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Abstract

Robot teleoperation is a transformative field of study that can enable workers to safely perform
tasks in dangerous environments. Robot arm teleoperation is particularly suited to help remotely
perform delicate or intricate manipulation tasks in fields like medicine, space and ocean explo-
ration, and hazardous waste management. The quality and usability of a teleoperation system,
particularly a robot arm teleoperation system, depends on how much the user is immersed in the
system and feels that the robot manipulator is an extension of their own body. We explore this
sense of immersion, or “telepresence”, through the mapping scheme between the human user and
robot manipulator, and through the use of realistic haptic feedback. In this thesis, I discuss our
work towards a teleoperation system with safe, realistic haptic feedback for intuitive control of a
robotic arm and gripper. The system involves a motion capture system that the user wears to con-
trol a robotic arm and sensorized gripper, and soft pneumatic haptic devices. We present several
iterations of our system, and discuss the development of a novel user-to-robot mapping scheme as
well as the development of soft “haptic muscles”, a term we coin for our pneumatic haptic feed-
back devices. We also present several stages of user testing, and discuss how we used each set of
results to design the next iteration of our system. Our most recent system iteration is a teleopera-
tion system that allows novice users to pick and place objects comfortably, with a task completion
time of 18 seconds across all users. It also allows users to pick and place delicate objects without
damaging or deforming them, and we find that the soft haptics decrease the user’s applied force by

53%.
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Dissertation Structure

The structure of this dissertation is as follows:

Chapter 1 discusses an introduction to robot arm teleoperation, its applications, and current
research in the field.

Chapter 2 discusses an overview of the system we have built and how the different subsystems
work together.

Chapter 3 discusses the design, development, and testing of the motion capture subsystem and
our human-robot mapping algorithms.

Chapter 4 discusses the design, development, and testing of our soft pneumatic haptic devices.

Chapter 5 discusses the development of the robotic end effectors we use in testing our system.

Chapter 6 discusses several phases of user testing, the results of the testing, and how we used
each set of results to improve the system.

Chapter 7 discusses the wider implications of this work as it applies to various industrial and
research sectors.

Chapter 8 concludes with a summary of our findings and our planned future work.
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Chapter 1

Introduction

1.1 Robot Arm Teleoperation

Robot arms are becoming indispensable in many industrial and research sectors, such as space and
underwater exploration [2], surgery units in hospitals [3], warehouse logistics, and manufacturing
plants [4]. They are strong, precise, and durable, allowing them to perform repetitive tasks that
are dangerous or cumbersome for a human to do. Many robot arms today are either autonomous,
and programmed to perform one task repetitively, or they are remotely controlled, because the
environment in which they work is unpredictable or constantly changing. Remote control of robot
arms, or robot arm teleoperation, is a way for people to perform non-repetitive tasks in changing
environments that may be remote or dangerous. It is a way of combining human perception and
skill with robot strength and precision. Robot teleoperation is already enhancing space research
[5] and helping perform minimally invasive surgery [6] as well as helping do work in hazardous
environments [7][8].

Current modes of robot teleoperation in industry and research are mostly dependent on control
pads, joysticks, or game controllers. This tends to limit the kinds of tasks a robot arm can do, so
there are still many remote or dangerous tasks that require human intervention. The key to pushing
the field of robot teleoperation is “telepresence”, a concept that allows human perception and robot

capabilities to work more closely in harmony. Telepresence during teleoperation is defined as



feeling that the teleoperated agent is an extension of the user’s body, or that the user and avatar are
the same being.

One example of telepresence can be seen in virtual reality games, where users are sometimes
so immersed in the virtual world that they forget that their body exists in a different place, and
they collide with furniture or walls. VR-accidents aside, telepresence is very useful during robot
teleoperation. Studies have shown that a heightened sense of telepresence during teleoperation
of virtual agents can increase task speed and decrease mental load. It is clear, therefore, that
telepresence is one of the major goals of robot teleoperation research. To achieve telepresence in
robot teleoperation requires two major things: intuitive human-robot mapping and haptic feedback
[91(10].

Human-robot mapping refers to how the user moves in order to move the robotic arm, and this
can range from only using their fingers to using their whole body. The closer a user’s motions dur-
ing teleoperation are to their motions in real life, the more immersive the telepresence experience.
It is also important to take advantage of the human sense of proprioception, or where one’s body is
at all times. If the experience is truly immersive and the motion control truly intuitive, a user will
easily understand how to move their own body to control the robotic arm.

Haptic feedback refers to the sense of touch, which is something people use to accomplish
even simple tasks with ease. During teleoperation, haptic feedback can provide information to a
user that vision alone cannot. For example, it can tell a user how well they have grasped an object,
the weight of an object, and sometimes even its texture. Haptics can also help users navigate
cluttered environments and even use the environment to their advantage, like pushing an object
against a table or wall to orient it and pick it up more securely. Haptics during teleoperation help
form a closed-loop system, where the user controls their own actions based on feedback from the
teleoperated robot. This enhance the telepresence experience and allow users to accomplish more
complex, touch-based tasks. The nature of the haptic feedback is crucial to its usefulness, and it
is important that a user is able to quickly interpret the haptics and respond with the correct motion

controls.
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Figure 1.1: Our teleoperation system allows a user to wear a motion capture system and control a
robotic arm and gripper. Force sensors on the robotic gripper read forces during teleoperation,
and these forces are transferred to the user via the haptic muscles.

In this work, we present a full closed-loop teleoperation system that explores the idea of telep-
resence through novel human-robot mapping and haptic feedback mechanisms. The system allows
a user to wear a lightweight and portable motion capture system and use natural body motions to
control a robotic arm and gripper. The robot gripper has soft force sensors at the fingers that read
grasp forces during teleoperation. These grasp forces are transmitted to the user through pneumatic
haptic feedback devices that give the user a sense of grasp quality and strength. This system allows
users to intuitively teleoperate a robot arm and remotely handle delicate or fragile objects. We
present our work on all the technical subsystems involved in this research, as well as the execu-
tion of several phases of user testing to prove the system’s usability and the efficacy of the haptic

feedback.

1.2 Related Work

Our main areas of novelty lie in the motion capture, haptic feedback, and gripper subsystems. We

thus focus on these areas in the literature.



1.2.1 Motion Capture

There are several methods of capturing user movements or intention to remotely teleoperate robotic
arm systems. The most popular in commercial settings is using a control pad that allows the user
to jog the arm in space or control its joints using joysticks, and easily program and run trajectories.
A similar and less featured method is to use a simple gamepad like an XBox controller, a single
joystick, or a keyboard and mouse [11][12][13][14][15]. While these methods are very reliable for
tasks that are repetitive and require set trajectories, they become cumbersome and difficult when
the environment is unpredictable and changing. For example, controlling an arm with a game
controller requires a user to switch between “position” and “orientation” mode, which is time-
consuming and unintuitive [16]. Some touch-based controllers are more full-featured, such as the
touchscreen presented in [17], but is still unintuitive enough to limit the task range of a novice user.

The other category of teleoperation methods is through body motions, where the user controls
a robotic arm by moving their own body. Because this teleoperation method mirrors how people
complete tasks everyday, it allows users to perform more complex tasks quickly and solidifies
the telepresence experience [18]. We find in our literature review that papers using body-based
teleoperation test their systems with more complex tasks, such as folding laundry, working with
connectors, and opening doors. It therefore seemed most reasonable to delve into how various
researchers capture their users’ body movement data.

There are many ways to develop a motion capture system for remote teleoperation, and they
differ widely in setup time, user comfort and mobility, portability, and cost. One very popular
method is vision-based motion capture, which requires the user to remain in view of the cameras
detecting their motion [19][20] and can sometimes suffer from vision occlusion. Additionally, de-
pending on the algorithm used for pose estimation, a vision-based system may introduce latency to
the teleoperation system that is undesirable. Alternatively, it may require a very powerful computer
to run the system. Another popular method for teleoperation is using virtual reality headsets with
handheld trackers. These headsets, for example the HTC Vive, ship with very fast pose estimation
algorithms that allow users to control characters in video games, and these algorithms are easily

integrated into teleoperation systems.



Finally, there are teleoperation systems that use wearable sensors to estimate the pose of the
user and their arm. These tend to use rather expensive sensor suites with complex algorithms to
estimate poses based on inertial measurement unit readings, such as the sensor suite sold by Per-
ception Neuron and used in [21]. This method is growing more popular because the setup time is
very low, it has high portability, and the user also has high mobility and is very comfortable, es-
pecially if the sensors are small and the attachment method allows for movement and adjustability
[22]. We chose the path of wearable sensors because of its simplicity and lightweight nature, but
we chose to create our own sensor suite, which resulted in a low-cost and full-featured motion cap-
ture system. The Perception Neuron, one of the few inertial sensor based motion capture systems
on the market, sells for 4500USD, while our motion capture system costs under 120USD. While
our motion capture system uses only 3 IMUs and the Perception Neuron ships with 17 sensors,
scaling our system to use 17 sensors would still cost under S00USD.

Because we chose to pursue a wearable motion capture system, we also had to consider how
to sense the user’s finger movements to control a gripper. There are many data gloves on the
market and in the literature that do this very effectively [23][24][25]. One solution is to use inertial
measurement units on the fingers to detect their motion and bending angles, similar to our method
for detecting arm motions. Another solution that is gaining popularity is various forms of flexible
sensors that are stitched or glued to the fingers of a glove, which results in a more lightweight
and maneuverable wearable. Flexible sensors can be resistive, capacitive, based on fiber optics,
and even use single-walled carbon nanotubes [26]. In this work we have two data gloves, one
novel design based on optical curvature sensors and an off-the-shelf option with capacitive sensors.
The glove with optical curvature sensors is lightweight and flexible, but also durable. It is also a
very low cost option, costing under 2USD for one sensor and 20USD to manufacture a glove. In
contrast, the off-the-shelf capacitive option costs USD5000 for a pair of gloves.

One of the major considerations when developing a teleoperation system with body-based mo-
tion capture is how to map the user’s body movements to the robot arm. This is particularly chal-
lenging when the robotic arm is not anthropomorphic. The simplest way to do this is “end-to-end”

mapping, where the user’s positon and orientation directly control the robot’s position and orien-



tation. This method is functional, but can be difficult when controlling a 7dof arm with redundant
joints because we must depend on the IK algorithm to choose between multiple solutions. Though
the user does not have to worry about the robot arm’s individual joints in general, there are some
edge cases where the user may become confused about how to move the arm from one position
into another. Several papers present algorithms addressing this confusion.

One method to control redundant manipulators is to use the end-to-end method but use a single
joint angle from the user to obtain a unique solution, thus allowing the user to more directly control
the robot’s joints [27]. Another method is to use the end-to-end method but scale the workspace
of the user to match the robot workspace, thus ensuring that both are working in comfortable
workspaces to avoid singularities [28]. Yet another method uses deep reinforcement learning to
not only map the user’s position to the robot, but also perform obstacle avoidance and singularity
avoidance [29].

It is difficult to gauge how intuitive and easy-to-use these systems are, because every researcher
performs different tasks and uses a different method of motion capture to gauge pose estimation.
We therefore decided to try several methods ourselves as will be discussed in Chapter 2. One is a
joint-to-joint method normally used with robotic hands [30], another is an end-to-end method with

scaling, and the third is an end-to-end method with workspace alignment.

1.2.2 Haptic Feedback

Haptic feedback is an important aspect of an effective teleoperation system [10]. There are several
modes of haptic feedback, which vary in effectiveness depending on the application. Tactile feed-
back, or cutaneous feedback, is transmitted using vibration, temperature, or pressure close to the
skin and usually indicates contact with an object [31][32][33]. Kinesthetic feedback is transmitted
by applying a force to a user’s body and can indicate a resistive force, such as grasping an object
[34]. The literature shows that kinesthetic feedback is an effective way to transmit quality-of-grasp
to a user, and enhances grasp stability which allows for more delicate manipulation [35]. There
are two types of kinesthetic haptic feedback, admittance and impedance. Admittance feedback

systems calculate a desired user position based on force, and communicate that force to the user



by locking them into the desired position [36]. Impedance feedback calculates the desired force
based on position and applies some force or torque to the user [37].

The goal of kinesthetic feedback is to apply real forces on a user’s body to simulate how real-
world objects apply similar forces. There are several ways to do this, and we focus here on haptic
systems that act on a user’s fingers to transmit manipulation forces. One popular way to apply
kinesthetic feedback is through tendon-driven mechanisms attached to the fingers. When actuated,
the tendons pull on a user’s fingers and open the user’s hand, thus preventing their hand from
closing. This is a very realistic simulation of how objects in one’s hand prevent the hand from
closing further than the size of the object. In the literature, there are several authors who use
tendon-driven systems to provide kinesthetic haptic feedback [38][39]. In [40], for example, the
authors present a data glove where the user’s fingers are attached to mechanical linkages, driven
by motors on the glove. The users use the glove to drive a remote-controlled car around a maze,
curling their fingers to control the car’s speed. If the car is about to crash, the linkages pull the
user’s fingers straight, applying both kinesthetic feedback and preventing the user from crashing
the car. In a similar vein, the authors in [36] use shape-memory alloy brakes to stop a user’s fingers
from closing past a certain threshold.

One issue with tendon-driven kinesthetic haptic systems is that they tend to be bulky and require
motors attached to the user’s hand. This bulk increases if the system also includes cutaneous
feedback, as having both types for feedback can be very useful for manipulation tasks. An overly
bulky system might limit user mobility and comfort, and thus limit the kinds of tasks that can be
completed with the system [32]. Additionally, the presence of tendons attached to user’s fingers
can be a safety hazard if safety limits are not included, and this may limit the amount of force that
can be applied to the user.

More recently, researchers are looking towards more lightweight and comfortable haptic sys-
tems, such as those made of fabric [41] or with very efficient motor designs [42]. We pursue
the route of fabrics and pneumatics for our haptic device, as it enables us to safely and control-
lably apply forces to users’ fingers. Rather than using motors and linkages, we use soft robotic

principles and are inspired by pneumatic artificial muscles (PAMs). PAMs are able to inflate and



apply high forces relative to their size, but are also inexpensive to manufacture, and inherently
adjustable and compliant. Their soft structure makes them particularly suitable for human-robot
interaction because they can apply high forces safely and comfortably. They are a compliant and
lightweight replacement for motor-tendon systems that apply kinesthetic feedback to users’ fingers

[43][44][45].

