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Abstract
Physical Human-Robot Interaction in Spherical Tensegrity Robots
by
Andrew Robert Barkan
Doctor of Philosophy in Engineering - Mechanical Engineering
University of California, Berkeley

Professor Alice M. Agogino, Chair

As intelligent robots become more pervasive in the facilitation and execution of historically
human-centric tasks, we, as roboticists, must continue to improve upon our methodologies for
intuitive and efficient human-robot interaction (HRI). This is especially relevant to robotic
systems that are intended to operate in close proximity to humans where physical contact
is either intentional or inevitable. The vast majority of research in physical human-robot
interaction (pHRI) has focused on exclusively anthropomorphic realizations of interactions
that involve complex and rigid traditional serial robotic systems, which rely on sophisticated
sensing and control implementations to accommodate physical contact. Furthermore, the
breadth of the pHRI research domain has remained limited by the largely anthropocentric
perspective of prioritizing human-like interactions as well as the overwhelming emphasis
placed on contact avoidance as an essential feature in autonomous and mobile robotic sys-
tems. In contrast, the somewhat recent proliferation of soft robotic systems, like tensegrity
robots, built with an intrinsic tolerance for physical contact have shown tremendous promise
as platforms for enabling pHRI.

Tensegrity robots are a class of soft robotic systems whose structures consist of a set of rigid
bodies suspended in isolation via a network of cable elements. The advantages of a tensegrity
robot include low density, configurable compliance, and structural resilience at the cost of
greater complexity in modeling and control. These unique mechanical characteristics make
tensegrity robots well-suited to applications that demand robustness to physical contact. In
this dissertation, we examine the design and implementation of a force-sensing tensegrity as
a robotic platform for enabling novel physical interactions and for exploring new avenues for
pHRI with compliant robotic systems. First, we explore the potential for a new language of
pHRI that leverages non-anthropomorphic, compliant, and mobile robotic systems. We then
present the Class-1 spherical six-bar tensegrity topology as a scaffolding for implementing the
detection of physical human-robot interactions. Several force-sensing tensegrity prototypes
are designed, constructed, and tested to explore the capacity for reliable contact detection.



To demonstrate the ability of the force-sensing tensegrity to distinguish between physical
interactions, we propose a methodology for inferring intent from physical interactions using a
supervised learning framework that features contemporary classification algorithms including
deep neural networks. Additionally, we conduct a series of human subject experiments to
examine the intuitiveness of physical interaction with the tensegrity as well as the robustness
and generalizability of the aforementioned supervised learning framework.

There are broad implications from these results on the future of pHRI research leveraging
similar robotic implementations, which could be capable of offering completely new func-
tionalities for physical interaction. The methodologies and frameworks presented here can
be extended to various tensegrity topologies, fully actuated tensegrity platforms, and even
compliant robotic systems outside the domain of tensegrities. As a result, we hope that
pHRI researchers will be inspired to utilize compliant systems like our force-sensing tenseg-
rity as viable platforms for investigating physical interaction. In summation, the problems
addressed here constitute an exciting and potentially paradigm-shifting investigation of the
utility of tensegrity robots as platforms for a new language and embodiment of pHRI with
compliant robotic systems.
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Chapter 1

Introduction

The focus of this dissertation is the exploration of how the unique properties of tensegrity
robots can be leveraged toward investigating and implementing novel mechanisms for physi-
cal human-robot interaction (pHRI). Tensegrity describes a class of structures that consists
of a set of rigid bodies suspended in static equilibrium via a network of interconnected cable
elements, which are often elastic. The term itself is a portmanteau of tensile (or tension) and
integrity, alluding to how structural integrity is achieved by securing the rigid members of the
structure in place via the tension of the cable elements. Tensegrity structures are lightweight,
compliant, resilient, and configurable, which makes them highly attractive for a variety of
applications in the design of dynamic robotic systems. Realizations of tensegrity concepts in
robotics are frequently directed toward applications that exceed the mechanical capabilities
of traditional rigid robotic architectures, such as applications that involve extreme environ-
ments and demanding operating conditions. The Berkeley Emergent Space Tensegrities Lab
(BEST Lab)! at UC, Berkeley partnered alongside NASA Ames Intelligent Robotics Group
(IRG) demonstrated the advantages of tensegrity in the development of SUPERball [55],
which is a spherical tensegrity module intended for use in space exploration. In industry,
tensegrity robots have emerged as a prominent solution to the challenge of mission-critical
data acquisition in disaster response scenarios. Squishy Robotics, Inc.—a close industry col-
laborator with the BEST Lab—develops sensing solutions that feature incredible structural
robustness and impact resistance through the use of tensegrity design principles. Built with
the capacity to be deployed from extreme heights without sustaining critical damage, these
tensegrity sensors are perfectly suited to applications in emergency response and offer first
responders the ability to gather essential information on the ground in areas that would
otherwise be completely inaccessible to either humans or alternative robotic solutions.

As tensegrity robots are introduced into potentially dangerous and uncertain conditions
with human operators, we must consider how to best facilitate efficient and intuitive human-
robot interfaces for the operation of this emergent technology. It is vital for the end users of
these systems to have reliable interfaces to communicate effectively with their devices. Dis-

"'Website: https://best.berkeley.edu/



CHAPTER 1. INTRODUCTION 2

aster response scenarios, for example, introduce a number of challenges to the use of common
human-robot interfaces due to the expectation of severely limiting environmental factors such
as overwhelming noise, visual obstruction, time sensitivity, and more. As a result, the typical
modalities of human-robot interaction run substantial risk of failure. Furthermore, tensegrity
robots represent a class of robots that neither resemble conventional robotic systems in form
nor operate using recognizable mechanisms. This class of non-anthropomorphic, compliant,
and dynamic robotic systems offers roboticists the opportunity to reimagine the standard
approaches to human-robot interaction so as to capitalize on the unique characteristics of
these devices.

Specifically, tensegrity robots offer radically new possibilities for the field of pHRI due
to their inherent robustness to physical contact and their configurable form factor. Instead
of relying on complex sensing and control schemes in rigid architectures to mimic tolerance
to physical contact, we can utilize compliant systems that are expressly designed with the
intent to be handled and impacted. In doing so, we open new avenues for communication
and cooperation through physical manipulation. Previously, there could be no imagining
of a device that could withstand being picked up and tossed across a room without being
destroyed. With a tensegrity robot like the products being developed at Squishy Robotics,
Inc.?, this interaction can take the form of a valid and expressive input to facilitate the sys-
tem’s operation in real scenarios. In this dissertation, we will attempt to make a compelling
case for the utility of such pHRI modalities and demonstrate how tensegrity robots can serve
as a vessel for exploring the exciting new possibilities for this innovative class of compliant
robotic systems.

1.1 Research Objectives

In order to communicate the focal points of this dissertation to the reader, we will present
the main research objectives here. The research objectives outlined in this section represent
the key research questions addressed by our work in pHRI with tensegrity systems.

1. Design of a Force-Sensing Tensegrity Robot : The six-bar spherical tensegrity
configuration has been demonstrated to be an excellent structural platform for the
development of rapidly deployable and robust sensor robots. Using this particular
topology of tensegrity robots, we seek to augment it with the ability to detect external
forces imparted to its structure. By taking advantage of the properties of tensegrity
structures, it will be possible to achieve tremendous bandwidth in terms of force-sensing
with the use of only a limited amount of embedded sensing. We can then employ this
prototype in investigating the extent to which force-sensing can be used to construct
novel human-robot interaction mechanisms.

2. Development of Strategies for pHRI with Compliant Robotic Systems :
Once we have developed a force-sensing tensegrity capable of detecting different forms

ZWebsite: https://squishy-robotics.com/



CHAPTER 1. INTRODUCTION 3

of physical contact, it can be used as a platform for exploring innovative physical in-
teraction mechanisms. While there have been numerous studies into the development
of physical interaction methodologies with conventional anthropomorphic robotic sys-
tems, tensegrity robots like the six-bar spherical tensegrity introduce new avenues for
research into types of physical interactions that had previously been impossible. We
must therefore begin to develop strategies that capitalize on the properties of this new
class of compliant robotic systems so as to maximize their utility in real-life human-
robot cooperative scenarios.

. Performance of Force-Sensing Tensegrity Robots in pHRI : In the process of

developing this new embodiment of pHRI with compliant robotic systems like the six-
bar spherical tensegrity, we will assess the performance of these mechanisms from both
quantitative and qualitative perspectives in an HRI context. In order to be useful
in a given application, it is desirable for the interface between human and robot to
have certain characteristics such as intuitiveness, robustness, and simplicity. We will
attempt to investigate these characteristics as they pertain to our newly developed
pHRI strategies using a combination of human subjects experiments and simulated
interactions.

1.2 Dissertation Outline

The following section outlines the structure of the dissertation in terms of its chapters in
their order of appearance:

Chapter 2 : Relates topics that are relevant to the background and motivation of this
dissertation starting with a discussion of historic pHRI strategies and and the existing
gaps in research pertaining to pHRI with compliant robotic systems. We introduce
tensegrity robotics along with previous examples of force-sensing in tensegrities.

Chapter 3 : Provides an overview of traditional tensegrity modeling techniques in or-
der to introduce the subject of our research objectives in the six-bar spherical tensegrity
robot. This representation will then be used to guide a discussion into the theory of
tensegrity statics and dynamics which are relevant to the design of a force-sensing
tensegrity prototype.

Chapter 4 : Presents the iterative design process behind the development of two
force-sensing tensegrity prototypes which will be used as platforms for investigating
pHRI with compliant robotic systems.

Chapter 5 : Introduces our proposed strategies for establishing a new language of
pHRI with compliant robotic systems through supervised learning frameworks. This
chapter will also include an analysis on the potential performance of these strategies
as well as the feasibility of its deployment in real-life applications.
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e Chapter 6 : Presents a series of human subjects experiments used to assess the
performance of our new pHRI strategies in representative contexts. We also extend
our supervised learning framework to more realistic scenarios involving sequences of
interactions. Additionally, we will discuss qualitative observations from these studies
that will shed light on the advantages and disadvantages of the proposed methodologies.

e Chapter 7 : Concludes with a summarization of the research involved in this disserta-
tion along with the implications of our results on future work in pHRI with compliant
robotic systems.



