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Abstract

Many industries employ human workers to perform hazardous and unsafe tasks that
result in injuries and fatalities. Some of these tasks include on-site monitoring of
radioactive environments, collisions with heavy machinery on construction sites, or
performing repetitive and arduous tasks for long durations. Some industries have
integrated robotic systems, by means of automation and teleoperation, to mitigate
these health and safety risks. The main challenges faced in remote robotic teleopera-
tion systems are a lack of depth perception, immersion of the robot’s workspace, and
unintuitive control input interfaces. Robotics have been proven to improve task effi-
ciency, product quality, and workplace safety in many industries, though it has posed
a challenge to be integrated into unstructured and dynamic environments. Our re-
search aims to develop a generalized immersive robot arm teleoperation interface to
enable the deployment of robotics quicker into real-world applications. The main
objective is the development of an intuitive Human-Robot Interaction (HRI) system
that integrates the precision, strength, and deployability of robots while leveraging
the decision-making, experience, and creativity of human operators. The methodol-
ogy consists of mounting the ZEDM stereo camera to the end effector of a 6-axis robot
arm. The stereo images are streamed to the Meta Quest 2 virtual reality (VR) head-
mounted display (HMD), providing a First-Person Video (FPV), with human-like
vision, of the robot’s workspace. Hand tracking libraries are used to track and map
the operator’s hands into the FPV view. Localizing the tracked hand models with the
end effector enables omnidirectional motion control and gripper controls, via gesture

recognition, of the manipulator. In-situ data are spatially mapped to the stereoscopic
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view, constructing a mixed-reality (MR) HRI interface. The results demonstrate a
higher depth awareness of the robot’s workspace and high control stability compared
to conventional monocular video feedback systems that are coupled with keyboard
input controls. Specifically, the mixed reality interface shows a 39% time reduction
in target tracking experiments and has over 5x more stability in trajectory control
experiments relative to conventional teleoperation methods. The developed MR HRI
interface facilitates the use of robotics in unknown and hazardous applications, en-
abling workers to safely complete high-risk tasks remotely using HMDs and hand

gestures.
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Chapter 1

Introduction

1.1 Motivation of Research

Today, many industries employ human workers to perform hazardous and unsafe
tasks, resulting in injuries and fatalities. For instance, the Architecture, Engineering,
and Construction (AEC) sector, specifically the construction industry, exposes on-site
workers to high concentrations of particulate matter, collisions with heavy machinery,
and falls-off high altitude sites. Other industries such as the nuclear sector require
workers to survey and monitor radioactive environments, where high exposure times
have led to serious health consequences. However, in some industries such as the
Automotive sector, the integration of automation and robotics has been a proven
solution in reducing health and safety risks.

A wide range of industries continue to adopt robotic solutions to improve task effi-
ciency, productivity, product quality, and worker safety. The manufacturing industry
uses robotic manipulators to automate assembly lines. These robotic applications
highlight the benefit of performing repetitive, hazardous, and time-constrained tasks
that would otherwise be difficult and prone to error by human workers. Not only are
robotic systems very efficient, but they are also highly competent in precision-seeking
tasks, as made evident by their applications in the medical sector. Specifically, the de-
ployment of robots in the performing of surgical procedures has resulted in minimally

invasive procedures, as well as higher precision than its human surgeon counterpart.



Robotic systems also excel at running uninterrupted work, which is evident in ap-
plications in the agricultural field. Autonomous robotic swarms perform tasks such
as planting, harvesting, and monitoring the health of crops with minimal human
supervision [1].

Modern day robotics has enabled humans to explore and operate in unknown and
inhospitable environments that would otherwise be inaccessible. Robotic exploration
is conventionally achieved with real-time remote telepresence, through automated or
teleoperated robotic manipulators. In situations that pose a risk to human operators,
such as underwater construction, maintenance of nuclear power plants, and repairs to
orbital spacecraft, robotic systems that can be intuitively controlled from a distance
have ensured operator safety and precision [2]. Despite advances in robotics, existing
teleoperation methods lack operator situational awareness, intuitive control, and a
generalized control system necessary for a wide variety of challenging applications.

Automation and robotics are clear to provide many benefits; however, one of the
main challenges that arises is the ability to rapidly deploy these solutions into un-
known and hazardous environments. The mentioned benefits of robotic technologies
are demonstrated effectively in structured environments; however, the advantages
slowly reduce when applied to complex and unstructured environments that expect
high dexterity non-repetitive task executions. The issues of deployability is specif-
ically highlighted in the field of nuclear disaster robotics, with teleoperated robots
that are capable of handling radiation environments, restricted access, and precise
control in hazardous environments. To deploy robots in these types of environments,
existing robotic systems must be heavily modified to effectively perform meaningful
tasks [3]. Such setbacks are the main reason for the lack of implemented robotic
solutions in the AEC sector. A study demonstrated that the successful implemen-
tation of robotics in performing construction tasks requires the adaptation of robots
to the unpredictable and dynamic nature of construction sites. Existing applications

of construction robotics consist of robot arms fixed-mounted onto mobile manipula-



tors that perform a single task, within a controlled setting. These types of robots
pose a significant risk to on-site workers as the robot performs pre-programmed tasks
without human-robot collaboration (HRC) [4]. To solve this problem, attempts have
been made to train robots, using machine learning techniques and real-world datasets.
One of the limiting factors for this approach is the lack of available quality training
data for construction applications [5]. The combination of current robotics deploy-
ment methods further shows the need for a generalized multipurpose robotic system
that would allow rapid integration into various applications. An intuitive interface
enabling robotic manipulation, with telepresence, can allow operators to utilize their
decision-making, experience, and problem solving skills, while taking advantage of

the precision, strength, dexterity, and safety offered by robotics [6].

1.2 Problem Statement

Teleoperated robot arms excel in environments that pose a risk to human access,
either a health and safety risk or a physical impracticality. As discussed in the pre-
vious section, teleoperated robot arms enable manipulation and inspection of objects
in the field. However, the effectiveness of teleoperation is highly dependent on the
ability to accurately and intuitively control the manipulator. Conventional robotic
teleoperation interfaces struggle at this point, primarily due to their reliance on tra-
ditional visual and control input systems. Typically, these control input systems are
keyboards, joysticks, and touchscreen devices. They operate by mapping the input,
which is usually binary or planar, to position and orientation movements of the robot’s
end effector. These types of control systems require a lot of training for the operator
to learn and are also slow, providing unsteady trajectories to the target pose. The
visual feedback component system of common robotics interfaces consists of a fixed-
mounted monocular (single-lens) camera mounted near the robot’s workspace, which
is steamed in real-time to a conventional computer display. One of the main issues

with this type of visual feedback is that it suffers from the absence of depth perception.



Without true 3D visualization or an immersive feedback system, operators have a dif-
ficult time estimating distances, defining spatial relationships, or measuring relative
orientation of target objects [7]. As a result, the operator’s cognitive load increases as
they must mentally reconstruct a 3D understanding of the robot’s workspace using
2D images. The high cognition load, coupled with the rudimentary control input
system, may lead to inefficient and error-prone operation, especially in the context of
high dexterous task manipulation [8]. One of the emerging solutions to this challenge
in robotics is the integration of mixed reality (MR) technologies, coupled with stereo
vision systems, using head-mounted displays (HMDs) to provide full immersion and
intuitive control of robotic systems. MR systems enable for true 3D visual feedback,
first-person immersion, and novel interaction systems such as gesture-based control.
The immersion is often achieved through projecting stereo images, taken from a stereo
camera onboard the robotic manipulator, onto the HMD. These systems provide the
operator with an increased sense of spatial awareness and depth perception [9, 10].
However, even with the advent of MR technology in robotic systems, several research
gaps remain. The combination of stereo vision, MR interfaces, and gesture-based
control has not been thoroughly explored in the context of robotic arm teleoperation,
specifically as a means of a generalized system in the context of hazardous and un-
structured environments. There is also a need to quantitatively evaluate and compare
these types of control systems to conventional control setups to assess their usability,
performances, and efficiency. In the case there is a significant measurable efficiency
gain, it will dictate whether such control methods are worth implementing in real-
world scenarios. The following points summarize the core limitations and challenges

associated with existing robotic teleoperation systems:

1. Monocular video feedback systems prevent user immersion into the robot’s
workspace, causing misjudgment of the spatial relationships, resulting in in-

efficient task execution.



2. Conventional control input systems, such as keyboards, joysticks, or touch-
screens, prevent intuitive and direct 3D end effector control, making complex

movements cognitively demanding.

3. The need for quantitative comparison of the effects of MR technologies in
robotics with conventional teleoperation interfaces to determine their feasibility

in real-world applications.

The limitations defined above motivate the need for an immersive, intuitive, and
efficient robotic teleoperation interface that increases user performance and is a gen-
eralized system that is applicable for various applications. The following section
outlines the research objectives, which address the issues defined here, through the

use of MR, stereo vision, and hand tracking technologies.

1.3 Research Objectives

To understand how MR technologies are impacting robotic teleoperation systems, it
is important to first introduce the concepts of augmented reality (AR) and virtual
reality (VR). AR is the process in which information, in the form of 3D graphics, is
overlayed onto the physical world. AR systems often contain a user input system to
interact and manipulate 3D models within the hybrid environment [11]. VR takes this
concept a step further by completely immersing the user into a virtual environment,
where haptic feedback controllers are used to navigate and interact with the 3D space
[12]. Head-mounted displays (HMD) are used to achieve this type of immersion.
HMDs consist of a left and right display for each eye, each with adaptable lenses,
enabling the brain to reconstruct 3D perception, through the combination of the two
images, mimicking human depth perception [13]. Mixed reality fuses the concepts
of AR and VR, enabling the user to view the physical world and the virtual world
depending on the user’s preference [14]. The MR environment is achieved using stereo

camera systems, that generate high fidelity stereo images, localized with the user’s



environment. The images are processed and re-projected onto the Liquid Crystal
Displays (LCD) of the HMD [15]. Specifically, stereo cameras consist of two identical
monocular cameras, separated by a fixed distance known as the baseline, that render
two slightly different perspectives of the target scene. The disparity between the
images then allows the extraction of depth information using triangulation techniques
[16]. The combination of stereo camera systems with MR hardware enables full
immersion into various workspaces, especially advantageous in robotic applications. A
study conducted in [7] that compared conventional monocular camera video feedback
teleoperation with stereoscopic VR teleoperation showed the stereoscopic systems
yielded significantly faster task completion times for maneuvering applications, in
the context of unmanned ground vehicles (UGV). Further experiments conducted
using the coupled technologies has shown to increase depth cues, user performance,
and usability, compared to conventional teleoperation methods, in the field of mobile
robotics [9)].

This research aims to utilize the advantages of stereo vision cameras and MR
systems, coupled with hand tracking technologies, to develop an intuitive hands-free
teleoperation interface for a 6-axis robot arm, in the context of hazardous off-site

applications. Listed below are the specific research objectives:

1. Develop a novel mixed reality application which provides the operator with a

first-person view, with true depth awareness, of the robot’s workspace.

2. Implement hand tracking and gesture detection algorithms to guide the end

effector of a robot arm using intuitive hand gestures.

3. Devise experiments that measure the efficiency gain of completing target-tracking

tasks for the proposed interface against conventional control interfaces.



1.4

Research Contributions

The results showcased a significant increase in depth perception, situational aware-

ness, and control stability using the proposed MR interface, compared to conventional

teleoperation systems. Specifically:

In

. Demonstrated a 39% decrease in time reduction for target tracking tasks, com-

pared against conventional methods.

5x increase in control stability of the end effector, relative to conventional

teleoperation methods.

Instantaneous depth perception via mixed reality and stereo vision.

Ease of control of the end effector, in 3D space, from hand tracking and gesture

recognition.

addition, multiple papers have been written on this research and presented in

notable academic conferences:

1.

Tennakoon, D., Jadidi, M., and RazaviAlavi, S., “A Mixed Reality Human
Robot Interaction Interface Using Hand Tracking and Stereo Vision for Con-
struction Applications,” in Proceedings of the European Conference on Com-
puting in Construction (EC3 2024), vol. 5, Chania, Greece: European Council
on Computing in Construction, July 2024. doi: 10.35490/EC3.2024.275

Recognition: Runner-Up Best Paper Award; Keynote Speaker at EC3 2024.

Tennakoon, D., Jadidi, M., and RazaviAlavi, S., “Development of an Intu-
itive Mized Reality Human Robot Interaction Interface for Construction Appli-
cations,” in Proceedings of the Transforming Construction with Off-site Meth-
ods and Technologies (TCOT 2024) Conference, University of New Brunswick,
Fredericton, Canada, June 2024. https://shorturl.at/rpV2T
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https://doi.org/10.35490/EC3.2024.275
https://conferences.lib.unb.ca/index.php/tcrc/article/view/2029

Recognition: Best Paper Award at TCOT 2024.

3. Automation in Construction Journal: Invited by the journal to extend
both conference papers into a full journal paper, currently in the process of

being published.

1.5 Structure of Thesis
The structure of the remainder of the thesis is outlined as follows:

e Chapter 2 - Related Works: Presents a literature review of robotics in
hazardous or unknown environments. It also introduces the underlying issues

of depth perception found in robotics as well as existing teleoperation interfaces.

e Chapter 3 - Methodology: Introduces the technical concepts behind stereo
vision, mixed reality hardware, and robot kinematics. The chapter also doc-
uments the development of the simulation environment, hardware integration,

and the overall system development process.

e Chapter 4 - Experiment Setup: Details the experiment design, data collec-

tion process, and planned methods for data analysis.

e Chapter 5 - Results and Discussion: Presents the collected data in the
form of plots and tables, with detailed analysis and metrics. It also discusses

the impact of the findings to real-world applications.

e Chapter 6 - Conclusion: Summarizes the key outcomes of the research,

reflects on the impact, and highlights potential directions for future work.



Chapter 2
Related Works

2.1 Robotics in Hazardous Environments

Robotics have been, and continue to be applied in many fields and applications.
Robotics can refer to various types of mechanisms; they are found in space applica-
tions, construction scenes, nuclear operations, and search and rescue operations, to
name a few. The robots applied in these domains may vary from specialized robots
designed to complete a very specific task, such as the Canadarm2 on the International
Space Station (ISS), or more off-the shelf (OTF) robots such as 4-wheeled differen-
tial drive rovers adapted for vacuuming everyday households. The advantage that
robotic systems provide is they enable high-risk tasks to be completed without the
need for human operations. Depending on the mechanisms of the robot, they are able
to traverse inhospitable terrains and environments, perform actions that are tasked
for humans, and have high strength, dexterity, and accuracy.

For instance, decommissioning of nuclear facilities requires the handling of radioac-
tive material. Conventionally, human operators would be required to go in the field,
wearing protective clothing, with the risk of exposure to locate, handle, and transport
these hazardous materials in unknown, unstructured, and unsafe environments. In
the 2011 Fukashima disaster, it was determined that the risk to human operators was
too high, thus, robots were rapidly developed to replace their human counter-part.

Specifically, the Nuclear Safety Technology Centre (NUSTEC) developed robots that



could monitor the environment of the structure in which the accident had occurred.
Further, the Japan Atomic Research Institute (JAERI) developed a swarm of surveil-
lance robots that could monitor dose levels caused by beta and gamma radiation [17].
These types of robot drastically reduced the need for humans to physically enter and
monitor these hostile environments. To perform tasks such as debris removal, complex
teleoperated manipulators were designed and deployed. Further, [18] have developed
a dual-arm handling robot purposed for nuclear emergency tasks. The high-degree of
freedom (DOF) dual arm system, mounted on a mobile platform, is able to traverse
nuclear sites, remove obstacles, handle waste liquid barrels, carry heavy loads, and
precisely handle long tubes and pipes for repairs. These robotic solutions drastically
reduce the need for human exposure in radiation environments, to perform dangerous
and life threatening tasks.

Another useful application of robotics in hazardous environments is in remote
underwater and deep-sea operations. These applications make use of a specialized
category of robotics known as Remotely Operated Vehicles (ROVs) that are powered
via a physical tether, and are controlled by operators on ships. Many instances of
ROVs have been researched and deployed, one instance being the Cable-controlled
Undersea Recovery Vehicle (CURV), developed by the Royal Navy in 1973, which
performed a groundbreaking deep-sea recovery operation in which it rescued two
trapped sailors in a submersible, at a depth of 470 m below the ocean surface. Today,
underwater robotics has drastically improved the ability for underwater construction,
specifically in the oil and gas sector. ROVs have enabled the construction of sub-sea
oil and gas developments at depths that exceed the reach of human divers. These
robots further reduce the need for constant human operations as they are able perform
routine monitoring, inspections, and repairs in these high pressure environments, with
high precision for long durations. A growing area of research in underwater robotics is
the development of Autonomous Underwater Vehicles (AUVs). AUVs have the ability

to be deployed for long durations, with no input from human-operators. These robots
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are equipped with a multitude of sensors that enable them to be used for various deep-
sea applications, that would otherwise be too costly or unachievable with human
divers. Using high frequency sonar and high resolution camera systems, they can
collect detailed data and create real-time maps of the seabed [19].

One of the areas where the advantage of robotic deployment in inaccessible en-
vironments is highlighted is in the space robotics domain. The space environment,
whether in low-earth orbit or on extraterrestrial planets, is harsh, dangerous, and ex-
tremely costly for human exploration. Therefore, it is one of the most well-researched
areas in robotic applications. Space robotics is grouped into three main classes: (1)
orbital robotics, (2) asteroid robotics, and (3) planetary robotics [20]. A significant
Canadian contribution to the class of orbital robotics, that is currently operational,
is the Canadarm-2, which is a high DOF robotic manipulator that was designed to
construct, repair, and maintain the ISS. The robotic arm has docking capabilities to
attach various space vehicles and move them accurately and safely. With an extremely
dexterous end effector, the arm is able to mount astronauts and transport them to
various external parts of the ISS for performing extravehicular activities (EVAs) [21].
Currently, human planetary exploration is not achievable as it is complex, costly,
and dangerous. However, it has been proven that unmanned robotic missions can
be sent to planets at much lower cost with no danger to human operators. An ideal
example of this is NASA’s Curiosity rover mission, which landed on Mars in 2012.
The rover, equipped with a multitude of science instruments, was dedicated to the
goal of assessing the potential for Mars harbouring life. The instruments included a
spectrometer and an imager attached to a robotic arm, a chemical camera, environ-
ment sensors, and an analytical laboratory instrument, to name a few. The rover,
along with its many instruments, continues to be carefully teleoperated from Earth
to make discoveries about the Martian geology and atmosphere [22]. The advent of
interplanetary robotic missions has enabled the expansion of human knowledge that

would otherwise be unreachable through human exploration. Though the technology
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required to place humans on planetary bodies like Mars is being developed and will be
possible in the very near future, there are some planets that are completely out of hu-
man reach and can only be explored via robotic solutions. One of the long-time goals
for space exploration has been to understand the atmosphere and current conditions
of Venus. With an average temperature of 450 °C and 90 atmospheres of pressure,
comprised primarily of carbon-dioxide, Venus is one of the most inhospitable planets
in the solar system. Past missions have shown that it is possible to send robots to
Venus, as demonstrated by the Russian Venera-7 mission, which landed probes on
the Venusian surface that lasted approximately 2 hours. Currently, robotic missions
are underway that will be capable of traversing the Venusian surface for 50 days,
as well as solar-powered aircraft for surveying the atmosphere. These missions are
of high priority for the US Academies of Sciences, as they will provide insights on
the greenhouse effects that made Venus inhospitable, which would be beneficial to
understanding the climate here on Earth [23].

The aforementioned space robotics applications require a lot of pre-planning prior
to task execution. An area of robotics that demands real-time decision making and
quick task completion is that of search and rescue robotics. There are many categories
of robotics that fall under this field, a significant one being that of quadruped robots.
These types of robots are platforms, actuated via multi-degree freedom legs, for mo-
bility. A state-of-the-art quadruped mobile robot, named Momaro, was developed
for the Defence Advanced Research Projects Agency (DARPA) robotics competition.
The developed robot was equipped with a 4-DOF leg design, each with an actuated
wheel system, and two 7-DOF robotic arms attached to the main platform, allowing
it to perform high dexterous tasks and navigate complex terrain. The teleoperated
quadruped demonstrated it’s ability to open doors, turn valves, and cut holes in
drywall [24]. In many search and rescue scenarios, direct teleoperation may not be
feasible. The NuBot was designed to operate with a semi-autonomous control sys-

tem, enabling for less input from human operators and more in-situ decision-making,
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specifically for urban search and rescue scenarios. The NuBot is a differential drive
mobile robot that was able to successfully demonstrate its capabilities of simulta-
neous localization and mapping (SLAM), victim identification, path planning, and
semi-autonomous mobility [25]. These robotic systems are more effective when the
search workload can be off-loaded to other systems. The rapid growth of Unmanned
Aerial Vehicles (UAV) provides this advantage in the context of search and rescue.
UAVs have the capability to explore vast areas of terrain much easier than ground
robots. Though limited by payload capacity and battery capacity, semi-autonomous
drones have been deployed to search for victims in remote environments. The authors
of [26] present a UAV system that is designed for search and rescue of snow covered
avalanche survivors in mountainous terrains. The system is able to autonomously
fly while the operator can focus on locating victims, using a wide variety of onboard
Sensors.

One of the many benefits of robotic systems is its strength and accuracy, which is
highlighted in the Automation, Engineering, and Construction (AEC) sector where
on-site workers are expected to perform arduous, repetitive, and dangerous tasks. The
integration of robotics into these fields have greatly reduced health and safety risks
associated with modern day construction. One of the ways this is being implemented
is the development of specialized robots for key construction tasks. The authors of
[27] present a 6-DOF robot arm that can be mounted onto scaffolding, enabling the
robot to perform high-precision tasks, with various end effector tools, that would oth-
erwise be a fall risk for on-site workers. Precision is a fundamental requirement in any
construction-related task, specifically noted in welding applications. Welding is not
only physically taxing but also slow due to its hazardous nature. Additionally, weld-
ing is a task that requires extreme precision and long-term experience. Computerized
welding is a new form of technology that takes advantage of machine learning to moni-
tor, track, and control welding parameters. These systems, coupled with robotic arms

equipped with welding tools, are able to minimize workers’ exposure, increase weld
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quality, decrease production times, and lower labour costs [28]. Another challenge
in construction is ensuring that concrete is poured accurately and evenly according
to the design specifications. Varying worker experience often leads to inconsistent
placement which affects the final structure. To tackle this challenge, advanced sensor
for robotic arms have been developed, such as laser scanners and stereo cameras,
which increases accuracy and consistency in concrete extrusion. These technologies
help to minimize material waste, subsequently reducing the overall project costs and
promoting sustainable construction practices [29]. Excavation is a critical component
of any large-scale construction project, which conventionally requires highly trained
operators to dig trenches and lay foundations. Often, these tasks take months to
complete and are highly susceptible to human error, which may compromise the fi-
nal structure. Advancements made in autonomous excavators have enabled machines
to perform the same tasks as their human counterpart with greater speed and pre-
cision, following the design specifications as a blueprint. These systems are able to
accurately understand their working environments through the use of LiDAR sensors,
which can create 3D digital twins of their surroundings. Coupled with machine learn-
ing algorithms, the excavators are able self-drive and excavate with minimal errors.
Real-world deployment of these systems have resulted in significantly shorter project
timelines compared to traditional methods, which has led to more efficient construc-
tion [30]. As structures age, maintenance and repairs become necessary, at a high
cost. These costs increase the longer it takes to address the faults. To mitigate this
problem, robotic systems are being deployed into the field for proactive inspection and
monitoring, enabling for early fault detection. UAVs equipped with high resolution
cameras and advanced object detection software are deployed into tunnels, bridges,
and buildings to identify cracks and structural wear, both internally and externally.
These robotic systems provide data from vantage points that are unreachable through
conventional human inspection methods [31]. These types of applications enable high

risk tasks to be executed by replaceable robotic systems, allowing for a more safe,
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efficient, and sustainable construction environment for on-site workers.

