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Abstract

Shared autonomy in robot teleoperation can ease task completion and lower cognitive
load for operators by combining human intent with the autonomous capabilities of robots.
As many manipulation control tasks involve the grasping of objects as the first step, aug-
menting assistance at this stage has the potential to improve user experience and task
performance. Existing grasping assistance systems rely on classic grasp planners that limit
their capabilities, while some utilize expensive hardware to provide the assistance. Virtual
reality systems have been used for input and feedback in teleoperation and have also been
applied in grasping assistance systems. Some virtual reality systems feature head-mounted
displays that have eye-tracking capabilities, and research has been conducted to leverage
the eye-tracking information for teleoperation applications.

This work introduces a novel grasping assistance framework that leverages user intent
signalled through eye gaze. Specifically, the system retrieves eye gaze direction from a
virtual reality headset during teleoperation. This gaze information is then used to auto-
matically identify the operator’s desired object for grasping, suggest suitable grasp options,
and allow the operator to select a preferred grasp using their gaze. Once selected, the grasp
is automatically executed via a predefined grasping sequence, eliminating the need for one-
to-one motion mapping.

The grasping assistance system is implemented using ROS2 to control a Kinova Gen
3 robotic manipulator, with a Meta Quest Pro virtual reality headset providing the user
interface. Additionally, the teleoperation system offers visual feedback from cameras in the
manipulator’s workspace, displayed through the head-mounted display, and incorporates a
collision avoidance system to prevent unintended impacts.

A user study was performed with 30 participants using the developed system to com-
pare the usability, workload, and performance of the grasping-assisted teleoperation with
pure teleoperation (motion mapping). The study asks the operator to perform a pick-and-
place task featuring four different objects in a specified order within the allotted time.
Each participant performed the task with both pure teleoperation and grasping assistance
modes in random order, and then completed questionnaires attempting to measure the us-
ability of each system and measure their experienced workload. Results show that grasping
assistance significantly reduces users’ workload, but also leads to lower performance met-
rics with respect to pure teleoperation. The performance loss could be attributed to the
implemented grasp planner. Therefore, a gaze-enabled grasping assistance framework such
as the one presented in this thesis has the potential to reduce the workload experienced
by users and improve performance metrics over standard motion mapping-based direct
teleoperation frameworks.
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Chapter 1

Introduction

Robot teleoperation is the remote operation of a robot by a human operator|[l1]. The
distances between the robot and the user can range from indirectly controlling the robot
from within the same room to controlling it across the world. The degree of control can
also vary between different teleoperation modes. The most standard form of teleopera-
tion involves direct mapping, where all of the robot’s actions are controlled by the human
operator’s commands, such as those traditionally seen in the DaVinci surgical system[19].
Teleoperation can also involve the operator providing high-level instructions for the robot
to interpret and execute [15, 5]. This work focuses on the teleoperation of robotic manipu-
lators, but some references to humanoid robots that utilize robotic manipulators for their
arms are also included. Fig. 1.1 presents a sample teleoperation pipeline.

The DaVinci surgical system [19] shows a key strength of teleoperation, where the
precision provided by a robotic system can be leveraged alongside the high-level planning
capabilities of the human user to achieve greater results. Remote surgery through tele-
operation is an active research topic that aims to improve the viability of teleoperation
for surgery from within the same building to across thousands of kilometres [10]. Similar
to how teleoperated surgery can improve access to health care, teleoperation can be used
in hazardous environments such as space [55] or nuclear waste handling [2] to reduce hu-
man exposure to risk. Furthermore, teleoperation better maintains the human presence
that a fully automated system cannot. This human presence is particularly beneficial for
caregiving, and teleoperation has also shown promise in this domain [23].

While teleoperation is a promising technology, its performance in task completion is
still slower compared to human operators executing the task directly [01], representing a
roadblock in deploying the technology in more application domains. Several factors con-
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Figure 1.1: Example teleoperation pipeline featuring an input device to control a robot and
a camera that provides visual feedback. The dotted line represents the variable distances
that could separate the system.

tribute to this challenge, such as the physical limitation of robotic manipulators compared
to human arms that constrain motion through joint limits and singularities [51]. When
interacting with the environment, humans rely on their senses to get feedback about their
own state and the state of the things they are interacting with, but this feedback is limited
during teleoperation [25]. There is also additional workload placed on the user to con-
stantly interpret and adjust their commands in response to the robot’s environment while
relying on limited sensory feedback [11].

In order to alleviate challenges with teleoperation and improve its capabilities, shared
control architectures have been proposed to improve task performance during teleoperation
and reduce the workload on the user. These architectures augment the inputs from the
operator to achieve various goals. For example, shared control could be used to guide
the operator to avoid undesirable collisions in the workspace, follow optimal paths with
the robot, or maintain desired end-effector orientations. This guidance could be provided
through various means, such as visual, haptic, auditory, or even forced on the operator
by the automated system. Shared autonomy architectures elevate the guidance provided
by shared control architectures to partially or fully automate certain teleoperated tasks to
further reduce the workload on the operator.

Assisted teleoperation frameworks have been shown to be helpful in grasping tasks
[5, 1, 72]. Though object grasping is an essential task in most teleoperated tasks, it can
be significantly challenging and speed-limiting. Most robots use parallel grippers as an
end-effector, which are functionally very different from the human hand that operators



are familiar with. To achieve a successful grasp, there is a requirement for precise grip-
per placement and orientation, which creates an added challenge. To aid in grasping an
object during teleoperation, grasping assistance systems aim to make the grasping process
intuitive for the user while improving the grasping performance [1, 72].

While current grasping assistance research shows promise, it still faces various chal-
lenges. Some systems rely on expensive hardware to provide their assistance, reducing the
accessibility of those frameworks. Many grasping assistance systems rely on older grasp
planners that limit the system’s performance through poor grasping success rate, increased
time to generate potential grasps, or limited variety of valid grasp options. This limitation
results in the grasping assistance systems offering fewer viable grasps available to the user,
which reduces the flexibility they have to complete tasks. Though using an improved grasp
planner that creates high-quality grasps quickly and densely would enable providing more
flexible grasp options to the user, it also increases the difficulty of designing a user interface
that doesn’t increase the workload.

1.1 Objective

In this thesis, the objective is to develop Gaze to Grasp, a teleoperated grasping assis-
tance framework that helps reduce the mental load for operators while improving their
performance on grasping tasks. Such a system should improve the user experience during
teleoperation, improve their ability to use the system for extended periods of time through
reduced workload, and enhance their grasping performance during operation.

Gaze to Grasp aims to improve the flexibility that operators have with grasping an
object compared to existing grasping assistance frameworks. The primary way to improve
this is by providing the operators with a selection of potential grasps that cover the majority
of ways the object can be grasped. Flexibility can also be improved by increasing the variety
of objects that the grasping assistance algorithm can support. While improving the variety
of grasps available to the user could improve the functionality of the grasping assistance
framework for the operator, it could also increase the mental load on the operator from a
user interface perspective, but this could be alleviated through the use of eye gaze as one
of the inputs to the system.

Although object grasping in robotics is implemented using a robotic manipulator, the
manipulator could be part of a larger system that is on a mobile base. The framework
alms to support grasping assistance even for manipulators that are part of a mobile robot.
Full support for a mobile robot requires support for non-stationary cameras, which will be



necessary for grasp generation. This creates a challenge since many grasp planners can be
sensitive to the orientation of the camera and often require a top-down view of the target
object that is unattainable from a mobile robot, but addressing this challenge will create
a more effective framework.

1.2 Contributions

Gaze to Grasp, a novel grasping assistance framework that leverages eye gaze as a source
of input from the operator, was developed. It was tested by comparing it against a direct
teleoperation framework with no assistance in a within-subjects experiment featuring 30
participants. The system is capable of generating dense potential grasps for a variety of
objects, from which the user is able to easily select grasps to execute using their gaze. The
contributions described in this thesis have been accepted for presentation at the 2025 IEEE
International Conference on Robot and Human Interactive Communication (RO-MAN).
The specific contributions from the research presented in this thesis are as follows:

e A teleoperation framework that receives input from a VR controller and provides vi-
sual feedback of the workspace through the VR headset. It features smooth tracking
capability, joint limit avoidance, and collision avoidance. The framework is imple-
mented using a Kinova Gen 3 robot and a Meta Quest Pro VR system capable of
eye tracking

e Development of Gaze to Grasp, a novel framework for teleoperation that utilizes a
state-of-the-art grasp planner, and incorporates eye gaze data as an input to target
objects for grasping and for executing a desired grasp

e A user study with 30 participants to evaluate the proposed framework that compares
Gaze to Grasp’s performance, usability, and workload relative to a pure teleoperation
system that has only 1-to-1 motion mapping with no assistance

1.3 Thesis Organization

This section provides an overview of the structure of the thesis and a short summary of
each of the chapters.

Chapter 2 explores related literature on the topics presented in this thesis to further
explore the justification for decisions made and identify gaps in existing literature.

4



Chapter 3 provides the background necessary to understand the implementation of the
pose tracking system used for teleoperation in this work.