Chapter 2

Background and Motivation

2.1 Trends in Physical Human-Robot Interaction

When desiging a robotic system for a particular application, a roboticist or engineer consid-
ers all facets of the application and its conditions in order to extract critical design require-
ments. A manipulator intended to function as an assembler of sensitive electronics must
have precise actuation to enable pick-and-place operations. Autonomous vehicles should
have robust visual perception in order to facilitate navigation through complex and dynamic
environments. An animatronic system that replicates the motion of a human character will
naturally inherit anthropomorphic characteristics. These three example applications involve
robotic systems that are expressly designed to operate in human environments and are some
of the most familiar and representative categories of robotic systems in the world today. It
then makes intuitive sense that the majority of research in human-robot interaction (HRI)
has featured systems that are, at the very least, reminiscent of one of the aforementioned
architectures. However, earlier versions of these systems were not originally designed with
human-robot interaction as a priority. As a result, researchers in the field of HRI would
develop methogolodies and strategies primarily for adapting conventional robotic systems to
HRI applications. While these kinds of approaches are certainly valuable in terms of taking
advantage of the most widely available technology, it circumvents the need to optimize the
design of robotic systems to be more suited to HRI in the first place.

As the demand for automation in new sectors continues to increase, robots have begun
to assume a greater number of human roles as well as occupy a larger presence in human
environments. To meet the unique requirements of these human-centered applications, con-
siderable advancements in sensing and actuation have led to the development of sophisticated
robotic architectures that feature desirable HRI properties. Perhaps the most prominent in-
dicator of this trend is the creation of cobots, or collaborative robots. A cobot describes a
type of robot that is specifically designed to support HRI and to work in close proximity with
humans. The arrival of cobots marked a pivotal shift in the focus of HRI research because it
emphasized the idea that physical contact between human and robot was not only tolerable,
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Figure 2.1: Two modern collaborative robots, or cobots, designed for human-robot interac-
tion. On the left is KUKA’s LBR iiwa and on the right is the Universal Robots’ UR16e. Each
manipulator is instrumented with integrated force-sensing to detect forces in operation.

but it could be leveraged toward more effective and safe automation in human contexts. As
humans, we naturally we appreciate the importance of physical contact as a modality for
interacting with the world, but it was only recently that we began to pursue the idea that
we could equip robots with the same capability. To illustrate the importance of this shift
in thinking, we can consider how cobots have influenced the landscape of both industrial
automation and HRI research.

Since the introduction of cobots by Peshkin and Colgate in the early 2000s [51], leaders
in industrial automation like KUKA, FANUC, and Yaskawa along with newer players in
the space like Universal Robots have developed cobot products aimed at enabling close-
proximity human-robot collaboration in areas such as manufacturing. Typically, these robots
resemble the traditional serial manipulator; however, they have the distinct advantage of
integrated force sensing. This force sensing allows a cobot to quickly respond to physical
stimulus, which helps ensure human worker safety around such high-power and high-intertia
automation equipment. Suddenly, manufacturers are afforded the option to have humans and
robots coexist in the same space, dramatically improving the density and efficiency of certain
manufacturing operations that require both precise automation and human intervention.

The phrase physical human-robot interaction (pHRI) is generally used to describe scenar-
ios in which physical contact between a human and robot is utilized to collaborate, cooperate,
or communicate toward separate or common goals. In response to the increased interest in
the development of platforms like collaborative robots, research specifically in the field of
physical human-robot interaction has gained tremendous momentum [17, 26, 46]. Equipped
with commercially available cobots like KUKA’s LBR iiwa and Universal Robots’ UR16e
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shown in Figure 2.1, researchers in physical human-robot interaction demonstrated numer-
ous advantages of force feedback in the safe and effective operation of these devices and, by
extension, the value of intentional design for physical contact.

In terms of hardware innovation, the primary focus has been to develop systems with force
sensing either preemptively in the design of its actuation mechanism as seen in series elastic
actuators [11, 69] or retroactively by instrumenting the end effector or other interfacing
components [37]. These instances represent pHRI studies that are mostly concerned with
force-sensing as it pertains to the proprioception of the robotic system as it comes into
contact during its operation. This modality of sensing can provide critical information
about dynamics, as in the case of shared manipulation tasks [3, 49], or operator intent, as
it can be used to condition inference models that attempt to model a robot’s understanding
of a human’s latent objectives within a pHRI context [47]. Distinct from this category of
proprioceptive force-sensing implementations are those that seek to replicate some degree of
tactile, or touch, sensing to extract subtle information from surface contact [7, 16]. Novel
tactile force-sensor modules can enable robots with the ability to detect extremely fine details
in surface geometry [30, 50]. For each of these categories, the majority of the associated
studies have still relied on either instrumentation that augments original functionality or
arguably extrinsic realizations of force-sensing and robustness to physical contact.

Recognizing the limitations of rigid robotic architectures in the face of increasingly
contact-oriented applications, roboticists have pivoted to a new class of robotic systems
that features inherent structural compliance at the cost of reduced control fidelity. Soft
robotics is a field of robotics that encompasses robotic systems designed with mechanically
flexible properties [36]. By taking advantage of the compliance of elastic materials, soft
robotic systems offer intrinsically safe operation [1] as well as impressive impact resilience
[9]. Immediately, researchers recognized that these advantages translated to impactful ap-
plications in pHRI [52]. Commonly, these systems are driven using pneumatically actuated
mechanisms [66], which can be instrumented with force sensing by clever use of geometry
and pressure detection. Still, the accompanying uncertainty of elastic materials coupled
with imprecise actuation reveals the need for more structurally deterministic operation in
these compliant systems. This leads us to our discussion of a new class of compliant robotic
systems—tensegrity robots—in which compliant and rigid aspects work in concert to offer
compelling advantages to pHRI applications.

2.2 Tensegrity Robots and Applications

The term tensegrity was first coined in the 1960’s by the original inventor of the concept,
Buckminster Fuller, and describes structures that consist of rigid elements held in compres-
sion via a tension network of cable elements. With dramatic forms and unlimited configu-
rations, they quickly captured the imagination of artists like Kenneth Snelson who created
striking tensegrity sculptures like those pictured in Figure 2.2. Each individual rigid element
of a tensegrity structure is isolated but is allowed to displace based on the deformation of the
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Figure 2.2: Examples of tensegrity structures in some of their earliest forms by American
contemporary sculptor Kenneth Snelson. On the left is the Tensegrity X-Module Tetrahedron
sculpture (1959) and on the right is Needle Tower IT (1969).

attached cable elements. Because the rigid elements of a tensegrity structure only experience
compressive loads as a result of the interconnected network of cable elements, the structure
is devoid of signficant moments (or torques), which greatly reduces the occurrence of stress
concentrations. The result is a structure that exhibits surprising structural integrity and
resilience while still being flexible enough to dynamically adapt to physical perturbations.

The unique mechanical properties of tensegrity structures attracted the attention of civil
engineers and architects who applied these concepts to load-bearing structures [24] and
grand architectural feats such as the Kurilpa Bridge in Brisbane. Tensegrity principles have
also been featured by biologists as a way to model a variety of naturally occurring biological
structures [31, 32]. Eventually, roboticists also recognized the potential of tensegrity concepts
and began applying them to the development of innovative robotic systems.

One of the main themes in robotic implementations of tensegrity concepts is leveraging
the natural compliance and configurability of tensegrity structures toward creating robots
that are tailored to extreme conditions of operation. It’s certainly possible that there is no
application or environment more extreme or demanding than space exploration. In 2012,
NASA began exploring the development of a tensegrity-based planetary surface lander that
could compactly store in a launch vehicle, deploy to an expanded state from low orbit, and
withstand the impact of an unassisted descent. Dubbed SUPERball, this six-bar spheri-
cal tensegrity robot lander was highly influential in the space of compliant robotic systems
[55]. Other examples of innovative tensegrity robots include a duct-exploring robot [22], a
quadrupedal robot with tensegrity spine [53], and bio-inspired tensegrity manipulators [40].
There have even been recent examples of tensegrities that have been configured with quadro-
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Figure 2.3: Four examples of six-bar spherical tensegrity robots developed by researchers at
the BEST Lab at UC, Berkeley and Squishy Robotics, Inc.. On the left are three examples
of passive spherical tensegrity systems and the rightmost device is a cable-actuated version.

tors to create physically robust flying vehicles !. The Berkeley Emergent Space Tensegrities
Lab (BEST Lab) at the University of California, Berkeley has specialized in iterating on the
classic six-bar spherical tensegrity robot toward practical use cases. Figure 2.3 shows a few
different scales of BEST Lab’s six-bar spherical tensegrity robots. BEST Lab researchers
have even demonstrated robust and efficient locomotion via cable actuation in the elastic
members of the six-bar spherical tensegrity topology [12, 13]. Drawing upon the knowledge
gained from these projects, BEST Lab researchers founded Squishy Robotics, Inc. to begin
the commercial development of tensegrity-inspired robotic sensing solutions for applications
such as disaster response.

The structure of a tensegrity lends itself naturally to the dispersal of forces through its
connected members. Researchers have exploited this property toward the design of tensegrity
devices that have the ability to detect forces as they are distributed through the structure
in response to external stimulus. In fact, [62] demonstrates a simulated tensegrity force
sensor that is capable of accurately measuring forces and torques imparted to the external
structure through instrumentation of the elastic members. Recently, researchers at Yale
presented a six-bar spherical tensegrity with robotic skin and external force sensors at the
nodes, or connecting vertices, of the tensegrity structure that allows complete state estima-

I'Website: tensodrone.io
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tion [10]. Beyond the use of force sensing as an augmentation to structural diagnostics or
state estimation, we see the inherent sensitivity of tensegrity structures to physical stimu-
lus as a pathway to rich interactions through contact with a human operator. This can be
useful in cases where robotic systems are attached to human operators as in the case of a
tensegrity-inspired exosuit [41]. Since tensegrity concepts are often used to model biolog-
ical structures, it also makes intuitive sense to design tensegrity mechanisms that seek to
mimick the physical compliance of human biomechanisms, such as shoulders [43]. Another
demonstration of the potential for leveraging physical interaction in tensegrities was shown
in an evaluation of an actuated shape-changing tensegrity device [67]. The aforementioned
system was developed to adapt its control policy in the presence of external constraints en-
forced by physical interactions during self-initiated changes in tensegrity shape. While these
examples are compelling and positive indications of the suitability of using tensegrities for
pHRI, we see a need for studies that focus more directly on the problem of creating a pHRI
framework that is capable of facilitating the exchange of information through force sensing
in a tensegrity. To our knowledge, no study has yet investigated the use of force sensing in
tensegrity robots as a sensing modality for enabling physical human-robot interaction.