1.2.3 Sensorized Robotic End Effectors

There are many robotic grippers in literature that can read grasp forces. Many are rigid grippers
that use position or velocity control to grasp known objects, combined with a custom or off-the-
shelf sensor like the BioTac from SynTouch [46][47]. Other rigid grippers use force control to
ensure that the grasped object is not damaged or deformed. There are also many soft grippers in
the literature, which are compliant and thus require less complicated control schemes to grasp a
variety of objects without damaging them. Adding force sensing to compliant grippers is quite
challenging because the sensors must also be compliant, and there are several examples of using
resistive, capacitive, barometric, and strain sensors that are mounted in unique ways to soft grippers
[48]. Resistive and capacitive sensors are, however, prone to drift and sensitive to changes in
temperature and humidity. To address this issue, our group in the Soft Robotics Lab developed a
soft force sensor consisting of a 3-axis hall-effect sensor and magnet separated by a soft substrate
such as silicone. As force is applied to the magnet, it moves with respect to the hall effect sensor,
and the sensor outputs the magnetic field in the x, y, and z axes. We can then interpret the hall
effect sensor output as force in 3 axes [1]. The sensor is novel in the space of soft force sensing,

and we build on this work by integrating it into a 3D-printable anthropomorphic hand.

1.2.4 Teleoperation Systems

Thus far, most of our references have dealt with motion capture and haptic systems that exist in

isolation, either to teleoperate a system without haptic feedback, teleoperate a system that is not a



robotic arm, or provide haptic feedback in a virtual environment. We therefore provide a survey
on current teleoperation systems that do include haptic feedback.

Several teleoperation systems that require haptic feedback rely on systems that can perform
tracking and feedback at the same time, such as joysticks and desktop haptic devices. In these
cases, a user controls a robotic arm in space with a joystick, and the haptic feedback is the joystick
or haptic device pushing back on the user. This is particularly useful for obstacle avoidance or tasks
where the user applies pressure to another object such as dentistry simulations [49][50]. They are
less useful for tasks that require manipulation or picking and placing objects. Other systems use bi-
lateral teleoperation, where the user controls a “leader” robot using their body, and the teleoperated
robot follows the leader. In this case, haptic feedback can be felt through the leader robot resisting
the user’s movement and thus applying torques to the user [51].

In teleoperation systems with wearable motion capture and haptic feedback, the haptics are gen-
erally cutaneous, using either pneumatics, electrotactile feedback, or vibration motors [52][53][54].

This is because these systems are more easily condensed into wearable forms.

1.2.5 Human-Robot Interaction Studies

Much of our work is based on user studies and user-oriented design, so we consider the research
surrounding how to perform human-robot interaction (HRI) studies and how to integrate these
studies into design processes. We find that the literature is very varied and there is very little
standardization in HRI, and this is mainly because HRI research is very specific to the robotic
platform and the task space being studied [55]. Several frameworks have recently been proposed
for conducting HRI studies, but they are specific to particular aspects of HRI, such as emotional
connection [56], or spatial cognition during collaborative tasks [57]. Additionally, many of these
models concern situations where users are interacting with autonomous systems [58]. We find that
the field of robot teleoperation is extremely technical, so the literature we have referenced does not
do an adequate job of applying HRI models or techniques to teleoperation systems or subsystems.
We therefore consider the adjacent field of human-computer interaction (HCI), where the systems

being studied are rather more predictable and the user studies more rigorous and consistent.



In our work, we are inspired by HCI literature and consider both quantitative and qualitative
feedback [59][60][61][62][63]. We track performance metrics such as time to task completion and
force application during the task, but also ask users questions related to cognitive workload (CWL),
and our questions are inspired by the NASA Task Load Index which is commonly used in human-
computer interaction studies [64][65]. Our results, therefore, are a combination of quantitive and
qualitative, and relate to specific subsystems and the system as a whole. We are therefore able
to draw deeper conclusions about what aspects of the teleoperation system are working and what

needs improvement.

1.2.6 Methodology

When developing a teleoperation system, which contains many parts, it is important to consider
how best to test and validate the system. When considering the literature, we find that, in general,
testing a full teleoperation system with several complex subsystems is fairly challenging. Many
of the works we have referenced specifically explore one subsystem, such as developing a motion
capture system or haptic device for a virtual reality environment, or developing a soft gripper for
autonomous pick-and-place. The works we have referenced with full teleoperation systems gen-
erally test the whole system at once with a few users, and thus cannot make strong claims about
which individual subsystem contributes to the success of their system, nor what needs improve-
ment. Therefore, our goal to develop a more ”usable” teleoperation system must also address what
“usable” means.

Through the course of this study, our methodology is based on the idea that a teleoperation
system is both a set of technologies combined into a technical system, and that a teleoperation
system is an entire technology that interacts with a human user. We therefore perform several types
of experiments through the study. One type is subsystem validation, where we test a particular
subsystem to prove that it works in isolation. Another is subsystem exploration, where we answer
questions and explore different options within a subsystem. These two types of experiments will

be presented in their corresponding subsystem chapters and are generally isolated experiments, or
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experiments that combine two subsystems to validate their integration. When the subsystem is
particularly novel, the validation experiment is also generally novel.

The last set of tests are experiments where we add a level of unpredictability by adding a
human user in the loop, and these tests are presented in Chapter 6. These tests are also divided into
subsystem tests, where we gauge how well users interact with a particular subsystem where we
have added novelty, and full system tests where we gauge the efficacy of the teleoperation system
in general.

The experiments described above fit into the iterative process we have used to develop a better
teleoperation system. We develop a system using subsystem validation and exploration experi-
ments, then perform user tests to understand how people interact with the system. The results of
the user studies, both quantitative and qualitative, drove the design and implementation of the next
iteration of the system. In this way, we move closer towards a system that is truly usable based on

user-oriented design processes.

1.3 Contributions

Our overarching contribution is a usability study on what makes an effective teleoperation system
that includes haptic feedback, and how best to test a complete teleoperation system. Over the
course of this work, we have completed several iterations of this system and tested them in isolated
environments without human users, and as part of full teleoperation systems. We therefore have
developed a strong idea of what makes a teleoperation system successful, and how to test individual
components of the system with and without human users in the loop.

While some of our subystem components are off-the-shelf, others are novel components that

we have developed during this work. We list our subsystem-level contributions below:

1.3.1 Haptic Feedback Mechanism

We present a impedance-type kinesthetic haptic device that is wearable, lightweight, and full-

featured. We have coined the term haptic muscle” to describe this novel device and it was patented
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in 2017 [66]. The haptic muscle applies both contact and kinesthetic forces to the user’s finger,
by both squeezing the finger and applying a moment force to the knuckle, gently keeping the
finger open. The haptic muscle is pneumatically-driven and sits around the finger, making it both
comfortable and safe to use because there is no risk of overextending the user’s fingers.

We present two versions of the haptic muscle. The first is an extremely lightweight and easy-
to-manufacture version made from heat-sealable plastic. The second is made from a fabric-silicone
composite that offers more comfort, smaller resolution of detectable feedback, and a more control-
lable application of force. We prove these improvements using multiple tests: a unique “minimum
detectable change” user study, and a force application test using a novel test bench that measures
the forces applied on a finger by the haptic muscles. We also prove in teleoperation tests that the
haptic feedback allows users, both novice and expert, to handle fragile or brittle objects without

deforming or damaging them.

1.3.2 Motion Capture System

We present an arm motion capture system based on inexpensive wearable sensors that provides
real-time measurements of user motions. Similar wearable systems are based on very expensive
sensors and require complex algorithms to output real-time positions. Our system is lightweight,
easy to set up, and suitable for a variety of body types due to the adjustable nature of the wearable
components. Additionally, because it is based on inertial measurement units that track global
orientations, the system is entirely portable and allows the user to move freely during teleoperation.
It requires only a few minutes of calibration to attune itself to an individual user.

We also present several schemes that use the angles from the intertial measurement units to
control the robotic arm. Most mapping systems are based on end-effector positioning alone, and
use tracking systems such as large motion capture studios or virtual reality trackers on the user’s
head and arm. Because our system is based on wearable IMUs, our mapping does not deal with
occlusion issues, where the sensors cannot track the user. With our various mapping schemes we
try to work towards maximum intuition and workspace usability. We define intuition as the ability

of the user to move the robotic arm into a desired position quickly and efficiently. Our first scheme
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is a direct joint-to-joint mapping which is a one-to-one mapping between the user and robot joints.
This is very intuitive to use because the robot arm behaves exactly like a human arm. The other
scheme is an end-effector workspace mapping, where we perform a mapping between the user’s
and robot’s workspaces in cylindrical coordinates. This method maximizes both intuition and
workspace range because there is a simpler translation from the human to robot motions, but the
scheme is designed to use the entirety of the robot’s workspace.

Along with motion capture for the arm, we present a novel method of capturing user’s finger
motions during teleoperation. The proposed method uses optical curvature sensors attached to a
soft glove. The sensors consist of an infrared LED and infrared receiver connected by a black tube
that blocks other light. When the user’s finger is straight, the receiver ouputs a high signal. As
the user’s finger bends, the receiver’s output is lower and lower, and is directly proportional to the
degree of finger bending. The result is a low-cost, low-latency, lightweight, and inexpensive way

to accurately detect finger bending during teleoperation.

1.3.3 Robotic End Effector

We present a robotic end-effector that uses magnets and hall-effect sensors to sense contact and
grasp forces during teleoperation. The end-effector is anthropomorphic, tendon driven, and 3D-
printed from soft materials, allowing it to perform a wide range of grasps and potentially allow
users to perform more complex teleoperation tasks. The force sensing integrates cleanly into the

soft gripper and does not suffer from drift or changes in temperature and humidity.
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Chapter 2

System Overview

2.1 Integrated System

Our proposed teleoperation system contains several distinct hardware components: a robotic arm
and gripper, a wearable motion capture system consisting of a data glove and inertial measurement
units (IMUs), soft force sensors on the gripper, and haptic feedback devices. The components are
integrated as shown in Fig 2.1 and are controlled by a central computer running ROS.

The data flow is as follows, and is outlined in Fig 2.2.

The inertial measurement units sit on the user’s upper arm, forearm, and hand, and output the
absolute angles of the user’s shoulder, elbow, and wrist. This data is transmitted to the central
computer for processing. We use these angles to calculate the user’s current position in joint space
or cartesian space, then map this position to the robot’s joint or cartesian space. The mapping
outputs a set of desired robot joint angles, and we use a simple PID controller to control the robot
joints.

The soft glove outputs a set of signals corresponding to the bend angle of the user’s thumb,
index, middle, and ring fingers. This data is also transmitted to the central computer for processing,
where we map the user’s current finger positions to a desired gripper position. We use another PID

controller to send the gripper joints to the desired state.
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Figure 2.1: A system diagram showing how the main subsystems interact. The system uses ROS
as its software communication hub, and data is passed as topics from subsystem to subsystem.
Our areas of novel contribution are bordered in red.

The two sections above result in a remote robot teleoperation system where the robot shadows
the user’s motions in an intuitive way.

During teleoperation, the user will use the robot to manipulate objects in the robot’s surround-
ings. During manipulation, we read grasp forces, that is, how hard the user is squeezing an object,
through force sensors on the robotic gripper. These sensors output a force in pounds which we map
to a desired haptic feedback output. Therefore the harder the user squeezes the object, the more
haptic feedback they will feel. The user can use this sensation to squeeze the object more or less
hard, depending on whether they want to grasp the object firmly or avoid damaging it.

The motion capture and haptic feedback systems offer a closed-loop control system by which
a user can teleoperate a robotic arm and adjust their movements to handle fragile objects without

deforming or damaging them.
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2.2 Research Phases Overview

We performed our research and development in four distinct phases, each of which corresponds
to a set of user tests, results, and design decisions. The rest of this report is divided by technical
subsection, but here we present a timeline of how our final system was developed and the design
choices we made following user tests and interviews.

The first phase of research was an initial system that included a simulated robotic arm and the
first iteration of our data glove and haptic feedback wearable. The data glove included optical
curvature sensors that sat on top of the fingers, and plastic haptic muscles that sat on top of the
curvature sensors. We also used inertial measurement units strapped to the user’s arm to capture
the user’s arm motions. For our first iteration, we oriented the robot arm on its side and directly
mapped human joints to robot joints. Users wore the IMUs and glove and controlled a simulated
Kinova Jaco arm and Robotiq 3-fingered gripper. Users were able to pick and place simulated
blocks and feel haptic feedback when they grasped a block. This work was published in [67].

The second phase of development used the same motion capture system (data glove and IMus),
but used a physical Kinova Jaco arm and a custom 5-fingered anthropomorphic gripper with a wrist.
Because the robot arm was still oriented on its side, we required a separate wrist to accurately orient
the gripper for grasping tasks. The anthropomorphic hand also had a first iteration of soft force
sensing integrated into its fingertips.

The third phase of research again used the same motion capture system (data glove and IMUs)
but we oriented the arm vertically and thus changed the human-to-robot mapping. In the first two
phases, we mapped user’s joints directly to the robot joints, but in this phase we used a cartesian
mapping scheme for position and orientation control of the end effector. We also refactored the
gripper to better embed the force sensors in the fingertips. This work was published in [68] and the
work on the gripper was published in [69].

In the fourth phase of research, we redesigned the haptic muscles out of a fabric-silicone hybrid
rather than from the heat-sealable plastic we began with. In this phase we also used a different

robotic arm (Kinova gen3) and an off-the-shelf gripper (Robotiq 2F-85), and outfitted the gripper
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with new force sensors based on force sensitive resistors (FSRs). A part of this work was published
in [70]. We also begin to modify how we perform human-to-robot mapping to be more suitable for
novice users

The remainder of this dissertation is divided into sections based on the technical subsystems
of the full teleoperation section. Each technical section will discuss the different iterations of each
subsystem. In Chapter 6, we will revisit these phases and discuss more about how the results from

each user test led to the design of the next iteration.
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Figure 2.2: This software flow shows how data flows from the user to the robotic arm and
gripper, and how data from the robotic gripper flows back to the user.
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Chapter 3

Motion Capture System and User Mapping

3.1 Motion Capture Hardware

The wearable motion capture system consists of a data glove and a set of inertial measurement unit
(IMU) bands. The glove collects finger bending data while the IMU bands output absolute angles

of the shoulder, elbow, and wrist.

3.1.1 Data Glove

The data glove is a soft wearable with embedded sensors that detect finger bending. We used two
different gloves in our research, one with custom curvature sensors and one off-the-shelf data glove.
The custom curvature sensors are a low-cost option that are nonetheless durable and accurate. The
off-the-shelf data glove is lightweight and durable, albeit very costly. We discuss both gloves and

the reasoning behind the switch.

Optical Curvature Sensors

Our first glove uses optical curvature sensors mounted to the fingers of the haptic glove. Each
sensor contains an infrared LED and receiver connected by a flexible black tube to block external
light (Fig 3.1). When the user’s finger is straightened, the LED and receiver are directly facing

each other and the analog signal from the receiver is high. As the user curls their finger, the signal
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decreases, as shown in Figure 3.2. Because there is no resistive component to this sensor, the

readings do not suffer from drift and other inconsistencies.

Figure 3.1: An optical curvature sensor sitting on the user’s thumb. The infrared emitter and
receiver are outlined in green and the flexible black tube in yellow. The curvature sensor sits atop
the haptic device (clear plastic).

