into enhancing operator experience through mixed real-
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ity. Finally, Chapter [6| synthesizes these findings into a comprehensive conclusion that outlines

future research directions.

1.6 Contributions

This thesis aims to address the limitations described in Section and answers the research
questions defined in Section [I.4] by creating a modular framework for direct teleoperation that
can be used to establish a baseline by recording the performance of an operator while performing
a direct teleoperation task and measuring the cognitive and physical load perceived by the user
during this task.

The main contributions of this thesis are:

* Development of a methodological framework for systematic evaluation and comparative
analysis of robotic simulation platforms, with specific implementation in ROS2-based

environments (Chapter [2)).

* Development of baseline performance metrics for direct teleoperation through system-
atic analysis of user interaction across multiple robotic platforms and control interfaces
(Chapter [3)).

* Quantitative investigation of teleoperation performance factors through a large-scale in-
ternational study (n = 73), examining the influence of robot types, end-effector design,

and control methodologies on operator performance (Chapter [)).

* Analysis of correlations between operator experience, robot trust metrics, and teleopera-

tion performance outcomes (Chapter [)).

* Integration of immersive control capabilities within the modular framework, enabling en-

hanced operator interaction within the digital twin environment (Chapter [3).

» Experimental evaluation of immersion levels and their impact on teleoperation perfor-

mance metrics and operator’s workload (Chapter [3)).

And the following minor contributions:

* Development of a modular, plug-and-play teleoperation framework using digital twin

technology for robotic manipulator control, emphasizing system adaptability (Chapter [3)).



Chapter 2

A Systematic Comparison of Simulation

Software for Robotic Arm Manipulation
using ROS2

This section (Section 2 reproduces the author’s version of the accepted, peer review manuscript
presented at the 22nd International Conference on Control, Automation and Systems (ICCAS)
as Florent P. Audonnet, Andrew Hamilton, and Gerardo Aragon-Camarasa. A Systematic Com-
parison of Simulation Software for Robotic Arm Manipulation using ROS2. In 2022 22nd Inter-
national Conference on Control, Automation and Systems (ICCAS), pages 755-762, November
2022. doi: 10.23919/ICCAS55662.2022.10003832. ISSN: 2642-3901 and does not violate the
copyright of the publisher

The totality of the work presented below was undertaken by myself, with my supervisor Dr
Gerardo Aragon-Camarasa and Andrew Hamilton providing edits and corrections

The version of this paper presented in this thesis has been altered to reflect the changes

suggested by the examining committee

2.1 Chapter Summary

This chapter comprehensively evaluates robotics simulation software compatible with ROS
version 2 (ROS2), a widely used meta-operating system. This investigation addresses a sig-
nificant literature gap, as previous comparisons focused exclusively on ROS version 1 (ROS1)
implementations. We devised a rigorous methodology to systematically benchmark simulation
software under similar parameters, tasks, and scenarios. We also evaluated their capability for
long-term operations, task success, repeatability, and resource usage. Our analysis guided the se-
lection of NVIDIA Isaac Sim [48], a simulation platform featuring Ray Tracing capabilities. Al-
though Isaac Sim neither demonstrated superior performance nor minimal resource utilization,

its integration with Deep Learning and Reinforcement Learning frameworks proved decisive for
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ensuring our framework’s future compatibility. Furthermore, its proprietary Riemann Motion
Plan (RMP) [49] offers real-time planning capabilities, reducing dependence on Movelt! [50],
robotics’ predominant motion planner. This independence enhances our framework’s modularity
and contributes to a more comprehensive direct teleoperation baseline, particularly significant
as most current direct autonomy frameworks rely on Movelt!, as noted in Section [[.3]
However, this work was completed in 2021 and since then, technology evolved and the focus
of this thesis changed. As such some of the insight and design choices are no longer applicable

in their current states. An in depth discussion has been added in Section[2.§|

2.2 Abstract

Simulation software is a powerful tool for robotics research, allowing the virtual representation
of the real world. However, with the rise of the Robot Operating System (ROS), there are new
simulation software packages that have not been compared within the literature. This paper pro-
poses a systematic review of simulation software compatible with ROS version 2. The focus is
research in robotics arm manipulation as it represents the most often used robotic application in
industry and their future applicability to digital twins. For this, we thus benchmark simulation
software under similar parameters, tasks and scenarios and evaluate them in terms of their capa-
bility for long-term operations, success at completing a task, repeatability and resource usage.
We find that there is no best simulation software overall. Still, two simulation packages (Ignition
and Webots) have higher stability than others while, in terms of resource usage, PyBullet and

Coppeliasim consume less than their competitors.

2.3 Introduction

With the advent of deep learning technologies, current research efforts have been focused on
teaching robots how to perform various tasks autonomously. However, a data-driven approach
is required to acquire and process the vast amount of data to effectively teach a robot how to
perform an unfeasible task using a real robotic testbed. For this, robot simulation software
[S11152,153) 154, 55] have been used to overcome the shortcomings of data-hungry Al approaches
and to allow the developer to obtain a constant environment [56]]. The world can be controlled in
a simulated environment, including aspects that would be impractical in reality. There is also no
risk of damaging the robot or human operators, and simulations allow time control, increasing
the data collection speed.

Simulations are the gateway for Digital Twins, a high-fidelity representation of the phys-
ical world [57], and can allow manufacturing to increase production and flexibility of supply
chains. Therefore, digital twinning consists of interconnecting a simulation software to a real au-
tonomous robotic system to reduce the implementation time of the manufacturing process when

changing a production line. A recent example of a digital twin solution for a robotic arm can be
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Headless Open ROS2

Mame Logo Physics Engine — Source —

ML Support

- Bullet, DART, ODE,
Gazebo 5 5 External

’ Simbody

Ignition .Y External

Webots Partial 5 5 External

Isaac Sim : Integrated

Unity External
Raisim

PyBullet Bullet External

Bullet, Newton,
ODE, Vortex 5 External
Dynamics
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(Vrep)

Mujoco b toCo Mujoco External

Figure 2.1: Overview of the Simulation Software and Their Capabilities

found in [58] where the authors used ROS (Robot Operating System) [59] to achieve seamless
operation between the real and digital world. However, simulation software is imperfect because
its physics engines do not accurately represent the real world. Furthermore, simulations allow
for perfect data capture with no noise, which has powered research in deep learning approaches
for robotics.

In this paper, we propose to carry out a systematic benchmark of current simulation software
(Figure[2.1)) to investigate their performance and suitability to perform different robotic manipu-
lation tasks using the ROS2 (Robot Operating System version 2). ROS has become the de facto
meta-operating system for modern robotic systems. We choose ROS?2 because it supports a wide
array of devices (e.g. micro-controllers), enabling the Internet of Things (IoT) integration. The
latter is the main requirement for developing a working digital twin system. ROS2 can also
be used to bridge the gap between Al-enabled robots and real-world robot control. We choose
robotic arms in this paper as they are prevalent in automated manufacturing operations.

We consider two tasks for the robot arm to perform. The first task is about picking and plac-
ing an object which is a common operation in the industry. The second task consists of throwing

a cube into a pyramid. We chose this throwing task as we aim to test the accuracy and repeatabil-
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Task 1: Pick and Place

- J

Figure 2.2: Simulation Tasks Progression over Time. Task 1 (top), is a Pick and Place task
where the goal is to stack 3 columns of 5 cubes. Task 2 (bottom) is a Throw task where the goal
is to collapse a pyramid of 6 cubes by throwing a cube at it.

ity of the simulation software to decide its potential suitability for building digital twins. Figure
[2.2]shows an overview of the tasks. We record the resource usage of each simulation considered
in this paper while performing each task in both a headless and a graphical version. Our con-
tributions include proposing a systematic comparison of state-of-the-art robotic arm simulation
software using ROS2, the state-of-the-art version of the Robot Operating System. Furthermore,
we develop an experimental methodology to evaluate robot simulation software for long-term
operations and their success at completing a task. We also devised an experimental validation
system to evaluate the stability of robot simulation software and its capacity to repeat a given
task. In the context of this paper stability refers to the ability of the simulation software to

perform the task without crash.

2.4 Background

Benchmarking robotic simulation software can trace its origins to Oreback, and Christensen
[23]]. They were the first to propose a methodology to test robotic simulations. Their approach
consisted of summarising the capabilities of three simulators, considering quantitative values
such as supported OS or programming languages and qualitative opinions such as the learning
curve or the difficulty of installation. They also recorded the amount of RAM used to control a
real robot using the simulation software. Kramer and Scheutz [60] extended [23] and devel-
oped a comprehensive testing suite for open-source robot simulation software. They devised a

set of criteria based on the software-development process. They created a feature score based
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on different properties such as usability, supported features (path planning, voice recognition,
etc.) and faults handling. They performed a low-level task implementation on a real robot and
recorded the resource usage. However, the task is scarcely described and was only repeated
three times.

Before ROS [59]], some roboticists used the simulation software as a middleware to send
data and commands to the robot, e.g. [60]. Staranowicz and Mariottini [25]] provided the first
comparison of simulation software that used ROS as the communication framework to control
a robot. They compared the properties of three open source and commercial simulations. They
then demonstrated the capabilities of Gazebo [61], a popular simulation software with a real
robot, effectively creating a Digital Twin. However, they neither recorded the resources usage
nor tried a different simulator for the real-world task. Their work was then extended by Nogueira
[62], who compared two simulators and their integration with ROS, the ease of building the
world and the CPU usage.

Pitonakova et al. [26] adopted the methodology in [62]. They compared three simulators
and then ran extensive tests to record each simulator’s performance on tasks involving multiple
robotic arms. They recorded memory, CPU usage, and the real-time factor, meaning the speed at
which the simulation runs. This is vital for Digital Twining. It is also vital for machine learning,
as the faster the simulation runs without compromising the physics, the faster the training of a
machine learning model would be. They performed each test with and without a Graphical User
Interface (GUI) and then compared the impact of rendering the simulation to a screen. Ayala et
al. [277] and Korber et al. [28] followed the idea of recording resources usage during the running
of the experiment. After recapitulating the properties of each simulator, they coded tasks and
recorded memory and CPU usage. Korber et al. compared four simulation software on robotic
manipulation tasks while Ayala et al. only compared three for humanoid robot scenarios.

In this paper, we initially consider eight robot simulation software but narrow our benchmark
to five that support ROS2, including two simulation software that have not been considered in
the literature. We also propose to implement pick and place and throwing tasks to investigate
the advantages and limitations of each simulation software, their performance and, ultimately,

their suitability for Digital Twins.

2.5 Materials and Methods

To evaluate and compare robotic simulation software, we develop our methodology and experi-

ments guided by the following research questions:

RQ1.1 How does simulation software compare in terms of supporting long-term operations

while still succeeding at completing a given task?

RQ1.2 How repeatable is the simulation software under the same scene and task constraints?
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RQ1.3 Which simulation software would be more suitable for machine learning research in

terms of resource usage and idle time?

2.5.1 Simulation Software

The above research questions inform our choice of the simulation software investigated in this
paper, as shown in Figure Not all simulation software has support for ROS2. For this paper,
we have attempted to implement our ROS2 bridge but with limited success due to the rapid
development cycle of ROS2. For completeness, we describe our experience while implementing
the ROS?2 bridge for the simulations we do not use in this paper. Unity’s existing bridge is limited
as it does not support asynchronous communications, which are the underlying communication
paradigm in ROS2. Mujoco conflicts with ROS2 because the ROS2 multithreaded controller is
incompatible with Mujoco’s single threading nature. Finally, we had to drop Gazebo because
development efforts have turned to Ignition, and there is currently an implementation error in
the controller code, causing our robot to move erraticall

We also consider simulations that feature a headless mode. This is because a headless mode
is critical in a machine learning context (ref. RQ1.3). Therefore, we analyse the GUI's impact
on resource usage. The robot simulation software examined in this paper are:

1) Ignition [51] is a set of open source software libraries which are arranged as multiple
modular plugins written in Ruby and C++. Open Robotics has developed them since 2019. It
has a similar communication principle to ROS2. We chose this simulator as it is the successor
of Gazebo.

2)Webots [52] has been developed since 1998 by Cyberbotics, a spin-off company from
EPFL (Swiss Federal Institute of Technology Lausanne). It supports a wide range of sensors
and robot controllers out of the box, is well documented and includes several examples files.
Figure [2.1| has partial headless support because it only disables the simulation rendering. There
is still a GUI visible. We considered it because it is one of the oldest simulation software still
actively developing.

3) Isaac Sim [53|] is a recent, Linux-only, simulation environment developed by Nvidia
which runs on the PhysX engine and can be programmed in Python or C. By default, it integrates
machine learning capabilities and has in-built plugins to generate synthetic data for domain
adaptation and transfer learning. The latter is possible because of its ray tracing capabilities,
allowing for a visual simulation as close to reality. While it can be run in headless mode, this is
not possible while using their ROS2 extension since there is an issue with the ROS2 plugin not
loading when launched from a python script instead of from the terminal.

4) PyBullet [54] is a Python-based simulation environment based on the Bullet physics

engine, which has been in development since 2016. It is popular for machine learning research

1 https://github.com/ros-simulation/gazebo_ros2_control/issues/73



CHAPTER 2. COMPARISON OF SIMULATION SOFTWARE 14

as it is lightweight and easy to use. For this paper, we implemented a ROS2-compatible plugin
since there is no official ROS2 support.

5) Coppeliasim [55]], previously known as V-REDP, is a partially closed source simulation
environment developed since 2010. It can be programmed directly in Lua or external controllers
in 6 other languages. We decided to include it in our research as it has been compared in previous

simulation software reviews, e.g. [62,[26]163) 27, 164].

2.5.2 Data Capturing

For data capturing and recording, we adopt the metrics mentioned in Section [2.4] namely, the
processor usage (CPU), the memory usage (RAM) and the execution time (ref. RQ1.1 & 3).
We also record task-specific data, such as the number of cubes placed or moved (ref. RQ1.2 &
3). The execution time is not mentioned in the literature but was added as a metric for machine
learning, in which the running time can have major impact, as training a model involves several
iterations of the simulation. A delay of tens of seconds for one iteration can turn into long
training sessions. To accurately record each simulation, we start recording 5 seconds before the
simulation starts and ends the recording 60 seconds after the task has ended. This is to ensure
we record the start and end of all the processes and ensure that all process have been terminated.
We record processes related to the simulation while discarding the rest, such as OS-specific

processes.

2.5.3 Robotic Tasks

We consider two tasks, each divided into two sub-tasks, to evaluate each simulator considered
here. A sub-task is repeated 20 times to reduce the variance during data recording and to obtain
an accurate statistical characterisation of a simulation. In practice, we found that more than 20
repetitions do not result in a statistically significant difference using the Student’s T-Test. The
two tasks and their rationale are summarised in Table [2.1] The task execution logic is the same
for all simulations. We must note that we use the default simulation parameters to set up these
tasks. This is to remove bias while implementing the tasks and avoid tuning simulator-specific
parameters in order to obtain an objective evaluation for each simulation software. The Pick
and Place task has been chosen as a proxy for assembly tasks that requires multiple actions of
picking and placing objects. Furthermore the multiple towers evaluates the abilities of the robot
to manipulate in a precise manner while taking care of avoiding the environment. The Throw
task was chosen to evaluate the repeatability of the physics engine and it’s accuracy, despite the

fact that there is no real world task that would make use of such an evaluation
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Table 2.1: Sub-Task overview and Design rationale

15

Name Design Features | Data Recorded and Ra-
Tested tionale
Task 1-A: | A robotic arm randomly takes 5 | Friction, | This experiment .
Pick, and | cm cubes from a table with 21 | Gravity, addresses RQ1.2 which
Place cubes arranged in a 7 x 3 grid. | Inertia analyses the numbers
The task is to stack them into 3 of cubes correctly
towers of 5 cubes, as seen in Fig- placed. It will also test
ure We consider 3 stacks to the stability and
leave cubes on the table and to suitability of the
allow for more diversity in each simulation for long
repetition. We set the limit to 5 operations, as recorded
stacked cubes due to the table’s by the number of cubes
height and the robot’s capabili- still in place at the end
ties. (ref. RQ1.1). The idea
Task 1-B: | We use the same setup as Task 1- of stacking cubes to
Pick and | A but without a GUIL. This was analyse performance is
Place Head- | chosen as in a machine learning motivated from [28]
less settings experiments need to be
restarted multiple times and of-
ten run on a server with no screen
(ref. RQ1.3).
Task 2-A: | A robotic arm will pick up a cube | Friction, | This task benchmarks
Throwing and throw it towards a pyramid of | Gravity, | the accuracy and
6 cubes. The arm goes as far back | Inertia, repeatability of the
as mechanically possible and per- | Kinetic simulation software
forms a throwing motion towards and addresses RQ1.2.
the pyramid in front of it. Fig- The latter is carried out
ure [2.2|shows the trajectory taken by recording the
by the robot during this task. The number of cubes
cube is released at 50% of the tra- displaced from their
jectory. The pyramid is placed original position. This
such that a successful throw at idea has been inspired
full power will collapse it. by a contributor to
Task 2-B: | We follow the same design as Ignition’] demonstrating
Throwing Task 2-A, except without a GUI how to interface ROS2
Headless (ref. RQ1.3). and Ignition.
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2.5.4 Robot Control

There are 3 methods to control a robot using ROS2: the joint controller, the joint trajectory
follower and the general purpose ROS controller. The joint controller sets the position of the
joints to a given joint angle using hardware-specific interfaces of a robot. This is the simplest
method as it provides no feedback to the controller regarding whether the robot performed the
change in position successfully. The joint trajectory follower uses a ROS action client/server
combination in which the client sends the joint position for a given trajectory. Then, the server
continuously sends the current value of the joints as a feedback mechanism until the trajectory
is completed. In this situation the server is the robot’s interface. This method works well in
practice and we have implemented it for Coppeliasim, PyBullet and Isaac Sim. For the Ignition
and Webots, we use the general purpose ROS controller (ros_control) [65], which is not
implemented for the other simulations. It provides a wrapper for the joint trajectory follower

described above and different methods of control such as a velocity, effort or gripper controller.

2.6 Experiments

2.6.1 Methodology

We use a docker container with Nvidia Ubuntu 20.04 cudagl image for all simulators except for
Isaac Sim that cannot access the base graphics driver API when using docker. Isaac Sim is thus
executed in the base system from where we run all experiments. The docker overhead is ignored
as only processes related to the tasks will be recorded . ROS2 Foxy has been installed, along
with simulator-specific packages. Docker has been used to easily provide an image with all
the necessary packages installed without conflict between different simulations. It also allows
for reproducibility of these experiments by providing the same setup every time. The base
system runs an Intel I7 10700 with 32GB of RAM and an Nvidia GeForce RTX 3060 with
Ubuntu 20.04. We used psuti which is a python package that records the CPU and RAM
usage. Each process was monitored at 10 Hz to minimise the resource impact. We used the
recommended time step for each simulator, and we fixed all simulators to run in real-time. We
use the Franka Panda robot and its model and configuration files provided by Movelt 2 [66]. The
project repository can be found at https://github.com/09ubberboy90/ros2_sim_comp.