2.2 Depth Perception

One of the challenges in modern day robotic teleoperation is the inherent lack of
depth perception of the robot’s workspace conveyed to the operator. The root cause
of this perception mismatch is the use of monocular cameras to extract depth infor-
mation. The conventional approach for providing vision in robotics is to stream a
monocular camera view to a conventional computer screen, forcing the operator to
infer 3D spatial information from a 2D image [32]. The need to infer depth from
perspective shifts, including lighting and shadow changes or variations in object size,
inherently increases cognitive load and forces continuous camera adjustments, result-
ing in high-risk trial-and-error teleoperation. As a result, depth inference decreases
further in unknown environments and conditions, such as estimating the depth of a
rubble pile, where colours overlap and the scene is disorganized [33]. Further, it is
quite challenging for humans to infer depth in virtual environments (VE), as is the
case when using a computer screen to visualize a robot’s workspace, than it is to infer
depth in the physical world [34]. Another conventional system used for 3D depth
extraction in robotics are sensors, the most common one being the Light Detection
and Ranging (LiDAR) sensor. LiDAR systems are a type of time-of-flight (ToF)
sensor which determines depth by measuring the elapsed time for a transmitted ray
of light to return to the sensor. LiDAR systems are used to create dense real-time
point clouds and are often used in industry for various applications. Although Li-
DAR can be used for depth perception, it has many limitations as the accuracy of
the depth map is highly dictated by environmental factors. In outdoor environments
with non-ideal whether conditions such as clouds, heavy rain, fog, or intense sunlight,
the accuracy of depth estimations can be reduced [35]. Indoor environments bring
their own challenges such as obstacles blocking the transmitted light rays, resulting in

incomplete 3D representations of the environment. These issues are often overcome
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through sensor fusion, where data collected from additional sensors such as radar,
ultrasonic sensors, and cameras provide a more complete and comprehensive digital
map. One of the unavoidable setbacks of LiDAR is that they are designed to func-
tion under the assumption that all objects in their environment are diffuse objects.
Reflective objects such as mirrors and transparent objects such as windows distort
incoming light, resulting in ambiguous depth computations and is dangerous as in-
correct depth estimations or no depth estimations, in the case of windows, result in

unexpected collisions for robotic systems [36].

2.3 Conventional Teleoperation Systems

Another major component that inhibits robotic applications in hazardous environ-
ments is the lack of efficient and intuitive control interfaces. Conventional teleopera-
tion systems often consist of a feedback controller, such as joysticks and keyboards.
Although these systems can be used efficiently with a lot of training, learning them
is extremely unintuitive. These types of control systems require the operators to use
a lot of cognition in mapping 2-dimensional planar inputs into 3D movements. With
the added overhead of iteratively perceiving depth through 2D images, the end ef-
fector cannot be moved in 3-dimensions, rather constraining the movement to first
a planar motion, followed by the vertical displacements [37]. A study conducted by
[38] compared the trajectories of drone flight paths when teleoperating the system
using conventional 2D gamepads against 3D hand tracking using a Leap Motion sen-
sor. The results of the experiment showed that the trajectories were much smoother
and natural when using directional gestures compared to the conventional gamepad
system. It was determined that the more intuitive control method would reduce cog-
nitive loads and operational errors. In robotics, conventional systems like gamepads
and joysticks lead to the end effector trajectories being jagged and slow, which is not
only inefficient, but also increases the risk of collisions with objects in the robot’s

workspace. These control input systems makes teleoperation a hazard as it is not
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easily applicable to generalized applications. The effect of unintuitive control is am-
plified as teleoperation not only requires positional movements but also control of
orientation (roll, pitch, yaw), coupled with the dependency of end effector speed.
Often, the pose of the robotic system, which is the combination of position and ori-
entation, is required to be set together, rather than consecutively, which is quite a
challenge to achieve with conventional forms of teleoperation, such as keyboards and
joysticks, as specific actions are mapped to a single button or an axis. The rudi-
mentary controls fundamentally prevent the pose from being computed in a single
instance, which drastically slows down operations and can be dangerous. Further,
conventional systems cannot easily adapt to the various types of end effectors. For
instance, in the case where the end effector is a prismatic gripper, inputs (buttons on
a joystick or keys on a keyboard) must be predefined to achieve fixed states of the
gripper. For example, a specific key is set to close the gripper, another key set to open
the gripper, and another to variably control the gripper. The binary input system is
challenging and inefficient, as the operator will need to memorize each binding. As
the complexity of the end effector increases, the effectiveness of these conventional

teleoperation systems diminish.

2.4 Mixed Reality in Robotics

During the past few years, much research and development has accumulated specifi-
cally on leveraging Augmented Reality (AR), Virtual Reality (VR), and Mixed Reality
(MR) technologies to effectively improve human-robot interaction and collaboration.
The study by Puljiz et al. [39] proposes and implements an Human Robot Interaction
(HRI) interface to teleoperate an industrial grade robot arm, utilizing the Microsoft
HoloLens AR Head Mounted Display (HMD). The approach presented utilizes the
built-in spatial mapping of the HoloLens to identify the target robot arm, and its end
effector, within the operator’s physical space which is achieved by storing a previously

known model of the robot arm and matching the known model with the detected mesh
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from the spatial mapping output. The known mesh and the HMD are localized with
the detected robot arm in the physical space, and hand detection techniques are used
to translate the end effector. The designed interface enables the teleportation of a
robot arm without the need for physical interaction with the manipulator.

The study by Yim et al. [40] emphasized the importance of complete immersion
into the robot’s workspace through means of stereo vision. They implement a method
to teleoperate a 6-DOF robot arm by fixed-mounting an Intel RealSense stereo camera
to the robot arm’s platform, with a view facing down and towards the end effector.
The stereo images are streamed to a Meta Quest 2 VR HMD to replicate the robot’s
workspace. Hand held controllers are then localized with the robot arm to manipulate
its end effector. The developed HRI interface enables a robot to be controlled from a
safe distance with human-like perception.

The work conducted by Chang et al. [41] tackles on the ongoing challenge of
effective robot workspace visualization and perception by their design of a 2D/3D
multi-view teleoperated robot arm. Specifically, they have devised an approach to
view a robot’s workspace via a First-Person View (FPV) real-time 3D point cloud
(PCD) model, from a stereo vision camera mounted to the end effector of the manip-
ulator, and a 2D view from a global RGB camera. The multi-modal visual feedback
system effectively enabled for the visualization of the direct workspace, via the PCD,
as well as the global workspace, via the RGB camera. The developed MR interface
allowed the user to switch between the two visual systems in their HMD, using a
handheld controller, providing a comfortable teleoperation process.

The study performed by Ulloa et al. [42] highlights the need for more immersive
telepresence systems as the use of conventional interfaces does not provide immer-
sion and creates a degree of mistrust when performing dexterous tasks. The system
proposed by these authors consists of teleoperating a 6-DOF robot arm, mounted
to a quadruped, by constructing a virtual model of the arm using the Unity engine.

Incorporating the Microsoft HoloLens HMD, a 3D sphere is placed at the end effec-
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tor of the robot arm’s digital twin equivalent. As the user interacts and moves the
target object within the virtual workspace, data is transmitted to a set of ROS nodes
that compute inverse kinematics solutions, enabling motion of the end effector. The
HRI system aims to construct a one-to-one digital twin of the robot’s workspace, to
provide the operator with higher depth perception and confidence in control.

Many other similar approaches have been proposed and implemented showcas-
ing positive results towards achieving a natural HRI interface. However, these HRI
systems do not come without their own setbacks. With the implementation of the
HoloLens AR approach by Puljiz et al. [39], though the interface provides robot arm
teleoperation without the need for physical interaction with the manipulator, it is
constrained, as it requires the operator to be in the physical workspace of the robot
arm. The constraint limits the control bandwidth and deployability, as the operator
needs to have a direct line-of-sight (LoS) of the robot arm for teleoperation. In the
case of the immersive stereo vision teleoperated robot arm developed by Yim et al.
[40], many safety issues arise when the user’s view is obstructed by the robot arm itself
or other objects, within the robot’s workspace, due to the vision system being fixed
mounted. The authors Chang et al. [41] are on the right track with their multi-view
MR HRI interface, however, the cognition load required for the operator increases
when frequently needing to switch between a 3D view and a fixed 2D view; the oper-
ator will need significant training to be comfortable localizing their coordinate system
with the robot arm’s coordinate frames, in the two views. Many lessons were taken
away from all the aforementioned approaches and this has aided the development of

the HRI interface developed in this research.

2.5 Summary of Gap Analysis

Modern day teleoperated robotic systems use advanced sensors, visualization sys-
tems, and a wide variety of user interfaces. These systems have been deployed into

real-world hazardous applications and have proven to have many setbacks. One core
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challenge is the ability to provide the operator with accurate depth awareness of the
robot’s workspace. Conventional monocular video-based methods fail to provide true
depth perception, which result in decreased task completion efficiency and contributes
to unstable control behaviour. Further, one of the most common methods in teleoper-
ating robotic systems is through the use of keyboard-based input systems. Although
simple to implement, these systems are unintuitive and poorly suited for dynamic or
high-risk environments where dexterity is a high priority. An emerging solution to this
challenge is the integration of mixed reality, which is designed to provide increased
telepresence into remote workspaces through stereo vision. A key setback of mixed
reality in robotics is that they lack full integration with intuitive gesture-based con-
trol, or comprehensive validation against conventional teleoperation systems. These
gaps highlight the need for a teleoperation interface that combines stereo vision and
natural control inputs, and it benchmarked against conventional control interfaces.
Addressing this research gap will allow robotic systems to be deployed more rapidly

into real-world hazardous and unstructured environments.
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Chapter 3

Methodology

The devised system architecture for this mixed reality robot arm teleoperation inter-
face consists of three main segments: Robotic Manipulator, Mixed Reality Interface,
and Remote Teleoperation. The robotic manipulator segment consists of a high DOF
robotic arm, where the stereo camera system is attached to its end effector. The
left and right images from the camera feed is transmitted to the Mixed Reality In-
terface segment which renders a 3D immersive view of the robot’s workspace. The
VR headset’s onboard sensors are then used to track the operator’s hands in real-
time. Gesture recognition algorithms enable the operator to provide control inputs
to the robot arm, which is transmitted to the Remote Teleoperation segment. The
remote segment converts the high-level control inputs into low-level commands, as
per the robot arm’s control architecture, which moves the end effector iteratively.

The devised architecture is summarized diagrammatically in Figure 3.1.
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Figure 3.1: Flowchart diagram showing the three main segments in the proposed
teleoperation architecture and each of their functions.

The development of the proposed MR interface followed a sequential process that
begins with simulating the system and gradually advancing toward real-world im-
plementation and evaluation. The workflow started with a simulation environment
where inverse kinematics, stereo camera emulation, and hand gesture control were
developed. Once the proposed system was validated to be feasible, the hardware
integration process began using the physical robot arm: (1) implementation of basic
keyboard teleoperation, (2) integration of stereo camera with the VR headset, and (3)
incorporation of hand-tracking to provide direct end effector control in first-person
view. Once this baseline hardware integration was completed, additional features
were added to complete the interface such as gripper controls and a third-person dig-
ital twin viewer. Lastly, data collection experiments were performed to measure the

effectiveness of the developed system relative to conventional methods.
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3.1 Stereo Cameras and Head-Mounted Displays

One of the main components used in this research is a stereo camera, and its purpose
is to provide depth information about the robot’s workspace. Prior to understanding
its integration with head-mounted displays (HMD), it is important to understand
how depth data is extracted using stereo vision. The hardware of a stereo camera
consists of two spatially separated imaging sensors along the horizontal axis. These
two sensors capture synchronized images of the same scene from slightly different
perspectives. Then, utilizing methods of triangulation, the depth is computed using
the disparity between the corresponding pixels in the two images. The geometry of

stereo vision is presented in Figure 3.2.
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Figure 3.2: Diagram depicting the functionality of a stereo camera and how depth is
perceived [43]

The main process for extracting depth is triangulation. Given the disparity between
the corresponding pixels in the left and right images, denoted as §, along with the
baseline, B, the focal length, f, the depth, D, of a point in 3D space, can be computed

using the following formula:
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D=
J

(3.1)

The above equation assumes that the images have been rectified, where the epipolar
lines are aligned on the horizontal axis, which reduces the disparity estimation to
a one-dimensional search problem. The disparity is defined as the horizontal shift

between the corresponding pixels in the stereo image pair:

§ = |zy — 2 (3.2)

One of the core challenges in stereo imaging is stereo matching, or disparity com-
putation. Stereo matching aims at finding the corresponding pixels between two
images. Common algorithms consist of computing a matching cost using methods
such as the sum of absolute differences and normalized cross-correlation, followed by
cost aggregation, disparity optimization, and post-processing [44]. The result is what
is commonly referred to in machine vision as a disparity map. The disparity map
encodes the relative shift for each pixel, which can be converted into a dense depth
map using the above triangulation technique. Modern day techniques utilize deep
learning to improve matching accuracy in challenging conditions such as low texture,
repetitive patterns, or occlusions [45]. These machine learning techniques that learn
end-to-end disparity estimation from data can significantly outperform conventional
stereo matching algorithms.

One of the crucial elements for any form of teleoperation is the ability to provide
the operator with intuitive and immersive visual feedback. To this end, stereo camera
systems are commonly integrated with HMDs to reconstruct the robot’s 3D workspace
in real-time which is achieved by projecting the synchronized image pairs from a stereo
camera onto the left and right eyes of the user, recreating natural 3D perception of
the workspace.

The underlying concept of stereoscopic vision in HMDs is to replicate the binocular
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disparity that humans naturally use to perceive depth. Specifically, humans perceive
in 3D by observing the world through two slightly offset perspectives which is caused
by the separation between their eyes. The separation is commonly refereed to as the
inter-pupillary distance (IPD), and is a key concept in mixed reality. The brain has
been trained to merge these two viewpoints to perceive a single 3D image that con-
tains depth. Stereo cameras mimic this effect by capturing two simultaneous images
from horizontally offset lenses. These images are then streamed to the correspond-
ing displays in the HMD. With correct alignment and synchronization, it creates the
illusion of depth through binocular parallax [46, 47].

The rendering process involves the following procedure:

1. Stereo Imaging: The stereo camera is mounted onto the end effector of a

mobile manipulator which captures the left and right images simultaneously.

2. Viewport Mapping: The left and right captured images are rendered to the
corresponding displays of the VR HMD.

3. Low-Latency Streaming: Images must be rendered with minimal latency
and high fidelity to ensure the user does not experience any discomfort during

operation.

4. Synchronization: Ensure the left and right images are displayed simultane-
ously to prevent stereo mismatch which can lead to user disorientation and

overall discomfort.

Conventional teleoperation systems use monocular video feedback as a means of
depth perception which is intrinsically inefficient as depth is inferred using cues such
as shading, motion parallax, or perspective distortion. The low depth awareness
results in ambiguous perception of 3D environments, due to a high cognitive load
requirement, which reduces task efficiency and increases error. With stereo imag-

ing and HMD integration, operators can perceive depth instantly with little mental
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processing [48].

The stereo camera system used for this research is the ZED Mini (ZEDM) designed
by StereoLabs!. The camera is compact, provides high-resolution stereo images, and
is specifically designed for applications in robotics, AR/VR, and mixed reality. The
camera is capable of dual 2K resolution with a baseline of 63 mm, which mimics
the average human IPD for depth estimation and immersion. The camera is also
adaptable as it provides streaming capabilities of 60 frames per second (FPS) at lower
resolutions (720p), which enables for real-time performance in robotic teleoperation
applications. The ZEDM was chosen over conventional depth sensors such as the
Intel RealSense or Microsoft Azure Kinect due to its robust integration with 3D
engines such as Unity? and Unreal engine®, through well-designed and supported
System Developer Kits (SDK). The SDK provided by Stereo Labs exposes real-time
access to stereo images, depth maps, point clouds, and camera pose tracking. Table
3.1 shows the specifications of the ZEDM stereo camera. Figure 3.3 shows how the
stereo camera functions from capturing images, performing internal depth and pose

estimations, and how the user can interface with this data.
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Figure 3.3: Functional diagram showcasing how the ZED SDK captures images, pro-
cesses the data, and exposes data to the user [49].

Another key aspect of choosing this camera was due to its intended design of

1StereoLabs. About Us. https://www.stereolabs.com/en-ca/about. Accessed June 26, 2025.
2Unity Technologies. https://unity.com. Accessed June 26, 2025.
3Epic Games. Unreal Engine. https://www.unrealengine.com. Accessed June 26, 2025.
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Output Resolution 2x (2208x1242) — 15fps
2x (1920x1080) — 30fps
2x (1280x720) — 60fps
2x (672x376) — 100fps

Field of View Max. 102°(H) x 57°(V) x 118°(D)
RGB Sensor Type 1/3”7 4AMP CMOS

Active Array Size 2688x1520 pixels per sensor (4MP)
Focal Length 3.06mm (0.127) — £/2.0

Shutter Electronic synchronized rolling shutter
Interface USB 3.0 Type-C port

Table 3.1: ZED Mini stereo camera specifications

mixed reality augmentation. The selected camera, unlike conventional stereo cameras,
is intended to be mounted to the front of a virtual reality headset, allowing the
user to visualize the physical world in stereo while superimposing virtual elements
through passthrough AR features. The design concept is aligned with the project’s
goal of an MR-based human-robot interaction system, where the robot’s physical
workspace needs to be visualized in real-time with natural human vision as well
as superimposed digital data. It also includes a host of additional features readily
accessible to developers such as real-time spatial mapping, visual-inertial odometry,

spatial anchoring, and occlusion management within mixed reality.

3.2 Robot Kinematics

One of the core concepts in robotics is kinematics, which describes the study of
motion without considering forces. In robotic manipulation, specifically for serial-

link robot arms, kinematic modelling is a key step in understanding how the joints
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of a robot relates to the position and orientation of its end effector in 3D space.
Robotic manipulators are composed of links and joints, commonly connected in a
serial configuration. Fach joint invokes a degree-of-freedom (DOF) which is commonly
a rotational (revolute) or translational (prismatic) joint. The joints increase the
robots ability to position its end effector in space. A robot arm is typically represented
using a kinematic chain, which reduces the physical setup of the arm to its links, joints,

and coordinate frames as depicted in Figure 3.4.
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Figure 3.4: Robot kinematic chain setup for a 6-axis serial robot arm depicting the
D-H parameter convention [50].

Forward kinematics refers to the process of determining the position and orienta-
tion of the end effector given the robot’s current joint angles, which is a key process in
robot motion planning and is represented using homogeneous transformation matri-
ces. A robot arm with six rotational joints requires the setup of six of these matrices,
which will be multiplied to retrieve the final transform representing the end effector’s
position and orientation in the base frame [51]. The mathematical process is sim-
plified using the Denavit—Hartenberg (D-H) convention, which standardizes the way
transformations are defined between adjacent links using the following four parame-

ters:
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1. 6;: joint angle (varies for revolute joints).
2. d;: link offset (varies for prismatic joints).
3. a;: link length (constant).

4. «a;: link twist (constant).

Each transformation matrix T; from link ¢ — 1 to ¢ is represented as:

cosf); —sinb;cosc; sinb;sinc;  a;cosb;
T, — sinf; cosb;cosqa; —cosH;sina; a;sinb; (3.3)
0 sin oy COS d;
0 0 0 1
From here, the total forward kinematic solution is computed by:
n
Ty =[] (3.4)
i=1

Inverse kinematics refers to the process of determining the required joint param-
eters to achieve a desired end effector pose. Inverse kinematics is significantly more
challenging than forward kinematics since mapping pose to joint space is nonlinear,
calculations result in multiple, non, or even an infinite number of solutions, and the
joint limits and singularities must be taken into consideration. For a serial robot with
simple geometry, closed-form inverse kinematic solutions can be derived, which takes
the form of solving geometric equations and using trigonometric identities to compute
joint angles. Analytical solutions to this challenge are fast and interpretable, how-
ever, only applies to specific robot types. For more general manipulators, numerical
methods are used, the most common being the Jacobian-based iterative algorithm
[52]. In this method, the Jacobian matrix J defines the linear relationship between
joint velocities # and end effector velocities i:

i=J) -0 (3.5)
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Where the Jacobian is defined as the rate of change of the end effector position

with respect to the joint angles:

Oz Oz Oz
961 963 90,,
=% % .. Oy
J(9) 961 90 90,, (3.6)
Oz 0z . . Oz
861 963 90y,

From here, a small change in joint angles, A, is computed to move the end effector

closer to the desired pose:

A)=J" Az (3.7)

In the above formula, J* represents the pseudo-inverse of the Jacobian and Az is
the error between the current and desired end effector position [53]. With this, the
joint angles are iteratively updated, with a learning rate o until the end effector pose

converges to the desired pose within a threshold:

9k+1 = Gk + a/\f (38)

(Xcurrent - Xtarget)2 ~ 0 (39)
3.3 Simulation Development

The following subsections will discuss the simulation environment, its specifications,
systems, and packages included that make it an ideal choice for the system validation
process. It also describes in detail concepts used for developing the robot arm 3D
model that is used for the simulation, the programming and mathematical processes
implemented to develop motion planning solutions, and physics software developed
to interact with the robot’s environment. Following this will be a detailed description
on the communication pipelines used and the development process of the user control

interface.
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3.3.1 Simulation Environment and Architecture

The simulation environment used for this project was the Unity Engine. Unity is a
cross-platform game development engine that enables developers to create realistic
video games, simulations, and mixed reality applications. The proposed system was
achieved using 3D models, graphics, and programming logic using the C# object-
oriented programming language. Although many robotic simulation platforms exist,
including but not limited to Gazebo, NVIDIA Isaac Sim, and Webots, Unity pro-
vides a bundle of mixed reality development interfaces, such as built-in support for
OpenXR tools, as well as the ability to develop real-time physics based simulations.
Unlike other robotic simulation environments, Unity provides robust UI/UX tools for
creating interactive control interfaces and visual overlays which is a key component
for HRI research. Another strong reason for choosing this engine was Unity’s built-in
support for real-time physics simulation through the NVIDIA PhysX 3.4 engine that
enable for stable and turnable rigid-body dynamics, collision detection, and config-
urable joints. These features make it possible to simulate robotic kinematic chains,
gripper mechanics, and interaction with physical objects in the simulated workspace.