The curvature sensors sit on top of the haptic muscle, with the infrared LED and receiver sewn
directly into the glove. The signals from the receiver are amplified and filtered using a standard
operational amplifier circuit, then sent to the analog pin of an Arduino.

We published a version of this glove in [67], where the glove was 3D-printed out of rigid ma-
terials and the optical sensors were mounted to the glove between two printed plates that were
screwed together. Inspired by off-the-shelf products, we decided to switch to a fabric glove and
mount the sensors using fabric glue and stitching. The result was a more lightweight glove (weigh-
ing less than 250g), that was also more comfortable to wear.

The optical sensor data glove was a durable and simple option that worked very well for several
sets of user tests, as described in Chapter 6. However, we encountered an integration issue when
we redesigned the haptic muscle to be manufactured from fabric and silicone rather than plastic,
which we discuss further in Chapter 4. When the haptic muscle was plastic, it did not inflate
radially enough to bend the optical sensor. However, the fabric-silicone haptic muscles inflate
much more and we found that they interfered with the optical sensors by bending the black tube
enough to simulate user bending even when the user wasn’t moving. During our pilot teleoperation
tests with the fabric haptic muscles and the optical curvature sensors, users found it impossible to

grasp an object. When they closed their hand to close the gripper around the object, the object
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Figure 3.2: This plot shows an example of the optical sensor outputting curvature signals when
worn by a user. When the user’s finger is straight, light from the LED reaches the receiver,
resulting in a high signal. As the user gradually curves their fingers, the light is blocked, resulting
in a low signal. This provides an accurate reading of the user’s finger curvature. We find that the
signal is consistent when the finger is fully open or closed, and gradually decreases as the user’s
finger bends.

triggering the force sensors and haptic feedback. The haptic muscles inflated and bent the sensor
as if the user was straightening their hand, and the gripper would open and drop the object.

We therefore required a new data glove design that would not be affected by the haptic devices.

Capacitive Curvature Sensor

The second glove is an off-the-shelf data glove (StretchSense Supersplay) that uses capacitive
curvature sensors attached to the fabric of each finger in the glove.

The capacitive sensors in the StretchSense glove are based on a layered design, where a signal
electrode sandwiched between two ground electrodes which are separated by silicone dielectric
insulators, forming a flexible parallel plate capacitor as shown in Fig 3.3. When the sensor is
stretched, the sensor increases in surface area and decreases in thickness, which increases its ca-
pacitance. The sensor is immune to compression, so it sits under the haptic muscle and we observe

very little to no crosstalk between the two.
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Figure 3.3: The StretchSense SuperSplay is an off-the-shelf data glove with capacitive curvature
sensing. The curvature sensors are flexible layers that change capacitance when stretched.

The glove contains amplification and filtering circuitry and outputs the capacitance of each of
the curvature sensors, two for each finger. For our purposes, we use the sensor on the first knuckle

of the thumb, pointer, and middle fingers.

Gripper Control

We control the gripper using the signals from the data glove by performing a linear mapping
between the user and gripper’s open and closed states. We begin each teleoperation session with a
calibration routine to record the data glove output when the user’s hand is closed and open. This
is because every user outputs a different signal based on their hand size. We can therefore map
between the user and the gripper using the following equation, where map is a linear mapping

function. A diagram showing the mapping concept is shown in Fig 5.1.

gripperdes = map(usercurrenta [useropena userclosed]a [gripperopena gripperclosed])
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Figure 3.4: We use a linear mapping to convert the user’s current position to a desired position
for the robotic gripper. We get the user’s minimum and maximum values through a calibration
routine at the beginning of each teleoperation test.

3.1.2 IMU Bands

We use three inertial measurement units (IMUs) to read the absolute angles of the user’s arm. The
IMUs are off-the-shelf boards from Adafruit (BNOO0S55) based on a Bosch chip that contains an
accelerometer, magnetometer, and gyroscope. The board outputs absolute angles in quaternions
and Euler angles. Each board uses the 12C protocol to connect to a microcontroller. However,
the boards only have two hard-coded 12C addresses to choose from, which means only two can
be daisy chained and connected to a microcontroller at any one time. Because we need three
IMUs, we also add an 12C multiplexer (TCA9548A) that allows us to connect up to 8 IMUs to the
microcontroller at once. All three IMUs connect to the multiplexer, which in turn connects to the
microcontroller.

We place the IMUs on the user’s upper arm, forearm, and hand as shown in Fig 3.5. This allows
us to read rotations from the user’s shoulder, elbow, and wrist. To ensure that the IMUs sit securely
on the user, we 3D-printed wearable IMU mounts. We attach the IMUs and relevant connections

to a custom PCB, which press-fits into the mount. The mount also include a hole for a 1/2” wide
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Figure 3.5: The user wears 3 IMUs, on the upper arm, forearm, and wrist, to capture their arm
motions. The IMUs are connected to each other and the microcontroller using 12C.

elastic band. The elastic band includes a velcro strip that allows it to loop around a user’s arm.
Each IMU assembly is connected to the next, and to the backpack, by a ribbon cable. This setup is

lightweight and comfortable, especially because it is adjustable for each user.

3.2 User to Robot Mapping Schemes

3.2.1 Joint to Joint Mapping Scheme

One way to achieve intuitive control is to map joints in the Jaco arm directly to corresponding joints
that provide similar motions in the human arm. To maximize the intuitiveness of this mapping, the
Jaco arm is mounted sideways, so the directions of joint rotations match those of the human body
as shown in Fig 3.6. Note that this mapping scheme was implemented on the Kinova Jaco robotic
arm.

The first two joints of the Jaco arm map directly to shoulder rotations. The first is based on
shoulder flexion and extension, which moves the arm vertically towards and away from a horizontal
workspace. The second is based on shoulder abduction and adduction, which pans the entire arm.
Both of these positions are directly provided by the IMU mounted on the user’s upper arm. The

third joint is based on elbow abduction and adduction, which pans the distal half of the arm. This
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Figure 3.6: The human arm and robot are mapped joint-to-joint. The user’s shoulder controls the
first two joints, the elbow controls the third, and the wrist controls one of the robot’s wrist joints.

position involves the difference in angle between the upper arm and forearm IMUs, so that panning
the entire arm does not result in panning the elbow as well. The fourth and fifth (wrist) joints of
the Jaco arm are fixed. The sixth joint is the end effector and is based on wrist rotation.

Using the mapping system above, the IMU data is converted to a set of desired joint angles
for the Jaco arm that match the user’s current arm configuration. Under the default position con-
trol, Jaco arm tracks position references automatically following a trapezoidal motion profile. To
achieve smooth motions, the desired joint positions are sent to a velocity controller that calculates a
velocity for each joint based on its current and desired positions via a proportional-derivative (PD)
controller. We tuned appropriate PD coefficients that do not overextend the capabilities of the arm
through initial experimental studies with the system. A plot of a user’s elbow joint readings from
the IMU as well as the movement of the robot arm’s elbow joint during teleoperation is shown in
Fig 3.7.

Mapping the user joints directly to the robot joints was very intuitive, and many users told us
they were easily able to understand how to move the robot arm around. There were, however,
several issues with this setup. Firstly, the robot arm we were using (Kinova Jaco2) could not

operate very well turned on its side, because of torque limitations on the lower joints. When
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Figure 3.7: We asked a user to wear the motion capture system and rotate their elbow parallel to
the ground, which teleoperates the elbow joint of the robotic arm. We capture the user data as well
as the current joint position output by the robot arm, and plot both here. We find that joint-to-joint
mapping is a low-latency form of control because there are no complex kinematics to calculate.

we teleoperated the arm for too long or picked up a heavier object, like a water bottle, the arm
overtorqued and jerked around dangerously.

Additionally, while it was very intuitive for users to control the first two joints of the arm, the
joint-to-joint scheme limited the robot arm’s range of motion, because all the movements were
radial. Users reported during testing that they expected the robot end-effector to move in lines,
and the radial motion was difficult to adapt to. The results from these user tests, shown in Phase
2 of Chapter 6, confirm both the mechanical issues with the joint-to-joint scheme, and that users
had difficulty aligning the robot arm to pick and place simple objects like a cube or cylinder.
For usability purposes, we decided to flip the arm the right way up and work towards a cartesian

mapping scheme. We also acquired a Kinova gen3 robotic arm, so the rest of these mapping

schemes are implemented on the Gen3.
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We therefore consulted the literature on other more common ways to map user motions to
robot motions, and we were inspired by systems that use virtual reality headsets for robot arm

teleoperation.

3.2.2 Cartesian Mapping Scheme

One very common way of translating human arm motions to robot arm motions in the literature
is “’position-position” control, where we calculate the position of the human arm using forward
kinematics calculations, then send the robot arm to the same position using its inverse kinematics.

We first cover how we calculate the user’s position using the forward kinematics of a human arm.

Forward Kinematics of User

The forward kinematics of the user’s arm are calculated using the three link lengths (upper arm,
forearm, and hand) and the angles given from the IMUs on each joint. For these calculations, we
capture the angles from the IMUs in quaternions rather than euler angles. This is because when the
IMUs output Euler angles, there are times when two different angles can define the same position
and we experience jumping in the angle outputs, especially in pitch and yaw. Reading the angles
in quaternions solves this issue, and we immediately convert the angles to euler angles for the
calculations.

The forward kinematic calculations are as follows.

The three link lengths are given by Lypper, L fore, and Lpgng.

The IMUs give us 3 rotation matrices, Rsnouiders Reibow, and Ry.ist, which are formulated by
multiplying the corresponding X, Y, and Z rotation matrices given by the IMU. For example, if the

IMU on the upper arm output angles [a, b, c], then

1 0 0 cos(b) 0 sin(b) cos(c) —sin(c) 0
Risnoutder = | 0 cos(a) sin(a) | X 0 1 0 X | sin(c) cos(c) 0O (3.1)
0 sin(a) cos(a) —sin(b) 0 cos(a) 0 0 1
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The rotation matrices then give us a set of transformation matrices where we multiply the

rotation matrix by a matrix representing the corresponding link length. So given Rgpoui4er above,

we get
0
Tsnoutder = Rshoulder X 0 (3.2)
_Lupper
0
Teivow = Retpow X 0 3.3)
_Lfore
0
Turist = Rurist X 0 (3.4)
_Lhand

Using the above method to find Tspouider> Leibow, and Tr,ise, We can calculate the position of
the user’s hand. Note that the first point is a simple translation from the user’s sternum to their
shoulder, so the point is [SO,, SO,, SO.] where SO is the offset between the shoulder and the
user’s sternum. We found this a more convenient and intuitive mapping, where the robot base
corresponds to the user’s core. Therefore, the following point gives us the position of the user’s

hand relative to their core.

po = [SO,, SO,, SO,] (3.5)
P1 = Po + Rshoutder * Tsnoutder (3.6)
P2 = p1 + Rewow * Tetpow (3.7)
p3 = D2+ Rurist * Twrist (3.8)
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We calculate the orientation of the user’s hand in much the same way, by multiplying the

rotation matrices. We thus have the following:

ry = Rorigin * Rshoulder * Relbow * Rwrist (39)

Where R,,igin 1s the orientation of the user’s core and is thus the identity matrix.

While we directly use the calculated orientation as the goal pose for the robotic arm, we cannot
directly use the calculated position because the user and robot’s workspaces are very different. We
therefore have to map the point p; with a point in the robot arm’s workspace in some intuitive and

controllable way.

Cartesian Mapping with Workspace Scaling

In the literature, the most popular way to map the user’s workspace into the robot workspace is by
simple scaling in Cartesian space. We first calculate the human and robot’s reaches respectively.
The robot reach is actually further than the edge of the table it is mounted to, so we set its reach
value to the distance between the table’s edge and the robot base. The user’s reach depends on
their arm length, and we estimated these values by measuring several peoples’ arm lengths and
averaging the values. We can thus calculate a scaling factor as the ratio between the two reaches.
During teleoperation, we then multiply the user’s final position by the scaling factor to calculate

the desired position for the robot. We thus have:

Robot Position = p3 x Robot Reach /U ser Reach (3.10)

Fig 3.8 shows a plot showing the user’s position, the scaled position, and the robot end-
effector’s final position over time in the x-axis.

We also add boundaries in cartesian space to ensure that the robot arm does not extend itself
or hit the table. This method ensures that the robot arm stays in a reasonable workspace, and
theoretically ensures that the user is in a comfortable workspace as well.

When we began performing preliminary user tests with this mapping method, we found sev-

eral puzzling issues. For some users, especially those with teleoperation or virtual-reality gaming
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Figure 3.8: This is a plot showing the results of workspace mapping with scaling. We capture
user data and use a scaling constant to map the user position into the robot workspace. The plot
shows an example of the user moving in the x-axis and the resulting motion of the robot arm. We
show the user’s raw position, the scaled position, and the robot end-effector’s final position.

experience, the system worked very well, and they were able to perform fairly complex tasks.
One user was able to use a plastic knife to cut a banana. Other users who attempted to use the
system could barely pick and place one object. We observed that these users could not aim the
end-effector effectively, as if they were unsure what movements they had to make to move the arm
in the direction they wanted. We also observed that these users seemed to consistently be working
in uncomfortable workspaces. It was very difficult to gauge what the problem was, but some users
reported they were more comfortable when we manually changed the scaling factor in 3.10 to suit
them better.

We realized during these tests that in order to make this teleoperation system work for all users,
we had to customize the mapping scheme more. Every user moves differently and has a different
working range due to flexibility. We also realized that there was something very intuitive about
the joint-to-joint mapping scheme we attempted at first. We therefore tried to combine the two
methods into a cartesian-based mapping scheme that would guarantee user comfort while ensuring

the robot is using its entire workspace.
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Cartesian Mapping with Workspace Alignment

We present a novel way of mapping user to robot movements using workspace alignment. This
method ensures that both the user and the robot are in comfortable workspaces, because we ask the
user to define their own workspace before teleoperation. We then use their workspace and align it
to the robot workspace in polar coordinates. That is, all our alignment calculations revolve around
radii and angles about the user and robot origins.

Before teleoperation, we run a calibration routine where we ask the user to make certain defin-

ing poses. The poses are as follows, and give us the following information:

1. Hand by the user’s side, indicating how close they want to be to their own body. This gives

us Ruserfmin'
2. Hand stretched out in front, indicating the user’s reach. This gives us Ryser-maz-

3. Hand stretched out to the right side, indicating how far to the right the user can go. This

g1ves us euser -min-

4. Hand stretched out to the left side, indicating how far to the left the user can go. This gives

us euser -max-*

5. Hand stretched out downwards, indicating the lowest a user wants to reach. This gives us

heightuser -min-

6. Hand stretched out upwards, indicating the highest a user wants to reach. This gives us

heightuser -max-+

We therefore have two ranges, radius and angle, that define the user’s preferred workspace.
We can find a similar range that defines the robot workspace by defining similar points of interest.
Then, just as we did in the joint-to-joint mapping, we can align these ranges by linearly mapping
the user radius to the robot radius, and the user angles to the robot angles. Given the user’s position

D3 = [Tuser, Yusers Zuser|> the calculations are as follows:

RUS@T = Sqrt($12486r + yiser) (311)
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Quser - aTCtan(yuser/xuser (3 12)

Rrobot - map(Rusera [Ruser%in7 Ruserfma;r]; [Rrobotfmina Rrobot%am]) (313)

erobot = map(euserv [euser -min» euser%am]a [erobotfmina Hrobotfma:cD (314)

The last two equations are a linear mapping of the user’s polar position from the user to the

robot range. Using these, we can calculate ,,p,; and y,..po: by undoing the polar mapping.