2.6.2 Implementation

The implementation comprises four components as shown in Figure [2.3] and as noted below.

Zhttps://github.com/AndrejOrsula/ign_moveit2
Zhttps://github.com/AndrejOrsula/ign_moveit2
3https://pypi.org/project/psutil/
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Figure 2.3: Implementation Diagram

r Y

1 Simulator: launches the simulation software and spawns the robot along with the gripper

and arm controllers.
2 Pathfinder: launches Rviz (a ROS data visualisation software) and Movelt 2.

3 Controller: chooses which object to grab from the list of collision objects advertised by
Movelt 2, shown in Figure [2.3] as blue arrows. Then, the pick and place or throwing task is

executed accordingly.

4 The Object-Handler: spawns the objects and publishes their position to the planning scene
of Movelt 2 at 2 Hz. We choose 2 Hz because the scene’s rate of change in real time
does not deviate considerably. Higher rates consume more CPU usage, which impacts the
performance of all simulations in this paper.

In our implementation, both the arm and the gripper are controlled using a position controller.
We must note that the gripper controller available in ROS1 has not yet been ported to ROS2. The
latter causes issues while grasping objects in the simulations (except Webots) as the amount of
force is constant with no feedback. To mitigate this issue, we command the gripper to close
its gripper beyond the optimal closing distance to ensure that the object is grasped correctly.
Webots does not have this issue because it implements a PID controller for each simulated
motor by default. These 4 components are launched using a single ROS2 launch file with ad hoc
delays to ensure everything is started, as Parts 3 and 4 do not work unless part 2 is launched.
For each simulation software, we are using the default physics time step. The physics engine is
also the default, except for Coppeliasim, in which we use the Newton physics engine because
the other supported physics engines cause the gripper to fail to grip the cube.

2.6.3 Experiment 1

Table shows the result of task 1, which addresses RQ1.1 & RQ1.2. The reason the task

times out (failure in Table [2.2)) is because the ROS controller fails to start, or in the case of
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Table 2.2: Task 1: Percentage of Cubes Placed

) Cubes Placed Cubes at the end
Name F2(1(17101;r6 (%) of the task (%)
Min | Mean | Max | Min | Mean | Max
Ignition 0 60 91 100 | 47 82 100
Ignition GUI 0 80 94 100 | 67 88 100
Isaac Sim GUI 10 47 89 100 | 20 65 100
Pybullet 0 7 18 47 7 15 47
Pybullet GUI 0 7 11 40 7 11 40
Coppeliasim 30 67 92 100 | 47 79 100
Coppeliasim GUI 15 53 91 100 | 47 76 100
Webots 5 53 88 100 | 47 79 93
Webots GUI 5 73 91 100 | 40 80 100

Coppeliasim, the client refuses to connect to the simulation server. The rest of the metrics only
focus on successful attempts.

Ignition and PyBullet did not have timeouts; however, PyBullet performs significantly worse
at stacking 5 towers than the other simulators as 15% of the cubes on average (i.e 3 cubes) were
correctly positioned at the end of the simulation, and, therefore, the robot does not encounter
scenarios where it collapses towers. Ignition and Webots are the best performing simulations for
executing the task of stacking cubes and keeping the cubes in place. Coppeliasim and Isaac Sim,
are carrying out the task well at placing the cube in the right place but, tend to have situations
where the robot collapses the towers. Furthermore, while Coppeliasim achieves 92% success of
placing cubes, we can observe that it often times out, and reduces its overall success. We can
also observe in Table[2.2]that there is no statistically significant difference between headless and
GUI modes, using the Student T-Test. These results suggest that Ignition (headless and GUI)
succeeds at completing the task more frequently using the default parameters (ref. RQ1.1) and
has less variation over different attempts (ref. RQ1.2).

Table @ shows that PyBullet headless consumes fewer resources overall, while Isaac Sim,
is the most memory-intensive simulation as it consumes 10 times more RAM than the next sim-
ulator (Webots GUI). This is in line with the current trend of Pybullet being used in machine
learning research (ref. RQ1.3). It is worth noting that Coppeliasim uses fewer resources with
a GUI than headless. We speculate that this is because it was initially designed as a GUI appli-
cation, with headless support only added at a later date, thus having received less development
focus.

Figure shows the spread of the start time and end time for each simulation (ref. RQ1.3).
As mentioned in Section [2.6.2] Isaac Sim has to be started manually, thus the time that takes
the simulation to start is not captured in the plot. Ignition takes the most time to load because

it requires an additional movement to the start position. Webots finish the earliest with little
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Table 2.3: Task 1: Resources usage

Name CPU (%) | RAM (MB)
Ignition 202 +94 686 + 313
Ignition GUI 205 £51 775 £ 159
Isaac Sim GUI 134 £25 | 10070 = 1885
Pybullet 117 £41 663 + 224
Pybullet GUI 140 + 28 919 + 168
Coppeliasim 135 +£42 860 + 262
Coppeliasim GUI | 100 + 43 850 £ 379
Webots 144 + 72 1191 £ 550
Webots GUI 162 + 61 1322 £ 410
Start Time End Time
Ignition ] HiJHoo o
Ignition GUI - (H HH
lsaac Sim GUI { G H H o
Pybullet *’ I'D—' ©
Pybullet GUI oo ofH
Coppeliasim - I-I:ll i-l:l-l o0
Coppeliasim GUI - o HH oo o
Webots - qi I-[I w (o]
Webots GUI - b H
15 20 25 30 300 350 400 450 500
Time (s)

Figure 2.4: Task 1: Mean task start and end time
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variation. Combined with its relatively high success rate from Table [2.2] Webots appears to be

ideal for prototyping robotic tasks and for machine learning experiments due to its relatively

high success rate from Table [2.2] and finishing the task and simulation early with low variation.

PyBullet, on the other hand, takes the most time and combined with its high failure rate (with

the default parameters), it may not be suitable for machine learning as it would take more time

to run a single experiment. Similarly, further parameter tuning would be required in order to

obtain a stable simulation that succeeds at completing the task.
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Table 2.4: Task 2: Percentage of Cubes Placed

Name Failure (%) Cl%bes Moved (%)
Min | Mean | Max
Ignition 10 0 0 0
Ignition GUI 0 0 0 0
Isaac Sim GUI 0 0 18 83
Pybullet 0 0 0 0
Pybullet GUI 0 0 0 0
Coppeliasim 32 0 9 50
Coppeliasim GUI 20 0 0 0
Webots 5 0 11 50
Webots GUI 15 0 21 50

2.6.4 Experiment 2

As shown in Table [2.4] which focuses on RQ1.1 & 3, only Webots throws consistently. Isaac
Sim consistently manages to throw the cube but fails to hit the pyramid as the motion behaviour
is not deterministic. We speculate that this is because we did not tune the simulation parameters
and used the default values. Coppeliasim and PyBullet manage to hit the pyramid, but the
behaviour is rare as the few times the arm manages to successfully perform the throwing motion,
the throw is not always at the same distance nor perfectly aligned. Coppeliasim has a high timing
out rate (failure column in Table [2.4) due to the reasons mentioned in Section [2.6.3] Finally, for
Ignition, the success at hitting the pyramid is zero. We observe that, in most cases, the cube falls
in transit, especially when the arm is as far back as possible and starts to move at full speed for
the throwing motion. At this point, the robot and the cube have the highest moment of inertia,
and if the friction between the cube and the gripper is not enough, the cube falls. We must note
that we fix the friction parameter to explore the default capabilities for each simulator. We also
notice that there are instances when the robot manages to throw the cube but does not hit the
pyramid. This is because the gripper controller had a delay in opening its gripper, changing the
thrown cube landing spot.

Table [2.5| shows similar results to task 1. Coppeliasim uses the lowest amount of CPU while
Ignition uses less memory. The CPU usage for all simulations observes less variation. This
could be due to the simplicity of the world and the short time of execution. As mentioned in
Section[2.6.3] Coppeliasim still uses fewer resources with a GUI than headless. Figure[2.5|shows
similar start and end times for all simulations, observing lower variations compared to task 1.
The reason for this is the relatively short time of execution and the low amount of path planning
that can fail and delay the execution. For this scenario, considering only the time of execution
will not have an impact on the choice for a machine learning approach as the difference between

execution is minimal. If resource usage is important, then Coppeliasim should be considered for
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Figure 2.5: Task 2: Mean task start and end time

Table 2.5: Task 2: Resources usage

Name CPU (%) | RAM (MB)
Ignition 152 +£99 524 + 340
Ignition GUI 137 £ 103 574 + 371
Isaac Sim GUI 148 +48 | 11123 + 1865
Pybullet 139 + 32 730 £ 174
Pybullet GUI 136 + 31 828 + 205
Coppeliasim 115 +37 742 £ 185
Coppeliasim GUI | 98 + 28 838 £214
Webots 141 +74 1275 £ 261
Webots GUI 134 +72 1207 £ 198

machine learning tasks. Otherwise, a more successful simulation should be considered such as
Webots.

2.7 Conclusion and Future Work

In this paper, we have investigated current robot simulation software performance and their suit-
ability to perform two different robotic manipulation tasks. We have also developed a method-

ology to systematically benchmark robot simulations under similar parameters, tasks and sce-
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narios. Based on our experimental results, Webots appears to be the more suitable for long-term
operations while still succeeding at completing a given task (ref. RQ1.1) and be able to replicate
the same simulation conditions across attempts (ref. RQ1.2). Webots would only be suitable
for machine learning if the execution time and resources are not a requirement while training
machine learning models (ref. RQ1.3). Ignition, while comparable to Webots, is more suited
to answer RQ1.1 & RQ1.3. RQ1.2 is only satisfied if the task is slow moving and constant.
We must note that Ignition is still in development and some of the challenges we encountered
while implementing both tasks and carrying out our experiments may be mitigated in the future.
Coppeliasim and PyBullet have less impact in terms of resource usage and are the most suited
to answer RQ1.3. That is, Coppeliasim provides better stability for task success at the cost of
timing out more often. Finally, Isaac Sim only satisfies RQ1.1, as the simulated scene was not
repeatable across attempts.

From our review and experimental results, we found that current robot simulation software
could not be used to develop a digital twin. This is because the simulators considered in this
paper cannot maintain a repeatable simulated scene over time. We hypothesise that a continu-
ous feedback mechanism is needed between the simulation and reality similar to [67] in order
to maintain an accurate representation of the real environment. While this paper focused on
benchmarking robot simulation software, future work consists of optimising each simulator to
minimise failure rates and maximise task completion, and benchmark them accordingly. Ad-
ditionally, the Unreal Engine plugin for ROS2 has recently seen more development and could
potentially replace Unity in our original plan. We also aim to specifically benchmark each sim-
ulation in a machine learning context, such as in [68] with the view to developing a digital
twin that can take advantage of a simulated environment to deploy Al solutions for autonomous

robotic systems.
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2.8 Discussion

This paper was written in 2021, and since then, technology has evolved significantly, pre-
senting new opportunities for refinement and innovation. While the experimental design and
methodology described in this chapter provided valuable preliminary insights, they also high-
light areas where future research could build upon and improve these findings.

The experimental design could be enhanced by incorporating tasks such as "peg-in-the-hole,"
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which is widely recognized as a robust proxy for assembly tasks in real-world scenarios. This
would allow for a more comprehensive evaluation of simulation software capabilities and their
applicability to practical use cases.

Additionally, while our experiments utilized a fixed starting position for the robot and pre-
defined pick-and-place actions, future studies could introduce randomized starting positions and
dynamic pick-and-drop locations. This approach aligns better with the modular and adaptive
requirements of Industry 5.0, creating a deeper understanding of how simulation software can
support diverse operational scenarios[16].

Our decision to keep default parameters likely influenced the results, as factors such as
timestep, sampling periods, and physics parameters significantly impact simulation stability
[69]. For example, the grasping issue noted in Section 2.6.2, where the gripper was commanded
to close beyond its optimal distance, could be mitigated through parameter tuning tailored to
each simulator’s unique characteristics.

Despite these limitations, this paper serves as an important stepping stone for future research.
The insights gained here can inform more rigorous experimental designs that leverage statistical
tests to produce meaningful and actionable results. By addressing these areas of improvement,
subsequent studies can generate deeper insights into the capabilities of simulation software.

Finally, while Isaac Sim did not perform optimally in certain tasks such as throwing, its addi-
tional features, including built-in machine learning support, real-time motion planning based on
Riemannian Motion Policies [[70], and photorealistic rendering, make it an excellent choice for
advancing teleoperation frameworks. These features proved pivotal in developing the modular
teleoperation system described in Chapter 3, demonstrating Isaac Sim’s potential to drive inno-
vation despite initial performance limitations. The update after this experiments has reduced the

amount of RAM usage by 2 and further enhancement were added each following updates.
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3.1 Chapter Summary

This chapter outlines the development and evaluation process of our initial framework,
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TELESIM, designed to assess user performance in direct teleoperation utilizing the simulation
software selected in Chapter 2] By implementing TELESIM alongside literature-informed user
questionnaires, we addressed the research gap identified in Section particularly regarding
the scarcity of user evaluations in direct teleoperation research. Our experimental protocol in-
volved participants operating two distinct robots through various User Interface Device (UID),
employing direct visual feedback, as illustrated in Figure 3.1} The framework demonstrated
robust modularity and plug-and-play capabilities, successfully accommodating multiple robots
and UIDs. However, our initial investigation remained geographically constrained to a UK pop-
ulation, necessitating broader demographic sampling for result generalization.

The work presented in this chapter is explained in greater details in Chapter |4} specifically,
the hardware setup and experimental design due to the publication page limit

3.2 Abstract

Teleoperating robotic arms can be a challenging task for non-experts, particularly when using
complex control devices or interfaces. To address the limitations and challenges of existing
teleoperation frameworks, such as cognitive strain, control complexity, robot compatibility, and
user evaluation, we propose TELESIM, a modular and plug-and-play framework that enables
direct teleoperation of any robotic arm using a digital twin as the interface between users and
the robotic system. Due to TELESIM’s modular design, it is possible to control the digital
twin using any device that outputs a 3D pose, such as a virtual reality controller or a finger-
mapping user input device(UID). To evaluate the efficacy and user-friendliness of TELESIM, we
conducted a user study with 37 participants. The study involved a simple pick-and-place task,
which was performed using two different robots equipped with two different control modalities.
Our experimental results show that most users were able to succeed by building at least a tower
of 3 cubes in 10 minutes, with only 5 minutes of training beforehand, regardless of the control

modality or robot used, demonstrating the usability and user-friendliness of TELESIM.

3.3 Introduction

Robot teleoperation is difficult for non-experts [12, [13]. Recently, the ANA Avatar XPRIZE
Challenge [9] set a series of challenging tasks to test the limits of teleoperation. The best systems
that completed the challenges were rewarded with a prize pool of $10 million. At its core, the
challenge involves the direct teleoperation of a robot with minimal latency and the capacity to
experience the environment from the robot’s perspective. However, direct teleoperation still
places a heavy physical and mental strain on the user, as Pettinger ef al. [30] reported that a
user performing a pick and place task was faster and had fewer errors while reporting the task
was more accessible when shared autonomy systems were enabled. Hence, researchers from

HCI, medicine, robotics, and others have explored different means of control for teleoperation
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Figure 3.1: Our modular and plug-and-play TELESIM framework is being used to control a
UR3 Robot (top-left) and a Baxter Robot (top-right) and its digital twin (bottom-right).

to address these limitations. While most research efforts focus on a physical control device such
as a Virtual Reality Controller [11} 32], a Joystick [21 [71], or phone [22]], others decided to
use cameras to track the whole body [[72] 29], or just the gaze [[73]]. There has yet to be an
overall consensus on the most appropriate type of control for direct teleoperation with specific
applications requiring specific implementations.

In this paper, we develop a modular and plug-and-play direct teleoperation framework called
TELESIM that non-experts can use without specialised training using off-the-shelf Virtual Re-
ality (VR) technologies. Specifically, our objective is to allow for the direct teleoperation of any
robotic arm using a digital twin as the interface between the user and the robotic system. Accord-
ing to Semeraro (2021), a digital twin can be defined in various ways. However, in the context
of this paper, a digital twin is defined as a virtual representation or model that engages with a
physical system throughout its life cycle. We then demonstrate TELESIM’s user-friendliness
using a user study and the users’ success rate at completing the task using two different types
of control and grasping systems. Specifically, we use a virtual reality controller and a finger

mapping user input device(UID) mounted on two robotic manipulators using different grasping
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.

Figure 3.2: Overview of the experimental setup. The Steam Index VR Headset [2] is marked as
(1) on the far left, which acts as the world’s frame. The Baxter robot on the left (2) is controlled
by the Steam Index VR controller (5). In front of it, the UR3 is on the right (3), with the Yale
OpenHand T42 gripper [3]], controlled by the Senseglove and HTC Vive tracker (4) on the left
side of the brown table. Additionally, in the upper right corner (7), a view of the starting setup
of the task, which consists of 3 cubes in a triangle pattern (described in Section @), while on
the brown table, the cubes are arranged in the goal configuration (6).

systems. We compare their performance to study whether additional degrees of freedom in the

control scheme enhance performance while performing a simple task. Our contributions are:

* A modular and plug-and-play framework for teleoperation for any robotic arm using a

digital twin.

* An experimental validation for testing the framework’s performance through a simple
non-expert task.

* A rigorous evaluation involving 37 participants demonstrating the user-friendliness of
TELESIM.

3.4 Background

Direct teleoperation is considered a stepping stone for shared autonomy [39]]. This is because
direct teleoperation causes significant cognitive strain on the user [30], and the user may not
be capable of millimetre-scale adjustment to the position of the robot end effector. While in
medicine, the user’s movement is scaled down to allow for more precision 32]], it may not
be suitable for all types of manipulation tasks as some require significant arm movements to
move an object from one place to another.

Hence, researchers have explored different UID to reduce the cognitive strain while giving

the highest precision. For instance, low degree-of-freedom UIDs such as a keyboard [41]], a
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joystick [74, 21]], a touchscreen [42], or a gamepad [75] have brought an improved level of
control [41] to address the user’s mental strain. However, with the advent of VR technologies,
researchers have investigated whether these technologies are appropriate for direct teleoperation.
For example, they have proposed using a VR controller such as [43][11] or a phone [76]. While
others have investigated the use of motion mapping of the user’s body [72, [77] or only gaze
control [73]]. However, for the former, the added mobility generates a higher cognitive load [30],
and mapping motions to robot movements is challenging due to differences in kinematics chains
between robot arms and users [[78]].