The design of the HRI system focuses on creating an immersive, hands-free, and
safe interface for teleoperating a robot arm to perform hazardous tasks. To simulate
this system effectively, several core features must be developed. First, a real-time
simulated robot arm, that can receive a target position and orientation and compute
the necessary joint angles through inverse kinematics to reach that pose, was required.
Second, a stereo camera system must be simulated to replicate human-like vision
of the robot’s workspace, and it must be integrated with a VR headset to provide
immersive visual feedback to the operator. Third, algorithms must be developed
for real-time hand tracking and gesture recognition, which enables intuitive control
inputs from the user. Lastly, the control inputs must be mapped into the robot’s

local coordinate system to enable accurate and responsive teleoperation of the robot
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arm in real-time.

3.3.2 Robot Arm Modelling

The first step in designing a real-time simulated robot arm was selecting a 3D model
that represented a real-world industrial grade robotic manipulator, namely the robots
developed by KUKA. The KUKA robot arms are ideal for simulation as they are the
standard for performing hazardous tasks, often found in construction applications.
The model used for this simulation was retrieved from the open-source 3D modelling
Sketchfab website*. The 3D model features a 4-DOF robot arm, in FBX format. The
robot arm model underwent many modifications to organize the multi-component
mesh into a structured hierarchical set of objects, where each rotating joint, connect-
ing each of the links together, was aligned relative to a global coordinate system. In
addition to the robot arm model, the environment around the arm was designed to
enable the robot arm to perform hazardous tasks. To achieve this, 3D objects repre-
senting wooden pallets, along with bricks, were placed in the simulation workspace.
Collision physics were added to these components to make them interactable during

run-time. Figure 3.5 shows the devised simulated environment.

4Sketchfab. Robot Arm  Model. https: / / sketchfab . com / 3d - models / robotic - arm -
daaffedal39a441cbb3cadc835045{b4
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Figure 3.5: Developed simulation environment in the Unity engine for a 4-DOF robot
arm.

Origin

To manipulate objects within the robot’s workspace, a gripper system had to be
simulated. To achieve this, a parametric model of a prismatic gripper was designed
using the Autodesk Fusion 360 CAD software. A prismatic gripper is a type of robot
gripper that simulates a two-finger setup. They are one of the most commonly used
grippers in industrial applications, are easy to manufacture, and are cost-effective.
Once designed, the model was imported into the simulation environment in Unity
and attached to the end effector of the robot arm. A gripper controller script was
written that enables the system to interact with its environment, including detecting
collisions with components and the ability to pick-and-place objects in the simulation

workspace. The designed gripper solution is depicted in Figure 3.6.
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Figure 3.6: The parametric CAD model of the designed gripper in Fusion 360 shown
on the left, and it’s integration in the robotic simulation environment, within the
Unity Engine, on the right.

This constructed 3D model represents the visual rendering of the robot arm, along
with collision dynamics. However, when performing costly mathematical computa-
tions like inverse kinematics, smaller and more interoperable representations of the
robot arm are required. When simulating robot arms, their kinematic chain can be
represented using a Unified Robotics Description Format (URDF) file. A URDF file is
a low-level description file, written in the Extensible Markup Language (XML), which
describes the geometry, mobility, and their corresponding relationships, of a robotic
manipulator [54]. As will be discussed in more detail in the next section, URDF files
are required as input parameters for open-source inverse kinematic solvers, as they

enable the system to initialize the robot’s kinematic chain and its joint limits.

3.3.3 Inverse Kinematics and Control Integration

To actuate the robot arm, an inverse kinematic solver is required. Many open-source
inverse kinematic solvers exist and simplify the process of retrieving target joint an-
gles. Without these libraries, computing inverse kinematics becomes cumbersome, as
changes made to the robot arm’s kinematic chain will require the derivation of new

analytical closed-form solutions. For this application, the IKPy library was used.
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IKPy is a Python library that performs inverse kinematics solutions efficiently, given
a kinematic chain, as a URDF file, a target position, and orientation [55]. A Python
script was written that imports the constructed URDF file of the 4-DOF robot arm
used in the simulation which enables the system to initialize the kinematic chain of
the robot arm. To connect the Python inverse kinematic scripts to the Unity simu-
lation environment, a Transmission Control Protocol (TCP) server-client system was
designed. TCP is a data link protocol that enables the transmission and reception
of messages between devices, over an internet connection. A three-way handshake
connection between two devices enables the host server to send packets of informa-
tion to the client, where the client transmits a message back to the server, confirming
data reception. TCP’s error handling capability ensures reliable point-to-point com-
munication, without data loss [56]. Python TCP server scripts which integrate the
inverse kinematic solvers, and the corresponding C+# client scripts, were developed to
establish a connection between the computing server and the simulation environment
client. During run-time, a Transform object placed in the robot’s workspace acts as
the target position and orientation input system. In Unity, a Transform object is an
empty object that does not contain a visual rendering system; rather only position and
orientation data. C# scripts developed retrieve the target position and orientation
and format them into a transmittable message that is encoded using the UTF-8 char-
acter encoding standard, which is then transmitted to the Python server. The server
decodes this message using the same format, and with the initialized kinematic chain,
computes an inverse kinematic solution given the input pose. The system returns a
set of joint angles, which is transmitted back to the Unity client system. Within the
simulation environment, a Joint Space Controller script was designed that parses the
received joint angle data, and using linear interpolation, moves the joint angles of
the robot arm model from their current angle to the target angle, over time. The

developed pipeline is summarized in a functional diagram, as depicted in Figure 3.7.
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Figure 3.7: Real-time 4-DOF robot arm inverse kinematic simulation workflow dia-
gram.

With the devised system, the 3D model of the robot arm is now able to move
to various positions and orientations in the simulation environment as the target
Transform object is repositioned at run-time. The developed system completes the
core functionality of the robotic simulation. The next steps include developing the

stereo camera systems followed by the mixed reality interface.

3.3.4 Stereo Camera and HMD Emulation

One of the core components of the teleoperation interface is simulating the stereo
camera, to enable a first-person view (FPV) of the robot’s workspace. In order to
visualize the output of the stereo camera from its location, an open-source CAD
model of the ZEDM camera, made available by Stereo Labs, was integrated into the
simulation workspace. The camera was positioned on the end effector, the gripper,
of the robot arm. To visualize the camera’s perspective in a VR headset, the prede-
fined VR interaction class, provided by OpenXR, was instantiated and placed at the
same position and orientation of the camera model. The integrated class enables the
camera’s perspective to be rendered to the left and right displays of the HMD. How-
ever, even though with this current setup, the camera will move with the end effector
during run-time, it only provides a forward-facing view of the robot’s workspace. To
increase operator awareness, a method was developed to actuate the camera’s orien-

tation based on the operator’s head movements. The camera system was mounted
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onto a 2-axis servo actuated gimbal system, as depicted in Figure 3.8.

Y-axis rot.

Servol ————————

Z-axis rot.

Figure 3.8: Simulated head tracking 2-axis servo actuated gimbal system for the
ZEDM stereo camera.

This gimbal system consists of two simulated MG996R. servo motors, one mounted
on top of the other, with the bottom servo motor providing a yaw rotation (rotation
around z-axis) and the top servo motor providing pitch rotation (rotation around
the y-axis). It’s important to note that these rotations are described with respect
to the right-hand Cartesian coordinate system, however Unity follows a left-hand
coordinate system where the conventional up-direction is the y-axis. The HMD has
onboard IMU (Inertial Measurement Unit) sensors that continuously measure the
position and orientation of the headset. As the operator looks around the simulated
environment, the Euler angles of the headset are retrieved, and the corresponding
roll and yaw angles are set as the target angles for the two servo motors. The setup

enables the camera rig to track the head movements of the operator, in real-time,
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allowing them to look around the robot’s simulated workspace, as shown in Figure
3.9. Natural head-tracking is of significance as MR wearable technology is prone
to creating discomfort for users, which occurs when the physical movements of the
operator do not align with their sensory input systems (vision, sound, touch). As a

result, constructing a one-to-one human-like vision system was a key priority.

(a) Operator turning their (b) 2-axis gimbal rotating around
head right, rotating about the z-axis servo by the correspond-
the z-axis by angle 6, ing input yaw angle.

(c) Operator turning their (d) 2-axis gimbal rotating around
head upwards, rotating the y-axis servo by the correspond-
about the y-axis by angle 6, ing input pitch angle.

Figure 3.9: HMD head tracking system during simulation run-time.

With this system in place, the operator now has a mode to visualize the robot’s

workspace in a first-person view with human-like perception, through the use of stereo
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images and a VR headset. The next key component of this system is providing the

ability for the operator to provide input control intuitively.

3.3.5 Hand Tracking and Gesture Recognition

The hand control system developed for this application was intended to behave as
an intuitive method to provide control commands to the robot arm using gesture
recognition techniques. The core functionality of this system depends on real-time
hand tracking of the operator using the built-in cameras of the HMD. Most modern
VR headsets, especially those developed by Meta (e.g., Quest 2 and Quest Pro), are
equipped with multiple front-facing cameras that perform inside-out tracking. The
cameras on the Meta Quest 2, used for this project, are monochrome infrared (IR)
which are used for headset positional tracking, environment spatial mapping, and
controller tracking. Additionally, they enable markerless hand tacking by capturing
images of the user’s hands and utilizing computer vision and machine learning algo-
rithms to estimate the 3D pose of the hands in real-time [57]. Within Unity Engine,
these hand tracking systems are enabled using the OpenXR plugin, which provides
access to VR runtime APIs with hand tracking features across multiple hardware
platforms. Specifically, the plugin provides an interface to retrieve joint pose data
for each hand, which includes 3D positions and orientations for 21 key points, as
illustrated in Figure 3.10. The hand tracking data are real-time and dynamic, as it
is updated per frame, allowing for the extraction of high-frequency joint positions.
Although a very intuitive interaction system, the accuracy and robustness of hand

tracking are influenced by the following factors:

1. Lighting conditions: Low-light or overexposed environments will degrade the

IR image quality resulting in less reliable tracking.

2. Hand orientation: Obscure hand poses or occlusions, such as one hand cov-

ering the other, will result in loss of tracking and jitter.
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3. Field of view: The user’s hands must be within the headset’s camera field-of-

view for continuous tracking.

4. Hardware constraints: While the Meta Quest 2 provides reliable tracking
accuracy, newer headsets like the Quest 3 and Pro feature improved sensor

arrays and depth sensing technology for increased tracking accuracy [58].

Studies reviewing the capabilities of the Meta Quest 2 HMD show that it can
achieve a hand position tracking error of 1.1 c¢m, given optimal environment condi-

tions, with a joint angle error of 9.6°, and a temporal delay of 45.0 ms [59].
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Figure 3.10: Hand tracking joint configuration convention [60].

The next stage in developing hand control was implementing reliable gesture recog-
nition algorithms. The goal was to ensure that the robot arm only responds to in-
tentional user commands and avoid unintended movement caused by natural hand
motion during tracking and operation. Intent recognition was achieved by devising
two distinct hand gestures: a pinch gesture and a grip (or fist) gesture. The pinch
gesture enables direction control input of the end effector. When it has been detected,
the algorithm begins by computing a 3D directional vector, which is denoted as rom,
between a fixed point, ro which is an offset applied from the HMDs origin, and the
current position of the tracked hand model, denoted as rf;. The vector defines the di-

rection the user intends the robot arm’s end effector to move towards, as represented
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by Equation 3.10. However, the tracking system is prone to false positives when
the user unintentionally forms a pinch-like gesture during normal hand movement.
Therefore, to increase reliability, an additional condition was introduced to form a
more intentional composite gesture. The composite gesture combines a pinch gesture,
between the thumb and index finger, while simultaneously detecting a grip gesture
invoked by the middle, ring, and pinky fingers. The combination of gestures ensures
that the robot arm only moves when the user performs a pinch-and-fist gesture with
their right hand, which adds a layer of intent. The gesture allows for intent recogni-
tion since it requires coordination across multiple fingers. Once the gesture has been
detected by the system, it automatically computes the unit vector direction, denoted
as rom, from rog, as shown in Equation 3.11. The unit vector is then multiplied
by a constant scaler, C'; which determines the movement speed of the robot arm per
update, and scaled by AT, the elapsed simulation time between frames, to ensure
time-consistent updates. The resulting direction vector is summed with the current
position of the end effector ’ft, yielding a new target position ’ft which is input to the
inverse kinematics solver. The full mathematical solution is described in the following

equations:

g — Xo
roH =TH —T0 = |yn — Yo (3.10)

ZH — RO
o = roH < Ty — T0,YH — Yo, ZH — 20 > (3.11)

g= 2" _ .
rou|  \/(zr —20)? + (yn — y0)? + (zu — 20)?
T + CAt x TOAHW

Tiir = To+ CAt X 165 = |y + CAL X 16, (3.12)

2z + CAt X rog,
To classify gestures, deterministic threshold-based algorithms were developed. These

algorithms relied on the spatial relationships between the tracked joints provided by
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the OpenXR hand tracking system. Specifically:

1. Figure 3.11 shows the distance between joints 4 and 8 during a pinch gesture.
When the hand is open, the distance remains above a defined threshold and as

the user pinches, the distance quickly decrease.

2. Figure 3.12 illustrates the distances between joints 12, 16, and 20 to the wrist
(joint 0) during a grip gesture. As the hand closes, these distances contract

below a second threshold.

3. Figure 3.13 highlights the composite gesture detection, showing both pinch

and grips components occurring simultaneously over-time.

Joint Distance Comparison Over Time for the Pinch Gesture
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Figure 3.11: Relative distances between the tip of the thumb and index fingers.

Joint Distance Comparison Over Time for the Grip Gesture

16 =

oint 4-8

- |

14 =—— Joint 12-0
J
=]

oint 16-0
oint 20-0
----- Gesture Threshold

124

10 1

Distance (cm)

5.0 55 6.0 6.5 7.0 75 8.0
Time Elapsed (s)

Figure 3.12: Relative distances of the tip of the middle, index, and pinky fingers
relative to the wrist.
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Joint Distance Comparison Over Time for the Composite Gesture
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Figure 3.13: Relative distances for all joints required for the composite direction
control vector, where peaks of the plot represent the resting hand positions and
troughs represent an invoked gesture.

In addition to enabling intuitive omnidirectional control of the robot arm using
directional hand gestures, it was necessary to develop a method to interact with
objects in the simulated workspace. Object interaction was achieved by develop-
ing a gesture-based gripper control system, allowing users to intentionally open and
close the prismatic gripper mounted to the robot arm’s end effector. The algorithm
developed for invoking this control logic was based on recognition of repeated grip
gestures (i.e., closed fist of the right hand) under a short time window. Further, the
system extended the definition of a grip to include the simultaneous closure of four
fingers: index, middle, ring, and pinky, relative to the wrist joint. These distances are
continuously monitored in real-time and thresholds were determined using the same
procedure as per the previous gesture recognition algorithms. The algorithm func-
tioned by detecting how many times a grip gesture was invoked within a one-second

window. Specifically:

1. Two consecutive grip gestures within the one-second time window triggers

a gripper open command.

2. Three consecutive grip gestures within the one-second time window triggers

a gripper close command.
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To prevent gesture misclassifications due to holding the hand in a closed form, a flag
is maintained to ensure that only new grip instances increment the count. Each time
a new grip is detected, the timer is reset to allow further gesture detection with the
current recognition window. Once the timer completed, the counter is evaluated to
determine the appropriate gripper command. The devised system ensures deliberate
and reliable control of the robot arm’s gripper. The devised algorithm is summarized

in pseudo-code in Algorithm 1.

Algorithm 1 Gripper Gesture Detection Algorithm

1: Initialize: gripCount < 0, gripTimer < 0, gripWindow < 1.0, isGripping <

false

2: while simulation is running do

3 Compute distances:

4 ds,o < distance(index_tip, wrist)
5: dia  distance(middle_tip, wrist)
6
7
8
9

di6  distance(ring tip, wrist)
dao o — distance(pinky_tip, wrist)
if ds, d12,0, d16,0, d20,0 < gripThreshold then
: if not isGripping then
10: 1sGripping < true

11: gripCount < gripCount + 1

12: gripTimer < gripWindow

13: end if

14: else

15: 1sGripping <— false

16: end if

17: if gripTimer > 0 then

18: gripTimer < gripTimer — At

19: if gripTimer < 0 then

20: if gripCount = 2 then

21: open gripper: handControl Data[6] < 1.0
22: else if gripCount = 3 then

23: close gripper: handControl Data[6] < 0.0
24: end if

25: Reset: gripCount < 0

26: end if

27: end if

28: end while
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3.3.6 Mixed Reality Teleoperation Interface

The final teleoperation interface integrates real-time stereo vision, gesture-based con-
trol, and inverse kinematics into a cohesive simulation system, that allows users to
control a robot arm with natural hand movements. The interface was designed to
replicate a first-person, immersive control experience, enabling operators to teleoper-
ate a high-degree of freedom robotic manipulator in hazardous environments without
the need for conventional input devices.

To summarize the developed simulation, the operator is able to wear a VR HMD
that captures the robot’s workspace with natural binocular video through the Unity
XR systems. The two axis servo-actuated gimbal enables the operator to freely look
around their environment in order to gain a higher sense of situational awareness. By
reconstructing the robot’s workspace from the end effector’s perspective, the interface
allows the user to perceive the scene as if looking through the robot’s "eyes”. Hand
tracking is performed using the OpenXR framework and is fully integrated into the
simulation environment. The user’s hands are tracked in 3D space using the built-in
spatial mapping IR cameras of the HMD, where the 3D joint coordinates of both
hands are extracted per frame. To invoke robot movement, a deterministic gesture
recognition system detects a composite gesture formed by a simultaneous pinch and
grip of the right hand. The gesture invokes an algorithm that computes a normal-
ized direction vector that is used to generate a target pose for the robot arm. The
computed unit vector is passed to an inverse kinematics solver, which calculates the
required joint angles to achieve the pose, and the robot arm is moved accordingly
and iteratively. To provide interaction with the simulation environment, a secondary
gesture control system was implemented for gripper actuation. By making a full hand
grip gesture, within a fixed time window, the user can command the gripper to open
or close. Two consecutive grips result in an open command, while three result in a

close command. The method ensures that gripper commands are intentional, which
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reduces the risk of accidental object manipulation.

Overall, the simulated mixed reality teleoperation interface enables for immersive
control of a robot arm, which increases depth perception by allowing the user to
instantly perceive depth, instead of requiring operators to develop 3D mental models
from 2D images. It also removes the rudimentary keyboard or joystick input system,
through the user of hand tracking and gesture recognition. A visual of the interface

in operation during the simulation run-time is shown in Figure 3.14.

Figure 3.14: Mixed reality teleoperation interface in simulation, showing the stereo
camera feed from the robot arm’s end effector displayed in the headset, with real-time
hand tracking and gesture control enabling intuitive arm control.

3.4 Hardware Development

The following subsections document the process of transforming the simulated soft-
ware, iteratively, into a hardware solution. The section will begin by defining the
overall devised system architecture, as well as detailed a description on the spe-
cific hardware used for this research. It also describes key communication pipelines
used and developed to achieve real-time robot arm motion. Then, the various visual
modalities designed for this interface will be discussed, as well as a description of the

mathematical processes used to create the visual renderings and control algorithms.
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3.4.1 Hardware Components and Architecture

Once the proposed teleoperation system was validated in the simulation environ-
ment, hardware integration followed. The goal of the hardware integration phase was
to replicate the teleoperation architecture proven in the simulation and deploy it on a
physical robot arm to evaluate its real-world feasibility and performance. The devel-
oped MR teleoperation interface consists of multiple hardware and software systems,
which are categorized into three main segments: the User Interface, the Middleware,
and the Robot Arm. The system is summarized in a high-level block diagram, as

shown in Figure 3.15.
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Figure 3.15: Hardware system integration architecture flowchart

User Interface Segment

The objective of the User Interface (UI) segment is for capturing user input and
providing real-time mixed reality visualization. The system builds on the software
designed for the simulation, in that it runs on the Unity Universal Render Pipeline
(URP) engine and is executed on a Lenovo Legion Pro 5i laptop that is equipped with
a 13th Gen Intel Core-i5-13500HX CPU, NVIDIA GeForce RTX 4050 GPU, and 16
GB of RAM. The previous section highlighted the various streaming resolutions and

speeds of the ZEDM stereo camera used for this application. For the hardware in-
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tegration, the stereo camera is set to run at HD1080 resolution at 30 FPS, yielding
a horizontal FOV of 66° and a vertical FOV of 40°. The setting provides high fi-
delity images of the robot’s workspace whilst providing a stable frame-rate for user
comfort. The resolution was chosen by a trial-error basis, to determine the most com-
fortable user setting, whilst prioritizing frame rate and compute power. The camera
is connected via USB-C from the robot arm to the main laptop for high-speed data
transmission. The gesture recognition algorithms developed in the simulation compo-
nent were integrated into the mixed-reality environment. The output of this process

is sent to the Middleware segment.
Middleware Segment

The Middleware segment consists of a Raspberry Pi 4B single-board computer (SBC)
running ROS2 Humble on the Ubuntu 22.04 operating system (OS). The SBC serves
as a lightweight and capable computation node to bridge the connection between
the Unity user interface with the physical robot arm. To achieve this communica-
tion bridge, a UDP /IP (User Datagram Protocol) socket-based protocol is used. The
Unity client connects and continuously transmits control packets to a ROS2 UDP
server running on the SBC. These packets contain the various control data, such
as hand tracking directional vectors and gripper commands which are parsed and
published using the ROS topic system. The Robot Operating System (ROS) is an
ecosystem that provides a middleware solution for modular robotic system develop-
ment. ROS topics abstract away hardware communication and allow different nodes
to subscribe and publish control or sensor data asynchronously [61]. The communi-
cation architecture enables modularity and future scalability, and it is widely used in

industry for robotic software and hardware development.
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Robot Arm Segment

The research project used the myCobot 320 Mb5Stack, a 6-DOF collaborative robot
arm developed by Elephant robotics, as depicted in Figure 3.16. The myCobot 320
was chosen because it is designed for research applications due to its open-source sup-
port and ease of integration with ROS. The arm provides interfaces for joint space and
Cartesian space control, with a maximum reach of 350 mm. The arm contains two
microcontrollers, each dedicated for various types of computations: an ESP32 respon-
sible for controlling individual joints and an M5Stack core that processes high-level
commands and Universal Asynchronous Receiver/Transmitter (UART) commands.
The Raspberry Pi SBC communicates with the M5Stack controller using serial UART
to send inverse kinematic commands, which the robot arm interprets and executes.
Attached to the end effector of this arm is a prismatic gripper, also developed by
Elephant Robotics, which was mounted using developed in-house 3D printed compo-
nents. The factory brackets used for the robot arm were insufficient to mount both
the gripper and the stereo camera, thus custom mounts were designed using Autodesk
Fusion 360 and the Elegoo Neptune 3 Pro Fused Deposition Modelling (FDM) printer.
The gripper is controlled using gesture recognition algorithms as devised previously:
two consecutive grips close the gripper, while three consecutive grips open it. The
gestures enable the user to not only reach for targets, but also interact with them

through a full hands-free interface.
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Figure 3.16: Description of the robot arm and setup (left) and diagram of the robot
kinematic chain (right).