Lrobot — Rrobot * COS(Grobot) Yrobot = Rrobot * Sin(erobot) (315)

We calculate the height using a similar linear mapping in the z-axis.

Zrobot = map(zuser ) [heightuser -min» heightuser —max] ) [heightrobot -min heightrobot 7max] ) (3 1 6)

We therefore have a very clear mapping between the user and robot’s workspaces, that ensures
that the user is comfortable and the robot is using its full range of motion. As above, we validate

this scheme by showing the user data and the corresponding robot motion in Fig. 3.9.

Workspace Alignment Validation

We validate the workspace alignment method by showing how the two methods (scaling and align-
ment) make use of the robot’s workspace. We recorded a simple movement from a user, drawing
a circle, then used those movements to teleoperate the robotic arm using both methods. A plot of
the user’s motion and the robot end-effector’s corresponding motions is shown in Fig 3.10.

We can see that the workspace of the robot is much larger using the alignment method, because
the user is guaranteed to be able to reach them while in their own workspace. This is not guaranteed
using the scaling method, especially because the scaling was based on average arm types and
assumptions about user’s movement preferences.

We did a latency validation test to ensure that the robot was following the user relatively closely.

A plot of user and robot moving in the x-axis is shown in Fig 3.11, and we calculate the latency to
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Figure 3.9: This plot shows the results of workspace mapping using the proposed alignment
technique. We capture user data and use the user’s calibration values to align the user and robot
workspaces. The plot shows an example of the user moving in the x-axis and the resulting motion
of the robot arm. We show the user’s raw position, the scaled position, and the robot
end-effector’s final position.

be an average of 250ms. Occasionally, if the user moves too fast, the robot arm’s kinematics cannot
match the user’s speed. However, we find that if the user moves deliberately, the arm follows as
expected. This is especially true during pick and place as the user moves deliberately towards the
object they are picking.

We also confirm the usability of this method in a number of user tests. In preliminary user
tests, we asked 3 users to pick and place one object from one precise target to another, using the
scaling method, then the alignment method. The scaling method was successful to only one user,

who picked and placed the object in an average of 45 seconds. The other two users could not
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Figure 3.10: We asked one user to wear the motion capture system and draw a circle in the air
with their hand. We then use both the scaling and alignment mapping methods to calculate the
robot’s desired position from the same movement. This plot shows the user movement, the
desired robot position using the workspace scaling method, and the desired robot position using
the workspace alignment method. The alignment method produced a semi-circle that is wider
than the scaling method, showing how the user is able to reach a larger workspace using the
alignment method.
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Figure 3.11: We asked a user to wear the motion capture system and teleoperate the robot arm in
the x-axis, moving left and right several times. We captured their movement and the robot’s
end-effector position over time to show the latency between the two. We show the robot and user
movement in the x-axis and calculate an average latency of 250ms.
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accomplish the task without becoming frustrated and tired. The alignment method was successful
to all users, who picked and placed the object in an average of 20 seconds. We therefore decided

to use this method for our final phase of user testing, as discussed in chapter 6.
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Chapter 4

Haptic Muscles

4.1 Haptic Muscle Design and Control

The haptic muscle is a toroidal structure with two sealed layers and an air pocket for inflation.
The structure fits around the user’s finger, and when uninflated is easy to bend. When pressurized,
as shown in Fig 4.2, the structure inflates around the user’s finger and applies a moment force
to the knuckle, gently opening the finger. This simulates how a real object in the user’s hand
would prevent their fingers from closing, thus providing a realistic feeling of grasping something.
Because the actuator surrounds the finger, this also provides a contact force on the finger’s palmar
side.

To control the inflation of the haptic muscles, we use pneumatic solenoid valves (SMC-SAG-
070). The valves are 3/2 valves, which means they have three ports and two states. The three
ports are Source, Output, and Vent (to atmosphere) as shown in Fig 4.1. The two states are when
the Output is connected to the Source and when the Output is connected to the Vent. The Output
is by default connected to the Vent, so the valve does not output any pressure. Applying a 5V
signal to the valve connects the Output to the Source. Therefore, if we apply a signal that switches
between and 5V, such as a PWM signal, we can oscillate the gate between the Output and the Vent.
The duty cycle of the PWM signal dictates how long the Output is connected to the Source before

switching back to the Vent. The longer the connection between the Output and Source, the more
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Figure 4.1: We control the haptic muscles using solenoid valves that have a constant input air
source. By driving the solenoid valve with PWM signals, we can output a certain percentage of
the air source to inflate the haptic muscle.

of the source pressure gets pumped to the output. To summarize, the duty cycle of the pulse-width
modulation signal determines the percent of the source that flows to the output. In this way, we can
controllably inflate and deflate the haptic muscle to any pressure up to the Source pressure. For
example, if the source pressure was 40 kPa, and we gave the solenoid valve a PWM signal at 25%

duty cycle, the output pressure would be 10 kPa.

4.2 Plastic Haptic Muscle Prototype

We manufactured the initial prototypes of the haptic muscles using heat-sealable plastic from Seal-
A-Meal food saver bags. The plastic was easy to cut and seal, very lightweight, and air-tight after
sealing. The food saver bags were sold with a heat sealer that was the ideal temperature for sealing
the plastic without melting it.

Manufacturing these prototypes was a five-step process.

1. We cut one appropriately-sized rectangle with a length and width corresponding to the av-
erage circumference and length of a finger. We took circumferences and lengths of several
fingers and averaged them to size our haptic muscles. We then cut another rectangle with
the same width but slightly longer length. This way, when we lined up the two rectangle’s

edges, there was a small pocket between them.
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Figure 4.2: Initial prototypes of haptic muscles fabricated using heat-sealable plastic deflated
(left) and inflated (right).

2. We folded the longer one to size, and sealed three of the four edges using the heat sealer.

3. We sealed the fourth side, leaving a gap large enough for an air tube to fit through.

4. After placing the air tube, we used hot-melt glue to seal the plastic around the air tube. We

confirmed that the resulting pouch was air-tight and inflated well before proceeding.

5. Finally, we rolled the pouch into a toroid and sealed it with more hot-melt glue to reinforce

the heat-seal.

We integrated initial prototypes of the haptic muscles constructed from a heat-sealable plastic
into a data glove. We used the data glove to run tests where several users performed pick-and-
place tasks by teleoperating a robotic arm and hand. During teleoperation, we sensed forces at the
fingertips of the robotic hand, and directly mapped these forces to the haptic muscle inflation. The
users felt a level of feedback proportional to the grasp forces, and were thus able to distinguish
good grasps from poor grasps. These tests provided some results towards proving the efficacy of
this kind of feedback.

During these teleoperation tests we found several areas of improvement. We received feedback
during user interviews that the haptic muscles were uncomfortable to bend and more uncomfortable
when inflated because of the plasticky” feeling. Users also reported that the haptic feedback was

rather binary, instead of proportionally following the force sensors’ output. In the remainder of this
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chapter, we discuss what we learned about the requirements for an ideal haptic muscle, our updated
design and manufacturing process, and experiments that helped us choose a suitable material for
the process. We wanted to create haptic muscles that could communicate not only grasp quality,
but also force applied during a grasp. This would ideally allow a user to handle fragile objects

without deforming or dropping them.

4.3 Fabric-Silicone Haptic Muscle Prototypes

4.3.1 Design Requirements

There are several aspects of haptic feedback that are essential to a good teleoperation experience.
Haptic feedback should ideally feel natural and intuitive to the user. This means that when there
is no feedback, the haptic structure should be unnoticeable. Additionally, the user should easily
detect changes in the haptic feedback, and the smaller the detectable change, the more natural the
haptics feel. There should be very little delay between force detection on the robot side and haptic
feedback detection on the human side. That is, the human and robot should “feel” forces at the
same time. Finally, the haptics should be comfortable and any forces applied should not exceed
the human pain threshold of 17N [71].

To address these requirements, we chose to construct new haptic muscles using a fabric-silicone
composite. The fabric is a ribbed cotton-spandex hybrid that is lightweight, comfortable, and
asymmetrically flexible, that is, more elastic perpendicular to the ribs than along them. When
inflated, the haptic muscle will inflate around the user’s finger more than along it, allowing us to
apply greater kinesthetic forces with lower pressures.

Adding silicone makes the fabric air-tight for pneumatic actuation, and also allows us to add
stiffness to the material. The added stiffness allows us to tune the haptic muscle to be elastic
enough for comfort, but stiff enough to react to very small changes in input pressure. This ensures

the end user will be able to detect minute changes in force during teleoperation.
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Figure 4.3: Cotton-spandex fabric a) in a neutral state b) stretched parallel to the ribs and c)
stretched perpendicular to the ribs.

4.3.2 Fabrication Process

Constructing haptic muscles from a fabric-silicone composite is a multi-step process that involves
applying silicone to the fabric, layering it into a pouch, then rolling the pouch into a toroid that fits

around the finger. The specific steps are as follows, and are shown in Fig 4.4.

1. Laser-cut the fabric into two isosceles trapezoids. When rolled into a toroid, the taper allows
the haptic muscle to fit snugly around the users’ finger rather than fitting loosely at the
fingertip. We measured the length and circumference of a diverse range of peoples’ fingers

and averaged them to get our final measurements. (Fig 4.4A)

2. Coatboth sides of each fabric trapezoid with silicone (either Ecoflex 0030 or Dragonskin 10).
We placed the fabric in 3D-printed molds before pouring the silicone to minimize leakage.
(Fig 4.4B-C) When using Ecoflex 0030, we placed the fabric-silicone pieces in a vacuum

chamber to de-gas the silicone.

3. After curing the silicone, place a 3D-printed mask (black) to cover the edges of each trape-
zoid and apply mold release (Ease Release 200 from Mann). The mask ensures that when
the two halves are attached together in the next steps, only the edges are sealed, forming an

air-tight pouch. (Fig 4.4D)
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Figure 4.4: The manufacturing process to construct one haptic muscle. We coat a
trapezoid-shaped piece of fabric with silicone (A-C), spray mold release in the center (D), and
add another fabric-silicone piece to create a pouch (E). After inserting an air tube (F), we sew the
pouch into a toroid (G).

4. Remove the mask, and pour silicone around the perimeter of one fabric-silicone trapezoid.

Lay the second trapezoid on the first. (Fig 4.4E)

5. After curing, remove the pouch from the mold and pierce a tube through the perimeter to
allow for air intake. Apply silicone sealer as required to ensure that the pouch remains air-

tight. (Fig 4.4F)
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Inflated

Figure 4.5: A complete fabric-silicone haptic muscle deflated (left) and inflated (right).

6. Roll the pouch into a toroid and sew the two edges together. (Fig 4.4G)

The finished haptic muscle is shown in Fig 4.5, both deflated and inflated.

4.3.3 Material Selection Experiments

We chose a suitable silicone for the haptic muscles by constructing two versions using two standard
silicone types of different stiffnesses (Ecoflex 0030 and DragonSkin 10) and conducting isolated
user and pressure response tests. We also included the older haptic muscle design, constructed
from heat-sealable plastic, as a control. We performed these tests on all three haptic muscles to

gauge their sensitivity, transient pressure response, and controllability.

User Sensitivity Tests

We designed user tests to quantify the sensitivity and accuracy of each haptic muscle. The exper-
iments are novel and specific to the haptic muscle design, but are inspired by quantitative haptic
tests performed in [10] and [72]. We define “sensitivity” as the smallest change in pressure a user
can accurately detect while wearing a haptic muscle. We define “accuracy” as the user’s ability to
distinguish between different set pressures. These tests show how well each haptic muscle com-
municates pressure levels and pressure changes to users, thus proving their ability to communicate
grasp quality and force in a teleoperation context.

We performed two user tests on 16 users to determine haptic muscle sensitivity. We chose

users who had no prior experience with haptic devices. In each test, we had users wear one haptic
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muscle on one finger, close their eyes, and wear headphones to block the sound of the pneumatic
valves. In each of the tests, we inflated and deflated the haptic muscle in a particular pattern by
varying the PWM duty cycle input of the pneumatic valve controlling the muscle. The tests were
respectively dubbed the “Minimal Detectable Change (MDC) Test”, and “Pressure Identification
(PI) Test”. Because we were testing haptic muscles of varying materials, and each haptic muscle
could withstand a different maximum pressure, we designed the tests around PWM input rather
than total pressure input. However, we report the results based on absolute pressure input in kPa.
We created the “Minimal Detectable Change (MDC) Test” to quantify the smallest change in
haptic feedback a user could feel when the muscle was already inflated. We began the test at a
40% PWM duty cycle (the haptic muscle partially inflated), then increased the input by 5% for
one second before dropping back to 40% for one second. We then increased the pressure by an
additional 5%, then repeated the process, dropping back to 40% each time. The input was thus
40%, 45%, 40%, 50%, and so on. We continued this pattern until a user verbally indicated that
they noticed the increase in pressure. We repeated this process three times per haptic muscle for a
total of 9 tests, and recorded the minimum detected pressure change as a percent duty cycle. Users

were allowed to take as many breaks as required for them to stay sensitized to the haptics.

Duty Cycle Pattern for Jump Test

1001 —— jump Test Input
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201

Change in Duty Cycle Input (% Duty Cycle)
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Figure 4.6: To perform the Minimum Detectable Change test, we ask a user to wear the haptic
muscle, then inflate it partway. We then increase and decrease the PWM duty cycle input in a
square wave pattern, gradually increasing the input pressure at each step. The test begins at 40%
inflation then slowly increases, with a jump back to 40% inflation between each increase.
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Figure 4.7: User results for the “MDC Test”, indicated the change in pressure detected for all
three haptic muscles. The haptic muscle made with Ecoflex has the highest sensitivity with the
lowest variance. We performed this test on 16 users who had no experience with wearable haptics.

The “Pressure Identification (PI) Test” was a general accuracy test where users had to identify
different inflation levels with very little training. We chose 4 evenly spaced inflation levels within
the working range of the actuator, between 20% and 100% duty cycle. After allowing the users 2
minutes to get a feel for the different inflation levels, we began the test. We randomly switched
between the 4 inflation levels and had the users identify which level they were feeling. We repeated
this 12 times for each haptic muscle, for a total of 36 tests, and recorded each user’s accuracy for
each haptic muscle. Again, each user was allowed rest time when required.

After performing these tests, we also asked each user to rank the three haptic muscles from
most to least comfortable overall.