Recently, Gottardi et al. [38] have investigated combining multiple control systems, such as
a VR controller and a tracking band on the upper arm, to track the user’s movements. Rakita et
al. [32] also compared various UlDs: a stylus, a touchscreen, and a VR controller. These were
then integrated into a custom inverse kinematics solver that adjusted the tolerance level when
matching the end-effector pose to that of the user. The authors showed that users preferred the
VR controller as they were more successful at completing pick-and-place tasks, such as picking
up bottles or plates. To mitigate the limitation of direct teleoperation, researchers have focused
on how much shared autonomy improved the success of a given task. For this, research works
have aimed at comparing direct teleoperation with respect to an assisted version to analyse the
impact of shared autonomy on task success. For example, Chen et al. [[/2] created a system in
which the operator, using a joystick, manipulated the robot’s end effector to an object, and then
the robot could either grasp the object autonomously or assist the user in fine-tuning the robot
position for a more optimal grasp. Later, [29, 30, 38] built on [72]] where the user teleoperated
the robots directly to a planned position but allowed the robot to perform the grasp automatically
or, in the case of [30], turn a valve handle. Lin ef al. and Gottardi et al. conducted a user survey
and confirmed that users preferred the shared autonomy approach, as it reduced complexity and
mental strain. Furthermore, [38]] observed results similar to [71], who hypothesised that users
preferred to give up control if it meant increasing the task completion rate. However, Javdani
et al. [71,40] have falsified this hypothesis using a system similar to [29, 30, [38]]. The authors
concluded that users preferred to lose control if it meant an increase in a task’s success rate only
for a more complex task, while, for simple tasks, users still preferred to have more control. These
works have focused on one robotic system and conducted their experimental survey on a small
user base (between 8 and 23 participants). Furthermore, they focused on different autonomy
levels and not on different UIDs. Finally, they used either Movelt! or their planning interface
for controlling the robot.

Although this paper focuses on TELESIM as a framework, our evaluation also addresses
four main limitations of previous work: (1) researchers have only used one robot per study, (2)
with either Movelt! or their own implementation of path planning, (3) using either one or more
tracking methods and (4) testing their system with user studies with a small user base, which

does not represent a statistically significant sample. It also addresses a gap discussed by Rea &



CHAPTER 3. TELESIM 29

Qur Teleoperation System

Motion Planning
p— and ‘
Colllsnon Avcidance
Update Target Point
TV i ]
il i) "1‘ “ |
|

3}

Figure 3.3: Overview of TELESIM, our direct teleoperation framework. The User Input De-
vice (UID) (in the black dotted line) (1) can be any system that outputs a 3D pose, while our
framework is depicted in the blue dotted line. It accepts the pose given by (1) to update the 3D
pose of a cube in the digital twin. The robot then calculates a path to this cube in real time while
avoiding collision with the world (4). Finally, TELESIM can be plugged into any robotic system
(6) via a ROS2 robot controller (5), as shown in the red dotted line.

Seo [12]], which states that there needs to be more non-expert evaluation of robotic teleoperation
for general tasks such as picking and placing common objects. Therefore, to advance the state-
of-the-art in robotic teleoperation, we investigate the performance of different control modalities
for direct teleoperation using a VR controller and finger mapping as different ways of interacting
with the gripper while relying on VR tracking. Similarly, we evaluate our framework on two
different robots, a Rethink Robotics Baxter and a Universal Robotic 3, which demonstrates the
modularity of our system, while Movelt! and other systems needed to be fine-tuned to work [79].
We ask 37 non-expert participants to carry out a simple pick-and-place task. Additionally, by
using two different control modalities, our goal is to bridge the gap between physical UIDs
[11]] and complete body mapping 29]] by investigating the performance of hand and finger

tracking through a SenseGlove.

3.5 Direct Teleoperation Framework

TELESIM (Fig. [3.3) consists of 3 components. The User Input Device(UID) (1) can be any
control system that outputs a 3D pose. In this paper, the UID is either a VR controller or a
SenseGlove with an HTC Vive Tracker. Our framework (2) calculates a motion plan to the pose
given by (1) and sends it through ROS2 (Robot Operating System) [80] to any robotic arm that
supports ROS control (3). In this paper, we use either a Baxter robot or a UR3 robot. The
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following subsections detail the design and implementation of each component.

3.5.1 Hardware Setup

The hardware used in this paper consists of a SteamVR [81]] tracking a Steam Index controller
and HTC Vive Tracker, as shown in Figs. [3.2] points 5 and 4, respectively. The Baxter robot
(point 2 in Fig. is controlled using the Steam Index VR controller, and the gripper can be
closed by pressing the main trigger on the Steam Index VR controller. These conditions will
henceforth be referred to as Red Design. The UR3 robot (point 3 in Fig. [3.2) is controlled using
a Senseglove development kit, which allows for mapping of all individual finger movements,
with an HTC Vive Tracker mounted on top of the middle finger of a T42 gripper from the Yale
OpenHand project [3]. These conditions will henceforth be referred to as Blue Design. These
UIDs are represented as point 1 in Fig. [3.3]

The T42 gripper is an underactuated 2-finger gripper that we modified to have a 1 degree of
freedom per finger by fixing the 2nd joint of each finger, counting from the base. The interface
with the Senseglove is thus restricted to movements of the user’s thumb and index finger, and
these are mapped to a single degree of freedom to result in the opening and closing of the gripper.
We adopted this approach to compare the Steam Index VR controller and the Senseglove fairly.
However, it still allowed us to test the increase in complexity of adding an extra degree of
freedom for the user to control. We also developed a custom control loop for the gripper using
two separate Arduino UNOs, as they only have one serial port per board. Joint positions are
converted from degrees to motor commands and then sent to the first Arduino through a serial
interface. Then, commands are relayed to the second Arduino through I2C and transmitted to the
two MX-28 Dynamixels [82]. The second Arduino is also responsible for reading the motors’
current position and load and transmitting it back to the computer. Additionally, we restricted
the amount of force the user can transmit to the gripper, as without it, it leads to breakage of
the controlling string or exceeding the amount of resistance allowed by the motor. We decided
not to implement haptic feedback as it would give the users an advantage of sensing whether an
object is grasped. Thus, this will result in an unfair comparison between the VR controller and
the SenseGlove. Therefore, we leave haptic feedback for future work.

The VR headset (1 in Fig. [3.2)) acts as the origin of both robots, giving the user an easy
reference point for teleoperation. The SteamVR outputs the UID position in a 3D space with
respect to the headset. The origin is thus transformed into the user’s resting hand position when
initiated. This method of tracking the position is preferred by multiple researchers [30, 83], as
well as many of the participants in the ANA Avatar XPRIZE Challenge [11,/10]. The Senseglove
is also used by the winning team [[10], but to control a Schunk robotic hand that replicates a

human hand.
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3.5.2 Digital Twin

The position in the 3D space from the SteamVR is transmitted through ROS2 to a full digital
twin created in NVIDIA Isaac Sim [48]]. This flow of information can be seen in Fig. [3.3| point
2. Isaac Sim, a recent ray-tracing simulation software, is used to calculate the robot motion plan
using RMPFlow [49]], which is a motion generation based on Riemannian Motion Policies [70]
(Fig. [3.3|point 3). Isaac Sim was chosen as it is the most realistic simulation software compatible
with ROS2 [3].

Isaac Sim takes in a URDF (Unified Robotics Description Format) of a robot for visualisation
along with a robot description file, describing the joints that can be actuated by the motion
planner and the robot’s collision as spheres, as Isaac Sim uses them for collision checking. This
file can be created with an included extension (Lula Robot Description Editor [84]). The ability
to add new robots is a significant part of what makes TELESIM modular, along with ROS2.

We decided to use ROS2 as it is the most used framework for controlling various robots,
making our framework plug-and-play. Views of the UR3 and the Baxter robot from Isaac Sim
are shown in 3.1} The grey square in between the gripper (Fig. point 4) is the point that
is controlled by the teleoperation system and indicates where Isaac Sim must find a path. The
fact that Isaac Sim acts as a complete digital twin allows the robot to avoid collision with the
world around it and damage itself. Additionally, both robots have systems that allow them to
work alongside humans. Our system is capable, with minimal configuration, of handling the
restrictions placed by their need to be safe around humans. Finally, Isaac Sim transmits the
position of each joint to the real robot through ROS2 and passes this information to the robotic
system, as shown in Fig. [3.3] points 5 and 6.

3.5.3 Robot Control

ROS control [65] provides a wrapper that facilitates the interface of different robots. However,
each robot needs to be adapted to work with specific hardware. For this paper, we implemented
the Universal Robot ROS2 Control package to transfer the joint states from Isaac Sim to the
robots (Fig. point 5). Specifically, for the UR3, the size of the gripper and the safety
regulations of the laboratory reduced the available workspace for the robot. We handled these
limitations by adding safety planes and limitations on the range of motion of the real robot.
For Baxter, we used a ROS1 to ROS2 bidirectional bridge, as Baxter only works with ROS1
internally. The pipeline is thus converting Isaac Sim’s joint states into Baxter messages in ROS2
and then they are sent through the bridge as ROS1 messages to the robot. The robot outputs its
current state, which is converted to ROS2 through the same bridge.

Our framework introduces a slight amount of lag (100-150 ms) between the user movement
and the robot movement, partly due to the path planning step, the time taken by the actuator

to move the robot arm to the desired position and mostly due to safety restrictions that caps
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the maximum speed of our robots. The faster the user moves from one position to another, the
higher the delay as the arm tries to catch up. The user easily accounts for this by making small
and slow movements, as confirmed by Schwarz and Behnkle [85]. Although we acknowledge
lag is present in our system, Schwarz and Behnkle [85] found that minor delays (up to 200ms)
do not impact performance. None of our users mentioned lag as an issue in our experiments (see
Section [3.7). We recorded the amount of lag by following the same principle used by Rakita
et al. [32]], which recorded the scene using a 100Hz camera starting with both the robot and
human at a complete stop. We recorded the difference between the starting frame of the move-
ment by the operator and the starting frame of movement for the robot, using multiple manual
keypoints on the user’s hand and the robotic gripper. This approach has some subjectivity due

to identifying which frame the movement started.

3.6 Experiments

3.6.1 Methodology

As described in Section the user controls a robot by teleoperating it using either a VR
controller or the SenseGlove. For this experiment, we consider a simple task where the user has
to pick up three cubes on a table. The user must then bring them individually to the centre of the
table to complete a tower. Once the tower is completed, the cubes are returned to their original
position, and the user is asked to repeat the task as many times as possible within 10 minutes.
The task definition consists of three cubes positioned at each vertex of an isosceles triangle
and at similar distances from the robots’ base on each robot’s table (Fig. [3.2] point 7). We
have placed markers of the vertices of this isosceles triangle on each robot’s operating table
for repeatability of the task between attempts and among users. The front cube at the top of
the triangle is positioned such that it is at the maximum reach limit of each robot’s overhead
rotation. This means that the end-effector’s z-axis is perpendicular to the table, as shown in
Figure [3.4] which makes it difficult for the user to pick up the cube from overhead. Thus, the
user has to add some rotation in the x- or y-axis of the gripper to pick the cube successfully. The
right cube is the furthest away from the user in both robots and adds a degree of difficulty due to
the user’s viewpoint, but still within reach. Finally, the left cube is placed such that the user has
to move their body. That is, for the Red Design, the location where the user needs to pick up the
left cube is approximately at the waist of the user, while for the the Blue Design, the location is
on the other side of (farthest from) the headset. The cube positions were chosen to let users be
spatially aware of their position and its relationship to the robot. Finally, the location where the
users need to stack the three cubes is easily accessible by the robot, and this position is marked
by a red square in red tape, two cm larger than the cube. This position can be seen in Fig.
point 6, with the cubes stacked as required. For a better view of the setup, we refer the reader
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Figure 3.4: Baxter Gripper Frame

to the video attachecﬂ To teleoperate the Red Design, the users need to stand with their back
to the VR headset, while for teleoperating the Blue Design, users need to stand with the headset
on their right and the Baxter robot behind them. This difference in position is due to the space
constraint of the room in which we ran our experiments. The operating room can be seen in Fig.
[3.2] with the headset on the left of the picture shown as point 1.

3.6.2 User Survey

In our experiments, we asked 37 participants (29 male and 8 female) from various backgrounds
aged 19 to 51 (mean: 25.32, standard deviation: 6.26) to teleoperate both robots and stack three
cubes without a monetary reward. This experiment was approved by the University of Glasgow
Ethics Committee (Application Number 300220026). We did not intend for our experiment to be
influenced by the participants’ gender, but we have included this information for completeness.

Uhttps://cvas-ug.github.io/telesim
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Furthermore, our study had more participants than previous research, e.g. Javdani et al. [40],
which only had 23 participants. Lastly, we observed that we had reached the saturation point,
where the inclusion of each new participant did not significantly alter the mean and standard
deviation. Participants reported having, on a 5-point Likert scale (going from "No Experience"
with a score of 1 to "Experienced" with a score of 5), a 2.97 mean experience with Virtual
Reality with a standard deviation of 1.2. They also reported having a mean experience of 2.76
with a robot with a standard deviation of 1.24. These questions are all relative to the user’s
understanding.

Each participant completed the short questionnaire described above at the beginning of the
experiment. After being asked to position their back to the VR headset, an explanation was
given on how to control the robot, emphasising that all of their hand movements and rotation
will be mapped one-to-one to the robot. They were instructed to try to grasp a cube from both
sides. They had 5 minutes to get used to the control without a specific task objective. Most of
the participants picked up and placed a cube during this time.

After 5 minutes, the participants performed the task of stacking the 3 cubes in the given
location without any restriction on the cubes’ pose and order. Users were asked to stack cubes
as many times as possible in 10 minutes. Once a tower has been completed, we pause time and
reset the cubes to their initial configuration. Users’ actions were recorded, such as the time taken
for each tower and for individual actions for each pick, place, and drop (i.e. failures).

After 10 minutes, users were allowed to take a break while answering the Single-Ease Ques-
tion (SEQ) [86]. SEQ is a 7-point Likert-scale question asking, "How difficult was the task?". It
was chosen instead of other metrics such as the System Usability Scale (SUS) [87] as Hodrien
and Fernando [86] have argued that it is a good end-of-task metric. Then, they were asked to
repeat the same experiment but with the UR3 robot. While this could lead to some learning bias,
the fact that every participant performed the experiment this way, we expect the bias to be incon-
sequential. Additionally, the results for the the Blue Design (UR3 with T42 Gripper controlled
by the Senseglove) described in Section[3.7do not show any improvement compared to the Red
Design (Baxter controlled with the Vive VR controller. This leads to the experiments taking a

total time of 2 x (54 10) min, so 30 minutes plus approximately 5 minutes of questionnaires.

3.7 Evaluation

Fig. shows that 85% of the participants can build at least one tower in 10 minutes using the
Red Design and the VR controller. However, there is a steady decline for each of the following
towers, with only 5% of the users able to build 8 towers. This is in direct comparison to the the
Blue Design as shown in Fig. with slightly less than 50% of the population failing to build
one tower and 5% managing to build 4, half as many towers for the Red Design.

The box plots in Fig. [3.5]and [3.6] show the median and interquartile range of the time taken
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Figure 3.5: Average Time Taken and Population percentage for each tower completed for the
the Red Design. The right axis corresponds to the red line, while the left corresponds to the box
plot.

by users to complete the towers. In particular, the first tower for both robots took most of the task
duration because some participants could not build one tower. This time completion trend shows
TELESIM’s user-friendliness as, from the 4th tower for the Red Design (Fig. [3.5)), building one
tower took less than 100 seconds on average. Similarly, for the the Blue Design, the time taken
to complete each tower follows a trend similar to that of the Red Design.

Table[3.1]shows the additional statistics collected during the experiment, such as the percent-
age of times the user dropped a cube that caused the tower to collapse. Table indicates that
for the Red Design, 75% of the picking actions resulted in a correctly placed cube that did not
collapse due to incorrect placement or the user inadvertently moved the robot in the tower’s path.
Similarly, in Table [3.1b 46% of all the picking actions resulted in a correct place. The differ-
ence in the number of towers built, shown in Fig. [3.6] can be explained by a greater difficulty in
placing the cube. Specifically, our results indicate that there is a significant difference in the dif-
ficulty of placing a cube (P < 0.01), as well as the amount of time a cube is dropped (P < 0.01).
The null hypothesis was respectively, There are no difference in the placing/dropping of a cube
between the Red and Blue Design. All statistical test were performed using the Welch T-Test,
as it performs similarly whether or not the variance are equal, unlike the Student T-Test. More
information on the distribution of the data is available in Figure [4.8]in Chapter ] These simi-

larities are logical as the placing and dropping rates are complementary since these are the only
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Figure 3.6: Average Time Taken and Population percentage for each tower completed for the
the Blue Design. The right axis corresponds to the red line, while the left corresponds to the box
plot.

two outcomes after picking up a cube. The differences can be explained by the difference in
the two designs, especially the dropping rate, which is most likely linked to the weakness of
the gripper, such as the limitation of the grip strength of the closed finger, to prevent the cable
from breaking, and the limited range of motions since we observed that some users let the cube
fall while the gripper was closed. However, successful users moved slowly to prevent unnec-
essary movement, thus reducing the risk of dropping. It is difficult to relate these results with
the literature as previous research has not performed similar experiments. The collapse rate in
both Table @ and Table @ is similar, and the statistical analysis shows that the difference
1s not significant (P > 0.05) and seems to indicates that the type of robot does not influence the
difficulty in operating the robot around obstacles. However, more evaluation is needed to isolate
the effect of the robot, UIDs and gripper type, which are currently linked.

Results of the Single Ease Question (SEQ) asked at the end of each task, in which a higher
score means that TELESIM is easy to use, indicate that participants who performed better gave
a higher SEQ score. Specifically, the Red Design obtained a mean of 3.32 with a standard devi-
ation of 1.27, while the Blue Design obtained a mean of 2.19 with a standard deviation of 1.14.
Additionally, the mean difference between the Red Design and the Blue Design corresponds

with fewer towers built for the the Blue Design.
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Table 3.1: Additional Statistics Collected

(a) Red Design

Min Mean =+ Std Max

Placing Rate 25.00% | 77.42% =+ 15.54% | 100.00

Dropping Rate 3.70% | 23.83% + 14.08% | 66.67
Collapse Rate 5.56% | 18.44% + 11.66% | 57.14

Still in Place Rate | 24.31% | 75.21% =+ 15.20% | 95.92
(b) Blue Design

Min Mean =+ Std Max
Placing Rate 12.50% | 46.29% + 17.97% | 86.67
Dropping Rate | 13.33% | 53.37% + 18.63% | 87.50
Collapse Rate 4.76% | 22.25% + 12.46% | 50.00
Still in Place Rate | 14.88% | 46.93% + 16.75% | 84.44

3.8 Conclusion and Future Work

In this paper, we have investigated the performance of TELESIM by conducting a medium-scale
user survey with 37 participants who were asked to build towers of three cubes by teleoperating
robots. We tested TELESIM’s modularity on two different robots with two different control
modalities. Our experimental results show that TELESIM is modular, plug-and-play and user-
friendly, as not only were we able to deploy it on two robots with different modalities, but most
users were able to succeed by building at least once a tower of three cubes, with only five min-
utes of training, regardless of the control modality, robot used and hardware limitations. Our
experimental study seems to indicate that the types of robot does not have any impact on the
performance of teleoperation. However, due to a high level of coupling between the UID, the
robot type and the gripper type, more research is needed. We thus bridged the gap pointed out
by Rea & Seo [12], where they state that there is a lack of non-expert evaluation of robotic tele-
operation for general tasks such as picking and placing common objects. TELESIM is available
on GitHutﬂ allowing developers to perform teleoperation on their robots with minimal setup
time.