3.4.2 Teleoperation Modes
First-Person MR Hand Controller

The MR teleoperation interface developed in the hardware integration phase offers
the operator two control modes, each designed to increase situational awareness and
allow safe operation in hazardous manipulation tasks. The main instance of this
is the First-Person MR Hand Tracking Control mode (FPV). In this mode, real-
time stereo video from the ZEDM camera is streamed directly to the Meta Quest
2 headset, where the left and right camera views are mapped to the corresponding
displays in the headset. The result is a stereoscopic view of the robot’s workspace
with human-like depth perception, which conventional teleoperation interfaces using
2D monitors cannot achieve. Even using 3D digital twins displayed on standard
screens, users must infer depth cues, which adds cognitive overhead and increases

hazards during operation due to spatial errors. Onward, the MR FPV control mode
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overlays 3D hand skeleton models, representing the real-time tracked hand data, onto
the stereo images. The 3D models give the operator the feeling that their own hands
are directly interacting with robot’s environment, which is also unachievable with
conventional means of teleoperation. In this mode, the operator can point their hand
in the direction they want the end effector to move in, using the composite pinch-grip
gesture, as shown in Figure 3.17. The system interprets the direction vector from a
fixed anchor point within the MR subspace, to the index fingertip of the right hand,
which consequently maps it into a velocity command for the robot arm in Cartesian

space.

©

Figure 3.17: (a) Image of the operator wearing HMD, providing input in the MR
interface, using hand gestures. (b) Operator’s view as depicted in the VR HMD
(FPV of the robot’s workspace). (c¢) Robot arm at starting position. (d) Robot arm
moving towards target using the hand tracking data. (e) User refining trajectory with
gesture corrections. (f) Robot arm achieving the target position.

The control mode was first validated in the simulation phase, and then extended
to the physical hardware. One of the challenges that arose in the real-world imple-
mentation was the difference in coordinate systems between the Unity engine and

general robotics standards. Specifically, the Unity engine uses a left-handed coordi-
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nate system that defines the conventional up-direction as the y-axis, which is different
from the coordinate frame used in robotics which defines a right-handed system with
the up-direction defined as the z-axis. To account for this discrepancy, a coordinate
transformation is derived, which is used to transform the Unity direction unit vector
rom- The process is explained mathematically in Equation 3.13. In this transforma-
tion calculation, the constant C' is a user-defined gain which controls the Euclidean

distance that the robot arm should move per iteration, in millimetres.

2(t) 10 0] |ron
T =T, +C-Refog=|yt)| +C-| 0 0 —1| - |rom, (3.13)
Z(t) 0 1 0 T’OAHZ

The MR FPV control mode also includes gesture recognition to operate the gripper,
using the consecutive grip recognition software developed in the simulation phase
which enables the operator to move the robot arm in 3D space using hand tracking

and manipulate objects in the robot’s workspace with simple hand gestures.
Third-Person Global Space Controller

The second control mode developed for the MR teleoperation system is the Third-
Person Digital Twin MR Hand Tracking Control mode. The objective of this mode is
to increase operator situational awareness from a spatial perspective, enabling safer
and deliberate task execution. While the MR FPV mode provides accurate depth
perception of the workspace, it limits the operator’s awareness of the full configura-
tion of the robot’s kinematic chain. Specifically, FPV view occlude key information,
such as joint link orientations or proximity to surrounding structures. The occluded
view creates a safety hazard when the robot is operating near equipment or tight
environments, where unobserved collisions may occur. To address this limitation, a
digital twin of the physical robot arm and its environment is created within the MR
subspace. The digital twin is achieved by using a CAD model of the myCobot 320

M5 arm, developed by Elephant Robotics, which is integrated into the MR scene.
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The model is scaled to 1:1 real-world proportions, and is driven by a custom joint
space controller which synchronizes the virtual model with the physical robot arm
in real-time. The synchronization is achieved via ROS nodes running on the SBC
that continuously fetch the current joint state parameters of the physical robot arm
and transmit them to the Unity instance over UDP. In the Unity engine, this data
is parsed and applied to the joint space controller of the CAD model, allowing the
digital twin to reflect the actual pose on every frame update. The interface enables
the user to observe the full arm configuration relative to its environment from an
external vantage point.

To provide context to the surrounding workspace, a real-time voxel-based point
cloud is generated using RGB-D data from the ZEDM stereo camera. As described
in Section 3.1, stereo vision computes depth using triangulation across left and right
images. The ZED SDK utilizes GPU-based processing to compute per-pixel depth
maps from stereo disparity. In Unity, a custom algorithm was implemented that
extracts RGB values and depth estimates from the camera’s output using the ZED
SDK. Since per-pixel depth extraction and rendering is computationally expensive, a
pixel-stride parameter was invoked to the algorithm to skip a fixed number of pixels
during extraction. The resulting RGB-D data is organized into a structured array and
is used to generate a point cloud via Unity’s built-in particle rendering system. Each
rendered point is visualized as a small cube, known as a voxel, where the resolution
of the point cloud is determined by the voxel size. A lower voxel size produces a
higher resolution point cloud but increases rendering cost. Based on experimental
performance and testing, a pixel stride of 3 and a voxel resolution of 0.01 meters were
selected to balance fidelity and frame rate. Further, an inverse linear interpolation
method was used to convert the pixel-depth maps into a heat map, where warmer
colours represent objects closer to the camera and cooler colours for objects further
away. The generated point cloud is dynamically rendered each frame from the end-

effector of the digital twin, allowing the user to view the robot arm in context with
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its environment. The code designed for this system is summarized in Algorithm 2

and Figure 3.18 shows a real-time rendering of the third-person controller.
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Algorithm 2 Point Cloud Depth Extraction and Voxel Rendering

Input: ZED Mini stereo camera image stream, point cloud material from GPU
2: Output: Real-time RGB-D point cloud rendered via Unity particle system
Initialize ZED camera and allocate CPU-side point cloud buffer
4: Define stride s, max depth d,,,,, min depth d,,;,, max point count N,,..
Create empty lists PointPositions and PointColours
6: procedure UPDATEPOINTCLOUD
Clear PointPositions, PointColours
8: Retrieve 4-channel (XYZRGBA) point cloud image from ZED camera
for y = 0 to height step s do

10: for x = 0 to width step s do
if PointPositions.length > N,,., then
12: break
end if
14: (X,Y,Z, A) < getPointCloudValue(z, y)
P+ (X,Y,7)
16: range + || P||
if d,,;, < range < d,q, then
18: if heatmap disabled then
Decode RGB color from packed alpha channel A
20: Append P to PointPositions
Append decoded color to PointColours
22: else
Normalize depth to [0, 1]
24: Convert to HSV color (red to blue)
Append P to PointPositions
26: Append heatmap color to PointColours
end if
28: end if
end for
30: end for

end procedure
32: procedure RENDERVOXELPARTICLES
if Length of PointPositions equals PointColours then

34: for i = 1 to PointPositions.length do

Set particle ¢ position to PointPositions|i]
36: Set particle i color to PointColours|i|

Set particle ¢ size to predefined voxel size
38: end for

Update Unity particle system with new particle array
40: end if
end procedure
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Figure 3.18: Third-person interface consisting of a real-time digital twin of the robot
arm and a point cloud generated from the stereo camera.

The gesture recognition algorithm was extended in the digital twin environment,
enabling the operator to teleoperate the robot arm for an external view. To achieve
this, the previously designed pinch gesture was utilized. The objective was to enable
positional control of the end effector whilst a grip gesture enables for both position
and orientation control. For both instances of control, a target cube mesh is posi-
tioned at the end effector of the robot arm’s digital twin. When the cube is grabbed
using a pinch gesture and moved to a new location in the virtual environment, the
position vector T;l relative to the robot’s base coordinate system is computed, in
the MR subspace. The relative position vector is transmitted to the ROS server which
performs arithmetic by multiplying with the transformation matrix to convert to the
robot’s coordinate frame as previously. To enable orientation control of the end effec-
tor, first the target cube object’s rotation is retrieved and stored as a quaternion, qy.
The quaternion is transmitted to the ROS server and is converted into Euler angles,

namely to roll, pitch, and yaw denoted by (¢, 8,1). Following this, the current Euler
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angles of the robot arm are retrieved, denoted by (cy, ¢, ¢y). Each of the correspond-
ing angles is summed and wrapped between [0°,360°]. The mathematical operation
is detailed in the following equations and Figure 3.19 showcases this control mode

during operation.

Q. = [2,y,z,w] € R? (3.14)

¢ = arctan 2(2(wx + y2),1 — 2(2* + ¢?))
0 = arcsin(2(wy — zz)) (3.15)

Y = arctan 2(2(wz + 7y), 1 — 2(y* + 2?))

T Cp+ @
Tz/, Cw — 9
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Figure 3.19: The third-person control system allowing the operator to manipulate the
position and orientation of the end effector using the digital twin model of the robot
arm with hand tracking.

Computer Video Keyboard Control

In addition to the MR control interface, as described in the previous two subsections,
a conventional teleoperation system was devised, namely a Computer Video Feedback
Keyboard Controller. The objective of this control mode was to serve as a baseline
for comparison with the developed mixed reality teleoperation interface. Keyboard

teleoperation is one of the most widely used input paradigms in robotics research
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and remote operations, due to its simplicity, low implementation cost, and hardware
accessibility [62]. In this control mode, discrete key presses are mapped to movements
along the robot’s degrees of freedom, in Cartesian space. The input system enables
the operator to manually move the end effector along the X, Y, and Z axes through
defined increments per key press. To reconstruct this control system, a standard
RGB video feed was provided by extracting the video stream from a single lens of the
ZEDM stereo camera. The feed was displayed within the Unity engine interface on a
conventional laptop screen, which effectively simulates a monocular camera view from
the end effector. The operator relies purely on this 2D video feedback to perceive
depth and spatial information, which is inherently limited compared to stereoscopic
or immersive views.

The control inputs were implemented by developing custom C# scripts that map
specific keyboard keys to robot motion commands. In this implementation, the arrow
keys of the keyboard control the end effector along the X-Y plane. The M and N
keys provide vertical displacement control, and the Q and W keys are used to control
the open / close states of the gripper. The setup replicates the conventional mode
of teleoperation found in robotics, which is used as a benchmark to evaluate the

operational advantages of the proposed MR teleoperation interface.

3.4.3 System Communication Pipeline

The main architectural difference between the simulation and hardware implementa-
tions of the teleoperation interface is the communication protocol used to transmit
the control data. Within the simulation, a TCP/IP socket-based protocol was used,
where as in the physical implementation, a UDP/IP protocol was implemented. The
protocol was chosen due to the trade-offs between the two communications protocols
and their responsiveness in real-time robotic applications. TCP is a connection-based
protocol that prioritizes reliability, ordered, and error-checked data transmission. It

functions using a three-way handshake communication system, where a key process
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includes retransmitting lost data packets to ensure data integrity. Although this is a
secure and reliable method for general purpose communications and applications, it
adds overhead in latency and blocking issues that are undesirable for responsive robot
control in low-latency systems. UDP (User Datagram Protocol) is a connectionless
protocol that transmits packets without confirmation of reception or transmit order.
The system lacks reliability, but significantly reduces transmission latency, thus mak-
ing it ideal for real-time systems where speed is critical, rather than data integrity
[63]. Ome of the biggest concerns in robotics is safety and this can only be achieved
using a UDP system. For instance, if the operator stops issuing commands and a
TCP connection is still resolving previous unacknowledged packets, the robot arm
may continue executing outdated commands, potentially resulting in collisions or un-
safe trajectories. With UDP, outdated packets are dropped, which ensure only the

latest commands are executed, yielding a more safe mode for teleoperation.
Control Data Encoding and Transmission

The hardware integrated teleoperation system consists of three types of control modes:
First-Person MR Hand Tracking Control, Third-Person Digital Twin MR Hand Track-
ing Control, and Conventional RGB Video with Keyboard Control. All control inputs
are captured and parsed within the Unity environment. Depending on the selected
control mode, different data encoding schemes were devised to transmit control com-
mands via the UDP client to a ROS server running on the Raspberry Pi 4B SBC.
The communication encryption structure for the transmitted data begins with a three-

character control code that identifies the control type:

1. HTC (Hand Tracking Control): Includes six floating point values repre-
senting left and right hand target positions, a boolean for the gripper state, and

two floats for yaw and pitch of the user’s head orientation.

2. GRC (Global Robot Control): Used in third-person MR mode, includes
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three floats for target end-effector position and four for orientation (quaternion).

3. Keyboard Control: No prefix code; only a single string denoting the pressed

key.

All these values are formatted using comma-separated values (CSV) and encoded in
UTF-8 (Unicode Transformation-8-bit) prior to transmission. The encoded message
is sent over UDP to the Raspberry Pi, which hosts the receiving end of the system.

The custom designed data encryption process is depicted in Figure 3.20.
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Figure 3.20: Block diagram of the three different data encryption processes designed
for MR interface.

ROS-Based Decoding and Command Execution

The SBC hosting the UDP server node is responsible for receiving control data. Once
a UDP data packet is received on the server node, it uses UTF-8 to convert the
message to a string object. The intermediate string message is then published to a
ROS topic named "Raw Data”. ROS uses a publisher-subscriber architecture which
enables asynchronous data processing. From there, custom ROS nodes subscribe to
this ”Raw Data” topic and process the message only if the appropriate control code

has been detected:

1. The hand_tracking ee_ctrl ROS node handles FPV control data. It parses
the position and orientation data, structures the string in a multi-float array
object, computes inverse kinematics solutions, and transmits commands over

UART to the robot arm’s M5Stack microcontroller.
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2. The global_robot_ctrl ROS node performs similar processing for the digital

twin control mode.

3. The keyboard_ee_ctrl ROS node maps string keys directly to manipulate an

initialized and continuous pose array.

Each ROS control node functions using event-driven callbacks which trigger when
new data appear on the "Raw Data” topic. Internal to the nodes, logic is written
that converts structured string data into floating-point arrays, applies filtering and
transformations, and generates executable joint or cartesian-space commands. All
ROS nodes are initialized at runtime on the SBC, but only one control node executes

commands based on user selection in the Unity interface.

3.5 Experiment Setup

Following the development and validation of the MR teleoperation interface in the
simulation environment, the objective was to evaluate its performance in a real-world
setting. Initial runs in the simulation demonstrated that the MR interface is more
immersive and intuitive compared to traditional computer video keyboard-based tele-
operation methods. With the successful integration of the hardware segment, exper-
iments were designed to quantitatively measure the effectiveness of this immersive
interface. The main idea behind employing stereo vision, coupled with VR HMDs,
was to provide operators with true depth perception of the robot’s workspace, which
is absent in conventional 2D video feedback systems. Additionally, integrating real-
time hand tracking in the MR subspace provided a new layer of spatial awareness,
allowing for 3D control which is not offered in conventional interfaces. To evaluate
the contributions of these features, the experiment was designed to isolate two main
factors: (1) the improvement in depth-perception offered through stereo vision rela-
tive to conventional monocular video feedback, and (2) the benefits of intuitive 3D

control enabled by real-time hand tracking. Comparison of these features aims to
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understand the degree to which MR technology improves teleoportation performance

in terms of efficiency, accuracy, and control fluidity in robotics.

3.5.1 Quantitative Experiment Design

The main objective of the experiment was to evaluate and compare the effectiveness of
the proposed MR teleoperation interfaces with the conventional teleoperation method.
The design of the experiment was dictated by the robot’s physical workspace, which
is 350 mm. A task was set in which an operator was required to drive the end effector
of the robot arm toward three fixed target positions, using each of the teleoperation
modes. The target positions were defined by placing 3D printed cubes (dimensions:
5 x5 x5 cm), each with a mass of 26 g at three fixed locations within the workspace,
where each position represented unique spatial orientations from the robot’s neutral
pose. To ensure consistency across all tests, the robot arm was always initialized to a
fixed starting pose, which was shared across all ROS control nodes through a defined
pose array. Target 1 was placed in a far-right position from the robot’s starting pose
(x=29, y=-324, z=102). The second was positioned in front of the end effector (x=76,
y=-317, z=102), and the third was located to the far-left (x=144, y=-310, z=102), all
relative to the robot’s base coordinate frame in units of millimetres. These positions
ensure that each introduced unique challenges in depth perception and trajectory
planning. The altitude remained the same for all cubes as it maximized the range
required to reach the target, allowing for longer experiment run-times. For each cube

position, the experiment was repeated using the following three teleoportation modes:

1. Mixed Reality Hand Control: The operator wears the HMD and uses the hand

control system to move the end effector to the target in 3D space.

2. Mixed Reality Keyboard Control: The operator wears the HMD and uses the
conventional keyboard inputs to move the end effector, isolating the effects of

depth perception.
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3. Computer-Video Keyboard Control: The operator uses real-time feedback from
the monocular video streamed to the laptop and provides control using the

keyboard input system.

Three trials were conducted, for each control mode and for each target, which
resulted in 9 trails and datasets per target position and 27 overall. To track the
trajectory of the robot arm during run-time, a Unity C# script was written that
recorded the z, y, and z positions of the end effector, along with the elapsed time, in
the form of a CSV file. The devised experiment setup is shown in Figure 3.21 for a

single target position.

Figure 3.21: Experiment setup — the end effector is moved in free space toward a cube
target. The position of the end effector is recorded continuously for analysis.

The experiment was conducted by 10 students with little or no prior experience in
robotics or remote operations. Each participant received approximately 10 minutes
of training per control mode before conducting their runs. The training time was
determined by allowing a few students to use the teleoperation interfaces where it

was determined only 2-3 minutes was required for them to learn how to use each
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system. The 10 minute limit for this experiment ensured that in the worst-case
scenario, each participant had enough time to learn the system. From the collected
data, several forms of analysis were conducted. 3D trajectory plots were created to
visualize the spatial motion profile and intuitiveness of the control system. Distance
minimization curves were constructed to plot the end effector distance to the target
over time to assess the efficiency and rate of convergence, as defined in Equation
3.17. Here, (x4, yt, 2¢) represents the target location and (z(t),y(t), 2(t)) represents

the current end effector position at time ¢.

D(t) = V/(w(t) = xe)* + (y(t) = yo)* + (2(t) — 2)? (3.17)

Lastly, a jerk analysis was performed to gather numerical data on the control
stability of each control mode. Jerk is defined as the third derivative of position with

respect to time, or the time derivative of acceleration, as defined below:

p(t) = |y@t)|, it)= (3.18)

it = i)l = \/ (B2) o+ (2) + (52) (3.19)

Equation 3.18 provides the analytical definition of jerk which can be converted

into a numerical solution using the following formula, for discrete data sampled at
variable intervals:

aln| — aln — An)

jln] = A7 , Jln] = [liln]] (3.20)

However, due to a high sampling frequency, of about 10 ms, and the millimetre-scale
motion of the arm, the jerk values are highly sensitive to noise. To mitigate this, the

Savitzky-Golay filter was applied to the jerk dataset. The filter preserves local features
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and trends in the data while removing high-frequency noise by means of fitting a low-
degree polynomial over a sliding window using least squares regression [64, 65]. The
filter functions by representing the original jerk time series as {j1, j2, ..., jn }, then the

smoothed jerk jk at time k is computed as:

m

Ik = Z Ci* Jhti (3.21)

i=—m

where ¢; define the filter coefficients for a window length of 2m + 1 and polynomial
order d. The method is commonly used in signal processing to extract patterns
in noisy data [65]. The smoothened jerk magnitudes were averaged for each trial
and grouped by control mode and target position. The resulting values, alongside
the average task completion times and total distances travelled, were summarized in
bar plots for quantitative comparison. The jerk metrics provides a layer of insight
regarding the fluidity of control which is a key factor for teleoportation systems where

precision and user intent mapping are vital.
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Chapter 4

Results and Discussion

This chapters presents the results of the experiment that evaluates the performance of
the developed MR teleoperation system compared to the conventional control modes.
The results are structured by analysis type, encompassing trajectory analysis, dis-
tance minimization, and motion dynamics. Given the repeated experimental proce-
dure across multiple participants, each analysis includes a representative set of plots
from a single participant. The graphs were selected for clarity and legibility, as the
remaining plots exhibit similar trends and would otherwise result in redundant visual
data. The complete set of graphs for all participants are included in Appendix A
for completeness and reproducibility. In addition, generalized metric such as average
task completion times and average jerk magnitude are extracted across all partici-
pants and presented as summary tables and comparative bar charts. These results
are then discussed to identify performance trends and gather insights regarding the

control modes.

4.1 'Trajectory Analysis

Figure 4.1 presents the end effector trajectories executed by a single participant while
attempting to reach each of the three target cube positions. The three subplots corre-
spond to the three control modes: (a) MR Hand Control, (b) MR Keyboard Control,

and (C) Computer Video Keyboard Control. Each trajectory represents one trial,
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with three trails being performed per target. The figure was selected as a representa-
tive sample due to the visual clarity and consistency of the behavioural trends. Al-
though the participants yielded unique trajectories, the overall characteristics across
control modes were consistent. Therefore, to improve readability, only one partic-
ipant’s plots are shown in the main body of this chapter, while full results for all
participants can be found in Appendix A.1-A.3.