2.3 A New Language and Embodiment of pHRI

With soft robots and, more specifically, compliant robotic platforms like tensegrity robots be-
coming commonplace in human-centered applications both in research and in industry, there
is an associated need for the investigation of methodologies that promote intuitive physical
human-robot interaction with these devices. As mentioned previously in our coverage of the
contemporary pHRI research landscape, pHRI studies have been disproportionately directed
at applications featuring one of the few standard robotic architectures. Being humans our-
selves, roboticists and engineers have a natural tendency to ascribe anthropic qualities to
our creations, and research in pHRI is conditioned by these projections as a result [19]. The
appearance of decidedly non-anthropomorphic and unfamiliar robotic systems like tensegrity
robots that exhibit unprecedented robustness to physical contact upend our previous notions
of how physical interactions might take place between a human operator and a robotic agent.
We can start to see evidence of a reevaluation of accepted norms in HRI topics as new in-
vestigations into human perception of unique systems like soft robots begin to arise [33].
In particular, untethered and amorphous spherical tensegrity robots occupy a new space of
compliant mobile robots, which offer radically new possibilities for rich physical interactions.

Previously, unmmanned aerial vehicles (UAVs) and autonomous ground delivery vehicles
spanned the entire space of potential mobile robotic devices. In such systems, physical
human-robot interaction is the enemy, and contact with humans is avoided at all cost in order
to protect both the humans and the devices themselves. The rigid construction of modern
robotic architectures is prone to being damaged when caught in collision, and the high
inertia of these systems poses a threat to the safety of humans who exist in close proximity:.
As a result, we must use sophisticated planning methodologies to guarantee safety during
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the execution of trajectories so that we can avoid obstacles [28]. Otherwise, researchers
have resorted to creating custom enclosures to protect the sensitive components of these
systems from damage [45]. Consider instead a device with similar locomotion capabilities
(e.g., ground or air mobility) that actively welcomes and adapts to physical contact without
risking harm to humans. A human operator or bystander might grab the device, deform it,
impact it, or even toss it if they so choose. Unlike a standard UAV or other conventional
mobile robot, a six-bar spherical tensegrity robot, like the products being developed by
Squishy Robotics, Inc., has the ability to withstand all of these physical interactions without
sustaining critical damage. Recent work through collaboration with the HiPeR Lab? at
Berkeley has even shown that the properties of six-bar spherical tensegrity structures can
support tensegrity quadrotor robots that are contact tolerant, creating UAVs that offer
greater flexibility to collisions in flight [71]. But why stop at only tolerating this contact in
operation? If possible, we should also seek to exploit the capacity for physical interaction
toward more expressive and intuitive cooperation between robot and human.

Because our current methodologies surrounding pHRI are ill-suited to exploring this novel
space of physical interactions, we highlight the need for developing investigative technology
and accompanying strategies that will help us characterize the advantages of pHRI with
such compliant robotic systems. Thus, our goal is to design a tensegrity device that will
serve as a useful platform for investigating this new embodiment of pHRI. Our hope is that
resulting studies with this device will lend insight into the development of methodologies
that can leverage the unique mechanical properties of similar devices in real human-centered
applications. As a backdrop for this first-of-its-kind study into pHRI with compliant robots,
we present the application of tensegrity robots in disaster response as an illustrative set of
scenarios that can benefit greatly from leveraging the physical modality of interaction.

2.4 Applications in Disaster Response

One of the most exciting and impactful fields in robotics that has been gaining traction in
recent decades is the development of robots for disaster response applications. A tremendous
amount of funding from government agencies like NSF and DARPA has been poured into
research projects aimed at the development of robotic systems that are intended to support
first responders. These robotic devices can provide teams of first responders with improved
task efficiency and situational awareness, all while limiting the risk to human safety in
potentially dangerous disaster scenarios. This is typically accomplished through the design
of specialized platforms that feature robust locomotion to navigate harsh and hazardous
terrain and sophisticated sensing to enable real-time data acquisition [34, 58|. Teams of
robotic agents can explore and map the space of a disaster scene while powerful software
architectures fuse sensor information into mission-critical diagnostics and prognostics [5,
23, 70]. Even with the introduction of this game-changing technology, it is still absolutely
necessary for humans to remain in the loop throughout the deployment and operation of

2Website: https://hiperlab.berkeley.edu/
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these robotic devices. Due to the dynamic and unpredictable nature of these missions,
human-level decision making and dexterity will continue to assume dominant roles in the
execution of nearly all disaster response tasks. Furthermore, experts point to issues of ease of
use, robustness, and data accessibility as primary barriers to adoption for the latest robotic
disaster response technology [18].

In an effort to address some of these issues, the team at Squishy Robotics, Inc. is devel-
oping rapidly deployable sensor robots inspired by tensegrity design principles. Droppable
from a height of 1000m and featuring a range of configurable sensor payloads, their station-
ary six-bar spherical tensegrity robot can provide first responders with essential and perhaps
even life-saving intel in disaster response scenarios with unparalleled reliability. Currently,
technology is being developed to equip these robots with robust locomotion both on land,
using novel cable-driven mechanisms, and in the air as a quadrotored drone. This system
is an excellent demonstration of how tensegrity concepts in robotics can provide impactful
solutions to real-life problems such as those encountered in disaster response. Even so, the
introduction of this relatively unfamiliar platform and the hope for its eventual adoption
in industry begs the question of how we can address issues of HRI and ease-of-use for first
responders.

Imagine a hypothetical disaster response scenario at a building collapse in a chemical
manufacturing plant. Besides the obstructions from debris and the heat of the spreading fire,
there are many additional distractions and mitigating factors that complicate the successful
completion of any task at hand. General visibility is low due to the presence of airborne
particulate from fires. Unexpectedly rough terrain prevents conventional ground mobility.
The presence of chemical hazards necessitates the use of bulky HazMat suits that have
the disadvantage of limiting the vision, manual dexterity, and verbal communication of the
first responders wearing them. First responders are expected to overcome these obstacles
and distractions under extreme pressure and time constraints in order to complete their
tasks. On top of all of this, first responder must devote considerable cognititive load toward
handling robotic devices. Moreoever, first responder are typically not roboticists or experts
on the operation of these robotic systems and are not equipped to diagnose the ambiguous
and often esoteric technical issues that might arise.

Figure 2.4 illustrates the example disaster response scenario as well as a team of first
responders utilizing a set of tensegrity robot agents to gather situational data. Suppose that
in this hypothetical scenario the first responders are equipped with hybrid-mobility tenseg-
rity robots that feature multiple interaction modalities including force-sensing and wireless
communication. First responders might arrive on scene, don their HazMat equipment, and
begin unpacking their tensegrity devices, which have been collapsed into untensioned forms
to allow for efficient storage. The tensegrity detects that it is being unpacked by way of its
force-sensing and tensions itself into a deployable state in response. Depending on the needs
of the situation, the first responder may decide to employ one form of mobility or another—
either ground mobility or air mobility. Instead of grappling with a clunky graphical user
interface, the first responder can physically manipulate the structure of the tensegrity in a
prescribed fashion to cycle through the operational modes. Upon detecting a certain type
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Figure 2.4: Illustration of a representative application of physical human-robot interaction
with force-sensing tensegrity robotic devices being employed in a disaster response scenario.
In this example, tensegrity robots are being deployed and operated using multiple interaction
modalities depending on the needs of the scenario.

of physical interaction, the device spins its rotors to indicate to the human operator that it
is primed for flight, and the first responder tosses the tensegrity robot into the air to allow
it to begin it’s autonomous tasks.

The scenario described is just one example of how physical interaction might simplify
the operation of robotic systems and facilitate the execution of human-robot paired tasks in
disaster response. There are many other potential applications for the proposed technology
that can leverage the intuitiveness of physical contact as a way to communicate and cooperate
toward an objective. In this dissertation, we will make the argument that the force-sensing
six-bar spherical tensegrity represents a valuable resource for investigating this new modality
of physical interaction with compliant robotic systems.
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Chapter 3

Tensegrity Modeling and Analysis

3.1 Introduction

Tensegrity structures come in a variety of shapes and sizes depending on the requirements of
the application. The subject of the research presented in this dissertation will be a specific
class and topology of tensegrity structures called a class-1 six-bar spherical tensegrity. Class-
1 describes a category of tensegrity structures in which all rigid members of the structure
are isolated—mnot directly connected to each other. The six-bar spherical tensegrity is a
specific topology of tensegrity structure that approximates the shape of an icosahedron. This
particular topology of tensegrity is a popular choice for analysis of unanchored tensegrities
because its symmetry in structure is conducive to energy absorption from arbitrarily directed
external forces and it’s spherical shape makes it suited to rolling locomotion.

In order to support our discussion of force sensing in the context of this tensegrity struc-
ture, an important first step is to present our chosen modeling approach. The theoretical
modeling of the tensegrity structure in both the static and dynamic case will provide in-
sights into how we can design suitable force sensing instrumentation to enable our studies
on physical interaction. It will also give us a chance to review the unique characteristics of
tensegrity structures that contribute to its favorable mechanical properties.

Before reviewing the specifics of historic and recent work in the modeling of tensegrity
structures, it will be useful to present some common tensegrity terminology to aid in our
discussion. As covered previously, a tensegrity structure is a branching network of two kinds
of interconnected structural members: rigid elements (colloquially referred to here as bars or
rods) and cable elements (cables). The connections between these elements are referred to
as the nodes of the structure. In general, class-k tensegrities are tensegrity structures that
consist of nodes that are connected to at most k£ rigid elements. Hence, in the case of class-1
tensegrities (like the one being considered in this study), each node is only connected to one
rigid element. The remaining details for describing a tensegrity representation will be left
to the following sections of this chapter.
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3.2 Prior Work

In this section, we will discuss relevant prior work on the modeling of tensegrity structures
and devices. Since the first instances of tensegrity design principles appearing in real-life
applications, there have been many advancements toward the complete and accurate model-
ing of their behavior in both static and dynamic cases. Despite efforts to standardize these
approaches, researchers have yet to arrive at a unified representation for tensegrity systems
due to discrepancies in areas of complexity and numerical performance.