Chapter 4 presents various components of the pure teleoperation (motion mapping)
system and explains how they are integrated. Detailed implementation of the pose tracking,
collision avoidance, and teleoperation system is outlined.

Chapter 5 reports the implementation of Gaze to Grasp by integrating it with the pure
teleoperation system. The particulars of how gaze is utilized, how results from the grasp
planner are applied, and how operators interact with the system are described.

Chapter 6 describes the experiment conducted to evaluate the Gaze to Grasp system
in comparison to the pure teleoperation system, discusses the various experiment measure-
ments taken, and provides insight into the participants of the study.

Chapter 7 then exposes the results from the experiment, discusses how the experiment
answers the research questions, and evaluates the performance of the system.

Chapter 8 provides a summary of the thesis, discusses how the objectives for the research
have been met, and then describes what future research directions could look like from this
work.



Chapter 2

Literature Review

This chapter presents a review of grasping assistance systems and identifies gaps in existing
literature. It begins by exploring input and visual feedback methods used in teleopera-
tion to identify and utilize the benefits of VR systems. Grasping assistance research in
teleoperation is then outlined, which results in the discussion of recent grasping assistance
methods that utilize a VR system. Grasping assistance systems rely on a grasp planner,
and the various requirements that an ideal grasp planner should possess are presented in
2.3. The discussion on grasp planners concludes that Contact GraspNet meets many of the
presented criteria. While a good grasp planner will offer many potential grasps, it can also
increase the usability challenge and workload on the operator. Therefore, gaze tracking
is investigated as a possible option to alleviate these concerns, and the application of eye
tracking in teleoperation research is explored. To evaluate whether the inclusion of gaze in
a grasping assistance system is effective at improving usability and workload for the user,
research on usability and workload in teleoperation applications is conducted. Finally, all
the findings about gaps in existing literature related to Gaze to Grasp are summarized.

2.1 Inputs and Visual Feedback in Teleoperation

One of the first teleoperation implementations used for robotic manipulators is the bilateral
teleoperation system [11]. Bilateral teleoperation involves the control of a follower robot
using a leader mechanism that typically closely resembles the follower robot. A key feature
for this teleoperation arrangement is transparency, which requires the scaling and trans-
mission of forces and velocities experienced at either side of the control to be transmitted
between the leader and the follower [35]. It’s still among the most common arrangements
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Figure 2.1: The GELLO unilateral teleoperation systems used to control different robotic
manipulators: (A) Two Universal Robots UR5s, (B) a uFactory X-Arm 7 and (C) Franka
Emika Panda [67]. (©)2024 IEEE

for a teleoperation system since its control is not only intuitive for the operator to control,
but is also performant [07]. The need for relatively expensive and custom hardware [67],
combined with stability and time delay challenges [32], reduces bilateral teleoperation’s
accessibility and flexibility. Unilateral teleoperation systems, like in [67], aim to reduce
the cost of a bilateral teleoperation system by eliminating the transparency feature, which
results in the leader device being purely for input (Fig. 2.1).

Fig. 2.2 provides an example of teleoperation through body tracking. It is a modern
teleoperation approach that relies on tracking the position of the operator’s body through
various means and retargeting those motions to make the robot follow [18, 36, 53]. Body
pose tracking-based teleoperation frameworks aim to be an intuitive control method since
body movement should be replicated by the robot as closely as possible. This input method
is more common for teleoperation of humanoid robots [15] due to them having many degrees
of freedom that can be controlled, which are similar to humans by design, and body pose



tracking can take advantage of this similarity [36]. The main drawback of body pose
tracking is that it typically relies on expensive and uncomfortable motion capture suits
and equipment to generate the inputs. Additionally, body tracking-based methods also
lose the ability to provide haptic feedback of the forces experienced by the robot without
additional equipment. Camera-based body pose trackers offer the potential for cheaper
tracking, but remain an active area of research and suffer from accuracy limitations [31].

VR controllers as an input are the other major approach for teleoperation, thanks to
their high tracking accuracy in 3D space[3]. This method, in most cases, limits its focus on
control of the robotic manipulator’s end-effector. The relative position and motion of the
VR controllers can be scaled and converted to the desired position and movement of the
end-effector. While this reduces direct control of the joints of the manipulator, end-effector
control is often the essential part of most teleoperated tasks. Additionally, since only the
end-effector’s pose is usually controlled by the operator, the position of the joints can be
optimized for secondary tasks such as joint limit avoidance [50], collision avoidance [53],
or improved manipulability[72]. Furthermore, the VR controllers offer buttons and input
that can be mapped to various functions such as Ul interaction, end-effector activation,
or control over other elements of the robotic system. While VR controllers aren’t able to
provide the same level of physical feedback of the robot state as bilateral teleoperation,
the controllers feature haptic motors that can be used to mimic the physical feedback[26].

A key benefit of VR controller-based teleoperation systems is that the VR controllers
naturally integrate with the VR head-mounted display (HMD). Visual feedback of the
state of the robot and its workspace is necessary for the operator to perform complex
tasks via teleoperation. While standard flat screens are commonly used for visual feedback
due to their simplicity [1, 42], the loss of depth perception and reduced immersion is a
significant disadvantage [59]. HMDs offer an immersive [59] alternative with their ability
to present a different image to each of the user’s eyes from a pair of cameras in a stereoscopic
configuration [72], improving depth perception[59]. As consumer-grade VR systems have
reduced in price, and software development kits for them have improved, VR headsets and
systems are now frequently used for teleoperation [72, (8, 65, 18].

Speech-based teleoperation systems utilize spoken commands from an operator to guide
a robot. While some systems, such as the one developed by Pulikottil et al. [51], rely ex-
clusively on voice control, speech is also frequently used to augment other input methods,
providing additional context about the operator’s intent. For example, Kazi et al. [37]
integrated speech with gesture inputs, and Chang et al. [15] combined speech with gaze
tracking to control a robotic manipulator. This supervisory control approach, where the
operator gives high-level instructions and the robot handles the execution, reduces the
operator’s cognitive load, as demonstrated by Chang et al. [15]. However, it often re-

8



Figure 2.2: A human operator controls the iCub humanoid robot during a pickup task
using body tracking. The VR headset is used for visual feedback, and the VR controllers
are used to switch between different modes [13]. (©)2019 IEEE



quires pre-programming specific behaviors, which can limit the system’s generalizability
compared to more direct input methods like bilateral controls, body tracking, or VR con-
trollers. A promising new direction is the use of visual-language-action models, which aim
to improve generalizability by using vision and text inputs to give high-level commands
[62]. Speech-to-text systems can be integrated into this framework to enable spoken com-
mands. Zhao et al. [70] took this a step further by developing a vision-language-action
model that directly incorporates speech, and they demonstrated its ability to perform var-
ious manipulation tasks. While such systems with direct speech input hold great potential
for the future of robotic teleoperation, they currently do not offer the same level of control
and generalizability as the more traditional input methods discussed previously.

2.2 Grasping Assistance Methods

As discussed in the previous chapter, shared control frameworks assist the user during
teleoperation. In [39], Leeper et al. proposed a ”point and click” based visual interface for
object grasping. In this framework, the user can select the object they would like to grasp,
and then the system would provide a series of grasp candidates that the operator can select
from. Upon selecting a grasp, the user has the option to edit its final pose as they wish,
and then the robot will automatically execute the grasp. While related to shared control,
this teleoperation approach is classified as supervisory control due to the human operator
only being involved in the planning stage of the task.

Abi-Farraj et al. [2] developed a true shared control grasping assistance system that
aimed to assist the operator in aligning the manipulator’s gripper towards the target object
during the pre-grasp phase using a haptic input device. The grasping assistance method
with haptic assistance outperformed a pure teleoperation approach during their experimen-
tal evaluation. Though the shared control approach worked well, the grasping assistance
provided to the user utilized the centre of mass of the object as the grasp target. This
strategy limits the variety of possible grasps and may be an inaccurate grasping heuristic
for more complex objects than those used in their experiment. Fine et al. [22] employed a
similar method for grasping assistance, focusing on using an algorithmic approach to iden-
tify suitable grasps with various grippers. This approach still required prior knowledge
of the objects in the scene and relied on haptic equipment similar to [2]. In [37], Langhi
et al. presented a grasping assistance system designed to support dual-arm manipulation
that also incorporates user intention estimation from operator VR controller input veloc-
ity. Although this system did not require prior knowledge of the objects, it is limited to
detecting and providing grasping assistance for boxes.

10



In [1], Abi-Farraj et al. presented an improved version of their haptic-guided grasping
assistance system, which utilizes a deep learning based grasp planner, discussed in the
next section, to improve grasp variety and accuracy. While the system performed similarly
to its predecessor, it applied to a larger variety of scenarios and objects. Although the
system is very promising, it relies on a costly haptic device for input and haptic feedback,
and requires a lengthy depth scan of the workspace before it can assist. To address some
of these drawbacks, Zhu et al. [72] presented a VR-based shared control framework for
grasping assistance. In addition to integrating grasping assistance with a cheaper and
more immersive VR teleoperation system relative to the haptic device, they also eliminated
the need for extensive scanning of the workspace through the use of point cloud template
matching. The template matching relies on a template library of point clouds that represent
the 3D shape of objects that will be in the scene, which is not applicable when the system
encounters unknown objects. This limitation is evident in the paper, where similarly
shaped water bottles are the only type of objects used for presenting the experiments.
Finally, this system also limits the grasping flexibility provided to the operator, where
they are only able to select which object they would like to grasp, and have no control over
the type of grasp for the object.