In Figure 4.1a), the trajectories resulting from the MR Hand Control method
show smooth, continuous motions toward the target cubes. Across trials, the paths
are consistently directed from the initial pose toward the goal with minimal oscilla-
tion, correction, or hesitation. The observation suggests that the use of stereo vision
and FPV MR immersion provides strong depth cues and intuitive motion mapping,
allowing users to command the robot arm in a natural and fluid manner.

Figure 4.1b) displays the trajectories using the MR Keyboard Control interface.
These flight paths, while still moderately regulated, show more correctional move-
ments and angular transitions relative to the hand control mode. The non-linear
behaviour is to be expected as the keyboard input system introduces discrete control
steps rather than continuous 3D motion. However, the use of the MR stereo vision
interface still provides an additional layer of spatial awareness, which mitigates harsh
corrective behaviour.

Figure 4.1c) shows the trajectories using the conventional Computer video Key-
board Control interface. These flight paths are significantly more jagged and dis-
continuous, with frequent changes in direction and increased deviation from direct
paths to the targets. These trends indicate that the operator has a difficult time
estimating relative spatial positions using only monocular camera feedback projected
on a 2D screen. The absence of true depth likely forces operators to make repeated
adjustments and visual re-evaluations, thus resulting in the erratic trajectories.

Overall, the trajectory analysis highlighted a clear trend in that the incorporation

of stereo vision and MR depth cues enables smoother, more direct, and consistent
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control of the robot arm. The contrast between these control modes showcases the

cognitive and perceptual benefits of MR based teleoperation for robotics.

Student 4
End Effector Trajectories - MR Hand Control End Effector Trajectories - MR Keyboard Control End Effector Trajectories - Video Keyboard Control

—— Target 1 - Trial 1 —— Target 1 - Trial 1 —— Target 1 - Trial 1
—— Target 1 - Trial 2 —— Target 1 - Trial 2
t 1 - Trial 3
2 -Trial 1

2 -Trial 2
— 2 - Trial 3
— 3 - Trial 1
3-Trial 2
5E

Targe
Targe
Targe
Targe
Targe
Targe
Target 3 - Trial 3

t
t
t
t
t
t

(ww) uonisod Z

Figure 4.1: Trajectory of the robot arm’s end effector, for multiple runs, using the
(a) Mixed Reality Hand Control method, (b) Mixed Reality Keyboard Input method,
and (c¢) Computer Video Keyboard Input method

4.2 Distance Minimization Analysis

As per the trajectory analysis, Figure 4.2 shows the corresponding participant’s dis-
tance minimization plots, using the same dataset. These plots present how the dis-
tance between the end effector and the target is minimized with respect to time, for
all three targets. These graphs provide insights into task completion times as well as
show control behaviour such as corrections and overshooting, which can be extracted
from the rate of change of the lines. Each subplot in the figure corresponds to a dif-
ferent target cube position, specifically: (a) the far-right target, (b) the centre-front
target, and (c) the far-left target. For each control type, three lines represent the
three independent trials conducted per target per target.

In subplot (A) of Figure 4.2, which corresponds to Target 1, the MR Hand Control
interface shows a smooth and consistent reduction in distance for all three runs. The
slopes of these lines are uniform and monotonic, showing continuous and decisive
movement without the need for significant corrections or stalls. The MR Hand control

mode achieved an average task completion time of approximately 17.3 seconds.

69



In contrast, the MR Keyboard Control plots show less consistent slopes. Some
portions of the graph demonstrate flatter slopes or brief plateaus, suggesting moments
when the operator paused or made correctional inputs. The average completion time
using this control mode was 23.8 seconds for Target 1, which shows a decrease in
operational efficiency compared to the hand tracking control.

For the Computer Video Keyboard Control mode, the curves show even more er-
ratic trends. Frequent stalls, reversals (temporary increases in distance), and a general
slower convergence toward the target can be observed. These patterns highlight the
lack of intuitive depth perception and limited spatial feedback inherent in conven-
tional monocular teleoperation systems. The average time to reach Target 1 using
this method was 25.5 seconds, which is the slowest among the three control modes.
The observed trend remains consistent across the other two target positions, as seen
in subplots (b) and (c) of Figure 4.2. Table 4.1 summarizes the average completion

times for this participant.

Control Mode Target 1 (Right) Target 2 (Front) Target 3 (Left)
MR Hand Control 17.3 16.0 14.5
MR Keyboard Control 23.8 20.8 21.4
Computer Video + Keyboard 25.5 21.0 21.9

Table 4.1: Average task completion times (in seconds) for each control mode and
target

The results of these distance minimization plots highlight that the MR Hand Con-
trol interface consistently enabled faster task execution across all target positions.
The MR Keyboard Control interface, although benefiting from stereo vision, suffered
from the limited degrees of freedom that is imposed through keyboard-based inputs.
Lastly, the Computer Video Keyboard Control system showed the least efficiency,

due to both limited input control and the absence of immersive depth feedback.
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Figure 4.2: Distance minimization plots for participant 4. Each subplot corresponds
to a target cube: (a) Target 1, (b) Target 2, and (c) Target 3. Each line represents a
trial using one of the three control methods.

4.3 Jerk Profile Analysis

Figure 4.3 presents the jerk profiles corresponding to the same student and set of

experiments used in the previous analysis. These plots visualize the time derivatives

of acceleration, which are referred to as jerk, for each trial across the three different

control modes and target positions. Jerk is an important metric for assessing motion
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smoothness and trajectory continuity, as it provides insight into abruptness or hesita-
tions in motion that may not be completely captured by the distance-based analyses.
Each subplot in Figure 4.3 represents one control mode for a specific target. The
columns represent control modes: (i) MR Hand Control, (ii) MR Keyboard Control,
and (iii) Computer Video Keyboard Control. The rows represent the three target
cube positions: (a) Target 1, (b) Target 2, and (c) Target 3. Each plot contains three
coloured lines representing the filtered jerk magnitude for each trial, and a horizontal
dark dashed line showing the average jerk magnitude for that control type and target.

For Target 1, shown in subplots (ai) through (aiii), the MR Hand Control interface,
(ai), shows low and consistent jerk magnitudes across all three runs. The graph
suggests that the acceleration is smooth and is a continuous motion requiring little
abrupt changes. The average jerk for this mode was 3518 mm/s>.

Interestingly, the MR Keyboard Control mode for Target 1 (aii) displays com-
parable jerk behaviour, with a mean value of 3656 mm/s?. Although the distance
minimization profiles in the previous section showed more erratic trends for the key-
board interface, the jerk profiles show that when combined with an immersive MR
subspace, the operator is still able to execute smooth trajectories despite the binary
nature of keyboard input.

However, the Computer Video Keyboard Control mode (aiii) results in much nois-
ier jerk profiles, with sharp spikes and abrupt changes in magnitude across trials.
The average jerk for this condition was 29,883 mm/s®, which is nearly an order of
magnitude greater than the MR-based control methods. The finding underscores the
impact of limited depth perception and non-intuitive feedback systems when teleop-
erating through a conventional 2D interface. These trends remain consistent across

the other targets, as well as participants. For Target 2, the average jerk values were:
e MR Hand Control: 3379 mm/s?
e MR Keyboard Control: 3680 mm/s?
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e Computer Keyboard Control: 20,293 mm/s?

And for Target 3, the average values were:

e MR Hand Control: 3499 mm/s?

e MR Keyboard Control: 3572 mm/s?

e Computer Keyboard Control: 20,333 mm/s?

These results highlight two key observations. First, the MR Hand Control mode
consistently facilitates smooth motion across all tasks. Second, even through the MR
Keyboard interface introduces discrete directional inputs, its immersion and depth
awareness greatly reduces abrupt movement patterns, especially when compared to
the conventional computer-video based system. The results show the strength of the

jerk as a quantitative indicator of motion quality and teleoperation control.
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Figure 4.3: Jerk profiles for Student 4 across all control types and target cube positions. Each row corresponds to a different
target, and each column corresponds to a different control mode. Coloured lines represent filtered jerk magnitude across trials;

dashed horizontal lines indicate average jerk.



4.4 General Trends and Comparative Analysis

4.4.1 Task Completion Time Comparison

To gain a full understanding of the efficiency of the proposed mixed reality teleop-
eration interface, the average task completion times were computed for all students
across the three target positions. The collected data is summarized over each partic-
ipant, in Tables 4.2 through 4.4. The mean values and standard deviations for each
control method is shown in the last row of each table. In this data, lower completion

times represent more efficient and intuitive control.

Student MR Hand MR + Keyboard Video + Keyboard
1 15.9 32.7 33.7

2 16.7 22.8 22.7

3 16.3 24.5 24.6

4 17.3 23.8 25.5

5 17.2 22.6 23.5

6 15.9 32.7 33.7

7 16.4 24.1 27.9

8 15.6 28.8 26.4

9 15.0 22.8 22.3

10 154 34.1 31.3
Average + Std. Dev. 16.0 + 0.9 26.5 + 4.3 26.8 = 3.9

Table 4.2: Average task completion times and standard deviations for Target 1 in
seconds.
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Student MR Hand MR + Keyboard Video + Keyboard

1 15.2 23.2 23.6
2 15.4 20.6 20.0
3 16.0 23.0 20.9
4 16.0 20.8 21.0
b} 14.6 21.0 19.7
6 14.1 24.2 254
7 13.4 224 24.8
8 14.4 22.9 26.7
9 14.0 18.4 20.2
10 14.6 27.7 28.5
Average + Std. Dev. 14.8 £ 0.9 224 £ 2.5 23.1 £ 3.2

Table 4.3: Average task completion times and standard deviations for Target 2 in
seconds.
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Student MR Hand MR + Keyboard Video + Keyboard

1 14.5 24.1 30.6
2 15.1 20.1 20.5
3 14.6 21.2 20.0
4 14.5 214 21.9
b} 13.9 19.8 22.9
6 14.6 27.1 25.8
7 13.5 26.4 24.5
8 13.6 23.2 24.6
9 13.6 204 18.8
10 13.6 26.1 28.9
Average + Std. Dev. 14.2 + 0.6 23.0 £ 2.8 23.9 £ 3.8

Table 4.4: Average task completion times and standard deviations for Target 3 in
seconds.

The task completion data tables show that the mean task completion times for
the Mixed Reality Hand Control method was not only significantly smaller than the
other modes, but also has a standard deviation less than 1 second for each target. The
analysis show that the control method is consistently more efficient when compared
with the Mixed Reality Keyboard and Computer Video Keyboard control methods.
To validate whether task completion times differed significantly across control modes,
a one-way analysis of variance (ANOVA) was performed separately for each target.
The results, summarized in Table 4.5, provide statistical evidence of differences in
performance among control methods.

The ANOVA results indicated statically significant differences in task completion
times across control modes for all targets (p < 0.001 for each case). To identify which
specific control method differed from another, a post-hoc least significant difference

(LSD) analysis was performed. The computed LSD values were 3.1 s, 2.2 s, and 2.5
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Target | df (Between, Within) | MS (Within) | F | p-value | Significant?
1 2,27 11.33 33.07 | < 0.001 Yes
2 2,27 5.58 38.27 | < 0.001 Yes
3 2,27 7.58 38.07 | < 0.001 Yes

Table 4.5: Table summarizes the main results of the ANOVA analysis performed for
task completion times across the three control modes for each target

s for Targets 1, 2, and 3, respectively. Subsequently, the pairwise mean differences
between the control modes were compared using these LSD thresholds to determine
significance, as shown in Tables 4.6-4.8. A pairwise mean difference value is defined

to be significant if it is greater than its respective LSD value.

Comparison Mean Difference (s) Significant (Yes/No)
MR Hand — MR Keyboard 10.4 Yes
MR Hand — Video Keyboard 10.8 Yes
MR Keyboard — Video Keyboard 0.3 No

Table 4.6: Pairwise mean differences in task completion time for Target 1. Significance
determined using the computed LSD value 3.1 s

Comparison Mean Difference (s) Significant (Yes/No)
MR Hand — MR Keyboard 7.6 Yes
MR Hand — Video Keyboard 8.3 Yes
MR Keyboard — Video Keyboard 0.7 No

Table 4.7: Pairwise mean differences in task completion time for Target 2. Significance
determined using the computed LSD value 2.2 s

The results of the post-hoc LSD comparisons provide consistent trends across all
three targets. For each target, the Mixed Reality Hand Control method shows a sta-
tistically significant improvement in task completion time relative to both the Mixed
Reality Keyboard and the standard Computer Video Keyboard control methods. The

results of the analysis also show that there is no significant difference between the
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Comparison Mean Difference (s) Significant (Yes/No)

MR Hand - MR Keyboard 8.8 Yes
MR Hand — Video Keyboard 9.7 Yes
MR Keyboard — Video Keyboard 0.9 No

Table 4.8: Pairwise mean differences in task completion time for Target 3. Significance
determined using the computed LSD value 2.5 s

Mixed Reality Keyboard and Computer Video Keyboard control methods, in the
context of task completion time. These results show that hand tracking significantly
improves task completion efficiency while using mixed reality over standard monoc-
ular visual feedback has no impact in this category. A bar chart, as shown in Figure

4.4, was created showing these overall trends in task efficiency.

Average Task Completion Time * SD by Control Mode

Control Mode
N MR + Hand
I MR + Keyboard
I Video + Keyboard

]

5]

Average Time (s)

-
=}

Target 1 Target 2 Target 3
Target Position

Figure 4.4: Grouped bar chart comparing average completion times across all targets
and control modes.

To gain deeper understanding of each control mode, the average task completions
times, for each of the three targets, were further analyzed to compute the overall effi-

ciency gains. Table 4.9 summarizes these computed efficiency gains across the various
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control modes. To quantify the efficiency gains of the mixed reality interface, the per-
centage reduction in task time was computed for two key comparisons: (1) between
the MR Hand Control and MR Keyboard Control modes, and (2) between the MR
Hand Control and the conventional Computer Video Keyboard Control mode. The
comparison isolates the benefits of combing 3D gesture-based input with immersive
depth perception. The efficiency gains were computed using Equation 4.1. In this
formula, Tias is the average task completion time for the baseline method (either
MR Keyboard or Computer Video) and Tyr Hana represents the task completion time
using the MR Hand Control method.

T ase T; an
Percentage Reduction = — Mi Hand 100 (4.1)

Tbase

Analyzing the average efficiency gains of the MR Hand Control system shows
that it outperforms the MR Keyboard control mode by 37% and the Computer
Video Keyboard by 39%. These reductions were not only large in magnitude but
also statistically significant according to the LSD tests. The analysis clearly shows
the benefits of combing stereo cameras with gesture-based control input systems,
as it significantly improves task completion times. In contrast, the MR Keyboard
control mode showed only a 3% improvement over the Computer Video Keyboard
control method, and the LSD tests confirmed that this reduction was not statistically
significant. The findings indicate that the use of stereo vision alone does not yield
a meaningful efficiency gain in terms of task completion time. However, as will
be discussed in the following section, there is still quite a significant difference in
control stability when using these two visual feedback systems. To summarize this
analysis, stereo vision and HMD fusion technology, in the context of robotic task
completion times, yields a significant improvement only when combined with intuitive

hand gesture-based control input systems.
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Comparison Target 1 Target 2 Target 3

MR Hand vs. MR Keyboard 39% 34% 38%
MR Hand vs. Video Keyboard 40% 36% 41%
MR Keyboard vs. Video Keyboard 1% 3% 4%

Average Reduction

MR Hand vs. MR Keyboard 37%
MR Hand vs. Video Keyboard 39%
MR Keyboard vs. Video Keyboard 3%

Table 4.9: Efficiency gains in task completion times against the various control modes.
Specifically compares the effectiveness when combining stereo vision and gesture-
based control against conventional control/vision systems. Also compares the effect
of only using stereo vision against conventional vision systems.

4.4.2 Jerk Magnitude Comparison

A similar analysis was performed to quantify the general trends in control stability,
by averaging the jerk profiles across the different teleoperation interfaces, as well as
computing the standard deviation values. Tables 4.10 through 4.12 show the average
jerk magnitudes over each sample and control mode, where a single table represents a
target position. In this data, lower jerk magnitudes present greater control stability
and smoothness in teleoperation. Additionally, the term ”Video Keyboard” in these

tables is an abbreviation for the Computer Video Keyboard Control mode.
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Student MR Hand MR Keyboard Video Keyboard

1 3699 2982 15687
2 3326 3569 24815
3 3473 3487 20961
4 3518 3656 29883
5 3375 4856 18057
6 3869 3099 35441
7 3797 3496 17412
8 3780 3295 16516
9 3044 4434 21177
10 3839 3084 14064

Average + Std. Dev. 3572 + 271 3596 £ 605 21401 £ 6818

Table 4.10: Average jerk magnitudes (mm/s®) and standard deviations for Target 1

Student MR Hand MR Keyboard Video Keyboard
1 3640 3249 19487
2 2816 3637 22749
3 3646 3668 21722
4 3379 3680 20294
5 4207 3625 20530
6 3788 3275 43798
7 4109 3915 17545
8 4120 3634 13033
9 3698 4474 20277
10 4158 3396 12572

Average + Std. Dev. 3756 + 432 3656 £ 352 21201 + 8647

Table 4.11: Average jerk magnitudes (mm/s?) and standard deviations for Target 2
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Student MR Hand MR Keyboard Video Keyboard

1 3510 3395 15745
2 3430 3588 21577
3 3613 3713 23395
4 3499 3572 20333
5 4052 4414 16559
6 3600 3205 43285
7 4174 3470 17661
8 3427 3897 14797
9 3754 4176 20812
10 4035 3524 12001

Average + Std. Dev. 3709 + 280 3695 + 369 20616 + 8690

Table 4.12: Average jerk magnitudes (mm/s®) and standard deviations for Target 3

The jerk profile tables show that the mean jerk magnitudes for both the Mixed
Reality Hand and Mixed Reality Keyboard control methods have much lower mag-
nitudes than the Computer Video Keyboard control method. The data also show
a common trend of the standard deviations being lower for the mixed reality sys-
tems when compared with the conventional visual feedback system. To statistically
validate whether the jerk magnitudes significantly varied across the control modes,
ANOVA analysis was performed separately for each target. The results, summarized
in Table 4.13, provide statistical evidence of differences in performance among the
control modes.

The ANOVA results indicated statically significant differences in jerk magnitudes
across control modes for all targets (p < 0.001 for each case). To identify which specific
control method differed from another, a post-hoc LSD analysis was performed. The
computed LSD values were 3629 mm/s®, 4590 mm/s®, and 4610 mm/s® for Targets

1, 2, and 3, respectively. Subsequently, the pairwise mean differences between the
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Target | df (Between, Within) | MS (Within) | F | p-value | Significant?
1 2,27 1.56 x 107 67.65 | < 0.001 Yes
2 2,27 2.50 x 107 40.77 | < 0.001 Yes
3 2, 27 2.52 x 107 | 37.78 | < 0.001 Yes

Table 4.13: Summary of one-way ANOVA results for jerk magnitudes across the three
control modes for each target.

control modes were compared using these LSD thresholds to determine significance,

as shown in Tables 4.14-4.16.

Comparison Mean Difference (mm/s®) Significant (Yes/No)
Video Keyboard - MR Hand 17829.24 Yes
Video Keyboard — MR Keyboard 17805.44 Yes
MR Keyboard — MR Hand 23.80 No

Table 4.14: Pairwise mean differences in jerk magnitudes for Target 1. Significance
determined using the computed LSD value 3629 mm/s®

Comparison Mean Difference (mm/s?®) Significant (Yes/No)
Video Keyboard - MR Hand 17444.38 Yes
Video Keyboard — MR Keyboard 17545.06 Yes
MR Keyboard — 100.69 23.80 No

Table 4.15: Pairwise mean differences in jerk magnitudes for Target 2. Significance
determined using the computed LSD value 4590 mm/s3

Comparison Mean Difference (mm/s®) Significant (Yes/No)
Video Keyboard — MR Hand 16907.15 Yes
Video Keyboard — MR Keyboard 16921.05 Yes
MR Keyboard — 13.89 23.80 No

Table 4.16: Pairwise mean differences in jerk magnitudes for Target 3. Significance
determined using the computed LSD value 4610 mm//s®
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The results of the post-hoc LSD comparisons provided consistent trends across all
three targets. For each target, both the Mixed Reality Hand and keyboard control
modes show a significant improvement in jerk magnitude reduction, compared with
the standard Computer Video Keyboard control method. The results of this analysis
also show there is no significant difference between the Mixed Reality Hand and Mixed
Reality Keyboard control modes. These findings indicate that using mixed reality as
a visual feedback system helps to significantly lower jerk magnitudes, thus increasing
control stability in robotic teleoperation, compared to the standard monocular visual
feedback system. A bar graph was generated, as shown in Figure 4.5, which provides

a visual representation of these findings.

Average Jerk Magnitudes * SD by Control Mode (Log Scale)

30,000 Control Mode

1 MR+ Hand
[ MR + Keyboard
I Video + Keyboard

20,000

10,000

5,000

Average Jerk (mm/s?)

2,000

1,000
Target 1 Target 2 Target 3
Target Position

Figure 4.5: Bar chart comparing the average jerk magnitudes across the various
targets and control modes.

A deeper analysis was performed on the jerk magnitudes for the various control
types, to empirically measure differences in control stability and trajectory smooth-
ness. Table 4.17 highlights these findings as it shows the ratios between the average
jerk magnitudes for the conventional Computer Video Keyboard Control mode to
both MR Control modes. Additionally, the ratio between the MR Hand and MR
Keyboard control modes were computed. The findings show that across all three tar-

gets, the average jerk magnitude of the Computer Video Keyboard Control mode was
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more than 5 times higher than for both MR-based systems. To reiterate, a higher
jerk magnitude represents less control stability suggesting that the conventional tele-
operation system is much less intuitive to teleoperate than the mixed reality systems.
The lack of depth perception causes trajectory instability, which forces the operator
to make abrupt corrective movements. The distinction becomes clearer when exam-
ining the ratio between the conventional control mode and the MR Keyboard control
mode, which is 5.8. The ratios suggest that even when using the keyboard as a con-
trol input system, the trajectories are still over 5 times more stable and smooth using
stereo vision and mixed reality as a visual feedback system over monocular video
images streamed to a computer screen. Both these findings have been proven to be
significant from the LSD analysis, which clearly highlights the positive effects of using
mixed reality headsets for robotic teleoperation applications. Lastly, the MR Key-
board Control mode is only 1x higher in jerk compared with the MR Hand Control
mode. The ratio shows that regardless of whether using a rudimentary control input
system such as a keyboard or an intuitive one such as hand tracking gesture-based
control, the control stability is quite similar due to the advent of mixed reality depth

perception.