Some of the earliest tensegrity modeling methodologies for static structures were origi-
nally presented in work by Sultan et. al. [61], which covers general prestressability conditions
of stable tensegrity structures. At the same time, Skelton et. al. [60] presented an analyt-
ical modeling of the nonlinear dynamics of tensegrities. Later, this work was formalized
by Skelton and de Oliveira in Tensegrity Systems [59], which attempts to create a set of
tools for the design and analysis of tensegrity structures as well as the control of actuated
tensegrity devices. Importantly, the authors introduce the connectivity matriz as a funda-
mental concept for representing tensegrity configurations in terms of the connections between
members. It is argued and demonstrated that by using sparse numerical representations of
tensegrity configurations, it is possible to make strong conclusions about the static and dy-
namic characteristics of the structure without dealing with complex trigonometric terms that
arise in a more classical modeling approach. Our work in the static analysis of forces in the
six-bar spherical tensegrity will draw heavily from the aforementioned configuration-based
representation of tensegrities demonstrated in [59].

While [59] presents an elegant minimal representation of tensegrity dynamics by lever-
aging a configuration-based representation, researchers have recently suggested alternative
formulations that rely on traditional methods in Euclidean space [12, 29]. Although these
methods introduce numerical sensitivity in simulation, they facilitate the more natural ap-
plication of classical control theory techniques to actuated tensegrity robots. To address
numerical stability issues, [12] uses a simplified point mass dynamics formulation to reduce
the occurrence of singularities and the rigidity of inherently stiff contact constraints. The re-
sult is a powerful tensegrity dynamics simulator that can reliably model tensegrity structures
and their interactions with simulated environments. We will employ this dynamics simu-
lator in the analysis of forces in the six-bar spherical tensegrity as it responds to external
perturbations in a few nominal cases.

3.3 Contributions of this Chapter

The purpose of this chapter is to utilize contemporary tensegrity modeling techniques in the
modeling of the six-bar spherical tensegrity device that is featured in our work on pHRI
with compliant robotic systems. This representation will be used to analyze the six-bar
spherical tensegrity’s suitability for force-sensor instrumentation and for detecting physical
interactions. Specifically, we will use a static analysis of the forces in the tensegrity structure
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through the force density method (FDM) to illustrate that we can reliably distinguish be-
tween various physical interactions that impart forces on the external structure of the device.
Secondly, we will use a well-established dynamics model and simulator to forecast expected
force measurements on the different components of the structure in order to support the
design of force-sensor integration, which will be covered in the subsequent chapter.

3.4 Representation of the Six-Bar Spherical
Tensegrity Topology

This section will focus on creating a tangible representation of our six-bar spherical tenseg-
rity to aid in our analysis of this topology’s mechanical properties. To do this, we will adopt
a classical approach to representing tensegrity configurations that centers around the con-
nectivity of a given tensegrity structure. By connectivity, we are referring to the specific
way that the individual members of the structure are connected to one another resulting in
a network of rigid elements and cable elements.

First, we will describe the number and arrangement of the six-bar spherical tensegrity’s
rigid and cable elements that contribute to its resulting form. Throughout this discussion,
it will be helpful to refer to Figure 3.1 as an illustration of this topology’s composition. As
the name suggests, there are a total of six bars or rods (n, = 6 where r stands for rod) in
the structure of the six-bar spherical tensegrity. Ideally, the rods are arranged so that they
belong to pairs with each pair lying in one of the three orthogonal planes of a standard three-
dimensional Euclidean space. Furthermore, each pair of rods is orthogonal to the other pairs
within its respective plane. The ends of each rod in a pair are aligned, and the resulting node
positions form the twelve vertices that outline an icosahedron shape. Before discussing the
cable connections, it should also be noted that there exists a single node located at the center
of the structure that is not connected to any of the rods of the structure. This thirteenth
node will represent what we will introduce later on as the payload of the tensegrity device.

The exact positions of the nodes in three-dimensional space in an ideal case (i.e. when
there are no external loads and members are massless) can be determined from the vertices
of a properly scaled regular icosahedron. We start with the nominal length of a rod, I,., which
is then used to determine the desired edge length, [., of the icosahedron using the following
equation:

% 4/3

2
2
We can then use [, to compute the coordinates of the vertices of a regular icosahedron.

Interestingly, the positions of the vertices of a regular icosahedron are directly related to the
golden ratio, ¢:

I, = (3.1)

1+45
2

¢ (3.2)
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A/

Figure 3.1: Diagrams of our six-bar spherical tensegrity topology showing rod arrangement
and cable network. The left image shows the orthogonality of the rod arrangement, and the
right image shows cable connections including the central payload node.

The exact positions of the vertices, and thus the nodes of the structure, are then found
via the full set of permutations of the following coordinates:

le le
( lo, i2*l¢, +k ),
( i%}), +3, 10 ), (3.3)
( *%, 0, £55 ),

There are a total of thirty-six cable elements (n. = 36 where ¢ stands for cable) that
connect between the thirteen nodes (n = 13) of the tensegrity structure, resulting in forty-two
total structural members (m = 42). As shown by the red lines in Figure 3.1, the twenty-four
outer cables (those that exclusively connect between the twelve end points of the rods and
not the central payload node) coincide with the edges of an icosahedron shape, creating a
series of triangular faces on the external surface of the structure. However, we do not add
cables on the six edges that would connect rods that are lying in the same plane. The twelve
remaining cables connect the central payload node to the twelve rod nodes and are shown
as blue lines in Figure 3.1.

Having discussed the rod, cable, and node arrangements, we can introduce the connec-
tivity matriz for this six-bar spherical tensegrity. A connectivity matrix is a sparse matrix
of ones and minus ones that encodes rod and cable connections to simplify computations in
the analysis of tensegrity structures, such as the determination of static equilibrium [59] or
of stable node positions given a rod and cable arrangement, which is referred to as tensegrity
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form-finding [64, 65]. Each row of the connectivity matrix corresponds to either a rod or
cable member within the tensegrity structure, and each column entry of a row represents
a potential node connection. It can be helpful to think of this representation as a graph
structure where rows are edges and columns are nodes. Explicitly, we define the connectiv-
ity matrix, C € R +7)*" where structural member i connects nodes j and k for j < k, as
the following:

1 if a=ib=
C(a,b) = -1 if a=jb=1 (3.4)
0 else

Notice that as a result of the way C is constructed, all rows must sum to zero. Using 3.4
and the desired topology, we can construct C to represents the connectivity of the six-bar
spherical tensegrity. For the sake of readability, we will section C into blocks C. € R™*™
and C, € R™*" representing the cable connectivity and cable rod respectively.

C- [ C } (3.5)

The full connectivity matrix for our chosen six-bar spherical tensegrity is as follows:
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(3.6)

c R42X13

-1

10

We will refer back to the connectivity matrix often in our analysis of the six-bar spherical
tensegrity structure. As an example of its utility, we can use C and the coordinates from
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3.3 to calculate the some useful quantities. If the coordinates of the nodes are stacked in a
matrix, N € R3**"  computing a matrix of vectors, V € R3*" that represent the members
of the structure becomes a simple matrix multiplication:

V =CN (3.7)

In the next sections, we will use this representation to analyze the suitability of the
structure for force-sensing and to help us make design decisions regarding the development

of a force-sensing tensegrity prototype using the six-bar spherical tensegrity topology as a
scaffold.

3.5 Static Analysis of Forces in Tensegrity Structures

Now that we have established the basic representation and characteristics of the class-1
six-bar spherical tensegrity, we can begin to discuss several theoretical results that will be
relevant to our design process for the first iterations of the force-sensing tensegrity proto-
type. We will show that our chosen six-bar spherical topology of tensegrity will have the
necessary properties to allow minimal sensor integration to achieve sufficient bandwidth in
force-sensing.

The static analysis of forces in a tensegrity structure is a topic of obvious relevance to the
determination of stable structures for the various applications in which tensegrity concepts
can be found. As such, researchers have developed a popular methodology for conducting
this analysis in a systematic way. The force density method (FDM) is an approach that is
commonly used to determine member force conditions for assuring static equilibrium in a
tensegrity network given desired node positions and external forces [56, 65]. FDM has also
been used in the structuring of form-finding algorithms as well as control methods that rely
on optimization-based frameworks [22, 54]. We will present the method here in an abreviated
form for our purposes.

There are several important assumptions that are made about the mechanical properties
of the structure in an FDM analysis. We will list them here for clarity:

e All nodes of the structure are ball joints and impart no moments on the members.
e External forces applied to the structure only occur at the nodes.

e All members are thin, massless, and do not experience deformation.

We represent each node, j, in three-dimensional Cartesian coordinate system, {x;,y;, z; },
and coordinates for all nodes are accumulated into vectors for each dimension, x,y,z € R".
The external forces imparted on each node, j, of the structure, {p, ;, py, D}, are defined
in a similar fashion: p,, py,p. € R". The force vectors for each axis are concatenated into
a full external force vector, p:
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Pz
p=|p, | ER™" (3.8)
P-

The force density, g;, in a structural member, 7, of a tensegrity network is defined as a
function of the force along the member, F;, and its length, [;. The force densities for all
structural members are concatenated into a force density vector.

q=| : | €R™ (3.10)
am

We can then write out the force balance equations in terms of the previously defined
terms and the connectivity matrix for the tensegrity structure, C.

C'diag(q)Cx = p,
C'diag(q)Cy = p, (3.11)
C'diag(q)Cz = p.

Equation 3.11 can be rearranged into a linear system of equations that takes the following
matrix form:

Aq =p, (3.12)
where
C'diag(Cx)
A = | CTdiag(Cy) | € R**™ (3.13)
C'diag(Cz)

Using a connectivity matrix, a set of node coordinates, and external forces acting on
those nodes, we can utilize this matrix, A, in equation 3.12 to solve for a set of valid force
densities in the members of the structure. Note, however, that there is no guarantee of a
solution to this system of linear equations for a given tensegrity form and accompanying
external forces. Even so, this formulation provides a convenient linear relation between
external physical stimulus and the internal forces experienced by the structural members.
We can use this relation to better understand the potential of this structure for force sensing
instrumentation.

As noted in [64, 72], the force-density method for tensegrity structures will always result
in a rank deficient and noninvertible force-density matrix, C"'C. Additionally, 3.13 will



CHAPTER 3. TENSEGRITY MODELING AND ANALYSIS 22

also often be either rank deficient or non-square. Commonly, approaches utilizing FDM will
employ the Moore-Penrose pseudoinverse for noninvertible matrices to solve the linear system
of equations. The resulting pseudoinverse may be rank deficient as well. A consequence of
this rank deficiency in the context of FDM is that the mapping between external forces and
internal force densities is not unique.