The results of the tests described above are shown in Table 4.1. The MDC Test results are
shown as the minimum change in pressure the users could detect in kPa. The PI Test results are
user accuracy, and the User Comfort results are an average ranking across all users. Because the
MDC Test results were the most conclusive, we also show a histogram of the user results with
fitted normal curves in Fig 4.7. The heat-sealable plastic muscles scored fairly low, quantifying
the previous feedback we received that they were uncomfortable and provided very binary haptics,
where one pressure was indistinguishable from another. The Dragonskin-based muscles scored

similarly, potentially because Dragonskin10 is a very stiff silicone. Though relatively comfortable,
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Table 4.1: Haptic Muscle Sensitivity Test Results

Heat Sealed Ecoflex Dragonskin
Test

Plastic 0030 10
MDC Test Mean 0.83 0.56 1.29
(kPa) Std Dev 0.41 0.18 0.59
PI Test Mean 54% 68% 51%
(accuracy) Std Dev 23% 6% 22%
User Comfort 3 1 2
(rank)

Dragonskin10 was too stiff to apply accurate and detectable pressures to users’ fingers. In contrast,

the Ecoflex0030 haptic muscles scored highly on comfort, accuracy, and sensitivity.

Transient Pressure Characterization

In order to characterize haptic muscle actuation, and to calculate the time lag in haptic feedback,
we characterized each haptic muscles’ pressure response. We attached each muscle to a pneumatic
valve, then changed the PWM input to the pneumatic valve from 0% to 100% duty cycle. We
recorded the internal pressure of the muscle using a pressure sensor inserted into the air pouch
(Adafruit MPRLS Ported Pressure Sensor) as shown in Fig 4.8. Note that the initial pressure
response is different for all three materials, because of the difference in stiffness and how much
input pressure is required to begin inflating each structure.

To calculate the latency, we find the time it takes for each haptic muscle to reach a detectable
pressure. That is, we use the results from the previous user tests to find the lowest detectable
inflation point, and find the time to reach that point. The Ecoflex and Dragonskin haptic muscles
both reach a detectable pressure in 63ms, while the plastic haptic muscle reaches its detectable
pressure in 133ms. It has been shown that humans can only sense a haptic feedback delay over
61ms [73]. Therefore, the Ecoflex and Dragonskin actuators will provide haptic feedback with no
perceptible delay. The plastic ones, however, have a perceptible delay that our users noticed during

testing.
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Figure 4.8: The transient pressure response of three haptic muscles to immediate (step) full
inflation input. This plot shows results from one haptic muscle of each type, and there may be
variations across haptic muscles of the same material due to manufacturing differences.

Duty Cycle and Pressure Relationship

In order to verify that we have direct control over the feedback output by the haptic muscles, we
must confirm that the PWM duty cycle input is linearly related to the internal pressure of the haptic
muscles. For this test, we incrementally increase the PWM input to the haptic muscles and read the
internal pressure as in the previous experiments. We hold each pressure increment for one second.
After five cycles of testing, we show the average pressure reading from each increment, as well
as standard deviations (Fig 4.9). Note that the x-axis is "% Duty Cycle Input”, that is, percent
inflated, because each haptic muscle can withstand a different maximum pressure.

Each haptic muscle has a small dead-zone from 0%-20% duty cycle where there is not enough
airflow to begin inflation. In teleoperation contexts we would work solely in the 20%-100% duty

cycle range.

Material Selection Results

In the user tests, we found that the fabric-silicone haptic muscle made with Ecoflex0030 was the
most effective. Not only did it allow users to detect the smallest changes in pressure (3.3% duty
cycle), it also allowed for the most accuracy in the Identification Test and was the most comfort-

able. We believe that this is because the Ecoflex0030 provides a good balance of extensibility

46



nd{ — Plastic (Control)
—— Ecoflex 0030

1 —— Dragonskin 10
------- Linear Fits

[ e~ )
[e)] ~ o] [(e) o
f . A L

Gauge Pressure (kPa)

=
w

=
'S

0 20 40 60 80 100
% Duty Cycle Input

Figure 4.9: The duty cycle vs pressure plot for all three haptic muscles, as well as one standard
deviation and linear fits. This confirms that the relationship between our input and resulting
pressure are approximately linear after an initial duty cycle offset. This plot shows the results
after 3 cycles of inflating the haptic muscles, and we show the average, standard deviations, and
trendlines across all cycles of each haptic muscle.

and stiffness. The Ecoflex0030 haptic muscle also behaved fairly linearly and had a fast enough
pressure response for teleoperation. Therefore, from the perspective of sensitivity, accuracy, and
comfort, we can say that the Ecoflex0030 is a clear improvement on the heat-sealable plastic haptic

muscles. In the next section, we perform a final validation experiment to show this improvement.

4.3.4 Force Output Validation

The two forces a user experiences with the haptic muscles are a compression force and a restora-
tion force. The compression force squeezes the user’s fingers and conveys a contact force, and
the restoration force is what keeps the user’s fingers open, conveying a grasp force. Ideally, the
compression force should plateau fairly quickly, ensuring that the force is observable but not un-
comfortable. The restoration force should be larger than the compression force because the user’s
fingers should be noticeably straightened for the grasp force sensation to feel realistic. Addition-
ally the restoration force should be linear so we can control the amount of grasp force the user
feels.

To track both compression and restoration force, we placed a haptic muscle on a 3D-printed 3-

jointed tendon-driven finger, as shown in Fig 4.10a. The finger closes when we pull on the palmar
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Figure 4.10: (a) The setup to track compression forces and restoration forces while inflating the
plastic (bottom left) and Ecoflex0030 (bottom right) haptic muscle. It consists of a tendon-driven
3D-printed finger, a force-sensitive resistor (FSR) to track compression, and a load cell to track
restoration force. (b) The results of the compression tests for both haptic muscles. (c) The results
of the restoration tests for both haptic muscles.

tendon and opens with the dorsal tendon. We mounted a force-sensitive resistor (FSR) on the
finger, fixed the dorsal tendon to a mount, then attached the palmar tendon to a load cell. During
inflation, the haptic muscle compresses the FSR and attempts to open the finger, pulling on the
palmar tendon and, in turn, the load cell. This gives us simultaneous compression and restoration
forces as we slowly inflate the haptic muscle.

The results for the compression test are shown in Fig 4.10b. We observe that all forces are
well within the pain tolerance threshold of 17N for human fingers [71]. The EcoFlex0030 haptic
muscle saturates fairly quickly, providing the ideal binary feedback to communicate contact forces.
The plastic muscle has a consistently increasing compression response which is higher than its

restoration force.
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The results for the restoration test are shown in Fig 4.10c. The Ecoflex0030 haptic muscle
provides a restoration force that is linearly related to the PWM input, except for a dead zone which
we do not operate in. Additionally, the restoration force is reasonably high, which means the user
will actually experience this force during teleoperation. The plastic haptic muscle, however, shows
uneven restoration forces during inflation. This uneven force application is because the plastic
haptic muscle buckles at the finger joint. The buckle prevents air from reaching beyond the joint
for 80% of the inflation, and only the bottom half of the haptic muscle is inflated, which does not
apply any restoration force to the finger. At the 80% mark, the air breaks through the buckling
and fills the rest of the haptic muscle. We observe a sudden increase in restoration force, and then
a decrease as the available air fills a larger pocket. Additionally, the maximum restoration force
applied is only 1.5N as compared to the 3.5N applied by the Ecoflex0030 haptic muscle.

These results quantify our previous users’ observations that the plastic haptic muscles feel bi-
nary and uncomfortable during teleoperation tasks. Because the Ecoflex0030 haptic muscles have
a more linear restoration response and a lower compression response, they are more controllable

and comfortable. We verify this in Chapter 6 with a comparative teleoperation-related user study.
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Chapter 5

Robotic End Effector

In this chapter we discuss three versions of robotic end-effectors that we have controlled with
various phases of our teleoperation system. The first is a simulated gripper used in phase 1, the
second is an anthropomorphic 5-fingered gripper used in phases 2 and 3, and the last is a sensorized
off-the-shelf gripper used in phase 4.

The transition from one gripper to the next will be discussed further in Chapter 6, but we
summarize here. The initial simulated gripper was sufficient for a proof-of-concept, but was not
realistic enough to perform complex tasks or output realistic forces during teleoperation, so we
transitioned to a real-world gripper with force sensing in the fingertips. After two iterations of
developing novel custom gripper, our user test results in Phase 2 and 3 showed us that an anthro-
pomorphic gripper added too much complexity for us to sufficiently study the motion mapping
methods discussed in Chapter 3. We therefore decided to transition to an off-the-shelf gripper for
the remainder of this work. In this chapter we present all three versions but focus heavily on the
novel custom gripper of Phase 2 and 3 of this work.

The mapping scheme between the user and robot gripper is the same in all cases, and is inspired
by the end-to-end mapping presented in [30]. We use a linear mapping to convert the user’s current
position to a desired gripper position, as shown in Fig 5.1. At the beginning of teleoperation, we ask
the user to calibrate the data glove by opening and closing their hand, which gives us their minimum

and maximum signals and thus the working range for each individual finger. We then map the user
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range linearly to the robot range, either mapping individual fingers to the corresponding robotic

finger, or using the average signal from the first three fingers to open and close the gripper.
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Figure 5.1: We use a linear mapping to convert a user’s current finger position to a gripper
position. We begin teleoperation by having the user open and close their hand while wearing the
data glove. We capture the data glove’s signals in the open and closed position and set this as the
user’s working range. We can then linearly map the user’s working range to the robot.

5.1 Simulated 3-Fingered Robotiq Gripper

When controlling a simulated robotic arm in the first phase of our research, we used a simulated
robotic gripper in Gazebo controlled through ROS. The gripper was modelled after the Robotiq
3-fingered adaptive gripper and we control it using a simulated joint position controller. We used
a torque sensing plugin to sense torques at the finger joint, which output a force when we grasped
simulated cubes. Additionally, we used Gazebo’s grasp-plugin to ensure that grasped cubes stayed
attached to the gripper during teleoperation, simulating a pick, and that the cube fell when the
gripper opened, simulating a place.

The rest of this chapter focuses on our real-world gripper solutions.

51



Figure 5.2: We 3D print the Ada hand in three distinct pieces. The palm and fingers are one
piece, printed from NinjaFlex, a flexible filament. The wrist and back plates are two pieces,
printed from rigid ABS.

5.2 5-Fingered Anthropomorphic Gripper

5.2.1 Ada Hand - Open Source Design

The 5-fingered anthropomorphic robotic hand (Fig. 5.2) is a modified version of the Open Bion-
ics V1.1 Ada Hand [74], which is an open-source 3D-printable hand mainly used for prosthetic
robotics research. The fingers are tendon driven and underactuated. The palm and fingers are
3D-printed as a single piece out of Ninjaflex, a flexible thermoplastic polyurethane filament. Thin
hinges at the finger knuckles serve as flexure joints, allowing the fingers to bend easily. The hand
uses four linear actuators (Actuonix PQ12-R) to flex its fingers: one each for the first, second, and
third fingers, and one for both the fourth and fifth fingers.

We thread fishing line from the tip of the linear actuator to the tip of the finger through two holes

in the finger. We close each finger by sending the corresponding linear actuator to the beginning
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Figure 5.3: The fingers of the robotic hand are tendon driven and underactuated. The Ninjaflex
fingers allow the fingers to conform to different shapes and perform a variety of grasps such as
cylindrical, spherical, tripod, and pinch grasps.

of its stroke, pulling the tendon. Sending the linear actuator to the end of its stroke releases the
tendon and opens finger. We can therefore positionally control the robotic hand using pulse-width
modulation (PWM) signals from a microcontroller.

We 3D-printed the PCB tray (holding embedded control electronics), back of the hand, and
wrist from ABS for more rigid structure. Liquid silicone was painted on the fingers and allowed to
cure, which created more friction between the fingers and grasped objects. Because of the compli-
ant nature of the fingers, the underactuated hand can perform a multitude of grasps, such as power,
tripod, and pinch grasps (Fig. 5.3) that are commonly used in daily life. This makes it ideal for a
teleoperation application because it can perform a broad range of tasks, and its anthropomorphic

structure makes for intuitive mapping between the user’s hand and the robotic hand.
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5.2.2 Soft Force Sensors

The design of the Ada Hand is not sensorized in the open-source version, so we tweaked the design
to add force sensing at the fingertips. We were inspired by previous work in our lab to develop soft
force sensors based on Hall Effect sensing [1]. In previous work, when exploring how to sense the
curvature of soft actuators, our group found that resistive sensors suffer from drift and changes in
temperature and humidity. They presented an alternative sensor that senses curvature or force and
is more stable.

The soft force sensor proposed in [1] is a silicone pyramid with a 3-axis Hall-Effect sensor at
its base and a small magnet suspended near the tip. When the tip of the pyramid is pushed, the
magnet moves relative to the sensor and we can read the fluctuations in magnetic field readings in
X, y, and z. With some calibration, we can interpret the magnetic field readings as a 3-axis force.

To sensorize the Ada Hand using these soft force sensors, we created a small chamber near
the fingertip to house the hall-effect sensor and the magnet, as shown in Fig 5.4. The NinjaFlex
walls act as the flexible housing for the magnet, so that when the hand grasps the object, the top
of the finger deflects and shifts the magnet with respect to the hall-effect sensor. We can read the

magnetic field change due to this deflection and interpret it as a grasp force.

5.2.3 5-Fingered Gripper Validation

We integrated the sensorized hand with the data glove presented in chapter 3 and used the glove to
grasp several objects with the robot hand. During the grasps we read the force feedback from the
hand, as shown in Fig 5.5. We observe that the change in grasping force is very noticeable when
the user grasps an object, as expected. We also observe that a rigid object and a soft object result in
different grasp forces, likely because the amount of deflection from a rigid object is much higher,

while the soft object is more compliant and deflects the fingers less.
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Figure 5.4: We sensorize the Ada Hand by adding a chamber in the fingertip to house a
hall-effect sensor and a small magnet. This is a novel version of a sensor previously proposed in
[1]. The sensor reads finger deflection during grasping which we can interpret as grasp force.

5.2.4 5-Fingered Gripper Conclusions

After performing user testing with the 5-fingered anthropomorphic gripper, we found that users
struggled to pick and place items as well as we’d hoped. In particular, users struggled to orient
the hand precisely to grasp objects where orientation was important, like water bottles and boxes.
We discuss this further in chapter 6. Based on our findings, we decided to proceed with a simpler

gripper and force sensor setup for the final phase of user testing.