2.3 Grasp Planning Algorithms

The grasp planner, also called a grasp generation algorithm, is a limiting factor for both
[1] and [72], which required compensation from other means, such as extensive scans and
point cloud template matching. Both of these works utilized the grasp pose detection
(GPD) algorithm [63]. GPD is one of the earliest grasp generation algorithms capable of
successfully generating 6-DOF grasp candidates. It utilized a hypothesis and test approach,
which involved generating many possible grasps that may be feasible using heuristics, and
then evaluating the feasibility of those grasps using a deep learning model. As deep learning
techniques have continued to improve in various domains, they have also proven to be very
effective for grasp generation [19]. A key categorization of grasp planners is their target
mechanism, commonly either a parallel gripper or a dexterous hand [10]. Dexterous hand-
based planners aim to create valid grasps for end-effectors that mimic the human arm, but
due to the many degrees of freedom of such a hand and the lack of robustness of many of
these mechanical hands, dexterous grasping is more niche and difficult compared to parallel
gripper grasping [10]. As discussed in Platt et al.’s review paper [19] on learning-based
approaches for grasp generation, another key categorization of grasp generation algorithms
is based on degrees of freedom (DOF): 4-DOF algorithms generate top-down grasps (a 3D
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Figure 2.3: A depth image is passed into the Contact-GraspNet model to generate potential
grasps on the right. The bottom left shows an object segmentation model used to find the
segmentation masks for objects in the scene, which is used to filter the grasps based on
their associated objects [60]. (©)2021 IEEE

position and a rotation), while 6-DOF algorithms generate grasp poses defined using all
six dimensions. Dex-Net [13] is a popular example of a 4-DOF grasp planner, and like all
4-DOF planners, it limits the variety of suitable grasps for an object. A grasp generation
algorithm for a grasping assistance system needs to generate a variety of valid grasps.

While it is difficult to compare the performance of various grasp generation algorithms
for grasping assistance due to a lack of standardized performance metrics [19], it should
provide a variety of valid grasps throughout the target object, be able to efficiently gen-
erate grasps close to real-time, support flexible camera positions, and be open-source for
development flexibility. Although GPD is used for some state-of-the-art grasping assis-
tance algorithms, it is surpassed by a more recent grasp planner such as Contact-GraspNet
[60]. This learning based model takes a different approach than GPD to generate grasps,
where it generates potential grasp poses directly from a point cloud of the scene without
needing a dedicated sampling step. Another feature of this grasp planner is that it can
take a segmentation mask in addition to a point cloud as input, which results in improved
grasp suggestions and grasps that are only applicable to the object of interest. In addition
to being open-source and supporting flexible camera poses, it generates dense grasp poses
for a target object faster than other 6-DOF grasping algorithms based on their evaluation.
Fig. 2.3 shows the contact graspnet pipeline and an example of grasps generated by the
network.
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2.4 Gaze in Teleoperation

Enabling users to select their preferred grasp for an object allows for choices based on
the object’s intended use. For instance, the optimal grasp for a knife varies depending
on whether it’s being passed to another person or used for cutting. While not yet ap-
plied to grasping assistance, eye gaze has shown promise in teleoperation for inferring and
responding to user intent [7]. Aronson et al. [7] demonstrated that incorporating gaze
as a supplementary input to joystick control enhanced robot arm teleoperation system
performance.

However, Aronson et al. [7] also noted gaze’s unreliability as a standalone input. More
recent research has presented eye tracking inside VR headsets as a capable input method,
provided it is designed around its limitations [31]. This discrepancy might stem from
Aronson et. al.’s use of a potentially less effective screen-based eye-tracker compared to
the head-mounted eye tracker employed in [34].

A potential concern with offering more grasp options is the increased cognitive workload
on the user. Nevertheless, Chang et al. [I5] utilized only gaze and speech inputs to
teleoperate a robot manipulator, demonstrating how eye gaze, combined with instance
segmentation, can accurately identify operator intent. Furthermore, users in that study
reported reduced workload when using this teleoperation system. Therefore, VR headsets
equipped with eye-tracking capabilities could offer a more economical and flexible input
method for grasping assistance, without significantly increasing operator workload.

2.5 Usability and Workload Studies in Teleoperation

Teleoperation is a key area within human-robot interaction (HRI) that focuses on designing
and evaluating how humans and robots interact [15]. To ensure consistent and comparable
evaluations, it’s crucial to use standardized usability and workload measurements. This not
only validates the tools used but also allows for easier comparison of results across different
studies. Ideally, we’d use measures from other grasping assistance research. However, even
measures from general HRI or teleoperation studies are valuable, as the goals for evaluating
usability and workload remain consistent across these fields.

The ISO 9241-11, an international standard that provides guidance on usability, de-
scribes usability as the degree to which something enables users to effectively and efficiently
achieve their goals to their satisfaction when using it for its specified purpose [12]. In 2023,
Apraiz et al. [1] presented a literature review on human factors in HRI, which identifies the
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most commonly evaluated factors and how they were measured. They classified usability
as a 'robot-related factor’ since it typically pertains to the experience of interacting with a
robot during HRI. The review paper identified two papers that discuss usability. Daniels-
son et al. [17] used the system usability scale (SUS) [11] to compare the usability between
different versions of an augmented reality-based human-robot collaborative assembly sys-
tem. In [3], Almeida et al. used the IBM Computer Usability Satisfaction Questionnaire
[10] to compare the usability between a traditional computer monitor and an HMD during
teleoperation. [066] is a more recent teleoperation study that utilized the SUS for usability
evaluation, where teleoperation of a mobile robot and manipulator using a game pad is
compared to a whole-body motion capture system. As shown by these papers, SUS is
commonly used as a measure of usability in teleoperation [64]. All the evaluations here use
usability measures to compare two different systems under similar conditions, and not as
an objective measure of usability.

Workload is described as the amount of physical and mental resources a person must
spend to accomplish a task by Hart et al. in [29]. Apraiz et al. [1] identified three papers
on human factors in HRI that discussed workload. The three papers all used the NASA
task load index (NASA TLX) to compare workload between different gesture interfaces
[6], between human-human and human-robot teams [27], and between different types of
user interfaces [17]. NASA TLX has also been used to compare workload in different
grasping assistance tasks. Langi et al. [37] used NASA TLX to compare workload between
a single manipulator with grasping assistance and a single manipulator without assistance,
finding that grasping assistance reduced the workload. They also compared workload
in different modes of assistance in the dual-arm manipulator case and again found that
grasping assistance reduced the workload. Zhu et al. [72] also performed a workload
comparison between their shared control grasping assistance mode and two different direct
teleoperation modes. They also found that grasping assistance reduced the workload.

The NASA TLX is the established measure for workload within HRI and has been
consistently employed for this purpose in various grasping assistance studies. While SUS
is not universally adopted for measuring usability in HRI, it remains the most widely
recognized and standard questionnaire for this assessment.

2.6 Gaps in Existing Literature

Existing grasping assistance frameworks, while demonstrating the benefits of shared con-
trol, are constrained by several factors: reliance on expensive hardware, reduced grasp
density, extended grasp preparation times, and limited grasp flexibility for the user. Many
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of these limitations stem from the performance of grasp planners available during their
respective research periods. Currently, there is a notable absence of frameworks that lever-
age recent, more performant grasp generation algorithms, such as Contact-GraspNet. Fur-
thermore, despite eye gaze proving valuable for teleoperation, its application to grasping
assistance remains underexplored.

This research addresses these gaps by developing and testing Gaze to Grasp, a novel
grasping assistance framework. Gaze to Grasp utilizes a gaze-enabled VR headset for both
control and feedback, offers enhanced flexibility in grasp selection, integrates Contact-
GraspNet for superior grasp planning, and investigates the potential of gaze in teleoper-
ation. To evaluate its efficacy, a user study will be conducted using the NASA TLX and
the SUS. This study will determine if Gaze to Grasp improves user usability and reduces
workload compared to a direct teleoperation approach.
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Chapter 3

Teleoperation Background

This chapter provides the necessary background to understand the controller used to move
the end effector in response to input from the VR controller. First, a high-level expla-
nation of forward kinematics is provided, which leads into velocity kinematics. From the
explanations, the specific velocity controller applied in this research is explained, as well as
its advantages and disadvantages. The last section provides some background on Contact-
GraspNet, the grasp generation algorithm that is used in Gaze to Grasp.

3.1 Forward Kinematics

A typical robotic manipulator consists of many links that are chained together using six
or seven joints that can rotate (Fig. 3.1). These joints are actuated with motors that
allow the links to move with respect to each other and critically change the pose of the
end effector, the last link in the chain. The end effector is usually a tool that defines the
purpose of the manipulator, such as a gripper, drill, or camera. Forward kinematics is the
process of calculating the pose of the end effector x., which consists of both its position
and orientation, from the joint positions 8 € R"™ . where n is the number of joints in the
manipulator. This problem requires the development of a function that uses the joint
position 6 variable in combination with fixed parameters that define the robot geometry
to determine the position of the end effector in Cartesian space.

