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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 5� 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, speci�cally the construction industry, exposes on-site

workers to high concentrations of particulate matter, collisions with heavy machinery,

and falls-o� 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 e�-

ciency, productivity, product quality, and worker safety. The manufacturing industry

uses robotic manipulators to automate assembly lines. These robotic applications

highlight the bene�t of performing repetitive, hazardous, and time-constrained tasks

that would otherwise be di�cult and prone to error by human workers. Not only are

robotic systems very e�cient, but they are also highly competent in precision-seeking

tasks, as made evident by their applications in the medical sector. Speci�cally, 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.
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Robotic systems also excel at running uninterrupted work, which is evident in ap-

plications in the agricultural �eld. 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 bene�ts; however, one of the

main challenges that arises is the ability to rapidly deploy these solutions into un-

known and hazardous environments. The mentioned bene�ts of robotic technologies

are demonstrated e�ectively 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 �eld 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 modi�ed to e�ectively 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 �xed-mounted onto mobile manipula-
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tors that perform a single task, within a controlled setting. These types of robots

pose a signi�cant 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 o�ered 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 �eld. However, the e�ectiveness 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 e�ector. 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 �xed-

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 su�ers from the absence of depth perception.
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Without true 3D visualization or an immersive feedback system, operators have a dif-

�cult time estimating distances, de�ning 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 ine�cient 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,

�rst-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,

speci�cally 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 e�ciency. In the case there is a signi�cant measurable e�ciency

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-

e�cient task execution.
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2. Conventional control input systems, such as keyboards, joysticks, or touch-

screens, prevent intuitive and direct 3D end e�ector control, making complex

movements cognitively demanding.

3. The need for quantitative comparison of the e�ects of MR technologies in

robotics with conventional teleoperation interfaces to determine their feasibility

in real-world applications.

The limitations de�ned above motivate the need for an immersive, intuitive, and

e�cient 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 de�ned 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 �rst 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 �delity stereo images, localized with the user's
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environment. The images are processed and re-projected onto the Liquid Crystal

Displays (LCD) of the HMD [15]. Speci�cally, stereo cameras consist of two identical

monocular cameras, separated by a �xed distance known as the baseline, that render

two slightly di�erent 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 signi�cantly 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 �eld 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 o�-site

applications. Listed below are the speci�c research objectives:

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

�rst-person view, with true depth awareness, of the robot's workspace.

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

e�ector of a robot arm using intuitive hand gestures.

3. Devise experiments that measure the e�ciency gain of completing target-tracking

tasks for the proposed interface against conventional control interfaces.
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1.4 Research Contributions

The results showcased a signi�cant increase in depth perception, situational aware-

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

teleoperation systems. Speci�cally:

1. Demonstrated a39% decrease in time reduction for target tracking tasks, com-

pared against conventional methods.

2. 5� increase in control stability of the end e�ector, relative to conventional

teleoperation methods.

3. Instantaneous depth perception via mixed reality and stereo vision.

4. Ease of control of the end e�ector, in 3D space, from hand tracking and gesture

recognition.

In 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 theEuropean 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.

2. Tennakoon, D. , Jadidi, M. , and RazaviAlavi, S. , \Development of an Intu-

itive Mixed Reality Human Robot Interaction Interface for Construction Appli-

cations," in Proceedings of theTransforming Construction with O�-site Meth-

ods and Technologies (TCOT 2024)Conference, University of New Brunswick,

Fredericton, Canada, June 2024. https://shorturl.at/rpV2T
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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:

ˆ 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.

ˆ 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.

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

tion process, and planned methods for data analysis.

ˆ 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 �ndings to real-world applications.

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

re
ects on the impact, and highlights potential directions for future work.
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Chapter 2

Related Works

2.1 Robotics in Hazardous Environments

Robotics have been, and continue to be applied in many �elds 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 speci�c task, such as the Canadarm2 on the International

Space Station (ISS), or more o�-the shelf (OTF) robots such as 4-wheeled di�eren-

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 �eld,

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.

Speci�cally, the Nuclear Safety Technology Centre (NUSTEC) developed robots that
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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,

speci�cally 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 signi�cant

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 e�ector, 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‰ 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 e�ects that made Venus inhospitable, which would be bene�cial 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 �eld, a signi�cant 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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speci�cally for urban search and rescue scenarios. The NuBot is a di�erential drive

mobile robot that was able to successfully demonstrate its capabilities of simulta-

neous localization and mapping (SLAM), victim identi�cation, path planning, and

semi-autonomous mobility [25]. These robotic systems are more e�ective when the

search workload can be o�-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


y while the operator can focus on locating victims, using a wide variety of onboard

sensors.

One of the many bene�ts 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 �elds 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 sca�olding, enabling the

robot to perform high-precision tasks, with various end e�ector tools, that would oth-

erwise be a fall risk for on-site workers. Precision is a fundamental requirement in any

construction-related task, speci�cally 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 speci�cations. Varying worker experience often leads to inconsistent

placement which a�ects the �nal 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 �-

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 speci�cations 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 signi�cantly shorter project

timelines compared to traditional methods, which has led to more e�cient 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 �eld 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,

14



e�cient, 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-
ight (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 di�use objects.

Re
ective 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 e�cient 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 e�ciently 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 �rst

a planar motion, followed by the vertical displacements [37]. A study conducted by

[38] compared the trajectories of drone 
ight 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 e�ector trajectories being jagged and slow, which is not

only ine�cient, 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 e�ect of unintuitive control is am-

pli�ed as teleoperation not only requires positional movements but also control of

orientation (roll, pitch, yaw), coupled with the dependency of end e�ector 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 speci�c 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 e�ectors. For

instance, in the case where the end e�ector is a prismatic gripper, inputs (buttons on

a joystick or keys on a keyboard) must be prede�ned to achieve �xed states of the

gripper. For example, a speci�c 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 ine�cient, as the operator will need to memorize each binding. As

the complexity of the end e�ector increases, the e�ectiveness of these conventional

teleoperation systems diminish.