5.3 2-Fingered Robotiq Gripper

To simplify the end-effector subsystem, we decided to use a 2-fingered off-the-shelf gripper from
Robotiq (2F-85). The gripper connects both physically and electrically to the robotic arm and

can be controlled using the same software package the controls the arm. Specifically, we control
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Figure 5.5: We sensorize the Ada Hand by adding a chamber in the fingertip to house a
hall-effect sensor and a small magnet. This sensor reads finger deflection during grasping which
we can interpret as grasp force. In this plot we show a user wearing the data glove presented in
Chapter 3 and using it to teleoperate the Ada Hand to grasp a soft toy and a rigid box. The curve
shows the sum of the force sensor outputs across all five fingers of the soft gripper. We observe
that the force output for a soft object is less than that of a rigid object.

the gripper using velocity-based PD controller using the output from the data glove to calculate a
desired gripper position, a position error, and a final velocity.

To sensorize the gripper, we use resistive force sensors from Flexiforce (A401) attached to
the gripper’s fingers. We found in early pilot tests that the gripper was very binary, and had no
compliance. From working with the anthropomorphic gripper, we knew that adding compliance
would improve the force sensor readings and allow us to handle soft objects without deforming
them. We therefore added silicone pads (Ecoflex 0030) to the gripper fingers to pad the fingers, as
shown in Fig 5.6.

To validate the gripper, one user used the game controller that shipped with the robotic arm to
control the gripper and grasp a soft loaf of bread. The signals from the force sensors are shown

in Fig 5.7, and show that we can gauge when we are squeezing the bread too hard. While the
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Figure 5.6: We add resistive force sensors and silicone pads to the gripper fingers to add sensing
and compliance to a rigid off-the-shelf Robotiq gripper.

gripper is not as controllable and dextrous as the 5-fingered anthropomorphic gripper, it may be

more intuitive to users to orient, and will thus allow us to have users pick and place a variety of

objects.
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Figure 5.7: We asked a user to use a game controller to open and close the gripper around a loaf
of bread, and collected the force sensor output. We observe that the user initially squishes the loaf

and then opens the gripper somewhat to grasp it more lightly. We see, therefore, that we can use
the force sensor data to communicate grasp strength.
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Chapter 6

User Testing

6.1 Phased User Testing

During each phase of development, we designed and ran several user tests to validate the system
and certain important subsystems. In this chapter, we present all phases of user testing we per-
formed, as well as the results of the user testing. In each phase, we outline our hypothesis, the
system we built to test the hypothesis, the user tests we ran, and the results of the user testing. We
also include discussion of how the results of our user tests led us to making certain decisions and
improvements to the system. We thus have an iterative process by which we use user-driven design
techniques to approach a teleoperation system design that is truly usable by novice users.

Table 6.1 shows each phase of development that corresponds to a set of user tests.

6.2 Phasel

6.2.1 Phase Setup

Phase 1 was the first integration phase in our work, and we were concerned with combining indi-
vidual technologies into a fully usable system. Give the work done in [67], we had to develop a
system that was demoable on the floor of the Wastewater Management Conference in 2018. This

required us to create a system that was durable enough to withstand several days of testing, and
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Table 6.1: This table shows our 4 main phases of development and what version of each
subsystem was involved in each phase.

Curvature . . . .
Phase Sensors Robotic Arm Gripper Haptics Mapping

1 Optical Km(z:iarrf)a co2 3-Fingered (sim) Plastic Joint-to-joint

2 Optical Kinova Jaco2 5-1.31nger‘ed Plastic Joint-to-joint
with wrist

3 Optical Kinova Jaco2 5—F1ngere;d Plastic Cartesian Scaling
w/out wrist

4 Capacative | Kinova Gen3 | Robotiq 2F-85 | Fabric-Silicone | Cartesian Scaling

was easily wearable so many people could quickly try the demo and give us qualitative feedback.
It was for this reason that we integrated the motion capture system into a soft data glove. During
this phase, which resulted in a proof-of-concept system, we wanted to understand the scope of the

problem and learn about how to conduct user studies that were specific to our system.

6.2.2 System Description
In phase 1, the system consisted of:

* A motion capture system consisting of IMUs for the arm and optical curvature sensors for

the fingers (novel work)

A simulated Kinova Jaco arm run in Gazebo

A simulated 3-fingered Robotiq gripper connected to the Kinova Jaco in Gazebo

* Haptic muscles made of heat-sealable plastic (novel work)

A human-to-robot mapping system based on joint-to-joint mapping

6.2.3 User Test Description

We presented this setup at the 2018 Waste Management Conference, where we set up a live demo
that visitors could experiment with. They wore the motion capture system and controlled a sim-

ulated robotic arm and gripper to pick and place simulated blocks as shown in Fig 6.1. As they
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Figure 6.1: The simulated setup we presented at the Waste Management Conference in 2018.
Users wore the motion capture system and controlled the simulated robotic arm. The plot on the
right shows the force output from the gripper as the user grasps a cube. The user felt haptic
feedback proportional to the force output through the haptic muscles.

handled the blocks, the haptic muscles gave them a sense of contact and grasp force so they could
feel whether they had grasped a block well or not. We observed the users and briefly interviewed
them to gauge how intuitive the robot arm control was and how well the haptic feedback was work-
ing. We observed how long it took them to pick up a cube, asked them questions about the comfort
of the motion capture system, and when they did pick up a cube asked them questions about the
comfort and realism of the haptic feedback. Over the course of three conference days, we worked
with approximately 20 users who had never seen or used a teleoperation system before, and most

were not engineers.

6.2.4 User Test Results

We synthesized our findings into several qualitative statements:

1. The joint-to-joint control was very easy to understand, but somewhat limited the robot arm’s
workspace because the user could not move in a straight line in any direction, and instead

had to move in arcs because all movement was based on direct joint rotation.
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2. The haptic feedback was very easy to understand and allowed users to gauge whether they
had grasped the block or not. In many cases, users noted that their grasp was poor or they

missed the block before it became visually obvious in the simulation.

3. The force sensors on the simulated gripper were the limiting factor in this system because the
forces included both contact and grasp forcing, which sometimes confused the user because

the visual feedback and haptic feedback were different.

6.2.5 User Test Conclusions and Future Work

After synthesizing our findings, we concluded that the motion capture system and haptic feedback
mechanisms were satisfactory and worth continuing with. However, to gauge the real use of haptic
feedback during teleoperation, we would need higher resolution and realism in the force sensing
on the robotic gripper. We also decided to experiment with a more realistic gripper. In our next
phase, we decided to replace the simulation with a physical robotic arm (Kinova Jaco) and a custom

anthropomorphic gripper with force sensing in the fingertips (as discussed in section 4).

6.3 Phase 2

6.3.1 Phase Setup and Hypotheses

After proving out the system in Phase 1, in Phase 2 we wanted to bring those results into the real-
world by implementing our system on a real robotic arm. We hypothesized that, given a more
realistic gripper, we might increase the complexity of tasks which would later allow us to show
the efficacy of the haptic feedback in the teleoperation system. We also hypothesized that, because
users were able to control the simulated robot arm using joint-to-joint mapping, they would be able
to do the same with the real robotic arm. We therefore designed our system with the 5-fingered
anthropomorphic gripper discussed in Chapter 5, and rotated and mounted the arm sideways to
match the simulation from Phase 1. We wanted to run user experiments to gauge task performance

quantitatively, and also ask a specified set of questions to gather qualitative data.

61



During very initial pilot tests with the author and two colleagues, we noted that the presence
of haptic feedback did not affect either performance time nor user comfort. We observed that this
was due to the teleoperation system being difficult to use. We therefore designed our user test in

Phase 2 to understand the difficulty and quantify it across more users.

6.3.2 System Description

In phase 2, the system consisted of:

* A motion capture system consisting of IMUs for the arm and optical curvature sensors for

the fingers

A physical Kinova Jaco

An anthropomorphic gripper with 5 fingers and a movable wrist (novel work)

» Haptic muscles made of heat-sealable plastic

A human-to-robot mapping system based on joint-to-joint mapping

6.3.3 User Test Description

To test the teleoperation system for usability and intuitive control, we performed a pick-and-place
user tests with 9 individuals, 7 males and 2 females. All individuals were right-handed engineering
students between the ages of 19 and 33.

The task completed by users was to place a water bottle and a small box into a larger box as
shown in Figure 6.2. This required the users to precisely position the arm and grasp each object.
After each user was fitted with the device and given an explanation of the teleoperation scheme
and task, we gave them 5 minutes to practice with a sample bottle and box. After 5 minutes, we
replaced the items with another bottle and box and, when the user was ready, began a timer. During
the timed portion of the test, we recorded how long it took each user to pick and place each item

successfully, as well as the number of times the item fell (was knocked over) or was dropped.
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Figure 6.2: To test the usability of the system, users were asked to grasp a small box and a water
bottle and place them into the larger black box.

6.3.4 User Test Results

Of the 9 users we worked with, 8 were able to place the small box in the box, and all 9 users
could place the water bottle in the box. Tables 6.2 and 6.3 summarize the performance results in
manipulating a cylindrical bottle and a rectangular box respectively for all users and also breaks
down results by experienced and inexperienced users. This was because we noted a significant
difference in physucal and mental comfort between users who had never used the system and users
who had practiced with the system before, even for only 30 minutes. We wanted to quantify this
difference in task performance. For both objects, users with more experience performed much

better than those with no experience, both in time to complete the task and number of drops and
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Figure 6.3: During the timed portion of the user test, 5 out of 9 users were able to complete the
entire task in under 5 minutes, and 2 out of 3 experienced users completed the task in under 2
minutes. On average users took less time to pick and place the box than the bottle, but
experienced users dealt with both objects fairly quickly.

Table 6.2: User performance in picking and placing a cylindrical bottle (9 users, 6 inexperienced
and 3 experienced)

Bottle H Time (min) ‘ Number of Drops ‘ Number of Falls
All Users 2.33 £ 1.67 0.67 £ 0.87 2.33 £ 2.26
Inexperienced || 3.02 + 1.60 0.83 = 0.98 3.00 = 2.28
Experienced 0.93 £ 0.63 0.33 £ 0.58 1.00£1.73

falls. This demonstrates that the system works best with some amount of training or practice, but

that even with only 5 minutes of training the system is intuitive enough to perform simple tasks.
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Table 6.3: User performance in picking and placing a rectangular box (9 users, 6 inexperienced
and 3 experienced)

Box H Time (min) ‘ Number of Drops ‘ Number of Falls
All Users 1.98 +2.26 0.00 £ 0.00 1.11 +1.62
Inexperienced || 2.73 &+ 2.48 0.00 = 0.00 1.50 £ 1.87
Experienced 0.48 £+ 0.09 0.00 = 0.00 0.33 £ 0.58

We found that the largest challenge for our users was positioning the anthropomorphic hand.
The lack of a fully opposable thumb and sideways wrist motion made precise grasping difficult
without practice because there was very little room for error in grasp position and orientation.
During user tests, the number of falls was much greater than drops on average because while a
successful grasp was very stable once achieved, users tended to knock over objects while trying to
position the hand for grasping. We also found that users had to place the hand very precisely to
engage the force sensors, because the contact point of the sensors was too small.

With experience, however, users were able to perform much more complex tasks than the
pick-and-place test. In other trials with the system, experienced users could stack objects, pour
beads from one cup to another, and perform a more elaborate pick-and-place task very quickly.
Our hypotheses were therefore disproven; users had a rather difficult time with the joint-to-joint

mapping on the real-world robot.

6.3.5 User Test Conclusions and Future Work

After synthesizing our results from this user test, we concluded that the major limitations of this
system lay in the anthropomorphic gripper’s wrist and the orientation of the robotic arm. We also
realized that our attempts to test whether the haptics were useful in a teleoperation context were
limited by the quality of the teleoperation scheme. We therefore decided to redesign the gripper
without a wrist and with better integrated force sensors. We also decided to begin running separate

user tests for teleoperation system and haptic feedback efficacy.
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6.4 Phase 3

6.4.1 Phase Setup and Hypotheses

After Phase 2, we realized that the human-robot motion mapping scheme was more important to the
system than we previously realized, and required separate testing from the haptic feedback testing.
We therefore made separate hypotheses about the teleoperation scheme, the haptic feedback, and
the full teleoperation system and tested them all. Firstly, we hypothesized that using a teleoperation
scheme from literature, that is, end-to-end mapping between the user and robot, would result in a
more usable system than the joint-to-joint mapping. We also hypothesized that the haptic muscles
would be useful in communicating grasp quality to a user, and that this would be more evident
when their vision was occluded. Finally, we hypothesized that the full teleoperation system would
be usable by novice users, that users would take less time to pick and place objects than in Phase

2, and that the presence of haptic feedback would increase task performance.

6.4.2 System Description
In phase 3, the system consisted of:

* A motion capture system consisting of IMUs for the arm and optical curvature sensors for

the fingers

A physical Kinova Jaco

An anthropomorphic gripper with 5 fingers

» Haptic muscles made of heat-sealable plastic

A human-to-robot mapping system based on cartesian mapping with scaling

6.4.3 User Test Description: Grasp Quality

To test the first hypothesis about the haptic muscles, we devised an experiment using only the

data glove and the robotic hand to test the system’s ability to convey grasp quality with the soft
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force sensors and haptic muscles. We performed this test with 10 users, all engineers but a mix of
roboticists and non-roboticists, none of whom had experience with haptic feedback systems.

A user wore the haptic glove and looked at a computer screen, which showed live footage of a
table surface. One of the authors held the wrist of the robotic hand, and the user could see the hand
and some objects on the screen. The author placed the robotic hand over an object so the object was
partially or fully occluded, and the user closed their fingers to grasp the object. Using their view
from the screen and the haptic feedback through the glove, the user reported whether the robotic
hand was grasping the object securely or insecurely. After their guess, the author lifted the robotic
hand and object to find the true grasp quality; if the object stayed grasped, it was secure, and if
the object fell immediately or after a slight disturbance, it was insecure. After 1 to 3 minutes of
practice, we recorded the true grasp quality and whether the user’s guess was correct or incorrect.
We repeated this test for four objects both with and without haptic feedback, performing a total of
12 grasps per object (6 with and 6 without feedback).

We then turned off the camera to test a user’s ability to determine grasp quality using only
the haptic feedback they felt through the glove. Rather than identifying between a successful and
unsuccessful grasp, we wanted to test levels of grasp security and asked users to rate the grasp
from 1 to 3, 1 being least secure and 3 being most secure. After lifting the robotic hand, if the
object fell immediately, the grasp would be rated a 1. If it was grasped securely, it was rated a 3.
If the object slipped after a slight disturbance, it was a 2. Each object was grasped 6 times for this
test, and we again recorded the user’s guess and the true grasp quality. During both tests, we tried

to give users an equal number of secure and insecure grasps to identify.