Transformation matrices are a mathematical tool that can describe the rotational and
positional relationship between links in one 4 x 4 matrix. Through combining these ma-
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Figure 3.1: An example kinematic chain of a manipulator with seven joints (7-DOF) [50]
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trices, the position of the effector can be described as follows:

n

=117 (3.1)

i=1

Where H? € R™* denotes the transformation matrix between the base link zero and the
final link. This can also be thought of as the pose of the end effector z. relative to the
base link. Hf_l(ﬁi) € R*** represents the transformation to the current link, 4, and from
the link before, and as a function of ;, which represents the position of the current joint.

The Denavit-Hartenberg (DH) convention is typically used to find the necessary pa-
rameters that define the transformation between the links as a function of the joint angle 6.
While the forward kinematics could be found manually through the use of the DH conven-
tion, in practice, it is a standard function provided by various kinematics libraries. These
libraries typically rely on robot description files like the URDF (Unified Robot Description
Format) to describe the collection of links that constitute the robot.

3.2 Velocity Kinematics

Similar to how the end effector pose x. of the end effector is found using forward kinematics,
the end effector’s linear v € R3and angular velocities w € R? can be found from its joint
velocities §. The Jacobian of the manipulator is the special matrix that relates the vector
of joint velocities to the end effector velocity, like so:

£=J6 (3.2)

£ = m (3.3)

Where the end effector velocity (also known as a twist) £ € R® is composed of the linear
velocity component v and the angular velocity component w. The Jacobian J € R%*" is a
matrix dependent on the current joint position 6 of the robot. Finally, 8 € R™ is the vector
of current joint velocities of the robot.

Eqn. 3.2 can be modified to find the necessary joint velocities required to create a
desired end effector velocity: .
0= Ji¢ (3.4)
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Jt € R"¥6 is the pseudoinverse of J , and this equation is valid as long as J is not in a
singular configuration. It can be calculated using the following equation:

Jt=JrgJm)t (3.5)

3.3 Inverse Kinematics

In contrast to forward kinematics, the inverse kinematics problem aims to determine the
specific joint positions 6 required to achieve a desired end-effector pose x4. The workspace
of a robotic manipulator defines the total reachable volume for its end-effector. Within
this, the dexterous workspace is a crucial subset, where the robot can reach any position
with any desired orientation. Importantly, only manipulators with at least six degrees of
freedom (6-DOF requiring six joints) can possess a dexterous workspace.

Many contemporary robotic manipulators, especially collaborative robots designed to
work alongside humans, feature seven degrees of freedom (requiring seven joints), clas-
sifying them as redundant manipulators. This redundancy offers significant advantages,
primarily providing a larger set of joint configurations that can achieve a desired pose within
the dexterous workspace. While redundancy introduces some computational complexity
and increased cost, it enables the integration of additional constraints and secondary ob-
jectives beyond simply reaching the target pose. Examples of such secondary goals include:
minimizing the risk of collisions, maximizing the distance from joint limits, or reducing the
average joint position change needed for a given movement.

Numerous approaches exist for solving inverse kinematics problems, each with its own
benefits and drawbacks. A straightforward and commonly used method is the pseudoin-
verse approach given in Eqn. 3.4, but with an added scaling factor k., and desired twist

§a:

0= k.J¢, (3.6)

This technique treats inverse kinematics like a proportional control system, where the
desired change in the end effector’s position and orientation directly translates to a pro-
portional linear and angular velocity. The iterative approach of the controller moves the
end effector towards the target pose x,; after each step of the calculation using the joint
velocity output 6. Given a desired end effector pose, and current end effector pose, the
desired twist £; in Eqn. 3.6 can be found using the logarithm map after calculating the
relative transformation from the current pose to the desired pose.
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A key property of the pseudoinverse controller is that it generates minimum joint veloc-
ities in response to desired twists over the duration that is required to reach the target pose
[57]. A potential issue with this approach is the risk of generating large output velocities
when the robot approaches a singular configuration (a state where the Jacobian matrix
becomes non-invertible). However, this issue did not arise during controller testing. A
disadvantage of this approach is that it doesn’t account for joint limits, but this can be
addressed using the gradient projection method [57]:

0=J,+ (I —JM)e; (3.7)

Where 6 € R" is the calculated desired joint velocities, J € R5*" is the Jacobian, JI €
R™¥C is the pseudoinverse of the Jacobian, {; € RS is the desired twist, and (I — J1J)e;
implements the gradient projection method. This method utilizes the null space projector,
I — J'J, to achieve a secondary task described by e; € RS without impacting the primary
task. The null space describes the joint velocity vectors that result in no end effector
velocity, and this can be leveraged in redundant manipulators to move the joints to more
desirable locations without impacting the position of the end effector. The secondary task
e; can be the joint limit avoidance task as described in [50]:

O ip g, > o
e, = 4l g, < gl (3.8)

0 in other case

Where 6;, 6%, 0%, 07, are the current position, upper bound, lower bound and range for joint
1. The upper and lower bounds can be selected to determine at what joint position the
secondary task will activate.

3.4 Contact-GraspNet

Contact-GraspNet is an efficient grasp planner capable of generating high-quality, dense
grasp predictions [60]. Sundermeyer et al. [60] developed Contact-GraspNet to infer grasps
from a single viewpoint, even in cluttered and partially occluded scenes. Beyond generating
robust grasps, its design ensures that the predicted grasps densely cover various regions
of the target objects, rather than being confined to a single, potentially optimal area.
Furthermore, the generated grasps are post-filtered to prevent collisions with other objects
in the scene. The model was trained using the ACRONYM dataset, which comprises nearly
9,000 distinct objects comprehensively labelled with simulated grasps [20].
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Fig. 2.3 in Chapter 2 illustrates the inference pipeline of Contact-GraspNet. The
network can generate scene grasps from a given point cloud or depth image. However,
incorporating a segmentation mask enhances the quality of these predictions by focus-
ing the grasp generation on specific object regions. Since Contact-GraspNet’s inception,
advancements in image and video segmentation algorithms, such as Segment Anything 2
(SAM2) [52], have demonstrated significant improvements in instance segmentation, which
is expected to further refine grasp focusing across more diverse scenes. From its inputs,
the model outputs potential grasp poses accompanied by confidence scores, reflecting the
model’s certainty for each predicted grasp. These grasps then need to be converted from
the camera frame to the robot’s frame for potential execution.
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Chapter 4

Teleoperation System

Two teleoperation modalities are implemented in this work, both sharing underlying com-
ponents. The two modalities are hereafter referred to as pure teleoperation, described in
Fig. 4.1, which is a 1-to-1 Cartesian pose tracking from the VR controller to the robot;
and Gaze to Grasp, which is our proposed new eye-gaze based framework that aims to
meet the objectives outlined in chapter 1. Gaze to Grasp extends the pure teleoperation
system, as shown in Fig. 5.2, and is described in the next chapter.

The teleoperation system uses the Meta Quest Pro VR headset for user input and feed-
back, and the robot being teleoperated is the Kinova Gen 3. This manipulator is a 7-DOF
robot, characterized by four continuous joints without limits and three non-continuous
joints. The overarching framework is implemented using the Robot Operating System 2
(ROS2). A Unity-based application, running directly on the Meta Quest Pro headset, fa-
cilitates communication with the ROS2 framework via the ROS TCP Connector package'
developed by Unity. This section first details the pose tracking design, subsequently de-
scribes the comprehensive implementation of the pure teleoperation system, and concludes
with insights into its tracking performance.

4.1 Pose Tracking

The relative position of the right controller determines the desired position of the end
effector. Since only one Kinova Gen 3 is available during development, only the right
VR controller is involved in the tracking, but this could be easily changed to use the left

thttps://github.com/Unity-Technologies/ROS-TCP-Connector
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controller instead. Inside Unity, the pose of both the controller and the HMD is available in
a global frame that is defined during the device start-up. The default global frame for the
Meta Quest Pro is inconsistent during every start-up, so the pose of the controller needs to
be defined relative to a reliable frame. One natural option is the headset frame, but if the
robot is tracking the right controller as expected, undesirable movement would occur when
the operator observes the workspace using the HMD, even if the right controller remains
stationary.

A stationary frame to define the relative pose of the controller is a good option if the
operator remains stationary during operation, since only movement of the controller would
yield any movement of the robot. Initially, the shoulder was chosen as the location of
the stationary frame by offsetting the head pose as required to align the frame with the
shoulder during startup. This proved to be too fatiguing during testing since it required
the operator to raise their arm above their shoulder to prevent collision with the table,
as shown in the workspace arrangement in Fig. 5.1. Shifting the stationary frame 20 cm
further below the shoulder estimate proved to be a valid solution to reduce the fatigue
experienced by operators.