Consider the function, f4+ : R3 — R™, mapping from the set of all external force
vectors, p € R?", to the set of force density vectors, q € R™.

fa+(p) : ATp (3.14)

We will assume that valid node positions and connectivity matrix are given to construct
A such that 3.12 is solveable for some non-empty set of force density vectors. Because A™
is potentially rank deficient, it is not necessarily true that for two distinct external force
vectors, p; and py where py # p2, fa+(P1) # fa+(p2). This has important implications for
force-sensing instrumentation of a tensegrity structure, so we will pause briefly to discuss
them.

In designing a force-sensing tensegrity, our goal is to enable a tensegrity structure with
the ability to not only detect when physical interactions occur with the structure but also
map these interactions distinctly to, e.g., inferred intents. If we assume that all physical
interactions with a tensegrity will result in some external force being applied to the nodes
of the structure, then we would hope that these interactions could be distinguished by some
instrumentation of the components of the tensegrity. From our discussion above, it is clear,
at least in the static case, that the inherent properties of the tensegrity structure will not
necessarily yield a full set of distinct force densities from distinct external forces. The
question then becomes whether there exists a subset of force densities that are guaranteed
to be distinct when two unique sets of external forces are applied to the structure.

Here, we present a methodology for determining a subset of force density quantities
that will allow for visibility of physical interactions with the structure of the tensegrity
by decomposing the original FDM relation into distinct subsystems using the block matrix
pseudoinverse [8]. The resulting force density quantities will reveal suitable candidates,
in terms of structural members, for force-sensor instrumentation. Consider a column-wise
partitioning of the original A matrix:

A=[A, A ] A, eR™ MR A, e RI™F (3.15)
The FDM balance equation will then become the following:
da
A, A =p, 3.16
(A A& ] p .10

where q, € R™ %) and q, € R*. For this, we can initially choose some arbitrary number of
force densities, k, to partition our system.

Next, we compute the orthogonal projection matrices for each block of our column-wise
partioned A matrix.
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Pir =1, — A (AJA,)TA]

(3.17)
Pi =L, — Ay(A]A) A/

It should be noted that the above equations are not necessarily valid for rank deficient
A. In order for this method to be valid, we must ensure that the column-wise partitioned
matrices, A, and A,, satisfy the following condition per [8]:

R(A) NR(As) = {0} (3.18)

This is a slightly less restrictive assumption than A being full column rank. With the
orthogonal projection matrices, le and sz, we can reformulate the original FDM condition
as two separate equations that describe the contributions of two subsets of the force density
vector:

q(l = (Pﬂ&bA.a)er

(3.19)
a = (Pa,Ay)p

We can then perform rank tests on each matrix quantity, (Px, Aq)" and (Px A;)".
In most cases, we will find that these mappings will be short, wide matrices due to the
scaling of external forces with the number of force densitities ((Px, Ap)* € R¥*3" where
k < 3n). As such, the most we can hope to demonstrate in this case is a fully acccessible
codomain of force density values, i.e. surjectivity. This limitation, however, is a direct
consequence of the fact that we are attempting to map all external forces applied to all
nodes to a small subset of force density values. In reality, this is an ambitious prospect for
any sensing implementation and would require instrumentation on the same order as the
number of desired measurements. Therefore, we reduce the problem again by considering
only a subset, k, of the external forces, py, by partioning one of the systems in 3.19 once
more to create the following:

Ay = ZyPy, (3.20)

where

Zy = (Px A;)"S (3.21)

and S € R¥3" is a selection matrix with rows of ones corresponding to the columns
of interest in the matrix (Px Ay)*. If Z, € R¥* matrix is full rank, then the associated
mapping from q, to py is bijective. If we assume that (1) we have instrumented structural
members associated with q, with force-sensing and (2) solutions exist to 3.12, q;; and gy,
for two distinct subsets of external forces, py1 and pj 2 respectively, then the measured forces
will also be distinct.
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rk(Zy) = k. Po1 # Po2 = Qb1 7 b2 (3.22)

By computing this decomposition, repeatedly selecting components of (Pﬂ;‘aAb)Jr, and
performing the aforementioned rank check, one can arrive at a suitable subset of force
density quantities that will provide reliably distinct force sensor measurements under the
assumptions and conditions given. One disadvantage of this methodology is evidenced by
the fact that it does not provide any guarantees about the existence of solutions to 3.12
or its partitioned counterpart. Indeed, we can expect that for many cases in which 3.22 is
satisfied, the mapping is not surjective. Furthermore, the results outlined here are only ap-
plicable in a purely static case for tensegrity structures in equilibrium. We see this approach
being particularly useful for the design of force-sensing implementations for large, complex
tensegrity structures where there is a need for efficient sensor placement.

This result applies nicely to our unique scenario involving the six-bar spherical tensegrity.
We consider the original six-bar spherical tensegrity topology without the added central
payload. Instrumenting a total of 30 structural elements (24 cables and 6 bars) would require
a prohibitive amount of sensor integration. Instead, we apply the technique outlined above to
investigate if it would be possible to extract distinct sensor measurements by instrumenting
only the 6 bars. There are other design-related considerations involved in this choice, which
we will discuss in a later chapter. We calculate the A matrix as in 3.13 and partition it
according to 3.16 with A, corresponding to the bar members (k = 6). Note that since A
is constructed via C, the rows of which can be specifically ordered based on member type,
A can be column-wise partioned to segregate cables from bars. It can be shown that this
partioning will satisfy condition 3.18. We then select the external forces applied to two
arbitrary nodes (for a total of six quantities) and apply a corresponding selection matrix
S. The resulting square matrix Z; € R¥*¥ is full rank, which means that the mapping is
bijective.

From this analysis, we can be confident that instrumenting the six bars of the structure
with force sensors will produce measurements that will be reliably distinct for different
physical interactions that occur with the structure of the device. This is an important
prerequisite to our later discussion about classification feasibility based on the amount of
information contained in features derived from force sensor data, which will be used in the
development of our supervised learning framework. For now, we will move on to modeling
the dynamics of the proposed system to examine the simulated response of the structure
to physical interactions in a few representative scenarios. Specifically, we can focus our
attention on our anticipated measurements, which will be the compressive loads on the bars
of the structure.
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3.6 Dynamic Analysis of Forces Using Simplified
Point Mass Dynamics

Now that we have established a theoretical basis for pursuing a specific configuration of
force-sensing integration in our spherical six-bar tensegrity by using a static approach, we
can begin to examine the characteristics of the proposed force measurements using the ex-
plicit dynamics of the system. Simulating the dynamics of the system with an approximate
physical model will provide us with key data points for the design of force-sensor instru-
mentation. It will also be useful to make qualitative comparisons between data simulated
in different physical interactions to further justify our selection of structural members for
sensor integration.

Despite the simplicity of their constituent members, tensegrity structures are challenging
to model accurately due to the connectivity of the structure and the interaction of members
within the structure. This results in highly complex coupled nonlinear dynamics that can be
quite sensitive to numerical instability in simulation. There have been a variety of approaches
to simulating tensegrity dynamics robustly. It’s common for many of these approaches
to adopt a Lagrangian methodology while simultaneously making a number of simplifying
assumptions. In this work, we take advantage of previous research from the BEST Lab
on tensegrity dynamics simulation that uses a simplified point mass dynamics formulation,
which performs well in terms of numerical stability and computational efficiency [12]. We
will briefly introduce the formulation here to aid in our discussion of the physical interaction
scenarios used to generate simulated measurement data.

As the name suggests, the primary assumption used in the derivation of this dynamics
formulation is the use of point masses instead of distributed mass in the members of the
structure. This will end up being an appropriate assumption—especially in our case—due
to the way the prototype system will be constructed. Additional assumptions used in this
formulation are common to many similar tensegrity dynamics simulation approaches. All
nodes of the structure are ball joints and impart no moments on the structure. External
forces are only applied at the nodes of the structure, and physical contact between members
is neglected. Cables have an inherent elasticity, and the forces arising from cable deformation
are computed based on a Hookean model with added damping. Constraints on relative node
position due to rigid bars are enforced using the principle of virtual work. General forces
acting on the structure (including ground contact, friction, etc.) are applied using soft
approximations that are numerically stable. For more information on the details of this
formulation, please refer to [12].

The states of the system are defined based on the nodes of the structure and consist of
the z, y, z positions and velocities in vectors p,p € R3".
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The equations of motion governing the dynamics are derived using a first principles
approach where the sum of legal forces (i.e. forces that do not violate constraints) from each
contributing source (e.g. ground contacts, system constraints, cable forces) are collected into
terms for each axis. The resulting dynamics can then be written as follows:

l.j = W. Flegal

p = W-(=JTIWID1Jp - k,G — k,G) +
(~aT@wWaT) Y e o0

(I3, — IT(AWIT)IW)(X 7, + Fext))

where W is a matrix that represents the inverse of the point masses, J, G are implicit
constraint terms, «y; are forces arising from cables, and F represents external forces. Note
that the terms kg and kg are gains that control the stiffness and damping of the implicit
constraints and are used to tune the constraining forces on the system.

For the purposes of examining a simulated response to physical interaction with a system
that has been instrumented with force-sensing, we must be able to extract sensor measure-
ments. In the previous section, we described a particular configuration of sensors that would
be advantageous to our goal of detecting physical interactions efficiently by instrumenting
the six bars of the system. We can simulate what these measurements would look like by
computing the internal forces in the bars of the structure.

We start with the earlier assumptions that the structure experiences no moments due to
the connectivity of its members and that forces are only applied through the nodes. This
reduces the problem down to identifying the axial loading on the bars, which, if we assume
that the tensegrity is well-tensioned, will be almost exclusively compressive. Figure 3.2
shows a single bar in Cartesian space held in compression by two opposing force vectors that
represent the total force applied at the nodes, Fiotal s Fiotals € R3.

We project these force vectors along the bar’s positional vector from both node directions.
An important note is that the bar could be accelerating in any given direction due to the
fact that the forces acting on the nodes are not equal. As a result, we consider the projected
force from each node, F,, and Fy,, as distinct measurements.

Fab - anb

_ Ftotal,b'vba
Foo = i Voo

(3.25)
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Figure 3.2: Diagram of total forces acting on a single bar held in compression. We project
the total forces acting on each node along the bar in order to determine the compressive
force experienced in either direction.

where v, = —vp, is a vector representing the position and orientation of the bar in space.