Target  Video/MR Hand Video/MR Keyboard MR Keyboard/MR Hand

Target 1 6.0x 6.0x 1.0x
Target 2 5.6% 5.8 1.0x
Target 3 5.6 5.6 1.0x
Average 5.7X 5.8 X 1.0x

Table 4.17: Average jerk magnitude ratios between the various control modes.
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4.5 Limitations

Although the devised teleoperation interface showed significant improvements in task
completion and control stability experiments, several factors constrain the reliability
of the results. The constraints can be divided into two categories. The first category
involves the various sources of error, which are derived from hardware and software
issues, including sensor noise, actuation inaccuracies, and data sampling limitations.
The second category arises from broader research limitations that relate to the scope
of the study, experimental design, and applicability of the findings to other hazardous
environments. The following subsections will discuss these two aspects in detail to

provide context of the boundaries of the current work.

4.5.1 Sources of Error

The experiments conducted yielded very positive results, which indicate a heightened
sense of depth perception, due to the use of the stereo camera and HMD, as well
as more decisive and fluent control of the end effector through the intuitive hand
tracking control system. To familiarize, the experiment consisted of placing three
target cubes, at various positions in the robot’s workspace, and giving participants
the task of driving the robot arm’s end effector to the target cube. When the end
effector collided with the cube, the experiment was stopped. To collect data on the
robot arms trajectory, the robot’s internal M5Stack OBC was used to retrieve the
position of the end effector, at a high frequency.

One of the sources of error that may limit the accuracy of the observed results is the
pose estimations conducted by the robot arm. The robot arm’s servo motors require
frequent calibration to ensure they can accurately measure the angle of each of the
six joints. During long run-times and with a heavy end effector load, this accuracy
can diminish. However, this would be a very minuscule error estimation in the order

of millimetres. To overcome this, it was ensured that before each participant began
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the experiment, the robot arm was correctly calibrated by aligning the servo motors
to their neutral position, followed by executing a servo movement test to ensure the
servo’s return to their base angle. The calibration is also recommended by Elephant
Robotics, prior to use of the arm.

Further, during the experiment, as the robot arm’s end effector moves to the target,
eventually colliding with the target cube, the experiment is stopped. As the target
cubes were 4.5 x 4.5 x 4.5 cm, the tip of the end effector could collide at any point
of the front of the cube, leaving space for different collision points that terminate the
experiment. To minimize this error, participants were directed to aim for the centre
of the cube, which reduces the error per trial. Errors of approximately +1 second may
occur due to the extra distance the end effector travels. However, as this experiment
was not an accuracy test, rather more focused on understanding control fluidity and

general depth awareness, this source of error is not significant.

4.5.2 Research Limitations

This developed Mixed Reality teleoperation interface consisted of two control modes;
(1) a FPV Hand Control mode, and (2) a third-person digital twin hand control
mode. One of the setbacks of the third-person control mode was a low resolution
point cloud. The stereo camera’s per-pixel depth computation system is designed
to be highly accurate but at moderate distances. Within the experimental setup
conducted, which was limited by the robots 350 mm range, objects near the arm,
at about 15-20 c¢m, were difficult to measure the distance to. Therefore, the point
cloud that was generated often times included objects further away, thus making the
robot arm’s near workspace difficult to visualize. For this reason, the third-person
control mode was not used in the experiment conducted. Additionally, this shows the
need for sensor fusion, where adding more sensitive depth cameras, such as LiDAR
or Infrared (IR) sensors, may increase the density of the point cloud near the robot’s

workspace for better operator awareness.
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As seen from the results, the MR Hand Control interface performs each task much
faster and more steadily than all other control interfaces provided. However, the
measurement of the true efficiency gain was limited by the physical reach of robot
arm. It is hypothesized that the MR Hand Control system should be significantly
more efficient than the conventional systems, as was the case in the simulation com-
ponent. However, as the experimental targets were relatively close together, due to
the limited robot workspace, the measurements between the various control modes
did not differentiate as much as they could with a larger robot arm reach.

Lastly, in this research, the stereo camera feed was streamed to the HMD over a
USB-C connection. However, in real-world teleoperation systems, often the video feed
is streamed over an internet connection, if possible. Otherwise, it would be connected
via a long USB connection. The ZEDM camera is designed to stream at very low
latency, approximately 30 FPS, at HD1080 resolution, natively. However, in order to
interface with the ZED SDK, a GPU is required. As the SBC used for this application
was a Raspberry Pi 4B, which does not have a dedicated GPU, it cannot install the
CUDA drivers necessary to interface with the ZEDM camera to stream the images
to the Unity instance wirelessly. Therefore, the feed was streamed directly through a

USB-C connection to the main computer.

4.6 Applications of Developed System

The findings of this research demonstrate the potential for MR technology to address
some of the underlying issues found in conventional robotic teleoperation systems.
As mentioned in the introductory chapter, some of the key challenges in current day
robotics is the lack of depth perception and unintuitive control systems that make
teleoperation cognitively demanding and inefficient. However, the results demon-
strated in this experiment support the idea that combining immersive stereo vision
with natural hand tracking significantly improves teleportation. Specifically, the 37%

and 39% task completion time reductions, relative to MR Keyboard and Computer
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Video Keyboard Control respectively, show that their is a significant efficiency gain
through intuitive gesture-based interfaces. The increase in efficiency is very applicable
in time sensitive operations such as remote maintenance, nuclear waste cleanup, or
search and rescue. Additionally, the jerk analysis showed a significant improvement in
control stability within MR-based interfaces. Specifically, there was upwards of a 5x
increase in trajectory smoothness compared to conventional monocular video-based
systems. Such functionality is extremely useful when interacting with delicate ob-
jects or confined spaces, including underwater and off-site construction sites, orbital
repairs, and surveying applications. One of the main highlights of this analysis was
the comparison between the MR Keyboard Control and Computer Video Keyboard
Control which demonstrated that even without natural gesture input, the presence of
stereo vision alone, using HMDs, reduces erratic control behaviour. The finding indi-
cates that mixed reality systems can slowly be adopted into existing systems to take
immediate advantage of the performance benefits, even before integrating immersive
control systems. From the perspective of scalability, the developed MR interface has
the ability to be adapted into a wide range of existing robotic platforms and use-cases.
By taking advantage of the modular software frameworks used and designed in this
research (Unity and ROS-based systems), this interface can be reconfigured for dif-
ferent robotic arms and control tasks. Additionally, as the MR interface runs on the
OpenXR framework, it can be applied to a wide variety of VR headsets. Further de-
velopment of this teleoperation system can expand its applications towards bimanual
manipulation, multi-robot collaboration (swarm robotics), or semi-autonomous oper-
ations. Such upgrades will enable the deployment of this system into sectors such as
space exploration, advanced manufacturing, and infrastructure inspection. Specifi-
cally, to successfully deploy the developed interface into an area such as construction
sites to support precise material handling, added sensors, allowing for denser point
cloud generation, and the deployment onto a mobile platform would be required. In

the context of nuclear environments, radiation-hardened hardware and robust com-
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munication protocols would be necessary. For the application of space environments,
latency tolerant teleoperation as well as lightweight hardware, to minimize payload
mass, would need to be adopted. These considerations show that although the devel-
oped system shows strong experimental validation, deployment into real-world haz-
ardous settings require for it to be outfitted with targeted hardware and software

modifications.
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Chapter 5

Conclusion and Recommendations

5.1 Summary of Findings

This section summarizes the main findings of this research project. To recall, the
main objectives of this research was to develop a novel mixed reality application
that provides the operator with a first-person view, with true depth awareness, of
the robot’s workspace. Among the project goals was the implementation of hand-
tracking and gesture-detection algorithms for robot arm control. The last objective
was to devise experiments that would measure the efficiency gain of completing target-
tracking tasks for the proposed system against conventional interfaces.

The target tracking experimental data was gathered and trajectory plots were
generated to visually inspect the paths taken for the various control interfaces. The
inspected trajectory graphs showed smooth paths, that were more consistent with
a straight line, for the MR Hand Control mode compared with MR Keyboard and
Computer Video Keyboard Control modes. It highlighted the first signs of elevated
control stability provided by the intuitive hand tracking input system. To further
analyze these effects and to compute efficiency, a distance minimization analysis was
performed, plotting the Euclidean distance to the target over time. These graphs show
the overall time to complete each task, for each of the control modes. The results
of this analysis show that the MR Hand Control system achieves a time reduction

of 37% compared to the MR Keyboard Control mode and 39% compared to the
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Computer Video Keyboard Control mode, which highlights the added benefits of
combining immersive stereo depth perception with intuitive gesture-based control.
The metric achieves the desired objective of the research of improving teleoperation
efficiencies through the design of a novel mixed reality application. Specifically, this
data shows a direct correlation between stereo vision systems to the depth awareness
provided to the operator. Further, a comparison was performed between the MR
Keyboard Control mode and the Computer Video Keyboard Control mode which
yielded a 3% improvement. The finding suggested that although stereo video provides
perceptual benefits, its impact is less effective with rudimentary input systems, from
a task completion time standpoint. It should be noted that these experiments were
conducted for operators that have little to no experience with robotic teleoperation
systems. The participants were also only subject to 10 minutes of training prior
to task execution, which shows that in the context of untrained operators, the MR
Hand control method significantly outperforms conventional keyboard and monocular
visual feedback teleoperation methods.

To gain deeper insights on the effects of control input systems to trajectory stability,
an analysis of the jerk profiles was computed for each control mode. Jerk is the
time-derivative of the robot arm’s acceleration, and it provides insights into motion
smoothness and trajectory continuity. The results of this analysis showed that for
each of the three targets, the average jerk values for the Computer Video Keyboard
Control mode were consistently more than 5 times higher than for both MR-based
systems, which shows the negative affects caused by the absence of stereo vision,
forcing the operator to make abrupt corrective movements. In contrast, the MR
Keyboard Control mode was only 1x higher in jerk compared to the MR Hand
Control mode, which showed that although keyboard input introduces a low degree
of freedom in movement, the depth awareness provided by the MR environment has
a significant impact on dampening erratic control behaviour. Combing this finding

with the low percentage change in task completion times between the MR Keyboard
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Control and Computer Video Keyboard Control, it shows that although keyboard
control results in less direct paths to the targets, the trajectory is much more stable
and decisive than when stereo camera systems are not used for depth perception. The
finding achieves the secondary objective of this research which was to successfully
implement hand tracking and gesture detection algorithms to improve robot arm

control.

5.2 Impact of the Research

The research demonstrated that utilizing stereo cameras, with its integration of mixed
reality headsets, and intuitive hand control input system significantly increase task
completion efficiency, control stability, depth awareness, and situational awareness in
remote robotic teleoperation. It also enables complex robotic systems to be deployed
in real-world scenarios much faster, as the training complexity for operators is signifi-
cantly reduced. The main reason for this is due to the simplistic and natural mode of
providing control inputs via hand tracking as well as the ability to instantly perceive
depth with stereo images through a head-mounted display.

These findings are specifically impactful for industries that heavily rely on remote
robotic operations. Areas such as construction, space robotics, underwater construc-
tion, and nuclear waste cleanup / monitoring can use this technology to reduce the
hazards imposed on human workers, utilizing their experience and knowledge to com-
plete tasks more efficiently, through a remote environment. The simplistic control
nature of this system enables robotics to enter into new applications without prior
experience in robotic operations.

The devised teleoperation system is designed to be extremely modular, requiring
three main components: (1) Standalone Single Board Computer, (2) Laptop with a
dedicated GPU, (3) a Meta Quest 2 VR HMD, and (4) a ZED Mini stereo camera.
Additionally, the code written to teleoperate the myCobot 320 M5 is extensible to a

wide range of robot arms currently available, due to the development being conducted
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using the Robot Operating System (ROS).

5.3 Future Work

To further extend the capabilities of this research, and to make it more extensible
to real-world applications, several steps can be taken. These future directions are
categorized into short-term implementations and long-term visions. The short-term
actionables build directly on the current system while the long-term ones aim to

broaden the scope of the research and its impact.

5.3.1 Short-Term Improvements

e Integration of a dedicated GPU SBC: The current SBC used for this
research is a Raspberry Pi 4B, which limits video streaming performance. Up-
grading to the NVIDIA Jetson Nano would enable real-time internet streaming

of the stereo images using network protocols and the built-in ZED SDK, which
require access to a dedicated GPU and CUDA drivers [66].

e Development of hardware gimbal system: The simulated 2-axis servo ac-
tuated gimbal system should be implemented in the hardware integration com-
ponent. Utilizing the GPIO pins of the Jetson Nano would allow the stereo
camera to track the user’s head orientation, which will improve situational

awareness, as proven in the simulation segment.

e Upgrading the HMD: Upgrading the current VR HMD from the Meta Quest
2 to the Quest Pro can significantly improve the precision of hand tracking, due
to an array of improved spatial mapping sensors, enabling for more precise

control of the end effector.
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5.3.2 Long-Term Extensions

e Deployment of the system in hazardous field environments: The cur-
rent system can be extended by mounting the robot arm to a unmanned ground
vehicle (UGV), where it can be tasked with generating a digital twin of an un-
known or inaccessible environment using the stereo camera system’s point cloud

generation tool.

e Semi-autonomous assistant algorithms: Develop machine learning models
that enable the system to recognize repetitive task executions, such as pick-
and-place of objects, utilizing machine vision, to reduce teleoperation workload

of the operator.

e Sensor fusion: Add LiDAR sensors, with a shorter focal length, and fuse the
generated depth data with the stereo cameras point cloud extraction tool to

construct more detailed real-time digital maps.
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Appendix A: Graphs and Plots of
All Participants
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Figure A.1: Student 1 - Trajectory of the robot arm’s end effector, for multiple runs,
using the (a) Mixed Reality Hand Control method, (b) Mixed Reality Keyboard Input
method, and (c) Computer Video Keyboard Input method
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Figure A.2: Student 2 trajectories plots.
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Figure A.3: Student 3 trajectories plots.
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Figure A.4: Student 4 trajectories plots.
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Figure A.5: Student 5 trajectories plots.
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Figure A.6: Student 6 trajectories plots.
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Figure A.7: Student 7 trajectories plots.
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Figure A.8: Student 8 trajectories plots.
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Figure A.9: Student 9 trajectories plots.
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Figure A.10: Student 10 trajectories plots.
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A.2 Distance Minimization Plots
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Figure A.11: Distance minimization plots for Student 1. Each subplot corresponds
to a target cube: (a) Target 1 (right), (b) Target 2 (centre), and (c) Target 3 (left).
Each line represents a trial using one of the three control methods.
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Figure A.12: Student 2 distance minimization plots.
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Figure A.13: Student 3 distance minimization plots.
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Figure A.14: Student 4 distance minimization plots.
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Figure A.15: Student 5 distance minimization plots.
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Figure A.16: Student 6 distance minimization plots.
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Figure A.17: Student 7 distance minimization plots.
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Figure A.18: Student 8 distance minimization plots.
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Figure A.19: Student 9 distance minimization plots.
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Figure A.20: Student 10 distance minimization plots.
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Figure A.21: Jerk profiles for Student 1 across all control types and target cube positions. Each row corresponds to a different
target, and each column corresponds to a different control mode. Coloured lines represent filtered jerk magnitude across trials;
dashed horizontal lines indicate average jerk.
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Figure A.22: Student 2 jerk profile plots.
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Figure A.24: Student 4 jerk profile plots.
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Figure A.26: Student 6 jerk profile plots.
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Figure A.27: Student 7 jerk profile plots.
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Figure A.28: Student 8 jerk profile plots.
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Figure A.29: Student 9 jerk profile plots.
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Figure A.30: Student 10 jerk profile plots.
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Appendix B: User Interface

Segment Code - C#

B.1 User Input Classes

using System.Collections;
using System.Collections.Generic;

using UnityEngine;

using UnityEngine.SceneManagement;

public class compute_hand_control_v2

{

MonoBehaviour

// Create an instance of the joint_storage class
[SerializeField] private joint_storage jointStorage;

// Store joint-joint distance wvalues
[SerializeField] private
[SerializeField] private
[SerializeField] private
[SerializeField] private
[SerializeField] private

float dist4_8_rh = 0.0f;
float dist8_0O_rh = 0.0f;
float dist12_0O_rh = 0.0f;
float dist16_0_rh = 0.0f;

= 0.0f;

float dist20_0_rh

// Define GameObjects and Transforms
[SerializeField] private Transform anchorTransform;

[SerializeField] private
[SerializeField] private

// Define materials

[SerializeField] private
[SerializeField] private
[SerializeField] private
[SerializeField] private

// Define hand gesture

private
private
private
private

float
float
float
float

GameObject motionFlagSphere;
GameObject gripperFlagSphere;

Material
Material
Material
Material

thresholds

greenMat ;
redMat ;
blueMat;
purpleMat;

dist4_8_rh_pos_thresh = 0.012f;

distl12_O_rh_pos_thresh
distl16_O_rh_pos_thresh
dist20_O_rh_pos_thresh
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0.091%;
0.09f;
0.091%;
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61

private float dist8_O_rh_grip_thresh = 0.09f;

private float distl12_O_rh_grip_thresh = 0.09f;
private float distl1l6_O_rh_grip_thresh = 0.09f;
private float dist20_O_rh_grip_thresh = 0.09f;

// Define wariables for calculations

public float[] handControlData = new float[9]; //
Transmission data array to ROS server

private int gripCount = 0; // Number of pinches detected

private float gripTimer = 0.0f; // Timer to detect
consecutive pinches (countdown begins)

private float gripWindow = 1.0f; // Fized time window to
regtster multiple pinches

private bool isGripping = false; // Flag to check if
pinching 1s occuring

void Start ()

{
// Initialize wvalues of each index to Of to ensure
robot arm safety
for (int i = 0; i < handControlData.Length; i++)
{
handControlData[i] = 0.0f;
}
}

// Update 4is called once per frame
void Update ()
{
// Compute the distances to joint combinations
dist4_8_rh = Vector3.Distance(jointStorage.
rightHandJoints [4] .position, jointStorage.
rightHandJoints [8].position);
dist8_0_rh = Vector3.Distance(jointStorage.
rightHandJoints [8].position, jointStorage.
rightHandJoints [0] . position);
dist12_0_rh = Vector3.Distance(jointStorage.
rightHandJoints [12] . position, jointStorage.
rightHandJoints [0] . position);
dist16_0_rh = Vector3.Distance(jointStorage.
rightHandJoints [16] .position, jointStorage.
rightHandJoints [0] . position);
dist20_0_rh = Vector3.Distance(jointStorage.
rightHandJoints [20] . position, jointStorage.
rightHandJoints [0] . position);

// Compute motion gesture detection
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if (dist4_8_rh < dist4_8_rh_pos_thresh) // When pinch
{
motionFlagSphere.GetComponent <MeshRenderer >() .
material = blueMat;

if ((dist12_0_rh < distl12_O_rh_pos_thresh) && (
dist16_0_rh < dist16_O0_rh_pos_thresh) && (
dist20_0_rh < dist20_O_rh_pos_thresh)) // When
grip with pinch

{

Vector3 directionVector = Vector3.Normalize (
jointStorage.rightHandJoints [8].position -
anchorTransform.position); // Compute the
normalized direction wvector

for (int i = 0; i < 3; i++)

{

handControlData[i] = directionVector[i];
// Set the direction wvector to the
global hand control data for
transmission (settting raw data ->
Coordinate transformations handled at
ROS mnode)

+

motionFlagSphere.GetComponent <MeshRenderer >() .
material = greenMat;

}
else // When pinch but no grip
{
for (int i = 0; i < 3; i++)
{
handControlDatal[i]l = 0.0f; // Zero the
direction wvector
+
}
+
else // When no pinch and no grip
{
motionFlagSphere.GetComponent <MeshRenderer >() .
material = redMat;
for (int i = 0; i < 3; i++)
{

handControlDatal[i]l = 0.0f; // Zero the

direction wvector
}
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98

99

100

101
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104

106

107
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110
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129

130

131

133

134

// Detect gripper gesture
DetectGrip () ;
CountGrips () ;

if (Input.GetKey(KeyCode.R))

{
SceneManager .LoadScene ("3rd Person");
X
b
// Function: Detects when a gripper gesture has been
invoked
void DetectGrip ()
{
// Check whether the thresholds have been satisfied
if ((dist8_0_rh < dist8_O_rh_grip_thresh) && (
dist12_0_rh < dist12_0O_rh_grip_thresh) && (
dist16_0_rh < dist16_O_rh_grip_thresh) && (
dist20_0_rh < dist20_0O_rh_grip_thresh))
{
if (isGripping == false) // Ensure grip count is
not incremented when gesture ts held without
release
{
isGripping = true;
gripCount ++;
gripTimer = gripWindow; // Reset the timer
when a pinch has been recognized
b
X
else
{
isGripping = false; // Thresholds were not met
b
}

// Function: Count the number of pinches to classtfy the
gripper state
void CountGrips ()
{
// Ensure gripper timer is non-negative
if (gripTimer > 0)
{
gripTimer -= Time.deltaTime; // Count down the
timer
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// When the timer runs out, process the collected

counts
if (gripTimer <= 0)
{
if (gripCount == 2) // Open gripper state
{
handControlData[6] = 1.0f;
gripperFlagSphere.GetComponent <
MeshRenderer >() .material = purpleMat;
b
else if (gripCount == 3) // Close gripper
state
{
handControlData[6] = 0.0f;
gripperFlagSphere.GetComponent<
MeshRenderer >() .material = redMat;
}
gripCount = 0; // Reset the grip count and
time for mnext detection window
b

3

Listing B.1: Script that utilizes hand tracking data from OpenXR to detect gestures

using System.Collections;
using System.Collections.Generic;
using UnityEngine;

public class global_robot_ctrl : MonoBehaviour
{
// Define wuser parameters
[Header ("Robot Model Setup")]
public Transform EndEffectorTransorm;
public GameObject Target;
[SerializeField] private Transform RootComponent;
public global_hand_ctrl GlobalHandCtrl;

// Define internal parameters

[Header ("Target Pose and States")]

public Vector3 TargetEndEffectorPos;

public Quaternion TargetEndEffectorRot;

public Vector3 CurrentEndEffectorPos;

public bool IsControlActive = false; // Set to true when
the thts script ©s exzecuted
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// Define wuser input state
[Header ("Control Type States")]
[SerializeField] private bool ComputerBasedControl = false

I

private void Start ()

{
// Initialize components
TargetEndEffectorPos = Target.transform.position;
TargetEndEffectorRot = Target.transform.rotation;
b

void Update ()
{
// Validate components
if (!'(Target && EndEffectorTransorm && GlobalHandCtrl)

)
{
Debug.LogWarning (" [global_robot_ctrl]: One or more
objects not been initialized");
return;
}

if (!(ComputerBasedControl))

{
// Compute only position control
if (GlobalHandCtrl.RIGHT_PINCH)

{

TargetEndEffectorPos = Target.transform.
position - RootComponent.position; //
Compute and update the target position (
robot_base_coord)

IsControlActive = true; // Set control state
to high

return;

}
else
{
IsControlActive = false;
b

// Compute only orientation control
if (GlobalHandCtrl.RIGHT_PINCH_GRIP)
{
TargetEndEffectorRot = Target.transform.
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¥

else

{

rotation; // Compute and update the target
ortentation

IsControlActive = true;
return;
}
else
{
IsControlActive = false;
}

// Compute position & orientation control
if (GlobalHandCtrl.RIGHT_GRIP)

{
TargetEndEffectorPos = Target.transform.
position - RootComponent.position;
TargetEndEffectorRot = Target.transform.
rotation;
IsControlActive = true;
return;
b
else
{
IsControlActive = false;
b

if (EndEffectorTransorm && Target &&
GlobalHandCtrl)
{
// Calculate and set
TargetEndEffectorPos = Target.transform.
position - RootComponent.position; //
Computes the target position (
robot_base_coord)
CurrentEndEffectorPos.x = EndEffectorTransorm.
position.x; // Computes the current
position (robot_base_coord)
CurrentEndEffectorPos.y EndEffectorTransorm.
position.y;
CurrentEndEffectorPos.z
position.z;

EndEffectorTransorm.