As per [69], velocity control is used to track the relative pose of the right controller for
smoother performance. The joint velocity desired from the robot actuators is generated
using the pseudoinverse of the Jacobian method shown in 3.4. The Kinova Gen 3 has four
continuous joints, and three non-continuous joints (joints 2, 4 and 6) for which the joint
limits are avoided using the secondary task computed as follows:

A Y

07
ej, =~ if g <9 wherei € {2,4,6} (4.1)
0 in other cases

This is similar to Eqn. 3.8, but using a cubic function to increase the effect of the secondary
task when closer to the joint limits, and decrease the effect when farther from the joint
limits.

Although the Kinova Gen 3 supports a maximum joint speed of 1.2 rad/s for the joints,
it is limited to 0.8 rad/s in this implementation to reduce stress on the joints and the speed
of the robot’s movement. Speed is reduced so that the operators have more time to adjust
their inputs in response to the robot’s movements. If the highest computed joint velocities
Giargest €xceed the joint maximum joint speed e, all joint velocities must be uniformly
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scaled down with:

o, = Oma (4.2)
Qla’/‘gest
éscaled = kse (43)

This scaled joint velocity éscaled can be used as input into the actuators to achieve a
smooth tracking of the desired position of the user, but the system needs to account for
robot collisions with itself and the environment.

The table seen in Fig. 5.1 is the most likely source of collision, so it is included as a
collision geometry. Other collision geometries could easily be defined and manually added
to the collision system if necessary. Collision checking is typically part of the path planning
pipeline, but the developed inverse kinematics system is a local inverse kinematics system
that only aims to move closer to the target pose at each time step. Therefore, collision
checking will also have to be done at a local scale. The collision avoidance mechanism
that is implemented for pose tracking leverages the collision checking capabilities of the
Movelt2 kinematics framework? and relies on the operator to respond to signs of impending
collisions during operation.

The collision avoidance system determines if the current joint velocities would move
the manipulator towards a collision with the environment or with itself under a constant
velocity assumption. Specifically, the scaled joint velocity éscaled is integrated at periodic
time intervals to define sample joint positions up to a defined maximum collision check
time t,,4,. These sample joint positions are tested for collision. If a sample position
results in a collision, the sample time t., associated with the joint position is used to scale
down the joint velocities further. If the projected time at collision ?., is less than the
minimum collision time ¢,,;,, the joint velocities are set to zero. This is maintained until
the operator input changes and results in a more collision-free step. The collision scaling
logic is summarized in the following equation:

1 if tcol 2 tmax

kcol = 0 if tcol < tmin (44)
tanh<atcol - 6) if tmin < tcol < tmaac

écol,scaled - kcolé (4 5)

2https://github.com/moveit /moveit2.
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Figure 4.1: System diagram of the teleoperation system

Where t..;, timaz, tmin are the projected times for collision, maximum collision check time,
and minimum collision time. The hyperbolic tangent is used for its bounded outputs and
to gradually reduce the effects of collision scaling when further from a collision point.
For reference, t,,4z, tmin, @, 0 are set to 1 second, 0.25 seconds, 2.5 and 0.3, respectively,
and 40 samples are distributed evenly between 0 and 1 second. The values are selected
to provide the operator enough time to respond to potential collisions while maintaining
smooth control of the manipulator.

4.2 Teleoperation System Implementation

The pseudoinverse-based tracking method discussed above is implemented using the Robot
Operating System 2 (ROS2) inside the trajectory controller as shown in Fig. 4.1. The Meta
Quest Pro’s right controller pose is sent to the trajectory controller, which calculates the
desired robot position x4 from the user. Using x4, the current robot end effector position
x calculated using the Movelt 2 kinematics framework from the current robot state, the
trajectory controller applies Eqs. 3.7, 4.3 and 4.5 to calculate the desired joint velocities.

While maintaining a constant 1000 Hz connection with the Kinova Gen 3 manipulator,
the Kortex API® node executes the joint velocity requests from the trajectory controller.

3https://github.com/Kinovarobotics/Kinova-kortex2_Gen3_G3L
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Figure 4.2: Teleoperation view showing the main camera feed, with the manipulator camera
in the top right corner
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Though Kinova provides a ROS2 interface for the Kinova Gen 3%, it allows limited control
and feedback compared to the Kortex API. Therefore, Kortex API is used to create a
custom node that enables more control over the manipulator.

In addition to executing joint velocity requests, the Kortex API node also controls
the gripper, so that the operator can issue commands to the gripper through the VR
controllers. The VR Manager controls two images from the scene: one image overlooking
the scene from the main camera and an image from the camera on the Kinova Gen 3 arm.
They are provided to the user for visual feedback, as shown in Fig. 4.2. Presenting only
the image from the main camera may severely hinder the operator’s performance due to
the lack of depth perception. Including the secondary view from the manipulator camera
proved to be advantageous during testing. Although including another camera overlooking
the scene as stereo vision feedback could provide some depth perception [59], it would
compromise the Quest Pro’s critical eye-tracking functionality for our grasping assistance
system. The main camera is positioned for an unobstructed view of the workspace and
clear depth images.

4.3 Alternate Application of Teleoperation System °

The pure teleoperation system is capable of easily changing the input device, the robot
being controlled, or the trajectory controller being used. This functionality is enabled
by the ROS2 framework and the node structure used to define the various components
required to create the pure teleoperation system. Each node in the system communicates
with other nodes using the ROS2 topics and services. Therefore, if the outputs from a new
replacement node maintain the expected ROS2 topic and service structure, it can easily
integrate into the system.

As an example, the pure teleoperation system was modified to enable another study that
examined how long-distance teleoperation affected user perception. Research partners from
the Tokyo University of Science in Japan required a VR teleoperation system to conduct
their long-distance teleoperation study. The study aimed to compare how user perceptions
associated with long-distance teleoperation compare to local teleoperation when the robot
is in physical proximity to the user. The study features the NEXTAGE Fillie robot from

4https://github.com/Kinovarobotics/ros2 kortex

5The contents of this section refer to a study that has been submitted to the International Conference on
Humanoid Robots 2025. S. Capy, T. M. Kwok, K. Joseph, Y. Kawasumi, K. Nagashima, T. Sasaki, Y. Hu,
and E. Yoshida, ”From Canada to Japan: How 10,000 km Affect User Perception in Robot Teleoperation”
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Kawada Robotics being controlled through long-distance teleoperation, and the Kinova
Gen 3 being controlled through local teleoperation.

Before developing the system for local teleoperation, the researchers from Japan focused
on developing the more challenging long-distance portion of the study. The long-distance
portion utilized Meta Quest 2 controllers for input that are connected to a PC running
Unity and ROS2. This PC then communicates with a robot control PC through the local
network, which communicates the desired position to a remote PC in Japan through the
internet. The remote PC performs the robot control as commanded by the user. Since
implementing long-distance video feedback inside the VR headset would be outside the
scope of their research, the two cameras placed in the workspace of the NEXTAGE Fillie
robot provide visual feedback to the user through Microsoft Teams video conferencing
software.

The local teleoperation was required to replicate the feature set as closely as possible
with the robots available to the researchers in Canada. The pure teleoperation system
described in this study was well-suited for adaptation. While it provided all necessary
robot control functionalities, the user input and feedback mechanisms required modification
to align with the partners’ setup. This adaptation was straightforward due to the pure
teleoperation system’s design, which only necessitated transmitting the pose of the right
controller, the headset’s pose, and gripper commands from the controller to the PC running
Unity.

Overall, the modified pure teleoperation system performed effectively, demonstrating
its adaptability and capacity to facilitate research. Study results revealed no significant
difference in user perceptions between local and long-distance robot teleoperation. This
included user perception of the robots, experienced workload, and system usability.

4.4 Tracking Performance

Fig. 4.3 illustrates the tracking performance of the pure teleoperation system. The opera-
tor’s input, captured via the VR controller, guided the robot’s end-effector from a starting
position in the negative x, negative y, positive z quadrant to a final position in the positive
X, positive y, negative z quadrant of the robot’s workspace. Simultaneously, the gripper’s
orientation was commanded to change, rotating from an initial alignment with the positive
z-axis to a final alignment with the negative z-axis. The position and orientation inputs do
not follow a direct or smooth trajectory, which is characteristic of manual human control.

As shown in Fig. 4.3, the trajectory controller effectively enables the robot to follow
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Figure 4.3: End effector pose in response to desired pose input from the user.
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the operator’s input, albeit with a noticeable tracking delay. The end-effector’s movements
mirror the commanded trajectory, but with varying degrees of temporal lag. This tracking
delay, which is approximately 0.5 seconds between the 2-second and 4-second marks, in-
creases significantly to as much as 2 seconds at the 6.5-second mark. While the linear and
angular velocities of the input and the maximum joint speeds of the robot are contributing
factors, the exact source of these tracking delays is complex. The manipulability of the
robot, which defines the ease of changing the end-effector’s position as a function of joint
position changes, introduces non-linear effects that complicate the relationship between
joint and Cartesian trajectories. A clear correlation exists between increased input veloc-
ities and larger tracking delays. This relationship is further supported by the observation
that tracking delay is negligible when the input pose is stationary, such as around the
9-second mark.