While TELESIM demonstrates significant potential as a modular and user-friendly frame-
work for robotic teleoperation, this study acknowledges a critical limitation: the inherent cou-
pling between the gripper type, robot morphology, and UIDs. Specifically, the experimental
setup heavily intertwines these three factors, making it challenging to isolate their individual

Zhttps://cvas-ug.github.io/telesim
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contributions to user performance and workload. For instance, the SenseGlove (used with the
UR3 robot) provides fine-grained control of finger movements but is paired with a less robust
gripper design and a robot with limited reach. Conversely, the VR controller (used with the
Baxter robot) offers simpler control but is paired with a more capable robotic platform. These
combinations confound the analysis, as performance differences may stem from hardware capa-
bilities rather than the UID itself.

To address this limitation in future work, experimental designs should decouple these vari-
ables by systematically testing each gripper type, robot morphology, and UIDs independently.
For example, using a single robot platform with interchangeable grippers and UID could help
isolate the effects of each component. While this study provides valuable insights into the us-
ability of TELESIM across diverse setups, its findings should be interpreted with caution due to
the intertwined nature of hardware and UIDs.

Our underlying motivation for choosing direct teleoperation in this paper is to establish a
baseline for further research on shared autonomy, which could combine human intuition and a
high-level overview of a task while giving freedom to the robot to perform, for example, accurate
picking and placing objects. Additionally, we plan to remove the constraint of having the VR
headset behind the user and allow them to wear the headset to operate either in VR in the digital
twin view of Isaac Sim or Augmented Reality by allowing the user to move around the robot and
have different viewpoints while manipulating, thus enhancing the precision of the teleoperation.
Finally, we want to explore the relationship between previous experience with VR and robotic
technology and success at completing the tasks to identify the level of competence required to

teleoperate robots successfully.



Chapter 4

Breaking Down the Barriers: Investigating
Non-Expert User Experiences in Robotic

Teleoperation in UK and Japan

This section (Section 4| reproduces the author’s version of the peer review manuscript submit-
ted to the IEEE Transaction on Robotics Journal as Florent P Audonnet, Andrew Hamilton,
Yukiyasu Domae, Ixchel G Ramirez-Alpizar, and Gerardo Aragon-Camarasa. Breaking Down
the Barriers: Investigating Non-Expert User Experiences in Robotic Teleoperation in UK and
Japan. arXiv preprint arXiv:2410.18727, page 13, 2024. doi: https://doi.org/10.48550/arXiv
.2410.18727. URL https://arxiv.org/abs/2410.18727 and does not violate the copyright of the
publisher

The totality of the work presented below was undertaken by myself, with my supervisor Dr
Gerardo Aragon-Camarasa providing edits and corrections. Ixchel G. Ramirez-Alpizar was
responsible for organising my exchange to the Advance Institute of Science and Technology in
Japan and being my contact while I was working there. Andrew Hamilton is responsible for
providing the senseglove and Yukiyasu Domae is responsible for some of the funding in Japan

The version of this paper presented in this thesis has been altered to reflect the changes

suggested by the examining committee

4.1 Chapter Summary

This chapter details research conducted during an internship at the Advanced Institute of
Science and Technology (AIST) in Tokyo. We deployed TELESIM on a different robot with
a different gripper configuration, extending beyond the methodology described in Chapter [3]
This deployment validated our framework’s adaptability, demonstrating TELESIM’s capability
for deployment by non-experts with minimal preparation. Replicating our previous user survey

with the new robotic system revealed significant insights. Our core findings remained consistent

39


https://arxiv.org/abs/2410.18727

CHAPTER 4. BREAKING DOWN THE BARRIERS 40

despite substantially improved task success rates attributed to superior hardware. Teleopera-
tion continues to represent a mental and physical challenge for non-expert users, with hardware
configurations playing a crucial role in mitigating cognitive stress. Furthermore, our trust eval-
uation produced unexpected results, challenging previous findings by Bartneck et al. [47] that
the British users trusted robots more than the Japanese participants. In our findings, Japanese
participants demonstrated notably higher trust levels toward the robotic arm than their British

counterparts, challenging existing literature on cultural perceptions of robotic systems.

4.2 Abstract

Robots are being created each year with the goal of integrating them into our daily lives. As
such, there is an interest in research in evaluating the trust of humans toward robots. In addition,
teleoperating robotic arms can be challenging for non-experts. To reduce the strain put on the
user, we created TELESIM, a modular and plug-and-play framework that enables direct tele-
operation of any robotic arm using a digital twin as the interface between users and the robotic
system. We evaluated our framework using a user survey with three robots and User Interface
Device (UID) and recorded the user’s workload and performance at completing a tower stacking
task. However, an analysis of the strain on the user and their ability to trust robots was omitted.
This paper addresses these omissions by presenting the additional results of our user survey of
37 participants carried out in United Kingdom. In addition, we present the results of an addi-
tional user survey, under similar conditions performed in Japan, with the goal of addressing the
limitations of our previous approach, by interfacing a VR controller with a URSe, henceforth
referred to as Yellow Design. Our experimental results show that the Yellow Design has more
towers built. Additionally, the Yellow Design gives the least amount of cognitive stress, while
the combination of Senseglove and UR3 provides the user with the highest physical strain and
causes the user to feel more frustrated. Finally, the Japanese participants seem more trusting of

robots than the British participants.

4.3 Introduction

The advent of Industry 4.0 has fundamentally transformed the manufacturing landscape which
has marked a transition from conventional programmable robots to sophisticated, data-driven
systems [88, 189]. This paradigm shift, coupled with advancements in digital twin technology,
has enabled the development of virtual replicas of smart factories to enhance operational effi-
ciency and decision-making processes. As we progress into the era of Industry 5.0, the focus is
now on fostering an ecologically and socially responsible industry that prioritizes human-centric
values [18]. This evolution needs the emergence of machines that extend beyond mere digital
replicas. That is, these machines have to evolve into collaborative partners that support humans

in navigating complex tasks.
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Central to the framework of Industry 5.0 is teleoperation systems, which facilitate remote
human-machine collaboration [18]. However, extended teleoperation sessions present chal-
lenges, notably leading to physical and mental fatigue among operators [30]. Moreover, the req-
uisite level of expertise for effective teleoperation still needs to be more adequately defined [4].
This highlights the need for further research to establish standardized protocols and training
programs to enhance teleoperation practitioners’ efficiency and well-being. Therefore, this pa-
per investigates the influence of robotic hardware and participant demographics on performance
metrics and user workload in the context of direct teleoperation.

Our previous work introduced TELESIM, a framework for intuitive robotic arm teleopera-
tion [4]. While our initial study with 36 participants demonstrated that non-experts could ef-
fectively teleoperate robotic arms, it did not fully address the physical and cognitive strains
experienced by users. This critical aspect warrants further investigation to ensure user safety
and well-being in teleoperation scenarios [30]].

To address these gaps and expand on our previous findings, this paper rigorously explores
teleoperation’s impact on users’ mental and physical health and their relationship with robots
during task performance. For this, we conducted a large-scale, international user survey across
Japan and the United Kingdom, involving 74 participants from diverse backgrounds. The study
used three robots with varying ranges and speeds: the Universal Robot 3, Universal Robot Se,
and Rethink Robotics Baxter. Participants performed a standardized 3-cube tower stacking task
for 10 minutes, which allowed us to compare robot types and user demographics directly. Our

contributions are thus the following:

1 Alarge-scale, cross-cultural comparison of teleoperation performance and user experience
between Japan and the United Kingdom (UK), involving 74 participants from diverse

backgrounds.

2 An in-depth analysis of the relationship between teleoperation system capabilities (e.g.,
reach, precision, User Interface Device (UID)) and teleoperation performance derived

from experiments with three robotic arms: Baxter, UR3, and URS5e.

3 A comprehensive evaluation of user workload during teleoperation using the NASA-TLX
questionnaire. We found that the difference in hardware impacts the mental workload and

that the user’s frustration is not linked to the performance of the teleoperation.

4 An investigation into the differences in trust towards robots between the Japanese and
the British participants, challenging previous findings that the British users trusted robots

more than the Japanese participants [47]].

The rest of this paper is organized as follows. In Section 4.4} we explore the current state
of the art and the research gap. Specifically, in Section 4.4.1] we review existing teleoperation

frameworks and the methodologies other researchers have employed to evaluate them. Then,
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Figure 4.1: Our framework TELESIM is being used to control a UR3 Robot (top-left, top-center)
and a Baxter Robot (top-right) in the United Kingdom and a URSe robot in Japan (bottom)

in Section [4.4.2] we explore ways the user’s workload during teleoperation has been assessed.
Finally, in Section #.4.3] we inspect how trust has been recorded and evaluated in teleopera-
tion. Afterwards, in Section .5] we present a recapitulation of the TELESIM framework and
our experimental design implemented in the United Kingdom. Thus, we detail in Section [4.6]
a detailed description of our experimental setup, emphasizing the distinctions between our ex-
periments conducted in Japan and the United Kingdom. Finally, in Section we provide a
comprehensive analysis and comparison of the workload and performance of our teleoperation

framework.
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4.4 Background

4.4.1 Teleoperation Systems

Direct teleoperation is recognized as an essential precursor to shared autonomy [39]]. This recog-
nition arises from the considerable cognitive demands placed on users during direct teleopera-
tion [30] and the challenges users face in executing precise, millimetre-scale adjustments to a
robot’s end effector. In medical applications, user movements are often scaled down to enhance
precision [31, 32]]. However, different scaling are not suitable for all manipulation without a
way to switch between levels of scaling, as a scaling similar to medical procedure would require
the user to extensive arm movement to perform object relocation.

While substantial research has been done in the field, only our previous work [4] has evalu-
ated direct teleoperation across multiple robots without incorporating shared autonomy. Existing
literature primarily focuses on shared autonomy to alleviate cognitive strain while maximizing
precision. For example, researchers have explored various UIDs methodologies, such as low
degree-of-freedom interfaces such as keyboards [41], joysticks [[74} 21], touchscreens [42]], and
gamepads [75], which have shown improved control levels and reduced mental strain [41].
With the advent of virtual reality (VR) and augmented reality (AR) technologies, VR con-
trollers [43) [11] and smartphones [76] have been investigated for their applicability in tele-
operation. Some studies have also examined motion mapping of the user’s body [72, [77] or
gaze control [73]], though these methods present challenges such as kinematic discrepancies and
increased cognitive load [30]. While extensive research has been conducted, the diversity of
findings allows for tailored UID that can be selected based on specific cases. The UID, there-
fore, remains a choice made on a case-by-case basis.

To address the limitations of direct teleoperation, researchers have emphasized the benefits
of shared autonomy in enhancing task success rates. However, the absence of literature focusing
solely on direct teleoperation suggests that these limitations may be attributed to the specific im-
plementation of teleoperation in each study. Notably, researchers have employed either Movelt!
[79], which has its limitations, described in Section or custom planning interfaces for mo-
tion generation, which is either not detailed how teleoperation was implemented [29]], or whether
teleoperation was developed for the specific shared autonomy framework[40, 38]]. In addition,
these studies have predominantly focused on single robotic systems and conducted experiments
with small user groups (between 8 and 23 participants), emphasizing different autonomy levels
rather than UlDs.

4.4.2 Evaluating Workload for Teleoperation Systems

Shared autonomy can potentially enhance direct teleoperation performance, but human factors

significantly influence the overall success of tasks. Therefore, an efficient teleoperation system
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Figure 4.2: Overview of TELESIM. The UIDs (in the black dotted line) (1) can be any system
that outputs a 3D pose. TELESIM is depicted in the blue dotted line, which accepts the pose
given by (1) to update the 3D pose of a cube in the digital twin. The robot then calculates a path
to this cube in real-time while avoiding collision with the world (4). Finally, as shown in the red
dotted line, TELESIM can be plugged into any robotic system (6) via a ROS2 robot controller

(5).

must minimize both physical and cognitive stress on the operator, and assessing user workload is
crucial, with the NASA Task Load Index (NASA-TLX) [90] being the predominant tool utilized
in the literature for this evaluation. Sandra Hart developed the NASA-TLX questionnaire at the
NASA Ames Research Center in 1988 [91]], a widely used subjective assessment tool designed
to measure perceived workload across various tasks and environments. It evaluates workload
based on six dimensions: Mental Demand, Physical Demand, Temporal Demand, Performance,
Effort, and Frustration. Two versions of the NASA-TLX are available. The original version
includes six 21-point scales for each dimension and a pairwise comparison of each dimension,
whereas the "Raw" version omits the pairwise comparison [90]. The "Raw" version is often
favoured because it is easier to carry out and analyse [90]].

In robotic teleoperation, the NASA-TLX is the preferred instrument for assessing work-
load [29,192,38]]. To our knowledge, only a few research works have opted not to use the NASA
or "Raw" NASA questionnaire for robotic teleoperation. That is, some researchers instead de-
cided to use the NASA questionnaire to measure the user’s workload using extra devices or
metrics. For example, Moya et al. [93] utilized EEG but corroborated these results with the
NASA questionnaire. Additionally, researchers such as Naughton er al. [44] were interested
solely in the overall NASA score, which they obtained by summing all dimensions. However, it
is not the only way to use the NASA questionnaire. Parsa et al. [92] conducted an ANOVA anal-
ysis on each NASA dimension rather than using the questionnaire score to extract more value
from the questionnaire. Others, such as Lin et al. [29], focused on specific metrics to empha-

size particular results [94]. Finally, Bechtel er al. [95] employed a single question for users to
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self-report their overall workload on a Likert-Scale, similar to the Single Ease Question, which

is "Overall, This task was ?"

4.4.3 Trust in Robots

Trust in robots is a critical factor, especially given the recent increase in robots designed to
interact with the general population [96]. Consequently, researchers have developed various
questionnaires tailored to different use cases, as evaluating trust is complex and often requires
multiple scales [97]. Prominent scales include the General Attitudes Towards Robots Scale
(GAToRS) [98]], the Robotic Social Attributes Scale (RoSAS) [99], and the Negative Attitude
Towards Robots Scale (NARS) [[100]. These scales evaluate social robots with which users can
interact physically or verbally or establish an anthropomorphic connection. NARS [100] re-
mains popular due to its three subscales, which can analyse a broad range of attitudes toward
robots: negative attitudes toward interaction situations with robots (S1), negative attitudes to-
ward the social influence of robots (S2), and negative attitudes toward emotions in interaction
with robots (S3). Each scale can be employed individually to examine specific cases. NARS is

the only trust scale used to evaluate trust in robotic arm manipulation [[101].

4.5 Teleoperation Framework

TELESIM [4] (Fig. is a framework that enables teleoperation of various robotic arms. The
framework comprises three components, with the UID (1) being any UID that outputs a 3D pose
(described in Sec. 4.5.1] TELESIM, (2) in Figure 4.2 and described in Sec. [4.5.2] computes
a real-time motion plan for the pose provided by the UID (1) using Nvidia [saac Sim [48], an
RTX simulator serving as a digital twin of the environment. The joint states of the robot are then
sent through ROS2 to any robotic arm that supports ROS2 control (3) in Fig. 4.2

4.5.1 User Interface Device

Our choice of UID method was informed by the work of Gottardi et al. [38], who explored
integrating multiple UID, including the combination of VR controllers with tracking bands to
monitor user movements, and Rakita et al. [32] who compared several UIDs and integrated them
into a custom inverse kinematics solver to align the end-effector pose with the user’s input. Their
findings indicated a preference for VR controllers in completing pick-and-place tasks. Thus, the
UIDs for TELESIM, (2) in Fig. #.2] consisted of a Steam Index VR controller used to manipulate
a Rethink Robotics Baxter robot, henceforth referred to as Red Design and the URS5e, henceforth
referred to as Yellow Design and a Senseglove to manipulate the UR3, henceforth referred to

as Blue Design. We used the Senseglove for mapping individual finger motions, particularly
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the index and thumb, to the two fingers of the Yale T42 gripper, described in Section .5.3] A
Vive VR Tracker, mounted on top of the Senseglove, was employed to map user motions into
the UR3 robot.

The Senseglove functions analogously to a glove affixed to the palm and fingertips. For our
user survey, we opted for the Senseglove development kit (shown in Figure[d.2(1)) due to its ease
of application and adjustment. Moreover, we limited the strapping to the index finger and thumb,
corresponding to our two-fingered gripper design. Although the Senseglove SDK is compatible
with multiple platforms, integration into our framework required us to port it to ROS2. This
was accomplished through the creation of a ROS2 control plugirﬂ This adaptation enabled the
seamless incorporation of the Senseglove functionality within our TELESIM framework. Using
this plugin, we are able to read the state of the user’s hand by aggregating the joint angles of
each finger and scaling them to a range corresponding to the gripper finger being fully opened
and fully closed. This scaling aligns with the motor range, derived from average values recorded
in practice for a fully opened hand and a closed hand. This methodology enables a standardized
mapping of finger positions to motor inputs, facilitating the accurate translation of user hand
movements to gripper actions.

We use the Python interface for SteamVR to develop an application that continuously mon-
itors the UID’s position, subsequently transmitting this data to the rest of the framework via
multiple ROS2 (Robot Operating System) [80] publishers, one for each UID. An additional
publisher conveys information about button states, facilitating custom integration for potential
future research by allowing modifications to their interactions with our TELESIM framework.

This design also allows us to incorporate new functionalities, as shown in [7]].

4.5.2 TELESIM

TELESIM’s core functionality is predicated on acquiring a three-dimensional pose from the
UID (Fig. and subsequently generating a motion plan for any robotic arm. The system’s
architecture is built upon NVIDIA Isaac Sim and ROS2, as described below.

The robotic systems are dynamically instantiated in Isaac Sim from their Universal Robot
Descriptor Files (URDF) to enhance flexibility and adaptability to any robot and make TELESIM
a modular and plug-and-play framework. Isaac Sim offers a diverse array of methodologies for
motion planning and collision avoidance. For instance, Rapidly Exploring Random Tree (RRT)
algorithms [102], specifically Nvidia’s Lula RRT implementation, offer global solutions primar-
ily suited for static environments. Conversely, Moveit2 [S0], the principal motion planning li-
brary for ROS2, utilizes the Open Motion Planning Library (OMPL) [103]]. While OMPL yields
global solutions, its efficacy in real-time and dynamic applications, executed through Movelt
Servrﬂ frequently results in singularities, necessitating robot movement away from objectives

for recovery. We instead chose Riemannian Motion Policy (RMP) [49], which is distinctively

Uhttps://github.com/09ubberboy90/senseglove_ros2_ws
Zhttps://moveit.picknik.ai/main/doc/examples/realtime_servo/-realtime_servo_tutorial.html
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engineered for dynamic environments and supports real-time operation and collision avoidance.