2.4 Mixed Reality in Robotics

During the past few years, much research and development has accumulated speci�-

cally on leveraging Augmented Reality (AR), Virtual Reality (VR), and Mixed Reality

(MR) technologies to e�ectively 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

e�ector, 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 e�ector. 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 �xed-mounting an Intel RealSense stereo camera

to the robot arm's platform, with a view facing down and towards the end e�ector.

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 e�ector. 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

e�ective robot workspace visualization and perception by their design of a 2D/3D

multi-view teleoperated robot arm. Speci�cally, 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 e�ector of the manip-

ulator, and a 2D view from a global RGB camera. The multi-modal visual feedback

system e�ectively 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 e�ec-
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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 e�ector. 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 con�dence 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 �xed

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 �xed 2D view; the oper-

ator will need signi�cant 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 e�ciency 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 e�ector. 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 e�ector 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 work
ow 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 e�ector control in �rst-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

e�ectiveness 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 di�erent

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.

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 =
f � B

�
(3.1)

The above equation assumes that the images have been recti�ed, where the epipolar

lines are aligned on the horizontal axis, which reduces the disparity estimation to

a one-dimensional search problem. The disparity is de�ned as the horizontal shift

between the corresponding pixels in the stereo image pair:

� = jx1 � x2j (3.2)

One of the core challenges in stereo imaging is stereo matching, or disparity com-

putation. Stereo matching aims at �nding the corresponding pixels between two

images. Common algorithms consist of computing a matching cost using methods

such as the sum of absolute di�erences 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 signi�cantly 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. Speci�cally, humans perceive

in 3D by observing the world through two slightly o�set 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 e�ect by capturing two simultaneous images

from horizontally o�set 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 e�ector 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 �delity 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 ine�cient 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 e�ciency 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 StereoLabs1. The camera is compact, provides high-resolution stereo images, and

is speci�cally 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 Unity2 and Unreal engine3, 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 speci�cations 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.

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" 4MP CMOS

Active Array Size 2688x1520 pixels per sensor (4MP)

Focal Length 3.06mm (0.12") { f/2.0

Shutter Electronic synchronized rolling shutter

Interface USB 3.0 Type-C port

Table 3.1: ZED Mini stereo camera speci�cations

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, speci�cally 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 e�ector in 3D space.

Robotic manipulators are composed of links and joints, commonly connected in a

serial con�guration. Each 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 e�ector 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.

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 e�ector 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 �nal transform representing the end e�ector's

position and orientation in the base frame [51]. The mathematical process is sim-

pli�ed using the Denavit{Hartenberg (D-H) convention, which standardizes the way

transformations are de�ned between adjacent links using the following four parame-

ters:
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1. � i : joint angle (varies for revolute joints).

2. di : link o�set (varies for prismatic joints).

3. ai : link length (constant).

4. � i : link twist (constant).

Each transformation matrix T i from link i � 1 to i is represented as:

T i =

2

6
6
6
6
6
6
4

cos� i � sin� i cos� i sin� i sin� i ai cos� i

sin� i cos� i cos� i � cos� i sin� i ai sin� i

0 sin� i cos� i di

0 0 0 1

3

7
7
7
7
7
7
5

(3.3)

From here, the total forward kinematic solution is computed by:

T n
0 =

nY

i =1

Ti (3.4)

Inverse kinematics refers to the process of determining the required joint param-

eters to achieve a desired end e�ector pose. Inverse kinematics is signi�cantly more

challenging than forward kinematics since mapping pose to joint space is nonlinear,

calculations result in multiple, non, or even an in�nite 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 speci�c 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 matrixJ de�nes the linear relationship between

joint velocities �_ and end e�ector velocitiesx_ :

x_ = J (� ) � �_ (3.5)
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Where the Jacobian is de�ned as the rate of change of the end e�ector position

with respect to the joint angles:

J (� ) =

2
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(3.6)

From here, a small change in joint angles, �� , is computed to move the end e�ector

closer to the desired pose:

� � = J + � � x (3.7)

In the above formula,J + represents the pseudo-inverse of the Jacobian and �x is

the error between the current and desired end e�ector position [53]. With this, the

joint angles are iteratively updated, with a learning rate� until the end e�ector pose

converges to the desired pose within a threshold:

� k+1 = � k + � � � (3.8)

(xcurrent � x target )2 � 0 (3.9)

3.3 Simulation Development

The following subsections will discuss the simulation environment, its speci�cations,

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.

30



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 con�g-

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 e�ectively, 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 �rst 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 website4. The 3D model features a 4-DOF robot arm, in FBX format. The

robot arm model underwent many modi�cations 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 -
daa�eda139a441cbb3ca9c835045fb4

32



Figure 3.5: Developed simulation environment in the Unity engine for a 4-DOF robot
arm.

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-�nger setup. They are one of the most commonly used

grippers in industrial applications, are easy to manufacture, and are cost-e�ective.

Once designed, the model was imported into the simulation environment in Unity

and attached to the end e�ector 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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(a) (b)

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 Uni�ed Robotics Description Format (URDF) �le. A URDF �le is

a low-level description �le, 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 �les

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 e�ciently, given

a kinematic chain, as a URDF �le, a target position, and orientation [55]. A Python

script was written that imports the constructed URDF �le 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, con�rming

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 work
ow 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 �rst-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 e�ector, the gripper,

of the robot arm. To visualize the camera's perspective in a VR headset, the prede-

�ned 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 e�ector

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.

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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