Despite the significant delays observed in the sample plot, their impact on overall system
operation was not substantial. The majority of teleoperation time is spent on precise, low-
velocity movements required for tasks like grasping. During these periods of slow input, the
tracking delay is minimal. Given that higher velocities, which lead to increased delays, are
not representative of typical operational tasks, improving tracking performance at these
speeds is unlikely to have a significant impact on the user experience.
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Chapter 5

Grasping Assistance System

This chapter describes the details of how Gaze to Grasp is implemented. It leverages the
systems developed for the pure teleoperation system as a foundation to implement the
systems required for grasping assistance.

The chapter begins by describing how the inputs for Contact-Graspnet are developed.
The outputs from the model then need to be filtered and made suitable as a valid selection.
The next section provides details of the user interface of Gaze to Grasp. Insight is then
provided regarding the implementation of the Gaze to Grasp inside the ROS2 framework.
The last section attempts to improve the clarity of the system to the reader by providing
an example that includes the operator’s view during a task, and the external view of the
robot and the operator.

5.1 Grasp Generation

The Contact-GraspNet grasp generation algorithm [60] is selected for its computationally
efficient grasp generation, grasp success rate, flexibility to various camera viewpoints, and
open-source availability. For best performance, the algorithm requires a depth image and
a segmented image which contains segmentation masks for the objects of interest. In this
paper, we use an Intel RealSense D435 to obtain the depth and RGB images of the scene.

To generate the segmentation masks for the objects of interest in the scene, the Segment
Anything 2 model (SAM2) [52] is chosen due to its high segmentation accuracy, speed, and
the ability to generate masks from point prompts. Point prompts act as an additional input
to the segmentation model, which selects the region of the image to focus the segmentation
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Figure 5.1: The world frame is shown in red, the camera frame is shown in blue. The xy
plane is coincident with the origin of the world frame and is on top of the light brown table

around. The point prompts enable more accurate segmentation maps and the ability to
select the object of interest during segmentation. This can be combined with gaze data
from the Meta Quest Pro to generate accurate segmentation masks focused on the target
object. These masks, isolating only the object of interest, ensure that Contact-GraspNet
produces relevant grasps using both the mask and depth image as input.

Once the grasps are generated, they are filtered to retain only those within the ma-
nipulator’s reachable workspace using a heuristic-based approach. Though calculating the
inverse kinematics for all the generated poses would be a simple approach, it would be com-
putationally intensive and limit the speed of grasp generation. As the generated grasps
from the Contact-GraspNet model are available as rotation matrices, the first heuristic is
identifying whether the grasps are facing toward the center axis of the robot or away from
the robot. The poses generated in the camera frame are transformed into the world frame
(Fig. 5.1). For each transformed pose P;, the z-axis vector 2; € R? and the position vector
pi € R3 is extracted. p; is then projected onto the xy-plane which is shown in Fig. 5.1 :
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pi(1)
Payi = pz<2) (51)
0

The angle 0; between the z-axis 2; and the projected position vector p,, ; is computed
using the dot product:

6; = arccos (zi 'pwy’i) (5.2)
[Pzy.q

A grasp pose P; is considered inaccessible if the angle #; does not satisfy the following
condition:

0; <

b | 3

+6 (5.3)

Where delta is an adjustable filtering angle threshold. The secondary heuristic requires
the pose to lie within a defined spherical region centred in the robot’s workspace. A grasp
pose is accessible only if both heuristics are satisfied.

5.2 Gaze to Grasp System Implementation

The image segmentation performed using SAM2 and potential grasp generation through
Contact-GraspNet is implemented inside the respective nodes as shown in Fig, 5.2. The
Ultralytics package that includes SAM! enables easy development using the segmenta-
tion model. Specifically, the SAM 2.1 small version of the image segmentation model is
used to conserve VRAM on the GPU while still ensuring reliable segmentation. A ROS2
node is created for the SAM 2 model to enable integration with the other elements of
Gaze to Grasp. A PyTorch reimplementation? of Contact-GraspNet is used instead of the
TensorFlow-based original implementation?® since it resulted in easier package management
and reduced memory usage. A ROS2 node is also created for the grasp planner with all
data required for planning configured as ROS2-compatible messages.

thttps://docs.ultralytics.com /models/sam2/
https://github.com/elchun/contact_graspnet_pytorch
3https://github.com/NVlabs/contact_graspnet
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Figure 5.2: System diagram of the grasp assistance systems
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(a) Segmentation mask (b) Generated grasps

Figure 5.3: The green circle indicates gaze, the blue highlight shows the segmentation mask,
and grasp results use a rainbow scale: red for lowest and violet for highest confidence

Users can request an object grasp simply by looking at the desired object and pressing
the grip button on their controller. To aid this, their gaze locations are visualized in
the HMD as two red circles, one for each eye, as shown in Fig. 5.4. When a grasp is
requested, the system averages the two eye measurements to determine a single gaze point.
This point then serves as the prompt for the SAM2 image segmentation model, which
generates a segmentation mask. An example of this segmentation from a gaze point is
presented in Fig. 5.3a. The generated and filtered grasps from the segmentation mask in
Fig. 5.3a are visualized in Fig. 5.3b. The visualization is done using Open3D [71], a 3D
data processing library, and it is based on the original implementation by the creators of
Contact-GraspNet. Instead of the main camera feed, the potential grasps are shown to
the user until they release the index trigger on the VR controller. Once again, using their
gaze, the user can look at which grasp they would like the robot to perform and then press
the index trigger button to request the execution of the grasp. Upon request, the grasp
manager converts the 2D gaze point into a 3D ray and identifies the closest grasps within a
defined range of that ray. It then selects the grasp with the highest confidence score from
that set for execution and sends it to the trajectory controller. If no grasps are near the
gaze point, the grasp with the highest overall confidence is chosen.
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The selected grasp is executed using a simple strategy to minimize the risk of collision.
First, the robot moves to a waypoint offset (set to 10 cm) from the target grasp along the
gripper’s negative z-axis. From there, it advances along the gripper’s z-axis to reach the
target pose, closes the gripper, and returns to the position where the user initiated the
grasp command. The user can then release the object by releasing the input used to select
the grasp. The waypoint system is developed using the trajectory controller mentioned in
Chapter 4. It enables the execution of a series of desired end effector poses and associated
gripper states (gripper closed or open).

The waypoint system is also used to initialize the workspace camera frame. The view
from the workspace camera, the camera on the manipulator, and ArUco markers [24] are
used to compute the transformation from the robot to the main camera frame. Once the
placement of the main camera overlooking the workspace is selected, a collection of ArUco
markers with known parameters is set onto a specified location in the workspace. Upon ini-
tialization of the system, the secondary view from the manipulator camera moves to a pose
that overlooks the specified location with the ArUco markers. Then the poses of the ArUco
markers can be measured and used as the points of reference from which a transformation
between the robot’s base frame and the main camera frame can be calculated.

The pure teleoperation mode provides full control of the robot positioning and grip-
per to the user, while the Gaze to Grasp mode features a shared autonomy architecture.
Grasping assistance automates the identification of grasps and aligns the robot for the
successful execution of the selected grasp while allowing the user to retain control of all
other movements.

5.3 Grasping Assistance Sequence Example

An example sequence of grasp executions from the operator view through the HMD is
presented in Fig. 5.4, and Fig. 5.5 shows the associated sequence of images featuring the
operator and the workspace from an external view.

The grasping sequence begins in Fig. 5.4a with the workspace configured for the pick
and place task discussed in Chapter 6. The operator initiates Gaze to Grasp by looking
at the purple cup in Fig. 5.4b and pressing the grip button on their controller. The gaze
points in red determine the target object, and the grasps are generated and visualized as
described in this chapter. In Fig. 5.4c, the operator selects their desired grasp with their
gaze and presses the index trigger to initiate grasp execution. Gaze to Grasp automatically
executes the best grasp at the gaze location (Fig. 5.4d) and returns to the initial position
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(Fig. 5.4e). The operator then takes control to complete the remaining task of placing the
purple cup inside the bin (Fig. 5.4f).

Unlike the pure teleoperation mode, the operator needs to provide very little input
during the grasping process, as seen by the very similar operator pose for the majority of
the images in Fig. 5.5. The operator changes position in the final image (Fig. 5.5f) where
they resume control in the shared autonomy architecture.
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(c) Grasp selected from available options (d) Grasp executed automatically

-

(e) Returned to initial position (f) Operator control to finish task

Figure 5.4: Image sequence showing the operator view through the HMD while using Gaze
to Grasp. In Fig. 5.4c, gaze locations are highlighted to enhance clarity for this figure.
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(e) Returned to initial position (f) Operator control to finish task

Figure 5.5: Image sequence showing an external view of the operator and robot that is
temporally aligned with Fig. 5.4.
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Chapter 6

User Study to Compare Gaze to
Grasp to Pure Teleoperation

To evaluate the proposed grasp assistance system, we conducted a user study with a pick-
and-place task, comparing Gaze to Grasp with pure teleoperation in terms of effectiveness,
usability, and workload. The experiment received ethics approval from the University of
Waterloo Human Research Ethics Board. The letter of approval for the user study can be
found in Appendix A.

The research questions we aim to answer with the user study are the following:

RQ1 How does the usability of the Gaze to Grasp system compare to that of pure tele-
operation?