6.4.4 User Test Results: Grasp Quality

The results of the two experiments are presented in the Tables 6.4 and 6.5. For the first test using
the camera, we found that without feedback, users were able to identify good grasps 73% of the
time and poor grasps 51% of the time. With feedback, they correctly identified good grasps with
95% accuracy and poor grasps with 74% accuracy. Users also reported that they felt more confident

of their answers with the haptic feedback.
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Table 6.4: Grasp Quality Test with Visual Feedback

No Haptic Feedback Haptic Feedback
Secure Grasp, Correct 66 97
Secure Grasp, Incorrect 25 5
Insecure Grasp, Correct 54 71
Insecure Grasp, Incorrect 52 25

Table 6.5: Grasp Quality Test with no Visual Feedback

Reported Grasp Quality
1 2 3
Actual Grasp Quality
1 49 23 10
2 2 11 14
3 2 8 61

For the blind test, users were 60% accurate at identifying poor grasps and 86% accurate at
identifying good grasps. They were also fairly accurate at reporting a middle-level quality of
grasp; when users said the grasp was a two, the grasp turned out to be either a one or a two 81%
of the time. For both a one or a two grasp, the object slipped at some point during the grasp, either
upon initial lifting or after the object was lifted and experienced a small disturbance. Users were
more likely to label a middle-level grasp as a 1 than a 3, which is ideal for teleoperation purposes.

During these tests, some users reported feeling an object slipping from their grasp, which
highlights the capabilities of the soft force sensors to detect slip as well as the haptic muscles to

convey nuanced forces.

6.4.5 User Test Description: System Teleoperation

To test the intuitive nature of the teleoperation system and effect of feedback on the entire system,
we performed user testing with a series of pick-and-place tasks. We performed this test on 12 users,
8 of whom had no experience with a teleoperation system, and 4 of whom had used our system for
30 minutes to 2 hours prior to testing. We again made this distinction to gauge how quickly users
became familiar with the system and to test whether experience affected how the users reacted to

the haptic feedback.
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Figure 6.4: To test our system, users picked up 5 randomly ordered objects, each with and
without feedback, and placed them in a box. Objects are placed on the table one at a time.

Users were told to pick up a given object and place it in a nearby box as quickly as possible.
After giving each user five minutes of practice time to become accustomed to the system, we
tested them with five objects, each with and without haptic feedback, for a total of ten tasks. The
five objects were a soft teddy bear, a robot-shaped stress toy, a paper cup, a cardboard box, and an
empty plastic water bottle. These ten tasks were randomized to account for user learning during the
test, and the position and orientation of each object were kept constant for all trials. We recorded
the time required to complete each task, starting from when we told the user to begin and ending
when the object landed in the box. A sample of the pick-and-place task, with multiple items on the

table, is included in the supplementary video.

6.4.6 User Test Results: System Teleoperation

During the user study, all subjects completed every task. In the presented data, we define an
inexperienced user as someone who was introduced to the system for the first time during user
testing. An experienced user had worked with the system during development or for previous
publications, and had about 30 minutes to 2 hours of practice before user testing. Analysis of the
experienced and inexperienced users’ data showed that subjects’ teleoperation skills improve with

practice.
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Figure 6.5: Pick and place user study results with/without feedback for experienced users and
inexperienced users. We tested 12 users, 8 inexperienced and 4 experienced. The center point is
the average time to complete the pick-and-place task for each object, and the error bars represent
the standard deviation among users.
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When analyzing the time taken for tasks with and without haptic feedback, we found significant
differences between the inexperienced and experienced users. The average task completion times
were greatly reduced for some objects, as were the standard deviations. We also observe that in the
experienced users, 2 objects benefited from the haptic feedback and the other objects had similar
average times. The average time to complete a pick-and-place task for inexperienced users was
55.1 seconds, and for experienced users was 34.6 seconds.

The inexperienced users struggled more with controlling the robotic arm, so the benefits of the
haptic feedback are less visible. Teleoperating the robotic arm proved slightly difficult during user
testing. Though we tested the teleoperation scheme in simulation, the real robotic arm seemed to
have additional safety measures to prevent self-collisions and over-torqueing the motors. Because
of these rather unpredictable measures, the arm was sometimes unable to follow a user’s pose, and
thus stop moving. Additionally, the hand was somewhat difficult to align because its thumb is not
opposable. These issues added to the time and effort required to perform a pick-and-place task,
and many users relied mostly on visual feedback to align the arm and hand. Though the first set
of experiments prove the intuitiveness and usefulness of the pneumatic feedback, the teleoperation
system requires some improvements before users can fully make use of the haptics. However,
the average task completion time of 55.1 seconds for inexperienced users, and clear improvement
of experienced users with more practice time, shows the promise of this teleoperation system.
Additionally, experienced users were able to complete more challenging tasks, like placing a small

box in a cup.

6.4.7 User Test Conclusions and Future Work

After synthesizing the results from both user tests, we concluded that the system required a rather
drastic change to move the research forward. Firstly, the haptic feedback, though proven useful in
communicating grasp quality, also proved to be rather binary. That is, it only told users whether
the grasp existed or not, and not enough of the nuance that we hoped for given the resolution of

the haptic muscle control. We therefore concluded that this was a materials issue, and decided to
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experiment with using different materials to construct the haptic muscles. After the redesign, we
also realized we needed a different data glove and decided on an off-the-shelf solution.

Secondly, the robotic arm and gripper were becoming a limitation due to the kinematics of the
Kinova Jaco and the anthropomorphic gripper. The Kinova Jaco has a non-spherical wrist, which
made orientation control in the cartesian space rather difficult. Additionally, the anthropomorphic
hand did not have an opposable thumb, which made grasping certain objects challenging. In order
to focus on the teleoperation scheme and the haptic feedback mechanism, we decided to use a more

convenient robotic arm (Kinova gen3), and an off-the-shelf gripper (Robotiq 2F-85).

6.5 Phase 4

6.5.1 Phase Setup and Hypotheses

We made several improvements to the system based on the user test results from Phase 3, both
quantitative and qualitative. As before, because the motion mapping and haptic feedback subsys-
tems are themselves complicated, we make separate hypotheses about each and test them before
conducting full system user studies. We hypothesize that the fabric-silicone haptic muscles will
allow users to better handle delicate and fragile materials, because we have seen in Chapter 4 that
they apply more linear forces and are more sensitive. We also hypothesize that a workspace align-
ment scheme that we developed and discussed in Chapter 3 will be more usable than the workspace
scaling scheme and allow users to complete tasks faster and more comfortably. Finally we hypoth-
esize that adding haptic feedback to the teleoperation system will improve task performance and

lower task load.

6.5.2 System Description

In phase 4, the system consisted of:

* A motion capture system consisting of IMUs for the arm and an off-the-shelf data glove with

capacitive curvature sensors
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A physical Kinova Gen3

A Robotiq 2F-85 gripper with force sensing on the fingers

* Haptic muscles made of a fabric-silicone composite (novel work)

A human-to-robot mapping system based on cartesian mapping with workspace alignment

(novel work)

6.5.3 User Test Description: Novice Haptic Study

To focus on the interaction between the force sensors and haptic feedback mechanism, we designed
a simpler pick and place test for novice users. This is a parallel to the grasp quality tests we ran in
Phase 3, but are a clearer indicator of how users make use of grasp quality feedback. We performed
this test with 12 users, a mix of roboticists and non-roboticists, none of whom had experience with
the teleoperation system.

Users wore the data glove and were able to open and close their hand to control the robotic
gripper. Rather than controlling the robotic arm with IMUs, they were also given a computer
keyboard which sent the robotic arm to pre-programmed positions for a pick-and-place task. To
remove variables related to visual feedback, we blocked the users’ view of the physical robot and
instead showed them a monitor with a live feed from a camera facing the robot. The user test setup
and the users’ view are shown in Fig 6.6. Their task was to pick and place a small soft toy, and we
instructed users to be as gentle as possible with the toy.

The sequence was as follows: 1) the user pressed a button to move the arm from its “home”
position to hover over the soft toy, 2) the user closed their hand (thus closing the gripper) until they
were confident that they had grasped the toy 3) the user pressed the button to send the arm to a
position over a bin and 4) the user opened their hand, causing the gripper to drop the toy into the
bin. They completed this task with no haptic feedback, while wearing the plastic haptic muscles
presented in the previous paper, and while wearing the Ecoflex0030 haptic muscles presented in

this paper.
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BARRIER

Figure 6.6: User test setup simulating remote teleoperation with a robotic arm and gripper. (a)
The setup includes a camera pointing at the robot with the video fed to the monitor, and a barrier
to prevent the user from seeing the physical robot. The user wears a data glove with haptic
muscles and controls the arm with the glove and a keyboard. (b) The user watches a monitor
which streams live video of the robot arm.

Table 6.6: Novice Haptic Test Results (12 users)

Avg Max Force Num?;ro;fl;) rops Avg Challenge Rating
Without Haptics 0.947 N 6 6.2
Plastic Haptic Muscles 0.698 N 3 5.1
Ecoflex0030 Haptic Muscles 0.457 N 0 4.7

After practicing twice in each scenario, users performed the pick and place task 5 times with
each type of feedback, for a total of 15 tests. During the tests we kept track of how many times
they dropped the soft toy. After each set of 5 tests, we asked users to rate how challenging it was

to handle the soft toy delicately, from O (not at all challenging) to 10 (extremely challenging).

6.5.4 User Test Results: Novice Haptic Study

We synthesized the pick and place results by calculating the maximum force applied during each
attempt by averaging the highest 10 force readings. We then took an average of maximum force
readings across all users for each scenario. We also averaged their ratings from the user experience

questions. The results of these user tests are shown in Table 6.6.
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Without haptic feedback, a user only has visual cues about whether the object they are handling
is deforming or not, which are not sufficient. With haptic feedback, users are able to first detect
contact, then gauge whether the grasp strength is sufficient to transport the object without dropping
or damaging it. One novice user stated that the silicone-based haptic muscles allowed them to more
accurately gauge how hard they were grasping the soft toy because “the sensation was more linearly
related to the amount I was squishing it”. These user tests demonstrate that that the new sensitivity
gained from the re-design of the haptic muscles greatly improves the teleoperation experience as
well as the capabilities of the teleoperation system. They also emphasize the results of the previous
force output experiments that showed the plastic haptics to be too binary to allow for fragile object

handling during teleoperation.

6.5.5 User Test Description: Novice Teleoperation Study

We wanted to test the effects of all the changes to the teleoperation system by redoing the user
test from Phase 3, where users picked and placed 4 differently shaped objects. We tested 10 users
with the teleoperation system using similar or the same objects: a soft bear, a box of appropriate
size, a robot-shaped stress toy, and a paper cup. We did not test with the water bottle because the
off-the-shelf gripper made the pick too difficult in pilot testing. For this round of testing, all our
users were inexperienced with the system.

We began each test by having the users wear the motion capture system and perform a calibra-
tion routine, as discussed in section 3, to align the user and robot workspaces. We then allowed the
user 10 minutes of training in which they picked and placed various shaped objects. During this
time, users could choose to recalibrate the arm and change their preferred workspaces to ensure
maximum comfort. The first 5 minutes of training were without haptic feedback, and the second 5
minutes were with haptic feedback.

After training, we laid all 4 objects on the table, in rather random locations that we were sure
were within the robot workspace. We wanted to add this slight difficulty to show the capabilities of
the new mapping system. We then told the user which object to pick and place. We then counted

down to ensure that our timer began when the user intended to complete the task. We stopped
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the timer when the user placed or dropped the object into the box, and recorded the time. After
the users finished picking and placing all 5 objects, we paused teleoperation and asked them to
fill the NASA TLX (Task Load Index) survey which reported how challenging the task was from
various angles, such as mental load, physical load, and frustration. We repeated this 6 times, 3
times with haptic feedback and 3 without. We alternated whether the haptic feedback was on or

off to compensate for user learning through the task.

6.5.6 User Test Results: Novice Teleoperation Study

The first major result of this test is that across all users, who were all inexperienced, the average
time to pick and place an object with our system was 18.63 seconds, as compared to 44.85 sec-
onds as shown in Phase 3 user testing. This shows that the teleoperation system as a whole has
improved tremendously in intuitiveness and usability for performing tasks that use the entire table
as a workspace. in Fig 6.7 of the user test results for each object, along with the averages and
standard deviations across users. We see that the average has reduced greatly, as has the standard
deviation because more users are more comfortable using the system.

We also find that the time to pick an object decreases with more experience, as shown in Fig 6.8
where we show each user’s average task time across all objects per run. We see that there are a few
outliers, but in general users take less time to complete later runs because they quickly overcome
any initial discomforts or nervousness from the initial trials.

When comparing trials with haptics versus without haptics, we find that task completion time is
not affected by haptics. This is probably because once a user is comfortable using a teleoperation
system for a pick and place task, they can generally visually ascertain whether they have grabbed
the object or not, and haptics does not significantly speed up their task time. We did find, however,
that having haptics present led to greater satisfaction and less negative feeling during the task, as
shown by the responses to the NASA TLX survey. Across all users, the negative feeling”, that is,
the average of all the questions related to demand or frustration, decreased when the haptics were

present, as shown in Fig 6.9. Because the haptic feedback decreased the demand on the user, this
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Figure 6.7: We performed a pick-and-place test with 10 users and 4 objects of varying size and
stifftness to gauge how well they can use the system. The results that users perform an average
pick and place in 18.63 seconds. We find that the new human-robot mapping scheme improves
both average performance and standard deviation of task completion time. This shows that more
users are more comfortable with the system with very few outliers who struggled more.

indicates that haptics will be helpful in more complex tasks, particularly with more experienced

users.

6.5.7 User Test Description: Expert Teleoperation Study

As a final study to show the potential of the new haptic muscles in a full teleoperation setting, we
ran a pilot test with an expert user who has trained on the teleoperation system for several hours.
They used the system, including full control of the robotic arm and gripper, to pick and place soft
baked fruit bars (Kellogg’s Nutrigrain). The fruit bars were particularly fragile and brittle, prone

to cracking and deforming during even normal handling. The expert performed this task with no
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Figure 6.8: We performed a pick-and-place test with 10 users and 4 objects of varying size and
stiffness to gauge how well they can use the system. We find that, in general, users complete the
pick and place more quickly as they gain experience with the system. In this plot we show a
sample of 5 users and their average pick and place times over the course of testing. The trendline
shown shows a slight downward trend when comparing completion times over all 6 runs of the
experiment.

haptic feedback and while wearing the Ecoflex0030 haptic muscles. They completed 3 tests in

each scenario, for a total of 6 tests.

6.5.8 User Test Results: Expert Teleoperation Study

Two representative plots of the expert test are shown in Fig 6.10. The expert user applied on
average 58% less force given haptic feedback, and this was reflected in the state of the fruit bars
after testing. The attempts with haptic feedback resulted in intact fruit bars with little to no damage,
while all attempts without feedback and with plastic haptic muscles resulted in deformed or entirely
broken bars. The more sensitive haptic muscles allowed the user to adjust their grasp to keep hold
of the fruit bar (Fig 6.10b). These preliminary results are very promising, and we will continue to

explore the capabilities of the Ecoflex0030 haptic muscles with more expert users in future work.
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Figure 6.9: We performed a pick-and-place test with 10 users and 4 objects of varying size and
stiffness to gauge how well they can use the system. After each run of picking and placing 4
objects, we asked them to fill out a NASA Task Load Index survey. We calculate ’average
negativity” as the average of the user’s responses to the task load questions. We find that the
presence of haptic feedback decreases users’ average negativity and therefore mental load during
the task.