// Get the quterntion rotation of the target
TargetEndEffectorRot = Target.transform.
rotation;
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94 IsControlActive = true; // Set control state
to high

95 }

96 else

97 {

98 // Log a warning and set the control state to
low

99 Debug.LogWarning ("global_robot_ctrl: The end
effector transform or target object is not
attached") ;

100 IsControlActive = false;

101 }

102 }

103

104 }

105 }

Listing B.2: Class that computes the end effector pose vectors in the third-person
digital twin control mode

B.2 Communication Classes

1 |using System.Collections;
2 |using System.Collections.Generic;
3 lusing UnityEngine;

5 |// Required Imports for system

6 |lusing System.Net;

7 lusing System.Net.Sockets;

s |using System.Text;

9 |using System;

0 |using System.Threading.Tasks; // Import System.Threading. Tasks
for async operations

13 |public class udp_client : MonoBehaviour

1|

15 // Define server IP and socket number

16 public string serverIP = "130.63.230.126";

17 public int serverPort = 2222;

18

19 // Define string object to store message to transmit
20 public string messageTX = "INITIALIZE COMMS";

21

22 // Define a string object to store recetved message
23 public string messageRX = "INITIALIZE COMMS";
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29

30

31

// Create UDP client object and IPEndPoint object
private UdpClient udpClient;
private IPEndPoint remoteEndPoint;

// Inherit the keyboard_input class and create an instance
of it
public keyboard_input keyboardInput;

// Construct and instance of the hand_tracking class
//public compute_hand_control computeHandControl;
public compute_hand_control_v2 computeHandControlV2;

// Reference data_handler class
public data_handler dataHandler;

// NEW CODE: Reference the global_robot_ctrl class
public global_robot_ctrl GlobalRobotCtrl;

// Define user parameters

public float[] robot_pose_data = new floatl[6]; // [z, vy, =z
, phi (rz), theta (ry), pst (rz)] Cartesian robot
coordinates

public string poseDataCode = " POSE,";

void Start ()

{
// Create an tinstance of the UDP cleint
udpClient = new UdpClient ();
// Define an IP Adress object and attach the server ip
string object, bind the IP Adress object and the
socket number to create a IP End Point object
IPAddress ipAdress = IPAddress.Parse(serverIP);
remoteEndPoint = new IPEndPoint (ipAdress, serverPort);
// Begin the communication and receive loop
asynchronously
_ = CommuncationLoopAsync () ;
_ = ReceiveLoopAsync();
}

// Define method to transmit message to UDP server
asynchronously
async Task CommuncationLoopAsync ()

{
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try

while (true)

{

// Priority input system: <f there ts no data
coming from the keyboard, prioritze the
hand tracking system as the input system,
else (there is keyboard input), prioritize
the keyboard input system

if ((keyboardInput.keydown == "INPUT SYSTEM O"
) && (GlobalRobotCtrl) && (GlobalRobotCtrl.
IsControlActive))

{
messageTX = dataHandler.
convertGlobalRobotControl (
GlobalRobotCtrl.TargetEndEffectorPos,
GlobalRobotCtrl.TargetEndEffectorRot);
}
else if (keyboardInput.keydown == "INPUT
SYSTEM 0")
{
// Retrieve input data from Hand Tracking
System
messageTX = dataHandler.
convertHandTrackedData (
computeHandControlV2.handControlData) ;
b
else
{
// Retrieve input data from the Keyboard
System
messageTX = keyboardInput.keydown; //
Already a single string wvalue
X

// Convert tranmit message into bytes through
UTF-8 encoding

byte [] dataTX = Encoding.UTF8.GetBytes (
messageTX);

// Transmit bytes asynchornously
await udpClient.SendAsync(dataTX, dataTX.

Length, remoteEndPoint);

// Time between tranmission of mnext message
await Task.Delay(TimeSpan.FromSeconds (0.01f));
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b
catch (Exception e)
{
Debug.LogError ("Error in data transmission: " + e.
Message) ;

// Define method to receive message from UDP server
asynchronously
async Task ReceiveLoopAsync ()

{
try
{
while (true)
{
// Receive bytes asynchronously
UdpReceiveResult bytesRX = await udpClient.
ReceiveAsync () ;
// Comvert RX bytes into string
messageRX = Encoding.UTF8.GetString(bytesRX.
Buffer) ;
// Time between reception of next message
await Task.Delay(TimeSpan.FromSeconds (0.01f));
}
}
catch (Exception e)
{
Debug.LogError ("Error in data reception: " + e.
Message) ;
}
}

// Define method to close the UDP client system safely
when program stops
private void OnDestroy ()

{
// Close UDP client when UdpClient object is destroyed
(when program ts fintshed exzecuting)
if (udpClient != null)
{
udpClient.Close () ;
}
}
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Listing B.3: UDP client script that connects, encodes, transmits, and receives data
to/from the robot arm’s SBC.

using System.Collections;
using System.Collections.Generic;
using UnityEngine;

public class data_handler : MonoBehaviour
{
// Define data codes
public string htcDataCode = "HTC";
public string grcDataCode = "GRC";

// Define method to handle the hand tracking data and
convert to a transmitting String message

// OUT FORMAT: "X.XXX, X.XXX, X,XXx ...."

public string convertHandTrackedData(float[] values)

{
string result = htcDataCode + "," + string.Join(",",
values) ;
return result;
}

// Define method to handle the received robot joint angle
data 2nto a float array of length 6
// OUT FORMAT: [X.Xf, X.Xf, X.Xf, X.Xf, X.Xf, X.Xf]
public float[] convertRobotJointAngleData(string messageRX
)
{
// Conwvert input String into a array of Strings
through splitting using a csv format
string[] rxMsgStringArray = messageRX.Split(’,’);

// Define a float array of length 6 -> implicitly
define the length

float[] jointAnglesArray = new float[rxMsgStringArray.
Length];

// Convert each string value into a floating point
value and populate the float array
for (int i = 0; i < rxMsgStringArray.Length; i++)

{
// Cast string to float
jointAnglesArray[i] = float.Parse(rxMsgStringArray
(i].Trim ) ;
}
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36 // Return the resulting robot joint angles array
37 return jointAnglesArray;

38 }
39
40 // FUNCTION: Inputs a wector3 and outputs a string of
format [GRC, X.XXX, X.XXX, X.XXX]
41 public string convertGlobalRobotControl (Vector3
TargetPosition, Quaternion TargetRotation)
42 {
43 string result = grcDataCode + "," + TargetPosition [0]
+ "," + TargetPosition[1] + "," + TargetPosition
(215
44 result = result + "," + TargetRotation.x + "," +
TargetRotation.y + "," + TargetRotation.z + "," +
TargetRotation.w;
45 return result;
16 }
47
48 // FUNCTION: Converts the received rTobot pose data into a

list of 6 floating point wvalues

19 public float[] convertRobotPoseData(string
RobotPoseDataString)

50 {

51 float [] RobotPoseDataFloatArray = new float[6]; //
Define the final array to return

52 string [] RobotPoseDataStrArray = RobotPoseDataString.
Split(’,?’); // Seperate the string by commas and
create a string array

53 // Iterate through each string, convert each wvalue to
a float, and store in the float array

54 for (int i = 0; i < RobotPoseDataFloatArray.Length; i
++)

56 RobotPoseDataFloatArray[i] = float.Parse(
RobotPoseDataStrArray [i+1].Trim ()); // Trim
each string wvalue and cast into a float wvalwue
57 }

58 return RobotPoseDataFloatArray; // Return final list
to the user

60 | }

Listing B.4: Class designed to encode and decode data based on the communication
structures defined for various control methods.
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B.3 Data Acquisition and Rendering Classes

// Default libraries

using System.Collections;

using System.Collections.Generic;
using UnityEngine;

// Class specific libraries
using sl; // StereoLabs

public class point_extraction : MonoBehaviour

{

// Define details panel objects
[SerializeField] private ZEDManager ZEDManager;
private sl.float4 PCValue;

[SerializeField] private float MaxDistanceThresh = 1.5f;
// Units of meters
[SerializeField] private float MinDistanceThresh = 0.0f;

// Units of meters

public int MaxPoints = 5000; // Mazmimum number of points
to be plotted

public int Stride = 3; // Number of pizels skipped in
search alogirithm

public List<Vector3> PointPositions = new List<Vector3>();
// List to store the postitions of the point cloud
public List<Color> PointColours = new List<Color>(); //
List to store the corresponding colour wvalues for each
point
[SerializeField] private bool Logger = false;
private Dictionary<Vector3Int, Color> VoxelMap = new

Dictionary<Vector3Int, Color>(); // Define a map to
store the wvozel wvalues

public float VoxelResolution = 0.01f; // Define the size
of 1 cube in the woxzel map - default lIcm spatial
resolution

public bool HeatMap = false;

// Define ZED objects
private ZEDCamera ZEDCamera;
public sl.ZEDMat PointCloud = new sl.ZEDMat();

void Start ()
{
// Inttialize objects
ZEDCamera = ZEDManager.zedCamera;
uint mWidth = (uint) ZEDCamera.ImageWidth;
uint mHeight = (uint)ZEDCamera.ImageHeight;
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PointCloud.Create (mWidth, mHeight, ZEDMat.MAT_TYPE.
MAT_32F_C4, ZEDMat.MEM.MEM_CPU); // Create the
point cloud

Debug.Log("Init res: " + ZEDCamera.ImageWidth + "x" +
ZEDCamera.ImageHeight) ;

void Update ()
{
// Retrieve the latest point cloud data and store <t
to the point cloud materials
ZEDCamera.RetrieveMeasure (PointCloud, MEASURE.XYZRGBA,
ZEDMat .MEM.MEM_CPU, new sl.Resolution((uint)
ZEDCamera.ImageWidth, (uint)ZEDCamera.ImageHeight))
; // Retrieve the point cloud map for this frame

// Clear memory of lists to update the point cloud per
frame

PointPositions.Clear ();

PointColours.Clear () ;

// Iterate through pcd material and append valid
points to list
for (int y = 0; y < ZEDCamera.ImageHeight; y += Stride
)
{
for (int x = 0; x < ZEDCamera.ImageWidth; x +=
Stride)

if (PointPositions.Count >= MaxPoints) break;
// Break out of the inner loop when list 14s
full

// Retrieve the walues from the point cloud
material

PointCloud.GetValue(x, y, out PCValue, ZEDMat.
MEM.MEM_CPU); // Exztract the XYZRGBA walue
for this pizel

Vector3 Position = new Vector3(PCValue.r,
PCValue.g, PCValue.b);

if (!(HeatMap))
{
float PackedColour = PCValue.a;
uint packed = System.BitConverter.ToUInt32
(System.BitConverter.GetBytes(
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PackedColour), 0);

// Eztract individual color bytes wusing
bit masking
byte r = (byte) ((packed >> 0) & OxFF);
Red %s in the lowest byte
byte g = (byte) ((packed >> 8) & OxFF);
Green ts next
byte b = (byte) ((packed >> 16) & OxFF);
Blue 4s third
byte a = (byte) ((packed >> 24) & OxFF);
Alpha %s highest byte
Color Colour = new Color(r / 255f, g / 2
f, b / 265f, a / 2565f); // Convert to
Unity Color (0 1 range)

// Skip to next iteration of the loop th
data 1s mot walid

float Range = Position.magnitude;

if (!'((Range < MaxDistanceThresh) && (
Range > MinDistanceThresh)))

{

continue;

// Append the wvalues to the lists
PointPositions.Add (Position) ;
PointColours.Add (Colour) ;

}

else

{

float Range = Position.magnitude;

// Skip to mezt iteration if invalid

if (!((Range < MaxDistanceThresh) && (
Range > MinDistanceThresh)))

{

continue;

// Normalize the range to [0, 1] for HSV
mapping

//

//

//

//

55

e

float normalizedDepth = Mathf.Inverselerp(

MinDistanceThresh, MaxDistanceThresh,
Range) ;
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// Use a color map where 0 = red, 1 = blue
(HSV: hue goes from 0 to ~0.66)
float hue = Mathf.Lerp(0.0f, 0.66f,
normalizedDepth) ;
Color Colour = Color.HSVToRGB(hue, 1f, 1f)

s

PointPositions.Add(Position);
PointColours.Add(Colour) ;

// Convert position wvector to a Vozel key 1in
the map
Vector3Int VoxelKey = new Vector3Int(
Mathf .RoundToInt (Position.x /
VoxelResolution),
Mathf .RoundToInt (Position.y /
VoxelResolution),
Mathf .RoundToInt (Position.z /
VoxelResolution)
)

// Add the KEY to the map with tts
correspndonding Colour VALUE pasir
if (!(VoxelMap.ContainsKey(VoxelKey)))

{
VoxelMap [VoxelKey] = Colour;

// FUNCTION: Ezpose the map to other classes
public Dictionary<Vector3Int, Color> GetVoxelMap ()

{

return VoxelMap;

}

Listing B.5: Interfaces with the ZEDM camera and extracts RGB-D values over a
fixed number of pixels and stores them into memory.

using System.Collections;
using System.Collections.Generic;
using UnityEngine;

// Ensure particle system %s attached to the same Game Object
as this script

144




[RequireComponent (typeof (ParticleSystem))]

public class voxel_renderer : MonoBehaviour
{

// Define user parameters

ParticleSystem System;

ParticleSystem.Particle[] Voxels;

bool VoxelsUpdated = false;

public float VoxelScale = 0.001f;

public float Scale = 1f;

public point_extraction PointExtraction;

private void Start ()
{
// Initialize components
System = GetComponent<ParticleSystem>();

private void Update ()

{
// Update the particle system
if (VoxelsUpdated)
{
System.SetParticles (Voxels, Voxels.Length);
VoxelsUpdated = false;
}
SetVoxels ();
}

// FUNCTION: Update the walues we want to set for the
particle system

public void SetVoxels ()

{

if (PointExtraction)

{

if ((PointExtraction.PointPositions.Count =
PointExtraction.PointColours.Count))

// Set the Vozel particle array to the same
length as the Positions list

Voxels = new ParticleSystem.Particlel
PointExtraction.PointPositions.Count];

for (int i = 0; i < PointExtraction.
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PointPositions.Count;

i++)

// Set each of the wvalues of the Vozel

{
array to the point
Voxels[i].position =
PointPositions [i]
Voxels[i].startColor
PointColours[i];
Voxels[i].startSize =
}
VoxelsUpdated = true;

Dictionary<Vector3Int, Color>

and colours
PointExtraction.
* Scale;
= PointExtraction.

VoxelScale;

VoxelMap =

PointExtraction.GetVoxelMap () ;

if (Voxels == null || Voxels.
Count)
Voxels = new ParticleSyst
Count];
int j = O0;

foreach (var kvp in VoxelMap)
{

Vector3 Pos = new Vector3
, kvp.Key.z) * PointEx
VoxelResolution;

Color Colour = kvp.Value;

Pos
Co

Voxels [j].
Voxels[j].
Voxels [j].
j++;

position =
startColor =
startSize =

VoxelsUpdated = true;

}

Length != VoxelMap.

em.Particle[VoxelMap.

(kvp.Key.x,
traction.

kvp.Key.y

* Scale;
lour;

VoxelScale;

Listing B.6: Utilizes the point_extraction class data arrays, in real-time, to generate

a point cloud using Unity’s particle rendering system

using System.Collections;
using System.Collections.Generic;
using UnityEngine;
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// Ezxternal timports

using System.I0;

using System.Ling;

using System.Text.RegularExpressions;

// Custom enum to select type of control
public enum TrialType

{
hand,
los,
rgb
b
public class telemetry : MonoBehaviour
{

// Define references to external classes

[Header ("Class & Object References")]
[SerializeField] private udp_client UDPClient;
[SerializeField] private data_handler DataHandler;

// Define user parameters
[Header ("User Parameters")]

[SerializeField] private bool RecordData = false;
[SerializeField] private string User = "DefaultUser";
[SerializeField] private int TrialNum = 1;

[SerializeField] private TrialType Type = TrialType.hand;

// Define internal paramters
private float ElapsedTime;
private string TelemetryFilePath;
private string CsvFilePath;

private string PoseDataCode = "POSE";
[SerializeField] private float[] RobotPoseData = new float
[6l;

void Start ()
{

// Initialize parameters

ElapsedTime = 0.0f;

TelemetryFilePath = Path.Combine(Application.dataPath,
"Telemetry"); // Define path to dataset folder

// Create the folder if 4t does mnot exist
if (!Directory.Exists(TelemetryFilePath))

{
Directory.CreateDirectory(TelemetryFilePath);
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// Define full file path
string FileName = $"{User}_{Typel}_trial{TrialNuml}.csv"

CsvFilePath = Path.Combine(TelemetryFilePath, FileName
)

// Define header for csv file

if (RecordData == true)

{
string Header = "x,y,z,rx,ry,rz,deltaTime";
File.WriteAllText (CsvFilePath, Header + "\n'");

// Update is called once per frame
void Update ()

{

// Convert the raw pose data into a structured array
if (UDPClient.messageRX.StartsWith(PoseDataCode))
{
RobotPoseData = DataHandler.convertRobotPoseData/(
UDPClient .messageRX) ;

// Increment the elapsed time
ElapsedTime += Time.deltaTime;

// Add pose and time entry to the csv file

if ((RecordData == true) && (RobotPoseData.Length ==
6))
{
string Line = string.Format ("

{0} ,{1},{2},{3},{4},{5},{6}",
RobotPoseData [0], RobotPoseDatal[1],
RobotPoseData [2],
RobotPoseData[3], RobotPoseData [4],
RobotPoseData [5],
ElapsedTime.ToString ("F4")); // Limit to 4
decimal places

File.AppendAllText (CsvFilePath, Line + "\n");
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Listing B.7: Interfaces with the data received data from the udp_client class to
timestamp and store the pose of the end effector to a dynamic CSV file.
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Appendix C: Robot Hardware
Code - ROS-Python

C.1 Communication Scripts

N

#!/usr/bin/env python3

import rclpy

from rclpy.node import Node

from std_msgs.msg import String, Float64MultiArray
import socket

class UdpServer (Node):

def init__(self):

;;per(). _init__( )

# Initialize UDP server parameters
self._rx_data =

self._tx_data =

self . _buffer_size
self._server_port
self._server_ip =
self._client_ip = []

1024
2222

# Initialize UDP serwver
self._udp_server = socket.socket(socket.AF_INET,
socket .SOCK_DGRAM)
self . _udp_server.bind ((self._server_ip, self.
_server_port))
self.get_logger () .info(
)

# Construct a publisher object to publish the received
data to the toptc "raw_input_data”
self._publish_data = self.create_publisher (String,
, 10)
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# Consutrct a subsriber object to subscribe to robot
arm’s joint angles data from the topic "
robot_joint_angles”

self . _robot_joint_angles_data = self.
create_subscription(Float64MultiArray, ’
robot_joint_angles’, self.parse_joint_angle_data,
10)

self. _robot_pose_data = self.create_subscription(
Float64MultiArray, ’robot_pose’, self.

parse_pose_data, 10)

# Construct a timer to exzecute the rz_tz_server
callback function every millisecond

self.create_timer (0.01, self.rx_tx_server) # working
at 0.001 before

# Define wuser parameters
self . _pose_datacode = "POSE"

def rx_tx_server(self):
# Store the recetved data and the client tp adress and
decode the received message
self._rx_data, self._client_ip = self._udp_server.
recvifrom(self._buffer_size)
self._rx_data = self._rx_data.decode(’utf-87)

# Debug to the console the recetved data
#self.get_logger().info(f"RX: {self._rz_datal}t")
#self.get_logger ().info(f"TX: {self._txz_datal}t")

# Transmit a message to the client
self . _udp_server.sendto(self._tx_data.encode(’utf-87),
self._client_ip)

# Publish rTaw input data

msg = String()

msg.data = self._rx_data
self._publish_data.publish(msg)

# Define method to convert Float64MultiArray data into a
string message
def parse_joint_angle_data(self, msg):
# Convert floating point wvalues into a string value
joint_angles_string = [str(value) for value in msg.
datal

# Concatonate string array into a single wariable
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61 self._tx_data = ’,’.join(joint_angles_string)

63 # Define a method to convert robot pose topic data into a
transmittable string
64 def parse_pose_data(self, msg):

65 pose_string = [str(value) for value in msg.datal] #
Convert float wvalues to a stringed array
66 self._tx_data = self._pose_datacode + ’,’ + ’,’.join(

pose_string) # Set the transmit message wvartable to
the pose data string seperated with a comma
67 self .get_logger () .info (£f"TX: {self._tx_datal")

70 |def main (args=None):

71 rclpy.init(args=args)
72 node = UdpServer ()
73 rclpy.spin(node)

74 rclpy.shutdown ()

Listing C.1: ROS node for setting the Raspberri Pi 4B as a UDP server to send and
receive messages with the Unity instance.