RQ2 Does the Gaze to Grasp system reduce the workload on the operator compared to
pure teleoperation?

RQ3 Does Gaze to Grasp improve the task completion score and task completion time
compared to pure teleoperation?

RQ4 Does higher perceived system usability correspond to lower perceived workload?

6.1 Experiment Setup

Fig. 6.1a shows the setup used during the user study featuring the relative placement of
the user with respect to the robot, the placement of the camera overlooking the scene, and
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(a) User setup with VR headset (b) Objects

Figure 6.1: Experimentals setup with the user wearing the VR headset and using the
controller to grasp objects in order 1 to 4 and depositing into the bin.

the researcher monitoring the status of the experiment near the robot’s emergency stop.

To test the core functionality of Gaze to Grasp, the pick-and-place task requires the
participant to grasp four objects in a predefined order from a table and drop them inside
a bin on the table. The setup for the task is shown in Fig. 6.1b, where the four objects
in the workspace are marked in the order in which they should be completed, and the bin
in which the objects need to be placed. Additionally, it challenges the user to maneuver
around the other objects in the scene as they are instructed to grasp and place an object
inside the bin with minimal or no collision with other objects on the table. The task is
designed to be easy for the participants to understand and test the core functionality of
the grasping assistance mode compared to pure teleoperation.

Each participant performed the same tasks with both the pure teleoperation mode and
Gaze to Grasp mode, in randomized order to avoid biasing effects.

6.2 Experiment Measurements

Task completion time and score are recorded for each object during an experiment session.
Specifically, the completion time is the cumulative time users utilize to grasp all objects,
and the completion score is computed as follows: half a point for each successfully grasped
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object, and half a point for each object successfully dropped into the bin. If the task is not
successfully completed, the completion time is set to ten minutes, which is the time limit
of the task.

The system usability scale questionnaire (SUS) [13] is used to measure the ease of use of
the system. SUS uses a ten-item Likert scale to ask about various aspects of usability con-
cerning their experience using the system under question. This questionnaire is frequently
used in literature since it can be quickly and easily completed. The final usability score
can be calculated by taking the ten-item scale and applying a series of simple arithmetic
described in [13], which generates an overall usability value that ranges from 0 to 100. A
higher SUS value indicates a higher usability

The workload experienced by the operator was evaluated with the NASA task load
index (NASA TLX) questionnaire [28]. This two-part questionnaire involves a sources of
workload evaluation and a rating of load evaluation. The sources of workload portion asks
the rater to select which factor of the six factors of workload contributed the most to the
task through fifteen pairwise comparisons. This first part yields a series of weights which
can be applied to the ratings of load evaluations. The load ratings ask the rater to score
the magnitude of load from each of the six factors of workload. The calculated weights are
then applied to the ratings of load to generate the NASA-TLX scores that range from 0 to
100. A very low task load would be represented by 0, and 100 represents a very high task
load.

Both questionnaires were completed each time after they attempted the task under
both modes. For NASA-TLX, the sources of workload evaluation is completed once per
participant since both tasks are similar, with only a change in the teleoperation mode,
while the sources of load rating scale are done after each attempt of the task.

6.3 Experiment Procedure

Before performing the task with the grasping assistance system, participants perform a
calibration process for eye tracking to get accurate measurements of their gaze location.
Once they enter the room for the experiment, they are asked to complete a demographics
questionnaire, and then they receive an explanation of the task and the controls for the
mode they will be using first.

Each task is allotted a maximum of ten minutes, but the participant is provided the
option to give up on the task early if they are not able to make progress for any reason.
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After the first task, participants are asked to complete the SUS, NASA-TLX sources
of workload comparisons, and the NASA-TLX rating of load questionnaires. They then
receive an explanation of the second mode and attempt the task again with the new mode.
Once the task is done, they complete the SUS and NASA-TLX rating of load questionnaires
again for the second task.

6.4 Participants

We recruited 30 participants for the study, with gender distributions of 14 identifying as
male, 15 identifying as female, and 1 identifying as non-binary. Their age varied from 18
to 31 (M = 21.67,SD = 3.50), with most being students at the University of Waterloo.
Of all participants, 21 had little to no experience with robots, 4 had some experience
with robots, and 5 had over 20 hours of experience. The experiment configurations are
optimized for right-handed users; all 30 participants were comfortable with using their right
hand for control-related tasks. Completion time and score data could not be recorded for
one participant, so their data were excluded from all analyses involving those metrics. Each
participant provided informed consent before the study began.

43



Chapter 7

User Study Results and Discussion

We consider eight data points from each participant for the analysis: the SUS, NASA-TLX,
task completion time, and task completion score for both the pure teleoperation mode and
the Gaze to Grasp mode. The significance level for all tests was set at a = 0.05. The
resulting data for the 30 participants from the study were first tested for normality using
the Shapiro-Wilk test. As shown in Table 7.1, alongside the mean, standard deviation,
and median of the data, the null-hypothesis of normal distribution is rejected for five
out of the eight metrics based on the Shapiro-Wilk test. Therefore, only non-parametric
tests, statistical tests that do not require the data to be normally distributed, are used
to maintain consistency between tests. To determine significant differences in metrics
between the modes, the Wilcoxon signed-rank variance test is performed. The Wilcoxon
signed-rank test takes the difference between the data in two groups to determine if the
distribution of the data is different from each other, with the null hypothesis being that
there is no significant difference between the two groups. Specifically, we performed paired
tests between the above-listed metrics for the pure teleoperation case and the Gaze to
Grasp case.

7.1 System Usability Scale Results

The box plot in Fig. 7.1 visualizes the distribution of the SUS score. No significant
differences were observed (W=207.5, p=0.6120). This indicated that the users found both
systems to be similarly usable. The median value of the SUS score for the pure teleoperation
mode of 69.5, and 65 for grasping assist, indicating good usability for both modes. To
provide some context to the scores, Bangor et al. [9] found that the SUS score for a
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Figure 7.1: Comparison of SUS, NASA-TLX, completion time, and completion score be-
tween the two modes
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Pure Teleoperation
Measure SUS | NASA-TLX | Time | Score

Mean 60.70 50.27 350.00 | 3.59

SD 18.64 24.53 176.54 | 0.91
Median 69.50 49.00 310.00 | 4.00
Shapiro W 0.88 0.95 0.85 0.53
Shapiro p-val | 2.5¢-3 0.16 6.7e-4 | 1.7e-8

With Grasping Assist
Measure SUS | NASA-TLX | Time | Score

Mean 62.33 38.47 471.10 | 3.26

SD 18.64 21.34 155.00 | 0.88

Median 65.00 37.00 600.00 | 3.50

Shapiro W 0.97 0.96 0.75 0.79
Shapiro p-val | 0.64 0.27 1.2e-5 | 5.5e-5

Table 7.1: Statistics for SUS, NASA-TLX, completion time and completion score for both
modes of teleoperation

cellphone interface was 65.9, and 68.2 for a website interface as of 2009. Additionally,
based on their study, the usability of the system would range between "OK” and ”good”
when an adjective-based description is used for scores in this range.

7.2 NASA Taskload Index Results

Results from the NASA-TLX calculations are also shown in Fig. 7.1. From the box plots,
we can observe that both pure teleoperation and grasping assist modes have a wide distri-
bution of user-experienced workload. While both modes have a similar range of workload
index distribution, the Wilcoxon signed-rank test indicates that the grasping assistance
mode resulted in a significantly lower workload for the user (W=131.5, p=0.03841), with
a median of 37, while pure teleoperation had a median workload of 49.

Fig. 7.2 shows the distribution of ratings of load recorded from the participants. When
comparing between the pure teleoperation and Gaze to Grasp modes, mental demand
(W=57.5, p=0.02278), physical demand (W=0, p=6.431e-6), effort (W=102, p=0.002490)
and frustration (W=63.0, p=0.03695) ratings showed significant differences between the
modes. Gaze to Grasp performed better in all of those factors. As for the sources of
workload comparisons, the median measure yielded that performance was the largest factor
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for workload at 4, effort was at 3, mental demand, physical demand and effort tied at 2, and
temporal demand was rated the lowest at 1.5. Sources of workload can range from zero,
meaning the lowest factor for workload, to five, meaning the highest factor for workload.

Spearman’s correlation was used to compute the correlation between SUS and NASA-
TLX to determine how correlated the perceived usability of the system and the workload
index are. We found that the SUS score and NASA-TLX workload index were strongly
inversely correlated for the pure teleoperation mode (r=-0.8666, p=0.006), and the same
for the grasping assistance mode (r=-0.7101, p=0.0001).

7.3 Completion Time and Completion Score Results

Completion time and completion scores are interconnected performance metrics for the
study, and the box plots for their distribution are seen in Fig. 7.1. The Wilcoxon signed-
rank test indicates that the pure teleoperation mode had a significantly smaller completion
time (W=52.5, p=0.005336) with respect to the Gaze to Grasp mode, but the null hypoth-
esis of no difference in completion score wasn’t rejected when comparing the completion
scores of the two modes (W=44.5, p=0.06170).