With this understanding of the expected force measurements, we will now present a few
representative simulation scenarios of physical interactions with the system. We will then be
able to analyze the measured signals in response to these perturbations in order to help us
make decisions about our plans for sensor integration in the subsequent chapter. Specifically,
we hope to get a sense of the expected range of forces to be measured, frequency of potential
oscillations, and disparities between measured forces in given scenarios.

We define the six-bar spherical tensegrity as the subject model of our dynamics simulation
largely as described earlier in this chapter with the exception of removing the central payload.
Some additional configuration-specific parameters for the simulation include the effective
stiffness of cable elements, cable pretension, and cable damping, which are presented in
Table 3.1 below.

Effective cable stiffness | Cable pretension | Cable damping
260N/m 9.75N 5Ns/m

Table 3.1: Cable parameters used in dynamics simulation.

The first simulation scenario that we consider is a drop and impact with the ground
from a height of approximately one meter, which simulates a human operator dropping or
deploying the device. We will be dropping the tensegrity in an orientation that places one of
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Figure 3.3: Four captured frames from the dynamics simulation scenario of dropping the
tensegrity from a height of one meter, highlighting its impact with the ground. The simula-
tion time proceeds from left to right.

the faces of its icosahedron shape aligned parallel with the ground plane, resulting in three
nodes from three distinct bars impacting simultaneously. The timescale of the simulation is
one millisecond. Figure 3.3 shows several captured frames from the simulation illustrating
the progression of the state of the structure through its impact with the ground. We record
the measured forces experienced by the bars from the direction of each node. The results
are plotted in Figure 3.4.

We can see from Figure 3.4 that we are able to capture many features of the impact
through the force readings on the nodes of the bar elements. To highlight a few details in
the plot, the forces are initially constant due to the pretension of the structure and then
immediately spike as a result of the impact. The forces then continue to oscillate as the
force of the impact propagates through the structure, and the tensegrity bounces several
times before settling. These data points demonstrate that force sensing through the rods of
the structure will be useful in reconstructing physical interactions that involve impacts. We
will now examine a different kind of physical interaction in simulation.

Because the structure of a tensegrity is often comprised of elastic elements (i.e. in the
cable elements), they have an inherent degree of compliance. As a result, one can squeeze or
pull on the structure, and it will deform in response. We can classify this category of contact
between human and robot as another physical interaction worth investigating. We simulate
a squeeze interaction by instantiating the model with it lying stationary on the ground and
then applying a prescribed force to a set of nodes at the top of the structure. This will result
in compression between the top nodes and the nodes that are in contact with the ground.
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Measured Internal Forces From Each Node: Drop Simulation
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Figure 3.4: Plot of internal forces in the bars of the tensegrity during simulated scenario in
which the tensegrity is being dropped from a one meter height.

To simulate the force applied by a human, we use a first-order system response to impart
a smooth squeezing force to the top nodes. Specifically, nodes 3, 7, and 11 form a closed
face on the top side of the structure, and we apply the following force in the z-direction to
each node over a period of 3 seconds.
P neene = { —M(1— exp@ @f 0s <t <1l.bs (3.26)
~M(1—exp 15 ) if 1.5s<t<3s

where M is the maximum force applied at the peak of the force trajectory and a controls the
rate at which the force increases and decreases according to a first-order response model.
Figure 3.5 shows the tensegrity first in a stationary position on the ground and then
being compressed to a flattened state due to the forces acting on the upper nodes. Figure
3.6 displays the internal forces throughout the simulated squeeze interaction. Again, we can
extract all of the relevant features from the measured forces, which resemble the input force
trajectory. What is particularly pronounced in this case is the difference between internal
forces across certain members, which we hypothesize to be a result of a combination of
initial orientation of the structure as well as the location of applied forces from the squeeze
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Figure 3.5: Two captured frames from the dynamics simulation scenario of squeezing the
tensegrity by applying equal force downward on nodes 3, 7, and 11. The simulation time
proceeds from left to right.

interaction.

From these simulated physical interaction scenarios, we can see that the chosen sensor
instrumentation should be effective at capturing the necessary features of a physical interac-
tion for the purpose of distinguishing between different types of events. In the next chapter,
we will outline the process for implementing this sensing capability in the design of two
force-sensing tensegrity prototypes.
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Measured Internal Forces From Each Node: Squeeze Simulation
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Figure 3.6: Plot of internal forces in the bars of the tensegrity during simulated scenario in
which the tensegrity is being squeezed vertically on nodes 3, 7, and 11.
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Chapter 4

Design of a Force-Sensing Tensegrity

4.1 Introduction

This chapter is dedicated to the design of two separate iterations of the force-sensing tenseg-
rity, which will be used to demonstrate the feasibility of the previously discussed novel modal-
ities of physical human-robot interaction with compliant robotic systems. The primary goal
of the design process is to develop a tensegrity platform that is capable of measuring internal
forces as they arise due to the manipulation of the device or reaction of the external structure
to contact. We demonstrated in the previous chapter that the specific tensegrity configu-
ration we are using has the right properties to enable minimal sensor placement while still
allowing for full visibility and distinction of external forces. We will rely on these properties
when making design choices with respect to the type, placement, and circuitry of sensing
solution. Furthermore, the accommodation of the additional sensing capability in the struc-
ture of the device will require the construction of specially designed enclosures that do not
compromise the integrity of the original structure. Finally, we will cover the implementation
of the necessary embedded electronics to allow for sample acquisition, data processing, and
wireless communication. Inherent to this design process will also be the consideration of
usability in the context of pHRI and the facilitation of future human subject experiments to
be discussed later in this work.

In our first prototype of the force-sensing tensegrity, we introduce a novel force sen-
sor integration that extends the effective range of force-sensing at the cost of introducing
an additional source of compliance to the structure. Preliminary experiments are used to
demonstrate that the configuration of sensors can be used to distinguish between physical
interactions in controlled conditions. The second iteration prototype improves on force sen-
sor integration, quality of force-sensor data, and operator usability through a modular sensor
packaging. We also improve on payload integration and embedded electronics to allow for
additional functionality in experimental scenarios.
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4.2 Prior Work

As discussed in the background and literature section of this dissertation, the incorporation of
various sensing modalities in tensegrity structures in robotic applications is an inevitability.
Many tensegrity robots rely on the unique features of the structure to enable novel actuation,
such as in the case of cable-driven spherical tensegrity robots [12, 55]. Researchers have even
proposed methods for determining appropriate sensor placement for the control of these
tensegrity devices [42]. In these cases, the goal is typically to measure the properties of the
structure that directly relate to controlled states for the purpose of more complete state
estimation (e.g. cable lengths), which continues to be an open problem in the design of
actuated tensegrity systems. There have been advances toward more robust state estimation
of tensegrity structures that make use of novel sensing mechanisms, such as smart skins [10].

In contrast, there have been some examples of tensegrity structures that are themselves,
in fact, sensors. These tensegrity sensors combine a multitude of smaller sensors that are
integrated into the structure of the device, which are then fused together [62]. Researchers
have suggested that tensegrity structures can serve dual purposes as structural members and
as embedded sensor arrays [20]. Other instances of sensor placement methodologies that are
similar to the theoretical framework proposed in the previous section of this dissertation can
create sensor configurations for applications in monitoring of structural identification and
damage detection in tensegrity structures [6].

4.3 Contributions of this Chapter

In the first part of this chapter, we discuss the necessary design considerations for instrument-
ing the six-bar spherical tensegrity structure with embedded force-sensing resistors (FSRs).
We then describe the components used in the construction and assembly of the tensegrity
structure. In the first prototype design, a novel force-sensor packaging is used to extend the
effective sensing range of the FSRs. We use controlled experiments to collect preliminary
measured force data to show the performance of the prototype. After discussing the advan-
tages and disadvantages of the first prototype, we commence design of the second iteration to
improve on force sensing and usability. We also describe the latest iteration of the embedded
system used to collect sensor data in experimental scenarios and transmit it wirelessly to
streamline human subject experiments.

4.4 First-Iteration Force-Sensing Tensegrity

There are many possible options to choose from when searching for modern force-sensing
solutions. Like in any design process, it is critical to first understand the necessary require-
ments for the sensor before making a selection. As we discovered in the previous chapter,
the chosen tensegrity structure is well-suited for instrumentation aimed at sensing forces.
Because of the connectivity of the structure resulting in the propagation of external forces
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Figure 4.1: Picture of the base model of stationary six-bar spherical tensegrity used as
the foundation for the force-sensing spherical tensegrity prototypes highlighting the main
components.

through the rigid members, we can immediately reduce the problem of detecting external
forces by a large degree to only instrumenting the bars of the structure. Furthermore, we
have tangible data points for fine-tuning the sensing range of our system from the simulated
physical interaction scenarios. Instead of requiring cumbersome multi-axis high-resolution
force sensors at all points of the structure, we can instead rely on simpler single-axis force
sensors in a limited number of locations. The problem now becomes one of desiging the
system so that it can accomodate the additional sensing components. Fortunately, we were
afforded the luxury of learning from the BEST lab and Squishy Robotics Inc.’s previous
work on desiging spherical six-bar tensegrity robots. As such, we start with a discussion of
the design aspects of a standard stationary (i.e. non-actuated) spherical six-bar spherical
tensegrity, which will be used as the foundation of our force-sensing tensegrity prototype.

Throughout the remainder of this chapter, we will rely on the representation used in
the previous chapter to describe the spherical six-bar tensegrity. The tensegrity structure
comprises a total of 6 bars, 36 cables, and 12 nodes. The connectivity matrix describing the
assembly of the structure is identical to 3.6. Figure 4.1 shows a fully assembled stationary
spherical six-bar tensegrity.
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The bars of the structure are made from carbon-fiber tubing (A in Figure 4.1), which
has excellent rigidity without compromising on weight. Cable elements are constructed from
nylon strings (C) in series with metal extension springs (B), creating elastic connections
between members that gives the structure a controllable amount of compliance. Proprietary
methods are used to design these cable assemblies with specific pretension to result in a
stable tensegrity structure once fully assembled. For the purposes of our design discussion,
we will treat them as standard springs with an effective spring stiffness. Finally, we have a
3D-printed central payload (D) that houses any necessary embedded electronics for sensing
and communication. The payload is printed from thermoplastic polyurethane (TPU) ma-
terial, which gives it the capacity to absorb moderate impacts without damage to internal
components. TPU is also used to 3D-print bumpers on all 12 nodes to reduce wear on the
connecting fixtures of the device.