Although RMP requires extensive fine-tuning, recent Nvidia Isaac Sim updates have sig-
nificantly streamlined this process by introducing a graphical user interface application. The
decision to employ this algorithm was based on its high adaptability for real-time planning in
dynamic environments, which is a crucial requirement for an efficient teleoperation system. Fur-
thermore, Nvidia provided example files for UR10 robots, which we successfully adapted for

the UR3 and Baxter robotic systems.

4.5.3 Robots and End-effectors

For our experiment we used three different grippers, Baxter robot default linear gripper, depicted
in Figure [4.2] used with the Baxter robot, a modified Yale T42 gripper [3]], shown in Figure 4.3]
used with the UR3 robot and a Robotiq 2F-140 gripper [104], shown in Figure 4.5] used with
the URS5e robot. The difference in gripper was informed due to our belief that hardware played
a part in teleoperation performance. These three grippers have varying heights and opening
lengths. The Baxter gripper was chosen as a pure linear gripper that is fully integrated with
the Baxter robot. The Yale T42 gripper is a two-finger gripper designed with individual finger
motion, causing a significant difference in height between the opened and closed state. Finally,
the Robotiq is a blend of a linear gripper and a finger gripper, giving it a larger opening between
the two fingers at the cost of a change in height between its two states.

The Baxter gripper is controlled using the same framework as Baxter, which is a ROS2
control package, communicating with the real robot using a ROS2 to ROS1 bidirectional bridge
using the joints states provided by Isaac Sim following the setup described in Section 4.5.2]
This package was adapted from the ROS1 package provided by Rethink Robotics to ROS2EI
and modified to allow more control of the gripper. The change of gripper state is triggered by
a custom ROS2 node listening to the state of the VR controller, as described in Section 4.5.1]
and publishes a trigger to the digital clone in Isaac Sim whenever the trigger button of the VR
controller is pressed. Thus, this causes the digital clone joint states to be updated and forwarded
to the real robot using the ROS2 control package.

The Yale T42 gripper was also chosen due to its 3D printable components and individually
controllable fingers, each utilizing two Dynamixel motors. This configuration aligned with the
requirement of mapping individual finger movements to the Senseglove interface. An interface
was developed to address the SDK’s lack of ROS2 integration. This involved developing a ROS2
package to incorporate the SDK into a ROS2 control interface to enable seamless integration
with TELESIM.

Initial testing revealed limitations in the control board’s communication capabilities. The
single high-speed UART channel resulted in significant latency between issuing a command and

its execution. Furthermore, the intended implementation of haptic feedback from motor data to

3https://github.com/CentraleNantesRobotics/baxter_common_ros2
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Figure 4.3: Photo of the modified T42 Gripper with the second level added for the control boards

the Senseglove required a higher data transmission rate than the virtual UART communication
could support. A dual Arduino board setup employing I2C communication was implemented to
address these issues, effectively resolving the bandwidth constraints. The decision was made to
forgo haptic feedback implementation for this paper, as it would have been the sole UID fea-
turing this capability, potentially complicating comparisons between UIDs in user surveys and
experiments. Although vibration on the Vive VR controller could theoretically serve as a form of
haptic feedback, this approach would introduce additional variables requiring evaluation, such
as vibration strength and delay, to assess their impact on user performance and perception.

We had to alter the original gripper’s mechanical design by incorporating two Arduino
boards in the gripper. A secondary level was introduced between the motor and the robot at-
tachment point to accommodate the control boards. This change is shown in Fig. [4.3] This
solution was adopted after attempts to mount the boards on the gripper’s side, resulting in cable
entanglement and damage during robot operation due to spatial constraints. While the addi-
tional level resolved the cable management issues, it extended the gripper’s length by 5 cm,
consequently reducing the UR3 robot’s already limited workspace.

The finger control mechanism uses a fishing line under tension driven by the motor. Initial
tests revealed that the original fishing line lacked the necessary strength for teleoperation tasks,
frequently breaking during use. Although stronger fishing lines were considered, they imposed
excessive strain on the motors. To preserve motor integrity, the decision was made to retain the
weaker fishing line despite its limitations. The final modification involved the removal of the

final degree of freedom on each finger. This alteration was implemented as the original finger



CHAPTER 4. BREAKING DOWN THE BARRIERS 49

configuration hindered the grasping of cubic objects without providing significant advantages
for the objectives of this paper. The modifications to the Yale T42 gripper, while addressing crit-
ical functional requirements, introduced trade-offs in terms of workspace reduction and grasping
force limitations. These adaptations were necessary to meet the specific demands of the teleop-
eration experiment within the constraints of the available hardware used in our experiments in
Sec.

The gripper is controlled using a custom ROS2 package that listens to the joint states given
by the digital clone in Isaac Sim and sends them through I2C to the first Arduino board. It
republishes the states of the motor if needed to provide an optional force feedback mechanism
to the Senseglove. This package runs in addition to a ROS2 control plugin provided by the
Universal Robot compan needed to control both the UR3 and the URS5e.

Finally, the Robotiq 2F-140 gripper [104] represents an intermediate design between Bax-
ter’s linear gripper, which maintains a constant height in both open and closed states, and the
T42 gripper, which exhibits an 11 cm height differential between these states. This height vari-
ation introduces an additional variable, as the user needs to estimate the appropriate hand height
for successful object grasping. This estimation is simplified in the absence of height changes, as
the user can visually determine whether the target object falls within the gripper’s reach. Once
the gripper state in the digital clone is updated after a VR controller trigger press, a custom node

transmits specific commands to the gripper using serial communication.

4.6 Experimental Material and Methodology

In our experimental setup used in the United Kingdom [4], each robot was positioned in front
of a table with cubes arranged in an isosceles triangular pattern, as illustrated in Figure
The experimental protocol required participants to teleoperate a robot while standing with their
backs to the VR headset, which served as both the world’s frame and a reference point for the
user. The user was tasked with moving and staking the three cubes from their starting position
to a central position marked with red tape, as visible in Figure 4.1} The bottom three images
show the evolution of the manipulation from one cube in motion to the final completed tower in
the bottom right.

Participants were required to complete multiple questionnaires throughout the experiment.
Initially, they completed a brief demographics questionnaire, which included age, gender, and
experience with virtual reality, robots, and wearable gaming devices (e.g., Wiimote). These
questions utilized a five-point Likert scale to assess each participant’s perception and under-
standing. After teleoperating a robot, users answered two additional questionnaires. The first
was the Single Ease Question (SEQ) [86], regarded as an effective end-of-task metric. The
second was a raw NASA-TLX, described in Section employing a seven-point Likert scale

“4https://github.com/UniversalRobots/Universal_Robots_ROS2_Driver
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Figure 4.4: Overview of the experimental setup. The Steam Index VR Headset [2] is marked as
(1) on the far left, which acts as the world’s origin. The Baxter robot on the left (2) is controlled
by the Steam Index VR controller (5). In front of it, the UR3 is on the right (3), with the Yale
OpenHand T42 gripper [3]], controlled by the Senseglove and HTC Vive tracker (4) on the left
side of the brown table. Additionally, in the upper right corner (7), a view of the starting setup
of the task, which consists of three cubes in a triangle pattern (described in Section @, while
on the brown table, the cubes are arranged in the goal configuration (6).

instead of the 21-point scale, as research has shown that the 21-point scale does not enhance
questionnaire reliability [103, [106]. This research was validated by the University of Glasgow
Ethics Committee (Application Number 300220026).

At the end of the teleoperation experiment, participants completed the Negative Attitude To-
wards Robots (NARS) questionnaire, described in Section4.4] This study exclusively employed
elements from the S1 subscale, which assesses negative attitudes towards situations involving
robot interactions (cf. Section d.4). The other subscales were deemed irrelevant as they ad-
dressed hypothetical future scenarios with robots or general interactions and conversations with
robots. It is worth noting that the use of a partial NARS survey is not unprecedented, as Naneva
et al. [107] reported that the NARS-S2 scale was the most widely used in their systematic
review of attitudes. This approach also enables direct comparison with the findings of Bartneck
et al. [47)], who utilized NARS to assess trust across seven different countries and are, as far as
we are aware, the only researchers to have compared the Trust towards robots for teleoperation
of the robotic arm across countries.

To explore the impact of the capabilities and limitations of the robotic hardware used for
teleoperation, as well as the impact of demographics and previous experience, we deployed
TELESIM on three different robots: the Rethink Robotics Baxter robot, the UR3 and the URSe.
Baxter and UR3 were used to conduct our experiments at the University of Glasgow in the UK.
At the same time, the Universal Robot 5e was at the National Institute of Advanced Industrial
Science and Technology (AIST) Waterfront Center in Tokyo, Japan. This section explores the
difference in setup and environment from the user survey developed in the UK. Due to time
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constraints, we were required to recruit our participants through an agency. Thus, we had ac-
cess to a more significant reach than in the UK, reaching participants who were not involved in
academia (i.e. undergraduate and postgraduate students and academics). Additionally, partici-
pants were financially compensated for participating in the user survey, unlike in the UK, where
they participated for no monetary rewards. In addition, this research was internally approved by
the Ergonomics Experiment Committee of the Life Sciences Experiment Management Office in
the Environmental Safety Department of AIST with the following application number: 2023-
1384. To keep our analysis consistent, we recruited participants within the same age range as

described below:

 Japan—age range of 25.32 & 6.26; and 28 male and 9 female;

e The United Kingdom-range age of 27.81 £ 7.93 and 29 male and 8 female.

4.6.1 Robotic Setups in the UK and Japan

A comprehensive analysis of their strengths and weaknesses is necessary to help us better un-
derstand the three robots employed in this study. Table 41| summarizes the robots’ capabilities.

Baxter exhibits the longest reach at 1210 mm, followed by the URSe with 850 mm and
the UR3 with 350 mm. However, Baxter’s extended reach introduces end effector position
imprecision [[108]], a characteristic not observed in the Universal Robots. This imprecision is
denoted as "Not Precise" in Table 4.1l

The primary distinctions between the two Universal robots lie in the URSe’s extended reach,
gripper configuration, and UIDs. The UR3 was equipped with a modified Yale T42 gripper [3],
measuring 21 cm when fully closed. Due to its size relative to the robot’s body, restrictive joint
limits were implemented to prevent gripper-body collisions, consequently limiting the robot’s
operational area. Conversely, the UR5e utilized a Robotiq 2F-140 gripper, measuring 23.3 cm
when closed. For consistency, identical joint limits were applied to the URSe; however, its
longer reach mitigated the impact of these restrictions.

A notable difference between the grippers is the height differential between their open and
closed states, as mentioned in Section[4.5.3] The Robotiq gripper exhibits a 2.35 cm difference,
while the T42 demonstrates an 11 cm difference. This disparity increased users’ difficulty in
estimating the appropriate gripper height for cube grasping with the UR3, as explained in Section
4.6.1

The T42 gripper’s design introduced additional grasping challenges. As reported in TELESIM
[4], the Yale gripper’s limited closing force occasionally resulted in cube slippage during transit.
This limitation was not observed with the Robotiq gripper. Lastly, the robots’ control methods
differed. The Baxter robot was operated using a Steam Index VR controller (Red Design), as
depicted in Figure (5). In contrast, the UR3 robot was controlled via a Senseglove devel-
opment kit, enabling the mapping of individual finger movements, with an HTC Vive Tracker
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Table 4.1: Robots Specifications

l,};‘;: UID Gripper Precise ?n?;)h
Baxter VR Controller Rethink Gripper No 1210
UR3 Senseglove MOdif(l}i?pg:ie Ta2 Yes 350
URS5Se VR Controller Robotiq 2F-185 Yes 850

mounted atop the hand (4) (Blue Design). The control of a modified T42 gripper from the Yale
OpenHand project [3], attached to the UR3, was limited to the user’s thumb and index finger
movements (3) in Figure [4.4]

For our Japan experiments, the TELESIM framework underwent minimal modifications, pri-
marily involving the URDF file, which now loads a URS5e robot and replaces the T42 Gripper
with a Robotiq 2F-140 gripper [104] (Yellow Design). This change was required given the sig-
nificant design flaws of the T42 gripper, as discussed in Section 4.5.3] The Digital Twin was
updated to reflect the new location and incorporate revised virtual safety settings, constrain-
ing the motion planner from approaching certain areas due to safety considerations. Owing to
the compatibility between Universal Robots 3 and 5Se, we were able to utilize the same ROS2
controller developed during the initial TELESIM implementation.

Consistent with our previous UR3 experiment, the gripper’s collision parameters were con-
figured based on its closed state to prevent hardware damage. To maintain analytical consistency,
the joint position and speed limits applied to the URSe were identical to those used in the UR3
experiment despite the URSe’s extended reach. Due to the extended reach, our previous cube
placement was no longer suitable, as the robot was able to reach all the locations on our avail-
able table. Nevertheless, the experimental design aimed to preserve task difficulty by positioning
cubes in a manner that required participants to adjust their body position to reach all cubes. De-
pending on the target cube, this typically involves a single step in various directions. The cube

arrangement and the step required to access the leftmost cube are depicted in Figure 4.5}

4.7 Evaluation

4.7.1 Experimental Results

Figure and Figure [4.7] illustrate that all participants using the Yellow Design successfully
constructed a minimum of three towers within the 10-minute timeframe, with an median con-
struction time of less than 100 seconds per tower. Moreover, subsequent towers were completed

in progressively shorter duration. One participant notably constructed 25 towers, averaging 40
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Figure 4.5: Overview of our experimental setup in AIST. The Steam VR headset (1) acts as the
world’s frame, as seen behind the robot and the user. The URSe robot (2) in front is controlled by
a using Steam Index VR controller (3). There are three cubes set up in their starting position (4)
in a triangular pattern similar to [4]. The empty square in the middle of the table (5) represents
the location where the user should stack all the cubes, resulting in a tower of three cubes.

seconds per tower. The mean number of towers constructed across all Yellow Design users was
10.50.

In comparison, the average number of towers constructed using the Red Design was 3.25,
while the Blue Design yielded an average of 1.03 towers. This performance disparity is shown
in Figure4.6] Furthermore, for both the Red and Blue Design, only participants who constructed
four or more towers achieved completion times under 100 seconds, as shown in Figure 4.9

Figure [4.6] depicts a steep performance improvement for the Yellow Design up to the 18th
tower, followed by a plateau for the remaining seven towers. This plateau is attributed to the
fact that only two participants managed to build 21 and 25 towers, respectively. The exceptional
performance of these participants suggests prior experience with robots or robotic teleoperation.
However, the current questionnaire design, being self-reported, may not accurately capture this

experience due to potential over- or under-estimation of skills by participants.
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Figure 4.6: Population percentage for each tower for the Red Design in blue, the the Blue Design
in orange, and the the Yellow Design in green

600

500 A

400 A

300 A

Time (s)

(@)

200 A o)
(o]
(e

i i$ii%i*ﬁ§:i8&__———_ .

20 25

100 -

Number of Tower completed
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Figure 4.8: Ratio of different statistics collected during the experiment. The Placing Rate is
calculated as the number of place actions over the number of picking actions. The Collapse Rate
is calculated as the number of Collapse actions over the number of picking actions. The Still in
Place Rate is calculated as the number of Place actions minus the number of collapses over the
number of picking actions, effectively rating the tower’s stability.

An informal discussion with the participant who constructed 25 towers revealed professional
experience with robots. This background appears to have provided spatial skills that are directly
applicable to robot teleoperation tasks.

Additional statistics were collected to investigate the relationship between teleoperation per-
formance and robot capabilities, as shown in Figure 4.8] It is important to note that the teleop-
eration user surveys for the Red and Blue Design were conducted in the UK, while those for the
Yellow Design were performed in Japan. The differences in experimental setup are detailed in
Section[4.6] Furthermore, all of our statistical tests were performed using the Welsh T-Test and
using the null hypothesis that the effect being studied does not exist (eg. There are no difference
between the placing rate of the Yellow and Red Design).

The Placing Rate, defined as the ratio of successfully placed cubes to the total number of
cube picks, aligns with the tower construction results. The Yellow Design demonstrated the
highest values, followed by the Red and Blue Design. Interestingly, the difference between the
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Red and Yellow Design was not statistically significant (P > 0.1). However, the Blue Design
exhibited a statistically significant difference (P < 0.001) compared to both the Red and Yellow
Design. This disparity can be attributed to the advantages and disadvantages outlined in Section
M.6land summarized in Table[. 1] with gripper design and UIDs being the primary differentiating
factors.

The Still in Place rate, representing the frequency of cubes remaining in their correct position
without collapse, revealed a statistically significant advantage for the Yellow Design over the
Red Design (P < 0.01). This allows rejecting the null hypothesis. This conclusion is further
supported by the difference in collapse rates, with the Yellow Design showing a statistically
significant difference compared to the Red Design (P < 0.1).

The the Blue and Yellow Design exhibited statistically different collapse rates, with the
Yellow Design performing better than the Red and Blue Design. While the Yellow Design
outperformed both robots, its advantage over the Red Design primarily stemmed from better
precision. Conversely, the Blue Design’s higher collapse rate can be attributed to other factors,
particularly its UID, as noted in Section 4.6

Interestingly, the results of the Single Ease Question (SEQ) were statistically indistinguish-
able for the Red and Yellow Design (P > 0.01) despite the disparity in tower construction per-
formance. The Red Design achieved a mean SEQ score of 3.32 (SD = 1.27), the Blue Design
scored 2.19 (SD = 1.14), and the Yellow Designscored 3.72 (SD = 1.54). Higher scores indicate
greater perceived accessibility. We hypothesize that the Yellow Design enhanced precision may
have led users to perceive a higher tower construction potential than the Red Design. Notably,
participants were not informed of the maximum achievable tower count before completing the
questionnaire. It appears that users estimated the theoretical maximum based on their experi-
ence, resulting in comparable SEQ scores for both designs despite performance differences. As
expected, there is a clear relationship between the number of towers and a higher SEQ score, as
can be seen in Figure

Our analysis primarily focused on the full system capabilities. However, it is important
to note that the Yellow Design experiment was conducted in Japan, and we hypothesize that
demographic factors may have influenced the results. The decision to conduct this user survey
in Japan was based on research by Nam et al. [109], which suggests that user workload varies
depending on the level of trust in a system. Bartneck et al. [47] indicate that participants from
different countries exhibit varying levels of trust toward robots.

The Japanese participants self-reported higher levels of experience with robots (mean 3.86
+ 1.27) compared to the British participants (mean 2.76 + 1.24). This difference is statistically
significant (P < 0.001) and can be attributed to the greater exposure of the Japanese participants
to robots in their daily lives. Interestingly, the Japanese participants reported less experience
with wearable technology (mean 2.81 + 1.47) compared to the British participants (3.86 + 0.87),
a difference that is also statistically significant (P < 0.01). However, virtual reality (VR) ex-
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Figure 4.10: Regression plot showing the relationship between SEQ and the number of towers
for each individual robot.

perience was statistically similar between the Japanese participants (mean 3.25 + 1.38) and the
British participants (mean 2.97 + 1.20) participants. These findings suggest that previous expe-
rience with robots and wearables varies depending on the user’s background. In contrast, VR
experience remains consistent across both demographics, possibly due to the recent widespread
adoption of VR technology [110].