6.5.9 User Test Conclusions and Future Work

After synthesizing our results from the novice and expert user tests, we found that the teleoperation
system was much improved and allowed novice users to perform pick and place tasks with as little
as 10 minutes of training. We also found that these novice users gain confidence with the system
very quickly, showing how the intuitiveness of our system has improved. We showed that the
haptic feedback decreased mental load during pick and place tasks, and allowed expert users to
successfully pick and place delicate fruit bars several times.

During these tests, we found that the limiting factor was the off-the-shelf gripper, which proved

slower to control than the robotic arm itself. Additionally. the two fingers were not enough to grasp
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Figure 6.10: Teleoperation experiment to pick and place a soft fruit bar by an experienced user:
(a) without haptic feedback and (b) with haptic feedback. The plots show normal force applied
during the task, as well as the state of the fruit bar at the end of the attempt.

more complex shapes, and the silicone pads covering the force sensors were slightly thick and
bulky. We therefore suggest that the next step to improving this system is to use a better-equipped
gripper with force sensing, such as an improved version of the anthropomorphic gripper presented

in section 5.
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Chapter 7

Broader Impacts

7.1 Broader Impact

Our goal over the course of this project has been to develop and test a solid and usable teleoperation
system that provides haptic feedback in a useful and intuitive way. We have achieved this goal, and
to prove the usability of the system we have developed many user tests that show how the haptic
feedback improves user performance in specific tasks. The result is a generic system that has been
proved out with “toy” problems, which is sufficient for technical research purposes.

This teleoperation system can potentially be integrated into larger systems in spaces such as
space exploration, medical care, and warehouse logistics. However, each application has a different
set of benefits, requirements, and concerns that would change how we implement the teleoperation
system. This is partially because each field has a different set of technical requirements and tasks
to be done, but also because each setting has a different user who wants to interact with the system
in a different way. In this broader impacts section, I will discuss the technical and human factors
requirements of each field, and explore how we can innovate responsibly in these different sectors.
I will begin to address what factors to consider when considering applying teleoperation technol-
ogy in industry and research space, and how such considerations can define future teleoperation

research. I will also discuss integrating the teleoperation with artificial intelligence systems and the
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potential for human-drive Al models. Finally I will conclude with a discussion on the importance

of STEM education and outreach, and my experiences with outreach and mentorship.

7.2 Responsible Innovation In Different Sectors

7.2.1 Space Exploration

One major benefit of remote teleoperation is the ability for a user to perform tasks in remote or
dangerous locations while staying safe. One example of this is space exploration. It is prohibitively
expensive to send astronauts into space, and even after extensive training astronauts find life on the
ISS fairly difficult. Additionally, planets like Mars and Venus are extremely dangerous environ-
ments, so they can only be explored by autonomous rovers. Robot teleoperation has the potential
to accelerate space research by allowing people to perform more complicated tasks without relying
on an astronaut or autonomous system [5].

To integrate our teleoperation system into a space exploration system would require us to dive
deeper into user experiences that are specific to deep-space tasks. Firstly we consider what tasks
might be done in space, and we find in the literature that target grasping, particularly in cluttered
environments, i1s an important aspect of extraterrestrial exploration [75]. We also find that users
expect to be in controlled and isolated environments, and do not mind being tethered to large tele-
operation systems. By exploring what objects a teleoperated robot is expected to work with, we can
make design decisions about the end-effector of the robot, and potentially reduce the complexity
of the teleoperation system.

One large consideration is the time delay between the user and robot movement due to the
distance between them [76]. This delay is at minimum 0.4 seconds but is usually between 3 and 6
seconds, which greatly interferes with the telepresence experience. This delay affects both robot
movement and haptic feedback, and it is very difficult for a user to utilize the haptic feedback
well at such latencies. Much research that addresses teleoperation for space exploration revolves
around this latency problem, and there are several proposed solutions, including predictive models

for control and force feedback. Many of these solutions involve some basic autonomy to help
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the teleoperator with simple motions [77]. The idea of assistive teleoperation is not new, but it
remains a deeply technical problem, and there is more research to perform to gauge how factors
like user trust and comfort are affected by teleoperation. During our studies, we find that users
enjoy having full control of the robotic arm, and if the robot behaved unexpectedly they would be

uncomfortable.

7.2.2 Warehouse Logistics

A second benefit of robot teleoperation systems is the transfer of effort between the user and the
robot [78]. A user can teleoperate a robot to lift a heavy object or apply large forces without
overextending or injuring themselves. This can be especially helpful to warehouse workers, who
tend to suffer from stress injuries in their arms, legs, and backs due to repeatedly lifting heavy
items. According to a Beaureau of Labor Statistics report, “transportation and warehousing in-
creased from 206,900 cases in 2020 to 253,100 cases in 20217 [79]. Remote teleoperation can
allow workers to stay more stationary, help them lift heavy objects without strain, and sometimes
complete tasks in inherently dangerous spaces, such as around forklifts. This can allow workers to
be safer, more efficient, and more satisfied with their jobs.

When considering robots that work in warehouses, much of the current research focuses on
mobile robots that can travel around the warehouse [80], similar to space exploration robots. The
difference is that a mobile robot on a warehouse floor may have to interact with other workers.
This leads to questions of trust and safety, and if the user were remote, we may consider whether
other workers would be wary of a robot that seems autonomously intelligent even though it is under
someone’s direct control [81]. Perhaps this situation would require the robot to have a screen in
which the user is visible, or perhaps the user should be able to speak through the robot. Unlike the
space exploration scenario, warechouse workers may not appreciate semi-autonomous assistance
during teleoperation and may want as much control as possible.

Another consideration is the location of the teleoperator in a warehouse scenario. Because a
warehouse is, for the most part, not an inherently dangerous place, they may prefer to be very

close to the robot, or they may prefer to be in another building. Some studies explore the use
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of virtual reality or augmented reality systems that perform mobile robot teleoperation, but these
studies focus on keeping the worker far from the robot [82][83]. If the worker would prefer to be
in the warehouse, we would have to consider the comfort and portability of the system over long
periods of use. The current version is portable and comfortable for a relatively short user study, but
may become uncomfortable over a full workday. Another consideration if the user is very active
is user intentionality, that is, whether a user movement is meant to control the robot or not. If, for
example, another warehouse worker accidentally jostled the user, we would not want the robot to
respond. Current studies in autonomous obstacle avoidance and the use of virtual reality spaces
that keep the user remote show that there is some work to do to enhance the realism and sense of
control in such experiences.

In the warehouse scenario, we can look at the teleoperator, robot, and human warehouse work-
ers as a whole system that needs to interact seamlessly, safely, and with trust. In comparing the
space exploration and warehouse logistics sectors, it is clear that the more people are involved, the

more questions there are about human factors, trust, and human-robot interaction.

7.2.3 Medical Care

The COVID-19 pandemic clearly showed the challenges of performing normal nursing tasks when
dealing with a severely contagious disease [84]. While some of these tasks can be autonomous,
people in hospitals look to nurses for personalized care and comfort. A teleoperated nursing sys-
tem would allow nurses to provide this care while themselves staying distanced and comfortable
[85]1[86]. This has the potential to address issues like burnout, physical stress, and contagion in
medical care spaces. It has also been shown that higher levels of telepresence in the system could
“provide a stronger feeling of a person to person interaction for both users, in comparison to video
and phone calls” [87].

As with the warehouse logistics example, we must consider both the teleoperation user and the
human (likely a patient) interacting with the teleoperated robot. In the case of medical care, the
patient would likely be from a vulnerable population; they may be elderly, disabled, or a child.

This vulnerability adds to the questions of safety and trust, because patients must be treated with
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immense care. If the nursing tasks involve physically interacting with a patient, we must perform
intense reliability testing to ensure the teleoperated robot cannot harm anyone, even if the nurse
controlling it makes a mistake, is jostled, or loses control. There is also the question of whether
a patient would feel cared for and comfortable if they are staying at a hospital full of robots, even
if the robots are teleoperated. In medical spaces, it has been shown that seeing and hearing the
operator increases trust and comfort in patients [88].

In the medical scenario, using robots to help with tasks, however menial, raises many concerns
about safety and trust, as well as the comfort and satisfaction of the people being cared for. The fact
that these people may be from vulnerable populations increases the importance and complexity of

these concerns.

7.3 Teleoperation-Driven Al

Artificial intelligence (Al) has become one of the next big things in technology. Every day there
seems to be a new article about the cutting-edge discoveries researchers are making in Al, and how
the new Al is growing more powerful and “intelligent”. Currently, Al is causing major concerns
in the media and in industry because some people worry it is growing too powerful and we cannot
understand it. There are also concerns that, given new advances in robotic manufacturing and
control, this super-intelligent AI will be able to act on the physical world in unpredictable and
scary ways.

Because my work is in the realms of robotics, and because teleoperation can be used as a tool
for artificial intelligence, I will briefly touch on some of these concerns and how teleoperation has
the potential to help.

Artificial Intelligence is a term many people use to describe the development of computer sys-
tems that can perform tasks normally associated with human intelligence, such as visual perception,
speech recognition, and decision-making. There is, however, a concern that such automated and
“intelligent” systems are devoid of transparency. Machine learning algorithms are black boxes,

which are trained on many inputs until it gives a reasonably correct output. Even the programmers
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of such algorithms are not certain why they output what they do, which becomes an issue when the
outputs are questionable or based on biased data.

Our research falls under an interesting category of autonomy that depends on human demon-
strations. This gives us the opportunity to be more transparent than most autonomous system
developers about how the autonomy was built in the first place. In many Al cases, the input data
comes from a large database that is too large for anyone to properly vet, which increases the lack
of transparency and trust in such systems. In our case, however, the input data is provided by real
people, and part of our goal is to ensure that the expert demonstrators need not be roboticists.

It is clear that we are already being exposed to Al models that can be very helpful in our
daily lives (like ChatGPT) but that are also causing concerns about Al development in general.
Learning from demonstration through teleoperation has the potential to democratize robot training
and thus expose more non-technical people to the idea of robot autonomy. This has the potential
to help increase trust in other autonomous systems, especially if aided by increased education and

awareness of Al.

7.4 STEM Education and OQutreach

As automation and robotics change the definition of work and the kinds of tasks people do in the
workplace, it is vital that our education systems keep up with these new developments. During
my time at WPI, I have had many opportunities to be part of education and outreach programs,
especially those that encourage people from minority populations to pursue a STEM education.
During these processes I learned about leadership, communication, and the power of diversity on
STEM teams.

WPI has many outreach programs, and many of them are tailored to grade-school children.
One of these was TouchTomorrow, a day-long event in Worcester where many groups from WPI
showcased their work to children and parents in the Worcester area. The event was free to attend,
which made it an amazing opportunity to interact with young children who may not have been

exposed to STEM yet. It was a chance to show them how interesting and impactful a STEM
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career could be. In turn, we learned how to explain our research, which is generally published
in academic journals, to young children so they would understand what we were working on. In
particular, I learned to add much more background and impact factor to my explanations, while
keeping the technicals light and understandable. I believe every engineering student should have
this opportunity to practice engineering communication in such an intense and exciting way.

Another of WPI’s outreach programs, tittled WRAMP (Womens’ Research and Mentorship
Program), gave me the opportunity to work with a diverse group of high school women from the
Worcester area and introduce them to robotics research. As the team leader, I was responsible for
designing the project we would work on together, as well as helping them think through solutions
to the technical problems they faced in the lab. This was a delicate balance of engineering and
teaching, and not only did it change the students’ lives, it changed me as well.

The students 1 worked with included a young woman on the autism spectrum, a Hispanic
woman who had never coded before, an adopted Guatemalan woman with an identity crisis, and
a Chinese American woman with deep-set imposter syndrome. Across the board, this program
helped these women feel more comfortable with who they were, and convinced them that engi-
neering could be an exciting and impactful career to pursue. The program also gave me a deeper
understanding of the importance of diversity in teams. My group was always giving me new ideas,
like using soft robots as fidget toys or pouring silicone over crafting beads to make a coaster. This
experience convinced me that diversity is not just a vague moral idea, but a concrete advantage for
an engineering team. Finally, I learned the importance of breaking the student-teacher model and
creating a comfortable environment for my mentees to share ideas. Their ideas and the conver-
sations we had gave our team new insights and pivoted our research in amazing and unexpected
ways.

Introducing young people to STEM, especially those from underserved populations, is the only
way to keep up with current changes in technology and the workforce. I look forward to continuing

this work and seeking opportunities to mentor and excite students in STEM fields.
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Chapter 8

Conclusions and Future Work

This report has covered our six years of research regarding intuitive teleoperation of a robotic arm
and hand, and the use of soft materials as haptic feedback devices. We have discussed the system
we built, delved into the details of each subsystem, reported on the various phases of the system,
and presented the results of various phases of user testing. Finally, we explored the broader impacts
of this research from various industrial and research angles. From this research we have several
conclusions and insights about the fields of robot teleoperation and haptics.

Robot arm teleoperation is a unique field where we develop a complex and moving system with
many parts, then invite novice users to take full control of the system. Teleoperation is equally a
technical and user-oriented problem, and in this report we have explored and addressed both kinds
of issues. Our goal, to create a system usable by any novice user, is a goal we have addressed
by using better grippers and building better haptic devices, but also by considering what a user
considers intuitive in a human-to-robot mapping scheme. Our ideas about what make a good tele-
operation system have come from technical papers but also from interviews with users and much
synthesis of the qualitative feedback they have given us. We therefore have a unique experience
of developing a teleoperation system in multiple phases using user-oriented design principles and
user testing to help define the phases of work.

Given the improvement of the teleoperation system over time, we can say that we have achieved

our goals. In a user test with only novice users, we showed a reduced task time by about 60% as
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compared to an older user test with novice and expert users. We have enabled users to pick and
place fragile and brittle objects, and we have done so using a system that is lightweight, low-cost,
and portable. We have also found that haptic feedback decreases users’ mental and physical load
even during simple pick-and-place tasks. As ongoing research, we have explored teleoperation of
anthropomorphic hands, and various end-effector force sensing modalities, and we have developed
a 3D-printable anthropomorphic hand with accurate force sensing that does not experience drift.
There are several paths forward for our research regarding improving the teleoperation system.
Firstly, we have proven the efficacy of the haptic feedback, but can do more to increase the comfort
and usability of the haptics, such as choosing thinner fabrics, making them adjustable, and using
thinner layers of silicone. Secondly, we have proved that an anthropomorphic hand is useful for
teleoperation but also that it can complicate the user experience, so we might research more intu-
itive hands and hand-mapping schemes. Finally, we can begin exploring a particular sector where
teleoperation can be useful, such as warehouse logistics or at-home care, and tailor the system to

do complex tasks within those spaces.
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