When fully assembled, the tensegrity occupies a volume approximately equal to a sphere
with a diameter of one half meter and has a weight of approximately 1 kg. Clearly, the
base tensegrity scaffolding is extremeley lightweight, reasonably sized, and safely handleable
by humans without risk of damage to itself or the human operator. One challenge for our
design process will be to retain these properties once the system has been instrumented with
additional sensing components. We will attempt to leverage as much of the original structure
as possible. We can now begin to discuss strategies for designing integrated force-sensing
within the bars of the spherical six-bar tensegrity.

The most common choice for detecting forces in rigid structural members is the strain
gauge sensor. When integrated into a structural member with known material properties,
strain gauges can provide a low-profile, accurate, and configurable way to extract internal
forces in a variety of applications. They can be purchased individually to be added to
components with custom geometry or they can be acquired as packaged multi-axis sensors
that can be fastened into place as part of the structure itself. Unfortunately, neither case
constitutes an effective solution for particular design requirements. The bars we are seeking
to instrument are made from carbon fiber, which are difficult to quantify universally in
terms of mechanical material properties due to the composite nature of the material and its
resulting anisotropy. Since we are attempting to keep the overall weight of the system low,
this also precludes the use of packaged strain gauge products due to the added weight from
metal components and the typically oversized form factors.

Instead of strain gauges, we investigate the possibility of using force-sensing resistors
(FSRs) for our design. As the name suggests, FSRs are sensors that can detect changes
in force due to changes in resistance of a conductive polymer in response to deformation.
Commonly, these kinds of force sensors are used for touch interfaces as they are well-suited for
measuring compressive forces. In order to integrate this type of compressive sensor into our
system, we require a location in the structure to place these FSRs that will coincide with the
transmission of compressive loads from the nodes of the tensegrity to the bars. Fortunately,
this requirement aligns perfectly with our previously discussed design requirement, which
is to measure entirely compressive loads originating at each node of the tensegrity allowing
for the desired degree of sensitivity to physical interactions. Additionally, we will see that
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Figure 4.2: Models of the base tensegrity node to be instrumented with force sensing. The
left image shows a CAD model of the upper node assembly. Right shows an approximate
cross-section of the full assembly including bar, which illustrates how the upper assembly is
floating with respect to the bar.

our chosen FSRs will integrate seamlessly with the node assemblies of the original tensegrity
structure.

Figure 4.2 shows two renderings of the node assembly for the original tensegrity structure.
On the right is an illustration of how the upper node assembly fits into the lower bar assembly.
The arrangement of this part of the structure takes advantage of the unique properties of
tensegrity structures by relying on the compression of bar members by the tension from cable
members. The upper node assembly is floating in the longitudinal direction with respect to
the lower bar assembly and motion is restricted laterally by the plunging bolt in the center
being contained by the bar’s insert. The insert on the lower bar assembly is not threaded,
so the bolt can slide freely in the longitudinal direction within this cavity. Since the bars
are necessarily held in compression by the cables to create a stable tensegrity configuration,
the upper node assembly is held firmly in place against the lower bar assembly resulting
in a compressive load (as illustrated by the arrows in Figure 4.2). This has the benefits of
facilitating the initial assembly of the structure because of the lack of fasteners in addition
to making the system easy to repair. Incidentally, the interface between the upper node
assembly and the lower bar assembly constitutes an ideal location for placing a compressive
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FSR-404 Specs
Minimum force ~0.2N
Force sensitivity range | ~0.2 - 20N
Force repeatability +2%
Hysteresis +10%

Table 4.1: Performance specifications for Interlink Electronics FSR-404.

force sensor. The translational degree of freedom created by the plunging bolt of the upper
node assembly already has the desired effect of rectifying arbitrarily directed forces from the
node to linear compressive forces imparted to the bar. Were we to place an FSR between the
upper node assembly and the lower bar assembly, it would be possible to detect changes in
compressive force resulting from any physical interaction with the external structure. This
could include interactions with the nodes, cables, or bars depending on the type of physical
interaction taking place.

The next step in the design process is finding an FSR model that is right for the ap-
plication. As mentioned previously, most FSRs are manufactured in thin form factors that
are intended for use as compressive contact interfaces. Ideally, we would want to create a
bespoke fixture that enables direct surface-to-surface contact forces, which we would expect
to measure. The presence of the bolt in the center of the upper node assembly, however,
complicates the placement of an FSR due to the fact that there is no uninterrupted flat
surface. After some searching, we were fortunate enough to find a solution that would work
perfectly with the geometry of our current design. Interlink Electronics offers a convenient
FSR form factor that features a through-hole in the center. Relevant specifications from the
FSR-400 series products are shown in Table 4.1.

Immediately, we discovered a challenge to overcome with the chosen FSR’s specifications
in regard to the intended application. Based on the force measurements from our simulated
physical interaction scenarios, the upper limit of the FSR-404’s force sensitivity range will
be too low for certain interaction conditions such as impacts from drops. Indeed, many of
the similar FSR models operate in the same force sensitivity range. To address this potential
issue, we devised a novel sensor packaging that extends the effective force sensitivity range
without dramatically altering the existing geometry.

Inspired by the concept of a voltage divider, we introduce a parallel arrangement of
compression springs into the sensor packaging that acts as a “force divider”. Figure 4.3
shows a diagram of the proposed “force divider” configuration. By placing two springs in
parallel between common surfaces, the total compressive force is distributed between the two
springs, effectively reducing the force experienced by either spring by a controllable degree.
The FSR can be placed in such a way that it is only measuring the compressive force from
one of the two springs. We can use the following simple equation, which is analagous to the
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Figure 4.3: Diagram of “force divider” concept being used in the FSR sensor packaging for
the first-iteration force-sensing tensegrity. The force is distributed across the two springs
according to their stiffness, which can be configured to change the effective force sensitivity
range in the FSR.

voltage divider equation, to convert the force signal from the FSR, F5, to the actual internal
force experienced by the structure, F'

- F (4.1)

The fully constructed node assembly with integrated FSR as well as a cross-section of the
model are shown in Figure 4.4. To achieve the desired “force divider” effect, two compression
springs of different stiffnesses are aligned concentrically around the plunging bolt in the
center of the upper node assembly. Special care is taken to select springs with appropriate
specifications (spring stiffness, rest length, minimum length) to yield desired force sensitivity
range and stroke length. The flange of the bar insert is extended to contain the springs on
the bottom side while a 3D-printed washer is included above to contain the top side of the
springs. Because the upper node assembly will now be traveling linearly with respect to
the bar insert as a result of the added compliance, we reduce the hole size of the bar insert
and turn the bolt threads down to a smooth surface to reduce friction between the bolt
and insert. The FSR itself is placed on top of the bar insert so that the inner spring (k»)
compresses it without being affected by the outer spring (k).

One disadvantage of this sensor packaging is that it creates an additional source of compli-
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Figure 4.4: FSR integration in node of structure (first iteration). The left image shows the
fully constructed node assembly with integrated FSR. On the right is a cross-section view of
the node assembly CAD model showing the force divider mechanism.

ance in the structure that might influence either the stability of the tensegrity configuration
or its overall stiffness to physical perturbations. To address these concerns, we recalculate
cable lengths based on an extended bar length, taking into account pre-compressed extension
springs, after the addition of the new sensor packaging.

To allow for the remote operation of these sensors, we needed to design a custom em-
bedded electronics system that could support a range of functionalities including FSR data
collection and wireless communication. For the FSRs, we use a voltage divider circuit to
condition the raw FSR signal, which is acquired using analog inputs on a PJRC Teensy 3.5
microcontroller. Wireless communication is achieved using XBee modules to communicate
to the operator’s laptop to provide real time diagnostic information as well as experiment
control flags for testing the force sensor array in experimental scenarios. We also include
a BNOO055 inertial measurement unit board to provide acceleration and orientation data to
provide contextual state information in case it provides useful features to future interac-
tion schema. The remainder of the system is devoted to power management for the various
subsystems, which is powered by a 2-cell 7.4-volt lithium-ion battery. The fully assembled
embedded electronics system including custom PCB is shown in Figure 4.5.

Cable pairs are routed from each of the twelve FSRs down the length of the bars toward
the center of the structure where the central payload is suspended. The TPU 3D-printed
central payload casing in the first-iteration prototype is refashioned from a stock central



CHAPTER 4. DESIGN OF A FORCE-SENSING TENSEGRITY 40

FSR instrumentation Teensy 3.5
circuits Microcontroller

Figure 4.5: Images of the top and bottom sides of the fully assembled custom PCB for the
embedded electronics in the first-iteration force-sensing tensegrity prototype.

payload casing to fit the custom embedded electronics and to accomodate FSR cable routing.
More sophisticated attempts at central payload casing design will be covered in the second-
iteration prototype. The fully assembled first-iteration prototype is shown in Figure 4.6.

To verify the performance of this system, we conducted a series of controlled physical
interaction experiments with lab personnel to characterize the responses measured by the
embedded force-sensor array. We will describe these preliminary physical interactions in
more detail in the next section when we discuss inference strategies. For each experiment
involving a single physical interaction type between human and robot, force readings are
acquired from the twelve sensors at a frequency of 100H z and stored in an onboard microSD
card for subsequent processing. As an illustration of the performance of this system, force
readings from a representative physical interaction in which the tensegrity is compressed (or
”squeezed”) vertically between two rigid surfaces is shown in Figure 4.7.

When compared to the simulated response in the squeeze test scenario, the forces that
appear in the controlled experiment with the first-iteration prototype are quite similar, which
gives confidence both in our theoretical representation of the dynamics and the appropriate
instrumentation of the tensegrity structure. Note that the configured parameters of the sim-
ulation do not align exactly with the physical characteristics of the first iteration prototype
(e.g. the simulation does not account for the added compliance in the sensor packaging of the
first-iteration prototype). With the first-iteration prototype completed and operational, we
can embark on an assessment of its advantages and disadvantages to inform our discussion
of planned improvements for the second-iteration prototype design.

The primary advantage of the first-iteration prototype is the sensitivity and configurabil-
ity of the force-sensor packages. Through the novel force-divider assembly, the range of force
sensitivity of the nodes can be configured both to the needs of the application and the needs
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Figure 4.6: Image of fully assembled first-iteration force-sensing tensegrity. The full assembly
includes 6 bars, 36 cables, and a central payload with embedded electronics enclosed inside.
Each bar is instrumented with two force sensors—one at each node.

of the tensegrity structure itself. For example, the designer of the tensegrity robot might
design a tensegrity structure with a higher overall stiffness by adjusting the elastic elements
of the cables or their pretension through the initial lengths. Instead of needing to change
the sensors or redesign the packaging, one can simply replace the compression springs in
the force-divider assembly to result in a higher ratio of stiffnesses to support the increased
loading without changing the force sensitivity range.