It is important to note that we are unable to directly correlate previous experience with robots
or wearables to teleoperation performance due to the differences in the systems users operate.
However, we were able to exclude previous VR experience as a contributing factor to perfor-

mance differences, due to a lack of statistical significance.

4.7.2 Operator Workload

Figure [4.T1] illustrates the individual results for each subscale or dimension of the NASA-TLX

survey. The subscales are described as follows:

* Mental: This subscale examines the mental workload imposed on the user during task
performance. The Yellow Design demonstrates the lowest mental workload, statistically
significant at the 95% level compared to the Red and Blue Design, which show simi-

lar results. Interestingly, the UID difference between the Red Design (VR controller)
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and the Blue Design (Sensglove) does not impact mental workload, nor does the Blue
Design’s weaker gripper. The Yellow Design’s precision and range likely explain this dif-
ference, providing users with greater freedom of movement without concern for robotic

constraints.

» Physical: This subscale assesses the user’s physical workload during task execution. The
Blue Design exhibits a statistically significant difference compared to the other two robots,
attributable to its distinct UID. The Blue Design, controlled by the Senseglove, requires
users to maintain a flat, extended hand position, unlike the VR controller, which allows

for a more relaxed hand posture closer to the body.

» Pace: This subscale examines the user’s perception of time pressure. The results are
statistically consistent across all robots, which is expected since all experiments were

conducted under uniform time constraints.

» Performance: This subscale examines the user’s perceived task performance. The Blue
Design demonstrates the lowest perceived performance, statistically significant at the 95%
level compared to the other two robots. This aligns with the Single Ease Question results
described in Section as both metrics evaluate task difficulty.

» Effort: This subscale investigates the perceived effort spent by the user to complete the
task. The Blue Design shows the highest effort expenditure, which is statistically sig-
nificant at 95% compared to the Red and Yellow Design. The consistently high effort
scores across all robots corroborate the assertion that robot teleoperation is challenging

for non-experts, as noted in previous research [12,13].

* Frustration: This subscale explores the user’s frustration and stress levels during the ex-
periment. The Blue Design leads with a statistically significant difference over the Red
and Yellow Design, likely due to the disadvantages outlined in Section .6 particularly
its limited range and weak gripper. Notably, this is the only subscale where participants
utilized the full range of possible answers for all robots. This suggests that frustration
tolerance is highly individual and may not be an ideal metric for evaluating teleoperation

system performance.

The above NASA-TLX results indicate a relationship between UID type and user impact,
particularly in physical and emotional domains, manifesting as frustration and stress. Addition-
ally, robot type influences user mental workload, with the Yellow Design’s combination of large
reach and high precision resulting in reduced mental strain compared to robots possessing only
one of these qualities, such as the Red and Blue Design.

The hypothesis that demographics play a significant role can be discarded, as additional

statistics such as collapse rate and still in place rate are similar for both the Red and Yellow
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Figure 4.11: Boxplot representing individual results from the NASA task survey, in which a
lower score indicates lower difficulty. Blue represents the experiment carried out with the Yellow
Design in Japan. Orange represents the experiment with the Blue Design in the UK. Green
represents the experiment with the Red Design in the UK.

Design (cf. Figure 4.8). This non-significance is further supported by the similarity across
all NASA-TLX subscales, except for mental workload. However, to conclusively prove that
demographics does not play any role, the same experiments would need to be carried out in
both country (eg. the Yellow desing in the UK). Finally, these results suggest a trend that,
regardless of the robot type, users experience frustration and some degree of physical strain.
We postulate that this contributes to the difficulty of teleoperation for non-experts, as noted in

previous research [12,[13]].

4.7.3 Trust Towards Robots

Our NARS questionnaire, which evaluates trust, focused solely on elements from the S1 sub-
scales, as described in Section @ Figure @ illustrates the individual and combined scores
for each question of the S1 subscale. The Red and Blue Design results are combined, as
the questionnaire was administered only once. In retrospect, administering the questionnaire

twice—once before the experiments and again after manipulating the first robot—might have
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provided insights into the progression and impact on trust for each robot.

For completeness, the questions used in our questionnaire, as found in [100], are:

NARS Q.1 I would feel uneasy if I was given a job where I had to use robots
NARS Q.2 I would feel nervous operating a robot in front of other people
NARS Q.3 I would feel very nervous just standing in front of a robot.
NARS Q.4 The word "robot" means nothing to me.

NARS Q.5 I would hate the idea that robots or artificial intelligence were making judgments
about things.

Figure .12 reveals that the Japanese users demonstrated higher trust in robots for questions
NARS Q.1, NARS Q.2, and NARS Q.5. However, this difference is statistically significant only
for NARS Q.5 (P<0.05). This general trend results in a statistically significant difference in total
scores between the two demographics (P<0.05). This disparity may be attributed to the longer
exposure of the Japanese participants to robots in their daily lives, as noted by Bartneck et al.
[47]. Additionally, Japanese culture’s lesser distinction between natural and artificial entities,
influenced by Buddhist beliefs that do not discriminate against spirits in machines (unlike Chris-
tianity), may play a role [111}47]. Media portrayal of robots may also contribute, with Western
media often depicting robots as antagonists. At the same time, Japanese manga presents a more
nuanced view where robots can assist in combating human-originated evil [47]. The signifi-
cant difference in NARS Q.5 particularly supports this notion, as the concept of robots making
decisions often leads to their rebellion in Western media [[112].

Interestingly, our results appear to contradict the conclusion drawn by Bartneck et al. [47]
that the Japanese participants are less trusting than the British participants. We hypothesize that
this discrepancy may be due to the advancement and proliferation of robots and Al in daily life
since the publication of that research work.

Finally, it is noteworthy that this difference in trust does not appear to affect teleoperation
performance, as the Japanese participants achieved the highest number of towers built. This
outcome is primarily attributed to hardware differences, given that previous experience with

VR-related technology is similar between the Japanese and the British participants, as explained

in Section 47,11

4.8 Conclusion and Future Work

This paper presents an extensive exploration of teleoperation’s impact on users through three
user surveys, encompassing 74 participants across two countries, utilizing three different robots
and two UIDs. The study employed NASA-TLX questionnaires to evaluate workload, NARS
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Figure 4.12: Boxplot representing the total score for the NARS (Negative Attitude Towards
Robot) where a low score indicates the user is more trusting of the robot. Blue represents the
experiment done in the UK. Orange represents the experiment done in Japan.

questionnaires to assess trust toward robots, and SEQ to gauge task difficulty. Additionally, the
research investigated trust towards robots across different demographics.

Experimental results demonstrate that participants achieved the highest number of towers
built using the Yellow Design. This superior performance is attributed to the UR5e’s enhanced
precision and reach, allowing for better cube placement and reduced tower collapse during con-
tinued teleoperation. The Yellow Design also induced the least cognitive stress, while the Blue
Design resulted in the highest physical strain and user frustration (cf. Figure 4. TT].

The findings in this paper corroborate previous research [12] [13]] indicating that teleopera-
tion is challenging for non-experts, characterized by high frustration and physical stress across
all robot types. As anticipated, the Japanese participants reported more VR experience than the
British participants. Conversely, the Japanese participants reported less experience with wear-
able technology. The study demonstrated that prior VR experience does not significantly impact
teleoperation performance, regardless of the operator’s background.

Interestingly, the Japanese participants exhibited higher trust towards robots compared to the

British participants, contradicting the conclusions drawn by Bartneck et al. [47]. These user
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surveys also validated the TELESIM framework by enabling international-scale teleoperation
across multiple robotic platforms. In addition, the consistent results across demographics proved
the user-friendliness of the TELESIM framework, along with its plug-and-play capability, as
shown by its deployment on multiple robotic interfaces and end effectors.

While this paper provides an in-depth analysis of teleoperation’s impact on users, it focuses
solely on direct teleoperation with visual feedback. Other teleoperation methods mentioned in
the literature, such as VR headset usage or telepresence robot control [11]], were not explored.
Moreover, additional comparison with the state of the art is difficult due to the disparity in the
teleoperation task and UIDs. While the cross-cultural study conducted in Chapter 4 provides
valuable insights into teleoperation performance and user experience, several limitations must
be acknowledged. A key issue lies in the inherent coupling between the gripper type, robot mor-
phology, and user interface device (UID) configurations. For instance, the URSe robot paired
with the VR controller (Yellow Design) exhibited superior task success rates, but this perfor-
mance cannot be conclusively attributed to any single factor. The URSe’s extended reach and
higher precision may have contributed significantly to the observed results, overshadowing the
potential impact of the VR controller itself. Similarly, the UR3 robot paired with the Sense-
Glove (Blue Design) demonstrated higher physical strain and frustration among users, which
could stem from limitations in the gripper’s design or the restricted degrees of freedom in its
control.

This interdependence complicates the interpretation of findings, as variations in user perfor-
mance might reflect hardware capabilities rather than the intrinsic usability of specific UIDs or
control methods. To address this limitation, future studies should decouple these variables by
systematically testing each gripper type, robot morphology, and UID independently. For ex-
ample, using a single robotic platform with interchangeable grippers and control devices would
enable more controlled comparisons. Additionally, standardized experimental protocols that iso-
late hardware effects from user interaction patterns could provide more definitive conclusions
about the usability and effectiveness of teleoperation systems across diverse setups.

Despite these limitations, the study successfully highlights critical factors influencing tele-
operation performance and cultural differences in trust toward robots. However, caution must
be exercised when generalizing these findings due to the intertwined nature of hardware config-
urations and user interface modalities.

In future work, we aim to use these systems and investigate their impact on teleoperation
success and user experience, following the methodology presented in this paper. However, our
work on direct teleoperation is not completed. While our experiments seem to indicate that de-
mographics do not play a part in the performance of teleoperation systems, we would need a
wider breadth of demographics to show this conclusively. Furthermore, the many differences in
hardware during our experiments make it difficult to accurately pinpoint the factors that impact

the most, either the teleoperation performance or the user’s workload. A deeper investigation
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of the Senseglove and T42 gripper’s performance on the URS5 would enable a more direct com-
parison with the URS5e and further substantiate our hypothesis that hardware correlates with
enhanced performance. This analysis would help elucidate whether the UR3’s suboptimal per-
formance stems from gripper limitations, UIDs, or its restricted operational range.

Finally, the exact skill set required to perform teleoperation with minimal training before-
hand remains an unsolved problem. The study successfully eliminated prior virtual reality expe-
rience as a confounding variable. However, a participant from Japan, who possesses expertise in
motion retargeting for robotic teleoperation, demonstrated superior performance by completing
the highest number of towers. This observation suggests that spatial abilities or other complex

skills may influence task performance.
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IMMERTWIN: A Mixed Reality
Framework for Enhanced Robotic Arm
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responsible for organising my exchange to the Advance Institute of Science and Technology in
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The version of this paper presented in this thesis has been altered to reflect the changes

suggested by the examining committee

5.1 Chapter Summary

This chapter explores user immersion within a digital twin environment, examining how im-
mersion influences task performance while assessing trust levels and operator workload. Our
system replaced direct real-world observation with a virtual robot representation and near real-
time workspace visualization, as demonstrated in Figure This investigation responded to
the increasing adoption of Virtual Environment applications, particularly following the ANA
Avatar Xprize Challenge [9] focused on telepresence robotics. Recognizing the absence of estab-
lished baselines for immersive direct teleoperation, we enhanced our framework with additional
functionalities, creating IMMERTWIN. Comparative analysis with TELESIM through identical
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user surveys revealed comparable task performance metrics while demonstrating significantly

reduced mental effort requirements.

5.2 Abstract

We present IMMERTWIN, a mixed reality framework for enhance robotic arm teleoperation us-
ing a closed-loop digital twin as a bridge for interaction between the user and the robotic system.
We evaluated IMMERTWIN by performing a medium-scale user survey with 26 participants on
two robots. Users were asked to teleoperate with both robots inside the virtual environment to
pick and place 3 cubes in a tower and to repeat this task as many times as possible in 10 minutes,
with only five minutes of training beforehand. Our experimental results show that most users
were able to succeed by building at least a tower of 3 cubes regardless of the robot used and a
maximum of 10 towers (1 tower per minute). In addition, users preferred to use IMMERTWIN
over our previous work, TELESIM, as it caused them less mental workload. The project website

and source code can be found at: https://cvas-ug.github.io/immertwin

5.3 Introduction

The ANA Avatar XPRIZE [9]] competition has significantly increased interest in telepresence
robotics. Telepresence in the competition refers to robots that can be fully controlled by a hu-
man operator from a remote location, thereby simulating the operator’s presence at the robot’s
site. The need for a human operator persists due to the limitations of fully autonomous systems,
which remain highly constrained and ineffective beyond predefined scenarios [34,[113]. Conse-
quently, researchers have focused on integrating autonomous systems with direct teleoperation
to enhance performance and alleviate the cognitive load on users. This integration often involves
augmenting visual information or automating specific robot movements [114]].

Despite recent advancements, the user’s field of view remains restricted to the camera’s per-
spective mounted on the robot in telepresence scenarios or to the user’s immediate surroundings
in direct teleoperation [34} 4]. This limitation was evident in our previous work, TELESIM
[4], where user mobility was restricted due to the robot’s movement being directly linked to the
user’s hand movements in a one-to-one mapping. In this paper, we introduce IMMERTWIN, an
immersive and modular plug-and-play framework for robotic arm teleoperation that extends the
capabilities of TELESIM. IMMERTWIN situates the user within a Digital Twin environment,
allowing for free movement and varied viewpoints while maintaining control over the robot.

We evaluate the performance and user-friendliness of IMMERTWIN through a comprehen-
sive user study involving 26 participants. Each participant was tasked with controlling two
robots to repeatedly perform a tower stacking task within ten minutes after a brief five-minute
training session. Although none of the participants had prior experience with IMMERTWIN,

some were familiar with TELESIM. Our results include cognitive and physical loads and we ex-
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(3) Robots

Figure 5.1: Our experimental setup comprises the following components. (1) The view from the
user inside Unreal Engine, with their virtual hands (A) and the virtual gripper (B). (2) The user
wearing the VR headset, with a black security tape (C) to avoid users walk towards the robots.
(3) The room containing both the UR3 robot (D) and the Baxter robot (E), along with 4 ZED 21
cameras (F) to live stream a pointcloud into the virtual environment.
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plore the influence of different robot types and prior experience on teleoperation performance.

Our findings are then compared with those from TELESIM. Our contributions are:

e Implementing an immersive mixed reality teleoperation system utilising near-real-time

point cloud visualisation.

» Experimental validation of the framework’s performance using a straightforward task suit-

able for non-experts.

* A rigorous evaluation involving 26 participants highlighting the user-friendliness of IM-
MERTWIN.

5.4 Background

Teleoperation allows remote control of robots and has been crucial in enabling Industry 5.0,
emphasising human-robot synergy [115]. This technology effectively facilitates the training
of robots to execute tasks autonomously, employing methods such as Imitation Learning and
Reinforcement Learning [34, 116, 117]. However, teleoperation can exert significant physical
and mental stress on users [4]. Moreover, achieving movements similar to those performed by
humans during teleoperation remains challenging due to its dependence on factors, including
the robot type, User Interface Device (UID) and the operator’s prior experience [4]].

Researchers have investigated various types of UIDs, including Virtual Reality (VR) [43,
11]], joysticks [74], haptic interfaces [118, 21]], and vision-based systems [77]. However,
direct comparisons of their performance are rare, as studies often focus on enhancing the per-
formance of a single robot or task using assistive methods [114]. These evaluations are typi-
cally conducted with small-scale user surveys involving fewer than 20 participants on a single
robot [29, [38]].

The use of VR headsets to provide additional information through mixed reality has been a
significant assistive improvement in teleoperation [44)]. VR was initially used as a flight simula-
tor in teleoperation [119] and has since been utilized to control robots. It played a pivotal role in
the ANA Avatar XPRIZE challenge, where users teleoperate robots in remote locations, adapt-
ing to the robot’s capabilities [10, [11]. Typically, users in VR systems view only the camera
feed (a 2D video stream) from the robot, which is common in most immersive VR teleoperation
systems.

Mixed Reality in robotic teleoperation blurs the line between real and digital environments
by overlaying digital information on video streams or integrating real-world data into simulated
environments. This technology is regarded as the next step in enhancing VR teleoperation [45].
Most research focuses on the former, such as [44], where surface highlights are added for

automatic robot alignment.
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Research indicates that visualising a real-time point cloud within a virtual environment yields
better results. For example, Su ef al. [46] conducted a study with 15 participants to evaluate
the cognitive and physical load of three systems: one rendering only 2D images, another using
a stereoscopic system to supplement the 2D images, and a third rendering a 3D point-cloud.
The point-cloud system demonstrated higher performance with reduced cognitive and physical
strain on users. However, the study did not report system delays or performance metrics such as
average frame rate and camera resolution.

We address the above limitations in this paper by conducting a medium-scale user survey
with 26 participants. In our study, participants self-reported minimal experience with robots
(Mean 2.8 &+ 1.2 out of 5, with 5 indicating high experience), and our approach exclusively em-
ploys a point cloud visualisation, as it has been shown to outperform other methods in creating
an immersive environment [46l]. However, comparing with the literature, such as [46] is not
feasible due to task differences; we report our system’s performance, including camera capture
rate, resolution, and simulation frames per second. Our study uses Unreal Engine 5.4 and ROS2,
making it, to our knowledge, the only teleoperation system to do so, as most studies use Unity.
An exception is noted in [120], which used Unreal Engine 4 and ROS1. This difference may be
attributed to the higher complexity of Unreal Engine and the relative scarcity of mixed reality
tools [121]].

5.5 IMMERTWIN Framework

IMMERTWIN is an add-on to TELESIM. TELESIM [4] is a framework designed for the tele-
operation of various robotic arms using any control system capable of outputting a 3D pose.
For completeness, a brief overview of TELESIM is given below. TELESIM consists of three
main components: The first component, the UID which, in our previous study [4], consisted
of a Steam Index VR controller and a Senseglove, both equipped with a Vive VR Tracker. The
second component, TELESIM itself, calculates a motion plan in real-time based on the pose
provided by the UID. The third component, the robot interface, involves transmitting the robot’s
joint states via ROS2 (Robot Operating System) [80] to any robotic arm compatible with ROS
control. TELESIM was deployed into a Rethink Robotics Baxter and a Universal Robots 3
(UR3).