The median completion time for Gaze to Grasp, being 600 seconds, indicates that most
participants weren’t successful in completing the entire task within the allotted time. This
observation connects with the median completion score of 3.25, which also indicates that
the majority of people weren’t able to grasp all four objects, but were able to grasp at least
three of the objects using grasping assistance.

7.4 User Study Findings

The user study allowed us to answer the research questions from chapter 6. (RQ1) While
participants found the usability of Gaze to Grasp to be similar to teleoperation, they
were both in the "OK” to "good” range for usability. (RQ2) The perceived workload
when performing the task with the grasping assistance was significantly lower compared
to the pure teleoperation case, suggesting that the gaze-based assistance in our proposed
shared-autonomy framework effectively reduced the operator’s cognitive burden. Specifi-
cally, the decrease in workload is significant in mental demand, physical demand, effort,
and frustration ratings for Gaze to Grasp compared to pure teleoperation. Although the
participants ranked performance as the most important factor for workload, they perceived
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their performance to be similar in both modes, as reflected in the completion score perfor-
mance metric. Participants considered temporal load to be the least important factor and
reported experiencing minimal time pressure, despite a notable difference in completion
times between the two modes. These findings suggest that the primary benefit of grasping
assistance appears to lie not in perceived performance improvements but in creating a more
comfortable and less demanding user experience.

(RQ3) On the other hand, Gaze to Grasp performed significantly lower than the pure
teleoperation case in terms of task completion time, but from a statistical perspective
they performed similarly on the performance score metric. The technical issues with the
grasping generation algorithm that are discussed in the next section may have led to the
under performance of the grasping assistance mode. These technical issues reduce the
significance of the results around performance metrics and system usability, since without
those issues, the system could have performed better. Future solutions for these technical
issues should be implemented for better performance.

Finally, (RQ4) the highly significant inverse correlation between the SUS score and
the NASA-TLX workload index suggests that a system designed for user usability can
significantly reduce operator workload. This finding emphasizes the importance of intuitive
system design in not only meeting functional requirements but also in minimizing cognitive
strain, which would result in increased user satisfaction. The finding also aligns with the
discussion presented in the [30], where they found intuitive control mechanisms to be an
essential aspect of reducing fatigue on the operator.

7.5 Performance of the system

Overall, both teleoperation modes allowed the majority of participants to complete most of
the task. In the pure teleoperation mode, 22 out of 29 achieved full task completion. The
pure teleoperation mode resulted in better completion time and score metrics. Even though
most participants made verbal remarks about how the main view lacked depth perception,
they were still able to adapt to the view and utilize the camera from the gripper alongside
the main camera to compensate for the depth perception. The collision avoidance system
also worked well at warning operators by slowing down when close to colliding with the
table or with other parts of the robot. No undesired collisions were observed during the
experiments.

There were two general recurring technical issues with the tracking system. The Quest
Pro would occasionally have connectivity issues with its controllers, which would lead to
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interruptions that could last up to 30 seconds. This was outside of our direct control and
likely connected to one of the various packages we relied on to establish the connection.
Additionally, when the robot is teleoperated towards a position requiring a joint to reach
its limit, the joint limit avoidance system sometimes fails, causing the robot to stop. This
occurs because joint limit avoidance is a secondary task, and the primary task of pose
tracking could only be possible by reaching a joint limit. These limitations and potential
alternatives are discussed in [16]. Though these issues were present, they occurred sparsely
enough such that the operators could focus on the task at hand.

While SAM2 consistently produced reliable image segmentation, the grasp generation
was more variable during testing. It frequently failed to generate grasps on certain objects
and was highly sensitive to their orientation. Although the system often suggested a
broad range of reasonable grasps, some of these were occasionally infeasible in practice
due to being slightly misaligned from the ideal grasp. One contributing factor to the
Gaze to Grasp’s lower performance was Contact-GraspNet’s difficulty with object four. Its
width was only slightly smaller than the width of the gripper, for which feasible grasps
were difficult to generate, eventually leading to some participants ending the trials after
multiple failed attempts. For instance, of the 29 participants, 21 completed objects 1-3
with grasping assistance, but only 13 could also complete the fourth one. In comparison, 24
out of 29 participants completed the first three objects in pure teleoperation mode. Though
pure teleoperation still performed better when excluding object four, the difference is less
pronounced.

The grasp generation pipeline took 1.7 seconds on average to generate and visualize a
grasp once a request was received. The image segmentation model and the grasp generation
model ran using an NVIDIA RTX 4060 laptop GPU with 8 GB of memory. Variability in
the timing of grasp requests from the Meta Quest Pro VR headset sometimes led to delays
in sending the request to the grasp manager, causing users to inadvertently move away from
the target object before processing was complete. This timing inconsistency occasionally
resulted in grasp requests missing the intended target, thereby affecting system reliability
during the study.
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Chapter 8

Conclusion

This section summarizes the contributions and results from this thesis and describes po-
tential avenues to continue the research presented.

8.1 Conclusions

This thesis introduces a novel grasping assistance framework that leverages eye gaze track-
ing to enhance user control over grasp execution and increase system flexibility during
interaction. It begins by establishing the need for an improved grasping assistance sys-
tem within teleoperation contexts. Subsequently, it reviews related works, offering insights
into the history of teleoperation, the advantages of VR teleoperation systems, and exist-
ing grasping assistance systems for teleoperation. The limitations of previously employed
grasp planners in current assistance systems are discussed, contrasting them with Contact-
GraspNet, a more performant and efficient grasp planner. Eye gaze is then presented as a
promising input modality to address existing gaps in grasping assistance literature.

The thesis also provides foundational knowledge regarding the inverse kinematics tech-
niques applied in the teleoperation system’s implementation. The system itself utilizes
a Meta Quest Pro VR headset for user interaction and controls a Kinova Gen 3 robotic
manipulator with velocity control. The eye gaze-enabled grasping assistance system, Gaze
to Grasp, is built upon this pure teleoperation system. A user study was conducted to
evaluate the system’s usability, compare the workload between the pure teleoperation and
Gaze to Grasp modes, and assess the performance of both modes in a pick-and-place task.
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The implemented grasping assistance system successfully meets the objective of pro-
viding increased user flexibility. By integrating a state-of-the-art grasp planner, Gaze to
Grasp supports a wider variety of objects and generates a greater number of feasible grasp
options. Eye gaze is incorporated as an input to Gaze to Grasp to naturally infer user
intent for grasping tasks, thereby mitigating potential workload concerns associated with
offering more options. The user study demonstrated that Gaze to Grasp significantly de-
creased user workload compared to pure teleoperation, though no significant difference
was observed in system usability. However, pure teleoperation yielded faster and more
consistent task executions than the grasping assistance mode, potentially attributable to
technical issues within Gaze to Grasp.

Overall, the research presented in this thesis offers valuable insights for improving ex-
isting teleoperation systems. The application of Contact-GraspNet in this work clearly
demonstrates that state-of-the-art grasp generation algorithms significantly enhance the
capabilities for developing advanced grasping assistance systems. Gaze tracking proved
highly beneficial in this research, aligning with its demonstrated utility in other teleoper-
ation systems. Finally, these findings underscore that focusing on creating highly usable
systems for operators can effectively reduce user workload.

8.2 Future Work

The presented framework was successful in achieving many of the outlined objectives, but
the user studies revealed potential areas of improvement. The framework can also be
developed to be more versatile.

Although the joint limit task generally functioned well, it failed when the primary task
of pose tracking required the manipulator to be near its joint limits. This limitation and
potential solutions are presented in [1(], such as reconfiguring the joint limit avoidance
task to be the primary task and setting the tracking task as the secondary task. Warning
the user when approaching regions where the secondary task is ineffective could also be an
approach that could be explored.

While Contact-GraspNet is a highly performant grasp planner, particularly when com-
putational resources or inference time are constrained, testing indicated a need for enhanced
reliability in its generated grasps for execution. AnyGrasp [21] presented a promising alter-
native, demonstrating strong performance; however, its closed-source nature and limited
demonstrations of non-top-down grasp execution led to its exclusion. Integrating AnyGrasp
as the primary grasp planner could potentially improve the reliability of Gaze to Grasp. An
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alternative approach involves enhancing the input to Contact-GraspNet through improved
point cloud coverage via more effective filtering.

Although the collision detection implemented in this framework proved effective, its
scope was limited to the table and the manipulator, excluding other objects within the
scene. In more dynamic environments, pre-defining all collision objects becomes unfeasible.
Therefore, ROS2-integrated 3D mapping frameworks, such as OctoMap [33], combined
with point cloud data from the RealSense camera, could be leveraged to implement a more
dynamic collision checking and avoidance framework.

A significant future implementation target for this research involves deployment on
mobile humanoid robots. While the grasping assistance system has been designed with
mobile platforms in mind, their integration will likely present both unforeseen challenges
and benefits. The dual-armed capabilities of humanoid robots offer a wider range of poten-
tial grasps and a greater variety of gripper options, such as the vacuum grip implemented
in Dex-Net 3 [14]. While the variable camera location on a mobile robot could pose a chal-
lenge, grasp planners like Contact-GraspNet should remain capable of effective operation
even with dynamic camera positions.
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