C.2 Control Code

v | #!/usr/bin/env python3

3 |# Objective: Parse through input keyboard data from Unity and
utilize 2t to move robot arm im coorinate control mode.
4 |# Written by: Damith Tennakoon

6 |# Import ROS2 libraries

7 |import rclpy

s |from rclpy.node import Node

9o |from std_msgs.msg import String

10 |from std_msgs.msg import Float64MultiArray

12 |# Import myCobot librarties

13 |from pymycobot.mycobot import MyCobot
14+ [from pymycobot.genre import Angle

15 |from pymycobot import PI_PORT, PI_BAUD

7 |# Import signal libraries
1z |import time

20 |# Import computational Llibraries
21 |import math
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import numpy as np

# Functiomn - compute the yaw angle required to align end

effe

ctor etth the robot’s joint 0O motor

def yaw_axis_alignment (current_pose, offset):
pl_x = current_pose[0] # Parse the z,y coordinates
pl_y = current_pose [1]

beta

math.atan(-1*pl_x/pl_y) # Compute the immediate
angle, radians

p2_x = pl_x - offset * math.cos(beta) # Compute the z-

component due to the offset

p2_y = pl_y - offset * math.sin(beta) # Compute the y-

component due to the offset

yaw_angle_degrees = math.degrees(math.atan(-p2_x/p2_y)) +

90.0 # Compute actual immediate angle and account for

offset angle, degrees

return yaw_angle_degrees

# Construct Class
class KeyEECtrl(Node):

def

__init__(self):

super () . __init__("key_ee_ctrl")

self.get_logger () .info ("INITIALIZING KEY END EFFECTOR
CONTROLLER NODE")

# Initialize conmnection to Tobot arm

self.get_logger () .info ("INITIALIZING CONNECTION TO
ROBOT ARM")

self._mc = MyCobot ("/dev/ttyACMO", 115200) # Instance
of the MyCobot class

time.sleep (1)

self._mc.init_gripper ()

self. _mc.set_gripper_mode (0)

time.sleep (1)

self.get_logger () .info ("CONNECTION ESTABLISHED")

# Initialize rTobot arm movements

self.get_logger () .info ("INITIALIZING ROBOT ARM JOINTS
AND WORKSPACE")

self._mc.set_color (255, 0, 0)

time.sleep (0.5)

self._mc.send_coords ([93, -120, 280, 180, 7, 95], 10,
1) # Move to initialize position 2 (start pose)
using coordinate controller method

time.sleep (5)

self._mc.set_color (255, 255, 255)
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time.sleep (0.5)

self. _mc.set_gripper_value(20, 50) # Nearly close
gripper

time.sleep (3)

self._mc.set_gripper_value (100, 50) # Open Gripper

time.sleep (3)

self.get_logger () .info ("ROBOT ARM JOINT INITIALIZATION
COMPLETE - STATUS [READY]")

# Create Publisher/Subscriber objects

self . _publish_robot_pose = self.create_publisher(
Float64MultiArray, ’robot_pose’, 10) # Transmit the

robot’s pose for tracking/plotting

self._publish_robot_joint_angles = self.
create_publisher (Float64MultiArray, ’
robot_joint_angles’, 10) # Transmit the robot’s
joints for 3D digtital twin

self .raw_data_subscriber = self.create_subscription (
String, ’raw_input_data’, self.store_raw_data, 10)
# Recetive the string data from User Input Segment

# Define wariables for local data storage

self . _input_key = "NONE" # Recetved string message of
the keyboard input

self._cur_position = self._mc.get_coords() # [z, vy, =z,
pitch, roll, yaw]

self._incr_pos = 1.0 # Position wncrement for EE

self._command_delay = 0.04 # Delay after transmitting
motion command

self. _move_speed = 25 # Arm movement speed in mm/s

self . _robot_offset = 97 # Uffset between the joint 0
and joint 6 on the zy-plane, in mm.

self . _gripper_open = 100 # The mazimum extension (open
) wvalue for the rTobot gripper

self . _gripper_close 20 # The close wvalue for the
robot gripper

self . _gripper_speed
/s.

self . _gripper_delay
gripper command

50 # Speed of the gripper, in mm

1.0 # Delay after transmitting

# Create/exzecute callback functions

self._move_robot_timer = self.create_timer (0.01, self.
move_robot_arm)
self._tx_robot_params = self.create_timer (0.1, self.

tx_robot_arm)
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# Event Handler method - store the raw User Input Segment’
s keyboard data, locally
def store_raw_data(self, msg):
self._input_key = msg.data

# Callback method - move end effector of robot arm using
cartestian coordinate control fuction
def move_robot_arm(self):
# Update position wector based on input key data

if (self._input_key == )
self._cur_position[1l] -= self._incr_pos #
Increment on z-azis
self._cur_position[5] = yaw_axis_alignment (self.

_cur_position, self._robot_offset)

self . _mc.send_coords(self._cur_position, self.
_move_speed, 1) # Ezecute coordinate control
command

time.sleep(self._command_delay) # Delay to move
arm to position

elif (self._input_key == )
self._cur_position[1] += self._incr_pos
self._cur_position[5] = yaw_axis_alignment (self.

_cur_position, self._robot_offset)
self._mc.send_coords(self._cur_position, self.

_move_speed, 1)
time.sleep(self._command_delay)

elif (self._input_key == )
self._cur_position[0] -= self._incr_pos
self._cur_position[5] = yaw_axis_alignment (self.

_cur_position, self._robot_offset)
self . _mc.send_coords(self._cur_position, self.
_move_speed, 1)
time.sleep(self._command_delay)

elif (self._input_key == )
self._cur_position[0] += self._incr_pos
self._cur_position[5] = yaw_axis_alignment (self.

_cur_position, self._robot_offset)
self._mc.send_coords(self._cur_position, self.
_move_speed, 1)
time.sleep(self._command_delay)
elif (self._input_key == )
self._cur_position[2] += self._incr_pos
self. _mc.send_coords(self._cur_position, self.
_move_speed, 1)
time.sleep(self._command_delay)
elif (self._input_key == ):
self._cur_position[2] -= self._incr_pos
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self. _mc.send_coords(self._cur_position, self.
_move_speed, 1)
time.sleep(self._command_delay)
elif (self._input_key == "Q"):
self._mc.set_gripper_value(self._gripper_open,
self . _gripper_speed) # Upen grippper command
time.sleep(self._gripper_delay)
elif (self._input_key == "W"):
self._mc.set_gripper_value(self._gripper_close,
self . _gripper_speed) # Close grippper command
time.sleep(self._gripper_delay)
else:
self. _cur_position = self._cur_position

# Callback method - retrieve the rTobot arms end effector
pose and publish them to a topic
def tx_robot_arm(self):
# Define the data type and msg wvariable, retrieve the
pose, and store into publisher wvariable
pose_msg = Float64MultiArray ()
pose_msg.data = self._mc.get_coords()
self . _publish_robot_pose.publish(pose_msg)

# Create main method for looping the ROS mnode
def main(args=None):
try:
rclpy.init (args=args)
node = KeyEECtrl ()
rclpy.spin(node)
except Exception as main_err:
print (f"ERROR INITIALIZING NODE: {str(main_err)}")
finally:
if rclpy.ok():
rclpy.shutdown ()
print ("NODE SHUTDOWN COMPLETE")

# Ezecute the main function
if name == ’_ main__"’:

main ()

Listing C.2: ROS node transmitting control commands over UART using keyboard
inputs.

#!/usr/bin/env python3

# Objective: Parse through input hand tracking data from Unity
and utilize 1t to mowe rTobot arm in coorimate control mode
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# Written by: Damith Tennakoon

# Import ROSZ2 libraries

import rclpy

from rclpy.node import Node

from std_msgs.msg import String

from std_msgs.msg import Float64MultiArray

# Import myCobot libraries

from pymycobot.mycobot import MyCobot
from pymycobot.genre import Angle

from pymycobot import PI_PORT, PI_BAUD

# Import signal libraries
import time

# Import computational Llibrarties
import math

# Import computational Llibraries
import math
import numpy as np

# Function - compute the yaw angle required to align end
effector eith the robot’s joint 0O motor
def yaw_axis_alignment (current_pose, offset):
pl_x = current_pose[0] # Parse the z,y coordinates
pl_y = current_pose[1]
beta math.atan(-1*pl_x/pl_y) # Compute the immediate
angle, radians
p2_x = pl_x - offset * math.cos(beta) # Compute the xz-
component due to the offset
p2_y = pl_y - offset * math.sin(beta) # Compute the y-
component due to the offset
yaw_angle_degrees = math.degrees(math.atan(-p2_x/p2_y)) +
90.0 # Compute actual immediate angle and account for

offset angle, degrees
return yaw_angle_degrees

# Construct Class
class HandTrackingEECtrl (Node):

def __init__(self):
super () . __init__("hand_tracking ee_ctrl")
self.get_logger () .info ("INITIALIZING HAND TRACKING END

EFFECTOR CONTROLLER NODE")
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# Initialize comnection to Tobot arm

self.get_logger () .info ("INITIALIZING CONNECTION TO
ROBOT ARM")

self._mc = MyCobot ("/dev/ttyACMO", 115200) # Instance
of the MyCobot class

time.sleep (1)

self._mc.init_gripper ()

self._mc.set_gripper_mode (0)

time.sleep (1)

self.get_logger () .info ("CONNECTION ESTABLISHED")

# Initialize rTobot arm movements

self.get_logger () .info ("INITIALIZING ROBOT ARM JOINTS
AND WORKSPACE")

self._mc.set_color (255, 0, 0)

time.sleep (0.5)

self._mc.send_coords ([93, -120, 280, 180, 7, 95], 10,
1) # Mowe to initialize position 2 (start pose)
using coordinate controller method

time.sleep (5)

self._mc.set_color (255, 255, 255)

time.sleep (0.5)

self. _mc.set_gripper_value (20, 50) # Nearly close
gripper

time.sleep (3)

self. _mc.set_gripper_value (100, 50) # Open Gripper

time.sleep (3)

self.get_logger () .info ("ROBOT ARM JOINT INITIALIZATION
COMPLETE - STATUS [READY]")

# Create Publisher/Subscriber objects

self . _publish_robot_pose = self.create_publisher(
Float64MultiArray, ’robot_pose’, 10) # Transmit the

robot’s pose for tracking/plotting

self . _publish_robot_joint_angles = self.
create_publisher (Float64MultiArray, ’
robot_joint_angles’, 10) # Transmit the robot’s
jotnts for 3D digtital twin

self .raw_data_subscriber = self.create_subscription(
String, ’raw_input_data’, self.parse_raw_data, 10)
# Receive the string data from User Input Segment

# Define wariables for local data storage

self._hand_control_data = [0.0, 0.0, 0.0, 0.0, 0.0,
0.0, 0.0] # Floating point list of hand control
data

self._cur_position = self._mc.get_coords() # [z, vy, =z,
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pitch, roll, yawl]
self . _incr_pos = 1.0 # Position increment for EE
self . _command_delay = 0.04 # Delay after transmitting
motion command
self . _move_speed = 25 # Arm movement speed in mm/s
self. _robot_offset = 97 # Offset between the joint 0
and joint 6 on the zy-plane, n mm.
self._t_unity_to_robot = np.array ([

(-1, o, O],
[O; o’ _1],
[0, 1, 0]

1) # Transformation matriz from Unity coordinate
system to Robot coordinate system

self . _prev_gripper_state = True # Initialize the
previous gripper state to be "open'

self. _cur_gripper_state = self._prev_gripper_state #
Initialize the current gripper state to the
previous - sStops overlapping signals

self. _gripper_open = 100 # The mazimum extension (open

) value for the robot gripper

self . _gripper_close 20 # The close walue for the
robot gripper

self . _gripper_speed
/s.

self . _gripper_delay
gripper command

50 # Speed of the gripper, in mm

1.0 # Delay after transmitting

# Create and exzcute callback functions

self._move_robot_timer = self.create_timer (0.01, self.
move_robot_arm)
self._tx_robot_params = self.create_timer (0.1, self.

tx_robot_arm)

# Event Handler method - parse and store the HTC received

data

def parse_raw_data(self, msg):

# Parse data 1f the received message s for HTC
if (msg.datal[:3] == "HTC"):
split_string_list = msg.data.split(’,’) # Seperate
the string wusing csv format
# Convert and store the data
for i in range(len(self._hand_control_data)):
self._hand_control_datal[i] = float(
split_string_list[i+1])
# Cast and handle the gripper control wvalues
if (self._hand_control_datal[6] == 1.0):
self._cur_gripper_state = True # Set the
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120

123

128

129

130

current gripper state to "open”
else:
self._cur_gripper_state = False # Set the
current gripper state to "close”
else:
for i in range(len(self._hand_control_data)):
self._hand_control_datal[i]l = 0.0 # Zero the
data

# Callback method - move end effector of robot arm using
cartestian coordinate control funmction
def move_robot_arm(self):
# Update position wector when hand control data %S non
-zero
if ((math.sqrt(self._hand_control_data[0]**2 + self.
_hand_control_data[1]**2 + self._hand_control_data
[2]1*%2)) > 0.0):
unity_coords = np.array([self._hand_control_data
[0], self._hand_control_datal[l], self.
_hand_control_datal[2]]) # Construct numpy array
of unity unit wvector
robot_coords = np.dot(self._t_unity_to_robot,
unity_coords) # Perform coordinate
transformation - wuntity frame to Tobot frame
self._cur_position[0] += robot_coords[0] # Mowve
robot along t1ts z-azis
self._cur_position[1l] += robot_coords[1] # Mowve
robot along t1ts y-azis
self._cur_position[2] += robot_coords[2] # Mowve
robot along t1ts z-azis
self._cur_position[5] = yaw_axis_alignment (self.
_cur_position, self._robot_offset)
self . _mc.send_coords (self._cur_position, self.
_move_speed, 1) # Transmit coordinate control
command
time.sleep(self._command_delay) # Delay to move
arm to position
# Update gripper state when robot arm is statiomnary
else:
self._cur_position = self._cur_position
# Update the gripper state when tt’s different
that the previous state
if (self._cur_gripper_state != self.
_prev_gripper_state):
if (self._cur_gripper_state == True):
self. _mc.set_gripper_value(self.
_gripper_open, self._gripper_speed) #
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Open gripper command
time.sleep(self._gripper_delay)
else:
self. _mc.set_gripper_value(self.
_gripper_close, self._gripper_speed) #
Close gripper command
time.sleep(self._gripper_delay)
self._prev_gripper_state = self.
_cur_gripper_state # Sync the two states

# Callback method - retrieve the robot arms end effector
pose and publish them to a topic
def tx_robot_arm(self):
# Define the data type and msg wvariable, retrieve the
pose, and store wnto publisher wvariable
pose_msg = Float64MultiArray ()
pose_msg.data = self._mc.get_coords()
self._publish_robot_pose.publish(pose_msg)

# Create main method for looping the ROS mnode
def main(args=None):
try:
rclpy.init(args=args)
node = HandTrackingEECtrl ()
rclpy.spin(node)
except Exception as main_err:
print (f"ERROR INITIALIZING NODE: {str(main_err)}")
finally:
if rclpy.ok():
rclpy.shutdown ()
print ("NODE SHUTDOWN COMPLETE")

# Execute the main function

if __name_ == ’_ main__"’:

main ()

Listing C.3: ROS node for computing target pose vectors for robot arm through hand
gesture control inputs.

#!/usr/bin/env python3

import rclpy

from rclpy.node import Node

from std_msgs.msg import String

from std_msgs.msg import Float64MultiArray
from pymycobot.mycobot import MyCobot

from pymycobot.genre import Angle

from pymycobot import PI_PORT, PI_BAUD
import time
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# Import computational libraries

import math

import numpy as np

from scipy.spatial.transform import Rotation as R

# Function - compute the yaw angle required to align end
effector eith the robot’s joint 0O motor
def yaw_axis_alignment (current_pose, offset):
pl_x = current_pose[0] # Parse the z,y coordinates
pl_y = current_pose[1]
beta = math.atan(-1*pl_x/pl_y) # Compute the immediate
angle, radians
p2_x = pl_x - offset * math.cos(beta) # Compute the xz-
component due to the offset
p2_y = pl_y - offset * math.sin(beta) # Compute the y-
component due to the offset
yaw_angle_degrees = math.degrees(math.atan(-p2_x/p2_y)) +
90.0 # Compute actual immediate angle and account for
offset angle, degrees
return yaw_angle_degrees

# Function - convert all angles between 0-360
def to_positive_angle (angle):
angle = angle Y 360
if angle >= 180:
angle -= 360
return angle

# Function - postition deadband
def is_significant_change(new_position, pre_position,
pos_thresh = 2.0):
magnitude = math.sqrt((new_position[0]-pre_position[0]) **2
+ (new_position[1l]-pre_position[1])**2 + (new_position
[2] -pre_position [2]) *x*2)
if (magnitude >= pos_thresh):
return True
else:
return False

# Function - orientation deadband
def is_signicant_rotation(new_rotation, pre_rotation,
angle_thresh = 2.0):
magnitude = math.sqrt((new_rotation[0]-pre_rotation[0]) **2
+ (new_rotation[l]-pre_rotation[1])**2 + (new_rotation
[2] -pre_rotation [2]) **2)
if (magnitude >= angle_thresh):
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return True

else:

return False

class GlobalRobotCtrl (Node):

def

__init__(self):

super () . __init__("global_robot_ctrl™")

self.get_logger () .info ("INITIALIZING GLOBAL ROBOT CTRL
NODE...")

# Initialize connection to Tobot arm

self.get_logger () .info ("INITIALIZING CONNECTION TO
ROBOT ARM")

self._mc = MyCobot ("/dev/ttyACMO", 115200) # Instance
of the MyCobot class

time.sleep (1)

self.get_logger () .info ("CONNECTION ESTABLISHED")

# Initialtize rTobot arm movements

self.get_logger () .info ("INITIALIZING ROBOT ARM JOINTS
AND WORKSPACE")

self._mc.set_color (255, 0, 0)

time.sleep (0.5)

self._mc.send_coords ([93, -120, 280, 180, 7, 95], 10,
1) # Move to initialize position 2 (start pose)
using coordinate controller method

time.sleep (5)

self._mc.set_color (255, 255, 255)

time.sleep (0.5)

self.get_logger () .info ("ROBOT ARM JOINT INITIALIZATION
COMPLETE - STATUS [READY1")

# Create Publisher/Subscriber objects

self . _publish_robot_pose = self.create_publisher(
Float64MultiArray, ’robot_pose’, 10)

self. _publish_robot_joint_angles = self.
create_publisher (Float64MultiArray, ’

robot_joint_angles’, 10)
self .raw_data_subscriber = self.create_subscription (
String, ’raw_input_data’, self.store_raw_data, 10)

# Create/exzecute callback functions

self._move_robot_timer = self.create_timer (0.1, self.
move_robot_arm) # DEFAULT: 0.1
self. _retrieve_joint_angles = self.create_timer (0.01,

self .retrieve_joint_angles)
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# Define wvariables for local data storage

self._input_key = "NONE"

self._cur_position = self._mc.get_coords() # [z, vy, =z,
pitch, roll, yawl]

self._incr_pos = 2.0 # DEF -> 0.5 -> 1 -> 1.3 ->LAST

CHANGE 0.8
self._joint_O_angle = self._cur_position [0]
self . _prev_joint_6_angle = self._cur_position [5]

self._target_position = [0.0, 0.0, 0.0]

self._target_rotation (0.0, 0.0, 0.0, 0.01 # gz, qy,
qz, qu

self._cur_position = self._mc.get_coords() # [z, vy, =z,
pitch, roll, yawl]

self . _robot_offset = 97 # Uffset between the joint 0
and joint 6 on the zy-plane, in mm.

self. _move_speed = 30 # Arm movement speed in mm/s (
defualt 25mm/s)

self._command_delay = 0.015 # Delay after transmitting
motion command (default 0.04s)

# Define callback function to store topic data into
internal wvariables

def store_raw_data(self, msg):
self._input_key = msg.data

if (msg.datal[:3] == "GRC"):
split_string_list = msg.data.split(’,’) # Seperate
the string wusing csv format
# Convert and store the data
for i in range(len(self._target_position)):
self._target_position[i] = float(
split_string_list[i+1])
for j in range(len(self._target_rotation)):
self._target_rotation[j] = float(
split_string_list[j+4])

# Define a callback function to translate the robot arm’s
end effector in coordinate space
def move_robot_arm(self):
# Send position data to robot arm
if (((self._target_position[0]**2)+(self.
_target_position[1]*%*2)+(self._target_position
[2]1*%2)) > 0.0):
old_position = [self._cur_position[0], self.
_cur_position[1], self._cur_position[2]]
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11 old_rotation = [self._cur_position[3], self.
_cur_position[4], self._cur_position[5]]

113 self._cur_position [0] self . _target_position[2] =

1000

114 self._cur_position[1] = self._target_position[0] =*
-1000

115 self. _cur_position[2] = self._target_position[1] =*
1000

116 self._cur_position[5] = yaw_axis_alignment (self.

_cur_position, self._robot_offset)

118 new_position = [self._target_position[2] * 1000,
self._target_position[0] * -1000, self.
_target_position[1] * 1000]

121 r = R.from_quat(self._target_rotation)

122 euler_angles = r.as_euler( , degrees=True) #
returns roll, pitch, yaw in degrees

123 roll, pitch, yaw = euler_angles

124

125 roll_r = to_positive_angle(roll + self.
_cur_position [3])

126 pitch_r = to_positive_angle(yaw + self.
_cur_position [4])

127 yaw_r = to_positive_angle(-pitch + self.

_cur_position[5])
129 new_rotation = [roll_r, pitch_r, yaw_r]
131 # Logging

132 #print (f"Target poistion tn mm: {self.
_cur_position [0:4]}")

133 #print (f"Target rotation: {self._target_rotation
}")

134 print (£ )

135 # Sertal communications

136 #self._mc.send_coords (self._cur_posttion, self.
_move_speed, 1) # Ezecute coordinate control
command

137

138 if (is_significant_change(new_position,

old_position) or is_signicant_rotation/(
new_rotation, old_rotation)):

139 self._mc.send_coords ([self._cur_position[0],
self._cur_position[1], self._cur_position
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[2], roll_r, pitch_r, yaw_r], self.
_move_speed, 1)

# Define a callback function to retrive and store the
angle of joint O

def retrieve_joint_angles(self):
# Retrieve joint angle data
joint_angles_msg = Float64MultiArray ()
cur_angles = self._mc.get_angles ()
joint_angles_msg.data = cur_angles

# Publish the data to the topic
self . _publish_robot_joint_angles.publish(
joint_angles_msg)

def main(args=None):
try:
rclpy.init (args=args)
node = GlobalRobotCtrl ()
rclpy.spin(node)
except Exception as main_err:
print (f )
finally:
if rclpy.ok():
rclpy.shutdown ()
print ( )

if __name ==

main ()

Listing C.4: ROS node computing position and orientation vectors for the robot arm
using the third-person digital twin control mode.
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