IMMERTWIN functions as an enhancement to TELESIM. It modifies the TELESIM control
loop by replacing the UID with a virtual gripper, depicted in bright green in Figure[5.1]as A. This
virtual gripper’s position is transmitted to TELESIM, enabling Isaac Sim to compute a motion
plan for the robot while ensuring collision avoidance. The robot’s joint states are then relayed to
the robot. In TELESIM, this would conclude its functionality; however, IMMERTWIN extends
this by transmitting the real robot’s state to Unreal Engine 5.4, as shown in Figure which

may differ from Isaac Sim’s request due to unexpected collisions or hardware malfunctions.
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Figure 5.2: Overview of IMMERTWIN. Our framework, IMMERWTIN, shown in the green
dotted line, accepts the pose of any 3D VR controller (shown in the black dotted line) to update
the position of the user’s virtual hand in Unreal Engine. The user can then grab the robotic grip-
per and move the robot where they want. The new robotic goal is then transmitted to TELESIM
(shown in the blue dotted line) to perform motion planning and collision avoidance. The state
of the virtual robot is then transmitted to the real robot, shown in the red dotted line, to update
its position. Finally, the state of the real robot is transmitted back into Unreal Engine to create a
closed-loop digital twin.

These modifications transform TELESIM, which was a digital clone to a closed loop digital
twin, thus granting it the name of IMMERTWIN, allowing users to interact with the real robot
via ROS2.

In IMMERTWIN’s virtual environment, the virtual robot mirrors the real robot. If there are
no errors, such as collisions or unreachable positions, the robot gripper aligns with the virtual
gripper. Users interacting in VR can manipulate the virtual gripper to control the robot. A
point cloud visualisation from two calibrated ZED 2I cameras provides feedback on the world
state. This point cloud provides users with near-real-time feedback (100ms) on the robot and
its surroundings, enabling them to adjust their actions accordingly. IMMERTWIN'’s control
loop design enables users to release the virtual gripper, maintaining the robot’s configuration,
thus allowing users to rest, reposition, or gain different perspectives, enhancing manipulation
precision.

We opted to use Unreal Engine on Linux as it is the only VR-capable engine on Linux. How-
ever, the Unreal Engine cannot build lighting on Linux and we needed to use LUMEN [122],
Unreal Engine’s resource-intensive real-time lighting system. Linux was required to use ROS2
and interface it with TELESIM. Furthermore, our goal was to run the entire system on a single
computer to enhance portability and user-friendliness, reinforcing our plug-and-play approach.
Although switching to Unreal Engine for another engine is feasible due to IMMERTWIN’s
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modularity, this task is deferred to future work. Additionally, Unreal Engine was chosen be-
cause ROS?2 integration had already been developed by Rapyuta Roboticﬂ The integration’s
sole requirement is a manually operated ROS2 "server" node running FastDDS, functioning

similarly to a ROS1 master.

5.6 Experimental Setup

5.6.1 TELESIM

In our previous study [4], we assessed our framework through a user survey involving 37 partic-
ipants (29 male and 8 female) using the following setup. We employed two robots, Baxter and
UR3, each positioned in front of a table with cubes arranged in an isosceles triangular pattern,
similar to the setup depicted in Figure This experiment was approved by the University of
Glasgow Ethics Committee (Application Number 300220026). Participants were tasked with
teleoperating both robots while standing with their backs to the VR headset, positioned to the
left of each robot at a height of one meter. The headset served as the world’s frame and a ref-
erence point for the participants. Each robot was operated using a different method: the Baxter
robot was operated with a Steam Index VR controller, as illustrated in Figure[S.I] while the UR3
robot was operated using a Senseglove development kit [[123]]. This kit allowed for the mapping
of individual finger movements, with an HTC Vive Tracker mounted on the hand. Only the
thumb and index finger movements were used to control a modified T42 gripper from the Yale
OpenHand project [3]] mounted on the UR3. The combination of Baxter and the VR controller
for TELESIM while henceforth be referred to as Red Design, while the combination of the UR3,
T42 gripper and Senseglove for TELESIM will be referred to as Blue Design.

Participants completed a demographics questionnaire using a five-point Likert scale. Fol-
lowing this, they were given five minutes to practice with the Red Design before attempting to
stack as many as possible three 40mm cubes in the centre of a table within 10 minutes; cubes
were initially arranged in an isosceles triangle. Participants completed the Single Ease Question
(SEQ) and the raw NASA-TLX for the Red Design. After that, the same experimental methodol-
ogy was repeated for the Blue Design. At the end of the experiment, they filled out the Negative
Attitude Towards Robots Scale (NARS).

5.6.2 IMMERTWIN

To ensure a fair comparison between IMMERTWIN and TELESIM, we replicated the user sur-
vey setup used for TELESIM and the robotic hardware. The combination of Baxter, VR con-
troller and IMMERTWIN will henceforth be referred to as Orange Design. However, we im-

plemented several modifications for the Blue Design setup based on feedback received during

Ihttps://github.com/rapyuta-robotics/rclUE
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the TELESIM user survey. That is, we replaced the custom-built gripper with a Robotiq 2F-85
gripper [104], which has a reduced finger length, addressing issues where the previous grip-
per impacted robot motion due to safety settings. Additionally, the new gripper resolves issues
related to insufficient grasping force, with a maximum force of 235N, preventing cubes from
falling during transit. To accommodate the UR3’s limited range, we mounted it on a pedestal,
enhancing the robot’s freedom of movement. During experiments, users reported that the UR3
felt more responsive than the Baxter robot, providing them greater control over its movements.
Finally, we transitioned from using a SenseGlove to a Valve Index VR controller for both robots,
as the former contributed to the UR3’s suboptimal performance in TELESIM. Those changes
for the UR3 robot and IMMERTWIN will henceforth be referred to as Green Design. Partici-
pants no longer need to stand close to the robots; instead, they are positioned two meters away,
behind a physical security tape visible on the top-right in Figure [5.1] as C. Additionally, virtual
bounding boxes were added in VR to alert users when they are approaching virtual limits set to
prevent them from getting too close to the robots. Users were free to move around the room by
walking within their available space. For IMMERTWIN, we included the Simulator Sickness
Questionnaire [124] to assess potential symptoms such as nausea or headache caused by immer-
sive simulation software. This questionnaire has been validated in mixed reality environments
[935]].

The cubes were arranged in an isosceles triangle, with each placement presenting varying
difficulty levels, similar to [4]. For both the Orange and Green Design, the leftmost cube was the
furthest from one of the cameras, resulting in a slightly unstable image in the 3D cloud during
the experiments. The other two cubes were placed at the robot’s range limit, often requiring
users to rotate the gripper. The tower position was at the intersection of all cubes. This position
proved challenging for some Orange Design participants, as the robot arm could only sometimes
rise sufficiently to stack the cubes, depending on the gripper’s angle. Users encountering this
difficulty were advised to adjust their hand rotation. This issue was not present with the Green
Design.

We recruited 26 participants (21 male, 5 female), with an average age of 27.8 years and a
standard deviation of 6.8, from the University of Glasgow. Initially, participants completed a
brief questionnaire about their background, following the same experimental methodology as
TELESIM. The experiment’s conditions and objectives were then explained: participants had
to manipulate a virtual gripper in a virtual world to grasp and stack three cubes arranged in an
1sosceles triangle in front of the robot to the centre of the table. They were given five minutes
of practice and 10 minutes to build as many towers as possible. Users were only informed of
the remaining time if they inquired. After using the Orange Design, participants completed
three questionnaires: the raw NASA-TLX questionnaire, the SEQ, and the Simulator Sickness
Questionnaire. They then repeated the procedure for the Green Design. We decided against

randomising the order, first to keep results consistent and comparable with TELESIM[4] and
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second, as randomizing the order would require more participants in order to achieve statistical

significance.

5.6.3 Hardware

As detailed in Section [5.5] the point cloud data for each robot is sourced from two Zed2I cam-
eraﬂ positioned 120 degrees apart and oriented towards the working area. This setup encom-
passes the robot, the table, and the three cubes intended for user manipulation, as described
in Section [5.6.1] The point clouds are updated every 100 milliseconds, as higher refresh rates
adversely affect the frame rate. The point cloud is generated from RGB and depth images trans-
mitted to Unreal Engine using ROS2, processed via a compute shader on the GPU to enhance
performance. We developed this compute shadeIEI to reconstruct the 3D point cloud from RGB
and Depth images transmitted by the two ZED2I cameras, as ROS2 point cloud messages are
more expensive to parse and need to be processed on the CPU. Since compute shaders executes
every frame, we limit the point cloud’s refresh rate by sending images at 10Hz. The images are
captured at 720p resolution since higher resolutions result in performance degradation.

To maximise performance, given VR’s suboptimal optimisation on Linux, image capture
and transmission were performed on an Nvidia RTX 2080TI, while the Unreal Engine ran on
an Nvidia RTX 4090. Both GPUs were housed in the same computer to minimise latency that
could arise from networked machines, especially when transmitting large volumes of images.
Additionally, the TELESIM component of our framework was executed on a separate computer
equipped with an Nvidia RTX 3060. This setup ran Isaac Sim alongside ROS2 control for
robot control. The only data exchanged between the two computers via ROS2 over an Ethernet
connection were the 3D pose of the virtual gripper and the real robot joint states, resulting
in negligible network delay. However, the approximate 100ms delay inherent to TELESIM
persisted in IMMERTWIN, primarily due to path planning and the robot’s slow movement for
safety reasons. This configuration allowed us to achieve an average of 40 fps on the VR headset,
with minor tearing occurring if the user moved their head rapidly. Nevertheless, as described in

Section few users reported experiencing nausea or other adverse effects from using VR.

5.7 Evaluation

Figure shows that participants of IMMERTWIN successfully constructed a maximum of
10 towers with both robots. Notably, users operating the UR3 with IMMERTWIN (Green De-
sign) consistently completed more towers than participants using any other robot across both
TELESIM and IMMERTWIN. Interestingly, for the Baxter robot, participants who built fewer
than five towers did so more frequently in TELESIM than in IMMERTWIN. This trend can

Zhttps://www.stereolabs.com/en-fr/store/products/zed-2i
3https://github.com/cvas-ug/immertwin
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Figure 5.3: Population percentage for each tower completed for both robots for TELESIM and
IMMERTWIN, respectively.

be attributed to user feedback during and after the experiments, where participants noted that
Baxter was less precise, particularly participants who encountered the stacking issue discussed
in Section [5.6.2] and preferred the Green Design. One reason cited was that the UR3’s gripper
is larger when open than Baxter’s, allowing for more margin of error when grasping objects.
However, participants who achieved more than five towers favoured the Orange Design over the
Green Design, although they did not provide specific reasons other than the UR3 being slower
than Baxter. The UR3 movement speed was intentionally set low to prevent damage to the robot.
This preference is also reflected in the results of the Single Ease Question, with a mean score
of 3.81 4-1.52 for the Green Design and 3.5 4 1.50 for the Orange Design where a higher score
indicates an easier task difficulty. Although there is no significant statistical difference, users
tended to prefer the Green Design. All statistical tests were conducted using the Mann-Whitney
U Test. Given our relatively small sample size, a non-parametric test was deemed appropriate,
as recommended by Rochon ef al. [125]. Furthermore, all of our statisticals test use as a null
hypothesis that the effect being studied does not exist (eg. There are no difference between the
placing rate of the Orange and Green Design)

The perceived superiority of the Green Design is further corroborated by Figure [5.4] which
present the ratios of Placing Rate, Collapse Rate, and Still in Place Rate. The Blue Design
exhibits a statistically significant difference (99.9%) in Placing Rate, Collapse Rate, and Still

in Place Rate. However, no statistical difference is observed for the Red Design [4] or either
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Figure 5.4: Ratio of different statistics collected during the experiment. The Placing Rate is
calculated as the number of place actions over the number of picking actions. The Collapse Rate
is calculated as the number of Collapse actions over the number of picking actions. The Still in
Place Rate is calculated as the number of Place actions minus the number of collapses over the
number of picking actions, effectively rating the tower’s stability.

design using IMMERTWIN. This indicates that IMMERTWIN does not significantly improve
these statistics. Interestingly, it also suggests that the additional freedom of motion afforded by
immersion in a Digital Twin does not significantly enhance teleoperation performance for certain
robot types. The poor performance of the Blue Design may be attributed to an inadequate UID
or the low quality of the gripper used, as mentioned in Section[5.6.2]

The observation that IMMERTWIN does not yield performance gains in teleoperation does
not negate the utility of VR. Among the 26 participants, 12 had previously participated in
TELESIM and were asked to express their preference between the two systems. Three-quarters
of these participants favoured IMMERTWIN, with only one participant preferring TELESIM.
Furthermore, Figure [5.5] which illustrates the mental effort required during the task, indicates
that IMMERTWIN demands significantly less effort than TELESIM, with at least a 99% signif-
icance level. However, this does not hold for the physical aspect, as shown in Figure[5.6] where

the Red design exhibits at least a 95% significantly lower physical effort than all other experi-
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Figure 5.5: Result of the raw NASA-TLX mental aspect, which evaluates how mentally demand-
ing the task was. A low score indicates a lower effort. The horizontal bar at the top indicates a
significance value between the two items indicated by the ticks at both ends of the bar.

ments. Participants using IMMERTWIN with both robots observed a similar level of exhaustion,
while the Blue Design was statistically more exhausting than the other robots. Based on user
feedback, we hypothesise that IMMERTWIN causes an average level of physical exhaustion due
to users needing to bend for a closer view.

An interesting difference noted in the NASA questionnaire is the pacing. Although the
experimental setup was identical for both robots, IMMERTWIN users perceived the pace as
being 95% significantly slower, with an average pace of 3.8 for IMMERTWIN compared to 4.1
for TELESIM, in which a higher number means that they felt more rushed. We attribute this
difference to users losing their sense of time, as intense mental activity has been shown to cause
time distortion in VR environments [[126]].

Finally, the Simulator Sickness Questionnaire results indicate that the most common symp-
toms, in order of prevalence, are fatigue, general discomfort, eyestrain, and headache. However,

for most users, these symptoms are mild, with fatigue having a mean score of 1.73£0.92, where



CHAPTER 5. IMMERTWIN 77

| 95% |
I 99.9% |
I 99% I
95%
[ I
7 - e}
6 - —
5 .
©
R
247
e
o
3 E— o]
2 O o
1 o) o E—
Red Design Orange Design Blue Design Green Design
Robot Type

Figure 5.6: Result of the NASA-TLX physical aspect, which evaluates how physically demand-
ing the task was. A low score indicates a lower effort. The horizontal bar at the top indicates a
significance value between the two items indicated by the ticks at both ends of the bar.

1 indicates no symptoms, and 4 indicates severe symptoms.

5.8 Conclusion and Future Work

This paper explored the capabilities and user experiences of IMMERTWIN compared to its pre-
decessor TELESIM [4]. That is, IMMERTWIN allows for plug-and-play teleoperation in an
immersive digital twin using a VR headset, while TELESIM only allows teleoperation using
direct visual feedback. Overall, IMMERTWIN demonstrates the potential of integrating VR
into teleoperation frameworks, offering a more engaging and less mentally taxing user expe-
rience. IMMERTWIN is available on GitHubE|, allowing developers to perform teleoperation
on their robots with minimal setup time. Despite IMMERTWIN not demonstrating significant

“4https://cvas-ug.github.io/immertwin
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performance improvements in teleoperation metrics, it was favoured by most participants who
had previously used TELESIM. This preference underscores the potential benefits of immersive
VR environments in enhancing user experience, even if quantifiable performance gains are not
immediately evident. The mental effort required by IMMERTWIN was significantly lower than
that of TELESIM, suggesting that the immersive nature of the VR environment may alleviate
cognitive load. However, physical effort remained at the same level, particularly with the UR3 in
TELESIM, which was noted to be more exhausting than other setups. This highlights the need
for further refinement in balancing cognitive and physical demands in VR-based teleoperation
systems.

The study in this paper also revealed interesting insights into user perceptions of time and
pacing within VR environments, with IMMERTWIN users experiencing a slower perceived
pace. This aligns with existing research indicating that intense mental activity in VR can al-
ter time perception, a factor that should be considered in future VR application designs [126].
Moreover, while mild symptoms of simulator sickness were reported, they were generally man-
ageable, indicating that IMMERTWIN’s VR implementation is well within acceptable limits for
user comfort. However, the long lasting effect of virtual reality teleoperation are left as future
work. The feedback gathered provides valuable guidance for future iterations of IMMERTWIN,
focusing on enhancing physical ergonomics and further reducing cognitive load.

While IMMERTWIN demonstrates the potential of mixed reality to enhance teleoperation
by reducing cognitive load and improving user interaction, it is important to acknowledge a
key limitation: the interdependence between robot type, gripper design, and levels of immer-
sion. Specifically, the experiments conducted in this chapter used fixed combinations of these
elements, such as pairing the UR3 robot with a specific gripper and immersion level. This cou-
pling makes it difficult to disentangle the individual contributions of each factor to the observed
performance improvements. For example, while immersive virtual reality might reduce cogni-
tive load, the performance gains could also be influenced by the robot’s design or the gripper’s
limitations.

This limitation restricts the generalizability of the findings, as it is unclear whether similar re-
sults would be achieved with different robots or grippers under varying levels of immersion. To
address this in future work, a more modular experimental design is needed. This could involve
systematically varying each factor independently, such as using interchangeable grippers on a
single robot platform or testing multiple levels of immersion across different robotic configura-
tions. Additionally, employing standardized performance metrics across all setups would enable
more robust comparisons and clearer insights into how each component impacts teleoperation
performance.

Despite this limitation, IMMERTWIN provides valuable insights into how immersive tech-
nologies can enhance teleoperation systems. However, caution must be exercised when inter-

preting these results due to the intertwined nature of hardware and immersion variables. Future
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research consists of optimising VR systems further, exploring ways to mitigate physical strain
and enhancing the intuitive control of robotic systems in immersive environments. This ap-
proach aims to leverage human intuition and a high-level task overview while allowing robots
the autonomy to execute precise actions, such as accurate object picking and placing. Previous
research in this domain has demonstrated that shared autonomy system could help reduce the
cognitive strain of the user[30]. We intend to examine whether the level of environmental real-
ism affects teleoperation performance. Currently, the teleoperation environment is a featureless,
white room with only the robot and workspace rendered. We plan to enhance this by immersing
users in 3D reconstructed representation of the real environment. We hypothesize that while this
change may not directly impact performance metrics, it could enhance the overall user experi-
ence. Additionally, we aim to investigate whether the increased physical exhaustion reported
with IMMERTWIN compared to TELESIM is attributable to the vertical height of the virtual
environment, as taller users needed to bend in order to see the environment, as the virtual height
of the workplace matched that of the real world. To address this, we will provide users with the
ability to adjust the environment’s height to their preference, potentially reducing physical strain.
Finally, we plan to replace the cube stacking task used as a benchmark for a peg-in-the-hole task

which is a current manufacturing task, requiring high level of details and precision.



Chapter 6

Conclusion

6.1 Contributions

This thesis advances current literature in terms of the following key major contributions as men-
tioned in Section [L.6

* Development of a framework for systematic evaluation and comparative analysis of robotic

simulation platforms, with specific implementation in ROS2-based environments (Chapter

D).

* Development of baseline performance metrics for direct teleoperation through system-
atic analysis of user interaction across multiple robotic platforms and control interfaces
(Chapter [3)).

* Quantitative investigation of teleoperation performance factors through a large-scale in-
ternational study (n = 73), examining the influence of robot types, end-effector design,

and control methodologies on operator performance (Chapter {4)).

* Analysis of correlations between operator experience, robot trust metrics, and teleopera-

tion performance outcomes (Chapter [)).

* Integration of immersive control capabilities within the modular framework, enabling en-

hanced operator interaction within the digital twin environment (Chapter [3).

» Experimental evaluation of immersion levels and their impact on teleoperation perfor-

mance metrics and operator’s workload (Chapter [3)).

And the following minor contributions:

* Development of a modular, plug-and-play teleoperation framework using digital twin

technology for robotic manipulator control, emphasizing system adaptability (Chapter [3)).

80
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The research objectives outlined in Section[I.4/have been thoroughly investigated and validated
through our experimental work. The subsequent sections provide a detailed exposition of our
key findings.

6.1.1 Benchmarking Simulation Software

In Chapter 2] we investigated the following question:

RQ; Are current simulation software for robotics suitable for acting as a digital twin or

digital clone?

For this, we developed a rigorous methodology to systematically benchmark robot simu-
lations under consistent parameters, tasks, and scenarios. Our approach involved replicating
identical environments across different simulation platforms.

The first task employed a complex manipulation scenario with 35 cubes, where the robot ran-
domly constructed three towers of five cubes each. We selected this task because robotic manip-
ulation fundamentally involves object pick-and-place operations, and it effectively evaluates the
simulation’s capability to execute prolonged tasks while assessing the physics engine’s stability.
The second task featured a six-cube pyramid, with the robot strategically throwing a cube to
collapse the structure. This scenario was designed to demonstrate the physics engine’s accuracy
and repeatability. For both tasks, we meticulously recorded task success metrics—specifically,
the number of cubes remaining in towers one minute post-simulation and cubes displaced from
the pyramid—alongside comprehensive CPU and memory usage data.

Initially, we examined eight robotics-compatible simulation platforms. However, we elimi-
nated Unreal Engine and Unity due to incomplete ROS2 plugin support and Mujoco because its
non-modifiable environment contradicted digital twin requirements. Our investigation focused
on five simulation software packages: Ignition, Webots, Isaac Sim, PyBullet, and CoppeliaSim.
We discovered that using default parameters, at least three simulations, Ignition, Isaac Sim,
and Webots, could complete robotic manipulation tasks reliably. These platforms demonstrated
digital twin capabilities by rendering real-world data and controlling robots in near-real-time,
aligning with the the AMRC (Advanced Manufacturing Research Centre) definition of digital
twin as a live digital coupling of the state of a physical asset or process to a virtual represen-
tation with a functional output. [[127] Isaac Sim particularly stood out, with practical validation
from its implementation by Amazon Robotics [128]. Considering its photorealistic rendering
and integrated real-time path-planning capabilities, we selected this platform for our subsequent
research. CoppeliaSim and PyBullet, while resource-efficient, did not meet our specific research
requirements without significant parameter optimization.

Our research addressed a significant literature gap by providing the first comprehensive eval-

uation of simulation software compatibility with ROS2. However, we acknowledge the rapidly
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evolving nature of simulation technologies. The landscape has changed since our initial in-
vestigation, with platforms like Isaac Sim reducing resource consumption and Unreal Engine

expanding ROS2 support as demonstrated in Chapter [5]

6.1.2 Performance of Teleoperation

Drawing from our findings in Chapter [2] we used Isaac Sim as a foundational platform to de-
velop a modular framework for robotic direct teleoperation. This framework was subsequently

employed in Chapters [3|and 4| to investigate the following research question:

RQ; How do variations in User Interface Device (UID), robotic arm configurations, and
gripper designs influence user performance and cognitive workload during teleoperation
tasks?

Our research encompassed comprehensive user surveys across multiple countries, recruiting
73 participants. We systematically evaluated three distinct robots, each equipped with three
different gripper types, controlled through two separate methods utilizing direct visual feedback.

Each participant was placed beside the robot at a safe distance to prevent injuries. Users
were first given 5 minutes of practice time to learn how to teleoperate the robot, then 10 minutes
where they were asked to move 3 cubes from their position setup in an isosceles triangle to a
stacked tower in the centre of the tower as many times as they could. They could manipulate the
robot using a VR controller or a VR-tracked glove. Whenever the user moved their hand, the
target object’s position was updated inside of Isaac Sim. This caused the simulation software to
start planning a path to the target object while performing collision avoidance. Finally, the state
of the virtual robot is transmitted to the real robot, creating a digital clone.

Our user surveys revealed significant insights into teleoperation performance. The Yellow
Design (URS5Se, VR controller and Robotiq Gripper) robot demonstrated superior task comple-
tion rates compared to other platforms. Specifically, the hardware plays an important role in
teleoperation performance, with the Yellow Design achieving a higher average number of tow-
ers completed. Interestingly, the statistics, such as placing and collapse rates between the Yellow
and Red Design (Baxter, VR controller) shown in Figure 4.§] indicate that user abilities are sim-
ilar, but the hardware allows for more towers to be built. This result is corroborated by the
Single Ease Question (SEQ), which measures the user’s perceived task difficulty. Despite the
difference in the number of towers built, the Red and Yellow Design have statistically similar
results. It appears that users estimated the theoretical maximum based on their experience, re-
sulting in comparable SEQ scores for both robots despite performance differences. The Blue
Design (UR3, Senseglove and T42 gripper) performed worse than the Yellow Design and Red
due to a combination of a different controller type, a custom-built gripper, and a short range
of motion. The controller type was a Senseglove, which allows for mapping the user’s finger

directly to the individual fingers of a custom T42 gripper with a weak grip. These differences
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made it harder for all users to control the Blue Design while increasing the mental and physical
exhaustion of the users. We suppose the additional range of motion of the URS, will help reduce
the mental and physical exhaustion but that it will still be higher than the Yellow Design due to
the controller and design of the gripper.

To comprehensively explore the relationship between hardware and user workload, we em-
ployed the NASA TLX questionnaire. Our results confirm that teleoperation is challenging for
users, as they have to spend a higher-than-average amount of effort to perform the task. How-
ever, the Yellow Design allowed participants to experience less mental workload than other
robots. Additionally, the Blue Design forced users to experience a higher physical workload
than other robots. These results answer RQ,, showing that a combination of robot stability,
operating range, gripper design, and controller type enhances teleoperation performance. We
can confirm that a setup similar to the Yellow Design configuration, a precise robot with a range
similar to a human arm and a VR controller such as the Vive Index, is optimal, as we suppose
the additional degrees of freedom for the controller, such as individual finger control do not
bring any performance improvement.

To answer the following question:

RQg Does Virtual Reality Immersion help reduce the mental and cognitive load of the

user during teleoperation ?

We enhanced our teleoperation framework by introducing an additional control loop step.
Instead of directly observing the real robot, users interacted with a digital twin representation,
featuring a near real-time world view generated through merged point cloud rendering from
two depth cameras, as detailed in Chapter [5 This modification transformed our system from
a digital clone to a closed-loop digital twin. We utilized Unreal Engine as the digital twin, as
it was the sole software compatible with Virtual Reality on Linux working with ROS2. Users
could teleoperate the robot by manipulating a virtual gripper within the digital twin using a VR
controller. The virtual gripper’s position was transmitted to our framework, which executed
motion planning and collision avoidance. The real robot’s state was subsequently updated based
on the motion planner’s results, updating the digital robot’s state within our Digital Twin.

Using our established methodology, we evaluated the framework by conducting a user sur-
vey with 26 participants as described in Chapter [5] Unlike previous experiments, users were
positioned far from the robot, with tape demarcating their operational area as the virtual envi-
ronment eliminated the need for physical proximity. Our findings revealed nuanced insights.
Participants did not demonstrate statistically significant performance improvements in the im-
mersive environment. However, users reported significantly lower mental workloads compared
to the direct visual teleoperation system. Notably, participants who experienced both methods
expressed a clear preference for the immersive version. This preference highlights the potential

of immersive VR environments to enhance user experience, even when quantifiable performance
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gains are not immediately evident. Our research also uncovered intriguing observations regard-
ing time perception. Participants using the immersive framework perceived time as progressing
more slowly, corroborating existing research findings [126].

Our results underscored the need for comprehensive long-term evaluation. While users re-
ported minimal simulator sickness, extended operating sessions may yield different physiolog-
ical and psychological responses. Future research should investigate the prolonged effects of
immersive teleoperation on user workload, time perception, and overall health.

This thesis contributes a versatile direct teleoperation framework. It establishes a compre-
hensive baseline for understanding how hardware configurations and immersion levels influence
user physical and mental workload and task performance in robotic teleoperation scenarios. Our
approach provides valuable insights into the complex interactions between human operators and

robotic systems, opening new avenues for research in immersive teleoperation technologies.

6.1.3 Importance of External Factors

To establish an accurate baseline for direct teleoperation, we needed to examine the human
factors influencing performance and workload, focusing on previous experience in related fields.

We investigated the following research questions:

RQ3 To what extent does prior user experience with robotics and virtual reality affect task

performance and adaptability in teleoperation scenarios?

RQ4 How do cultural differences between operators from different regions (e.g., UK and

Japan) impacts workload and performance in robotic teleoperation?

Our investigation was conducted alongside user surveys described in Chapters [3] @] and 3]
We examined previous experience with Virtual Reality, robots, and wearables using a 5-point
Likert scale, asking users to self-report their experience in specific fields.

While self-reporting introduces limitations in consistency and objectivity, our results pro-
vided valuable insights. We found that prior Virtual Reality experience did not significantly
impact teleoperation performance, regardless of the user’s cultural background. However, expe-
rience with robots and wearables demonstrated cultural variations. Japanese users reported, on
average, more experience with robots and less with wearables than British users. These findings
did not establish a definitive relationship between previous robotic or wearable experience and
teleoperation performance. We acknowledge that the broad question about robot experience may
be problematic, as the Japanese population is more frequently exposed to robots, particularly in
service contexts such as food delivery [129]. Further research is needed to determine whether
such exposure translates to teleoperation capabilities.

We observed that spatial skills potentially play a crucial role in teleoperation performance.
This hypothesis emerged from the notably higher performance of two Japanese users with expe-

rience in motion retargeting systems. However, comprehensive spatial skill assessments would
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have excessively prolonged our user surveys. While this thesis initiates research on the impact
of previous experience in robotic teleoperation, more extensive investigation is required to draw
definitive conclusions about the necessary skills.

While our investigation towards RQq led to the discovery of the difference in experience with
robots and wearables between British users and Japanese users, we were also able to investigate

the following question and the difference in trust between both cultural backgrounds:

RQs5 What is the relationship between operator trust in robots and their performance dur-

ing teleoperation tasks, particularly across different cultural contexts?

Our results did not conclusively demonstrate a correlation between robot trust levels and
teleoperation performance. However, we discovered a significant cultural difference: Japanese
users exhibited higher trust in robots, particularly concerning robotic decision-making, com-
pared to British participants. This finding contradicts previous research [47], underscoring the
need for further investigation in this domain.

Our research provides a foundational understanding of the complex interactions between
cultural background, technological experience, and robotic teleoperation performance. It si-
multaneously highlights the complexity of these relationships and the necessity for continued

scholarly exploration.

6.2 Future Work

This section provides possible research directions and future extensions of the research presented

in this thesis.

6.2.1 Validation of Experimental Findings

The experiments conducted in the UK and Japan provided valuable insights into the impact
of controller types, gripper designs, and robot stability on teleoperation performance. However,
to conclusively validate these findings, future work should focus on repeating these experiments
under more controlled and standardized conditions. This would involve ensuring consistency in
hardware configurations, task setups, and participant demographics across both countries.

Firstly, the experiments should be conducted with identical robotic systems and grippers in
both locations to isolate the effects of hardware variations. For example, using the same robot
models (e.g., UR3, URSe) and gripper types (e.g., linear, fingered) would eliminate potential
biases introduced by differences in hardware capabilities. Additionally, randomizing task orders
and control methods for participants can help mitigate learning effects observed during sequen-

tial trials. Secondly, the sample size should be expanded to include a more diverse range of
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participants from more countries. This would allow for a more comprehensive analysis of cul-
tural differences in teleoperation performance and trust toward robots. Finally, expanding upon
the methods of analysis to use more complex statistical approaches such as Bayesian methods
could improve insight generation.

By addressing these areas in future research, it will be possible to draw more definitive
conclusions about the interplay between hardware configurations and user performance in tele-

operation systems across diverse cultural contexts.

6.2.2 Influence of Previous Expertise

As discussed in Section our investigation into the relationship between prior expertise
and its effects on teleoperation performance and operator workload remains preliminary. Future
research necessitates a more comprehensive experimental framework evaluating fundamental
skills: enhanced motor capabilities, spatial reasoning abilities, and domain-specific expertise.
While additional skills might influence teleoperation performance, these capabilities likely exert
the most significant impact.

Such investigations would employ a methodology similar to our current user surveys, with
specific refinements. The experimental protocol would utilize a single robot type with consistent
control methods, as investigating multiple hardware configurations would render the research
impractical due to the extensive time requirements for skill evaluation. This focused approach
could validate our initial findings confirming that cultural influence does not have an influence
on teleoperation performance.

Furthermore, systematically analysing required skills would reveal essential operator exper-
tise characteristics. We could develop a standardized operator assessment framework by sys-
tematically identifying and quantifying critical skills. This approach aligns with Industry 5.0
standards outlined in Section [I.3] potentially establishing operator certification criteria. Such
certification would confirm the operator’s possession of fundamental and advanced skills nec-
essary for complex modern industrial tasks. Identifying specific skills would facilitate targeted

training programs, establishing efficient operator development pathways.

6.2.3 Virtual Reality Applications and Limitations

Our research in Chapter [5| implemented a digital environment utilizing 3D point cloud visual-
ization for world state representation. As discussed in Section alternative methods exist for
virtual environment rendering. The ANA Avatar Challenge employed stereoscopic cameras [11]],
while Su et al. [46] explored multiple 2D screen embeddings within digital environments, rep-
resenting various camera perspectives. Their findings suggested point cloud rendering yielded
superior performance, though additional research is required to provide further evidence of these
results across different operational contexts and user populations.

Our current implementation presents users with a minimalist white environment containing
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only the robot and workspace elements. We hypothesize that implementing fully reconstructed
3D environments through Neural Radiance Fields (NERF) [130] or Gaussian Splatting [[131]
techniques could enhance user immersion. These advanced rendering technologies could create
photorealistic representations of the operational environment, potentially offering a more natural
and intuitive interaction space. While such enhancements might not directly impact teleopera-
tion performance metrics, they could significantly affect cognitive load and temporal perception
during extended operational sessions.

Users already report temporal distortion within virtual environments. Enhanced environ-
mental realism could produce two contrasting effects: either anchoring users more firmly in
reality by providing familiar visual cues, potentially normalizing temporal perception and chal-
lenging existing research linking VR to time distortion [126], or intensifying immersion through
increased environmental fidelity, further altering temporal perception. This investigation would
contribute valuable insights into VR’s influence on human temporal cognition and provide prac-
tical guidance for future teleoperation interface design. The results could significantly impact
the development of more effective and user-friendly teleoperation systems while advancing our
understanding of human perception in virtual environments.

Furthermore, participants reported minimal VR sickness symptoms during our experiments.
However, exposure remained limited to 10-minute sessions without breaks. We identified the
need to increase the Frames Per Second (FPS) in simulated environments, as frame rate sig-
nificantly influences VR sickness occurrence [132]. Research indicates that frame rates be-
low 120 FPS can induce VR sickness symptoms [132]. Our simulation operated at 40 FPS,
primarily constrained by computational demands of near real-time point cloud updates. Ad-
ditional performance limitations stemmed from Linux-specific Unreal Engine constraints, re-
quiring resource-intensive real-time lighting implementations. Future research addressing these
technical challenges could substantially reduce VR sickness, particularly during extended op-
erational sessions. Performance optimization could potentially decrease user cognitive load by
eliminating the need for neural interpolation between frames in the simulated environment.

Moreover, investigating methods to optimize rendering pipelines and implement efficient
point cloud processing algorithms could significantly enhance the user experience. These im-
provements would enable longer operational sessions while maintaining user comfort and per-
formance levels. Such advancements would prove particularly valuable for industrial applica-
tions requiring sustained teleoperation periods, aligning with the broader goals of establishing a

framework that could be used for Industry 5.0.

6.2.4 Impact of Trust in Human-Robot Interactions

In our experimental design, trust assessment was limited to post-experiment questionnaires. We
subsequently recognized the value of implementing pre and post-experiment trust evaluations to

measure teleoperation’s impact on user trust dynamics. While this thesis established a baseline
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comparing robot trust levels between British and Japanese populations, it did not capture poten-
tial trust evolution through teleoperation exposure. Dual questionnaire implementation would
have enabled analysis of these temporal changes. We hypothesize that higher system trust lev-
els correlate with improved performance, as users confident in the system’s precise movement
replication may operate more efficiently. This aligns with Dhuliawala et al. [133]]’s findings re-
garding human-Al interaction, where system errors progressively erode user trust and diminish
performance. Additional research specifically focusing on robotic teleoperation could validate
these trust-performance relationships.

Further investigation could identify specific actions or interface elements that enhance robot
trust and improve performance. One innovative approach might involve replacing virtual robot
representations with human avatars, creating an abstraction layer that frames the interaction in
more familiar human terms. The potential impacts of such anthropomorphic representations
on trust development and operational performance remain unexplored. Moreover, this research
could investigate how different avatar designs, interaction modalities, and feedback mechanisms
influence trust formation and maintenance. Understanding these dynamics could inform the
development of more effective teleoperation interfaces that naturally build and sustain user trust
while maintaining operational efficiency. Such findings would contribute valuable insights into

human-robot interaction theory and practical interface design.

6.2.5 Shared Autonomy Frameworks

Our research has established a robust foundation for direct teleoperation, addressing a critical
gap in the existing literature, which predominantly focused on shared autonomy systems. The
development of this baseline opens up new avenues for empirical investigation. Specifically, it
enables the reevaluation of shared autonomy systems within the context of the cube-stacking task
presented in this thesis. Such an approach would allow for a quantitative assessment of the au-
tonomous components’ contributions to teleoperation performance. Based on current literature,
we hypothesize that shared autonomy systems will reduce cognitive load and enhance overall
task performance depending on the specific task[114) 30]. However, more research would be
needed to explore the impact of the robotic task on the user mental and physical workload.
Furthermore, this experimental framework facilitates a comparative analysis of diverse shared
autonomy techniques. This could potentially elucidate which specific methods have the most
significant impact on mitigating cognitive burden during teleoperation tasks. Currently, insuffi-
cient empirical evidence exists to determine the relative efficacy of various shared autonomy
approaches. For instance, it remains unclear whether the integration of automatic grasping
mechanisms [[72]] offers superior benefits compared to strategies that align the robot with surface
normals [44] or any other shared autonomy methodologies that have been developed. This re-
search trajectory promises to yield valuable insights into optimizing human-robot collaboration

in teleoperation scenarios, potentially informing the design of more efficient and user-friendly
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robotic systems.
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