In terms of disadvantages, the added compliance of the rigid elements is perhaps the
most glaring and open question in the design of the first-iteration prototype. While there
are theoretical representations of tensegrity systems with compressible elements, we did
not make any such assumptions in our preliminary analysis. Therefore, we leave ourselves
open to the possibility that increased compressibility of bar elements may influence our
ability to reconstruct physical interactions from force measurements. Furthermore, the extra
linear degree of freedom has inherent friction that could have unintended effects on the
force readings from the FSRs. We will also seek to improve on the embedded electronics
implementation, including FSR instrumentation circuit, and its associated packaging in the
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Figure 4.7: Force readings from preliminary squeeze test experiment with first-iteration
force-sensing tensegrity prototype.

central payload of the device.

4.5 Second-Iteration Force-Sensing Tensegrity

In this section, we will describe the design and construction of the second iteration of the
force-sensing tensegrity, taking into account the lessons learned in the creation of the first
iteration design from the previous section. While we will use the same initial spherical six-bar
tensegrity structure as a scaffolding like the first design, we will focus on creating a completely
new node assembly to more readily accept an alternative FSR model and avoid the need for
added compliance. Secondarily, we will discuss the design of a custom central payload and
updated embedded electronics system with improved FSR instrumentation circuits.

The original node design strategy takes advantage of the tendency of the tensegrity
structure to compress the rigid members in order to maintain the integrity of the node
assembly without the need for fastening. We will adopt a similar approach here using a
different geometry that eliminates the central bolt from the previous design. This will allow
us to circumvent the need for a through-hole based FSR, which will open up possibilities
for wider ranges of FSR models that have more suitable sensing characteristics. It will also
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Flexiforce A201 Specs
Minimum force ~0N
Force sensitivity range | ~0 - 111N
Force repeatability +2.5%
Hysteresis +4.5%

Table 4.2: Performance specifications for Tekscan Flexiforce A201.

give us greater control over the design of the geometry of the interfacing components where
the FSR will sit, which will create more consistent signals. The reason for this is that FSRs
have specific requirements regarding where and how force should be applied on the face of
the device in order to produce the most consistent signal. In the second-iteration prototype,
we opted to use the Fleziforce A201 from Tekscan, which has a standard circular geometry.
This model of FSR boasts improved force sensing characteristics over the FSR-404, which
are shown in Table 4.2. In particular, note the improved force sensitivity range and hysterisis
characteristics.

Using the previous node design as inspiration, we fashion a custom 3D-printed FSR
enclosure out of PLA material. The custom enclosure consists of an upper node assembly
and lower bar assembly similar to the original prototype, which are pictured in Figure 4.8.
The upper node assembly includes a 3D-printed cylinder that is restrained by a cylindrical
cavity in the 3D-printed enclosure of the lower bar assembly. The tension of the cables
secure the upper node assembly in place via the cylindrical plug and its complementary
cavity. Beneath the cylindrical plug of the upper node assembly is a 3D-printed component
that serves several purposes in this design. This component is floating with respect to both
the upper node assembly and the lower bar assembly, so it creates a separation to transfer
exclusively compressive forces from the upper node assembly to the FSR beneath it. It has
also been designed with the appropriate geometry on the bottom face of the component to
only apply force in a prescribed circular area of the FSR surface to maintain consistent force
signals. Special attention is also given to creating an aperture for easy cable routing of the
FSR in the enclosure to avoid creasing and to protect the contact-sensitive regions of the
device.

The second important design process we undertook for the next iteration of the force-
sensing prototype relates to the design of the embedded electronics and their enclosure.
Our goal was to create a central payload for the system that would be easier to use in
future human subjects experiments. Specifically, we were hoping it would feature rapid
assembly and disassembly, an outward facing interface board for selecting functions, and
overall improvements in robustness to physical contact.

The original central payload was designed as an ellipsoidal enclosure consisting of two half
ellipsoids each 3D-printed out of TPU material. The flexibility of the TPU material makes
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Figure 4.8: FSR integration in node of structure (second iteration). The left image shows
the fully constructed node assembly with integrated FSR. On the right is a cross-section
view of the node assembly CAD model showing new FSR enclosure.

it easy to enclose a fragile PCB without the need for rigid attachments and without worry-
ing about impacts damaging the embedded system. However, our first iteration prototype
involved a complex process of fastening the two halves of the central payload together with
radially arranged bolts that served a dual purpose of securing the payload closed and also
providing anchor points for attaching the cable elements of the outer structure, suspending
the central payload in place. In other words, the central payload would need to be completely
disassembled and removed from the structure in order to access any of the electronics in the
system, including the battery and the onboard microSD card with experimental data.

We design a new central payload casing that features several distinct improvements over
the original enclosure. The casing retains the original ellipsoidal form factor, but we intro-
duce a “clam shell” type joining of the two halves of the casing to facilitate easy access to
internal components. The two halves are joined via rotational joints at two points on each
side of the payload that can be unlocked by removing a single pin at the axis of rotation. As a
result, the payload can be opened from either side depending on the needs of the technician.
The anchors for attaching the payload to the cable elements are embedded into independent
sides of the payload instead of being used to fasten the two sides together. The second
improvement involves designing an outward facing interface board for connecting sensors
and providing additional control inputs for ease-of-use. Finally, we use a boolean modeling
operation to create a custom internal cavity that directly conforms to the shape and volume
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Figure 4.9: Custom central payload with “clam shell” design and external interface board.
The payload is 3D-printed out of TPU material for flexibility and robustness to protect the
internal embedded electronics.

of the internal embedded electronics. Figure 4.9 shows the newly designed central payload
of the second-iteration prototype.

With the new payload design addressed, we can take this opportunity to describe the
changes to the embedded electronics. The functionality of the previous iteration is main-
tained by including all of the original peripherals such as Bluetooth wireless communication,
inertial measurement unit, and microcontroller with onboard microSD card. However, we opt
to use a different FSR instrumentation circuit to improve on linearization processing on the
raw sensor signal. Instead of a voltage divider configuration, we use a non-inverting amplifier
to condition the signal to provide better linearity across the force sensitivity range and en-
able more direct force calculation in post-processing without the need for extensive empirical
modeling. We take advantage of the extra real estate on the external interface board to add
these extra circuits. The custom embedded system designed for second-iteration prototype
is shown in Figure 4.10.

The independent outward facing interface board is a deliberate design choice to separate
the sensors from the rest of the embedded electronics because it encapsulates all of the
FSR measurement instrumentation including amplifier circuits, analog-to-digital converter,
and mounting terminals. The mounting terminals consist of two linear rails of spring-cage
locked terminal connectors that facilitate quick and secure attachment of the paired FSR
wires. This eliminates the need for attaching custom connectors to FSR signal wires and
allows for easy replacement in the case of faulty sensors. Data is transmitted over 12C
protocol to the internal board for further processing and storage. By having a dedicated
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Figure 4.10: Embedded electronics system for the second-iteration force-sensing tensegrity,
highlighting the separate outward facing instrumentation board.

FSR instrumentation board, we are able to make adjustments as necessary to any circuitry
related to the sensors without having to redesign the entire embedded electronics system.
Not only that, but we can now easily extend the use of this FSR-based force sensor array
(including sensor packaging and instrumentation) to other tensegrity robot implementations.
All that is required to do so is a single connection with power and two-wires dedicated to an
[12C communication protocol, which are common to most tensegrity robot models developed
by our lab and also to Squishy Robotics Inc. products.

Having an external board also gives us the ability to include a few manual switches to
make it easier for operators to cycle through different functionalities if necessary without
having to crack open the payload. Some indicator LEDs are included to provide system
state and diagnostic information to the operator in the case of hardware malfunction. The
disadvantage of having this external board, however, is that some sensitive electronics are
exposed and unprotected by the TPU casing, which leaves them prone to damage via impact
with either the environment or the structure of the tensegrity itself. To minimize this poten-
tial failure mode, we orient the board on a specific part of the central payload’s surface that
reduces the chances of impact with the rigid bar elements of the structure. The complete
embedded electronics system is shown in Figure 4.10.

Similar to the previous iteration, we recalculate parameters for the cable elements in
terms of initial length and resulting pretension based on the updated lengths of the bar
elements with the added sensor packages at the nodes of the structure. FSRs are connected
via cable pairs that travel down the length of the bars toward the center where the payload is
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Figure 4.11: Image of fully assembled second-iteration force-sensing tensegrity. The full
assembly includes 6 bars, 36 cables, and a central payload with embedded electronics enclosed
inside. Each bar is instrumented with two force sensors—one at each node.

suspended. The fully assembled second-iteration force-sensing tensegrity is shown in Figure
4.11. As in the case of the first iteration, we conduct a series of preliminary tests with
lab personnel to characterize the response of the force sensor array in the second-iteration
prototype. The resulting force trajectories measured from a nominal squeeze test interaction
are shown in Figure 4.12. We can see from the measurements displayed that the propagation
of forces from the impact of the tensegrity closely resemble that of the simulation and the
previous test with the first-iteration prototype.

Having converged on a design that demonstrates the required functionality from a purely
technical standpoint, we can spend some time to review human-centered aspects of the
design. Since this device will eventually be employed in experiments that bring it into
contact with human operators, it is imperative that we perform an adequate assessment
of potential safety risk factors. Fortunately, our current system is completely unactuated,
which precludes risks associated with the independent movement of the robotic device as
driven by either human input or autonomous functionalities. In other words, all potential
risk factors are passive in nature. As a result, we focus on safety considerations that center
around both anticipated and unanticipated physical interactions with the tensegrity device
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Preliminary Squeeze Test with Second-Iteration Force-Sensing Tensegrity
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Figure 4.12: Force readings from preliminary squeeze test experiment with second-iteration
force-sensing tensegrity prototype.

as initiated by the human operator.

To address unanticipated interactions, we designed all mechanical aspects of the system
to be inherently safe for human handling in terms of material choice and overall inertia.
We use flexible, light materials like TPU and carbon fiber in addition to opting for rounded
geometry that is largely devoid of sharp edges. In the case of tangling in cables, the system is
easily disassembled via separation of nodes from rigid elements. If disassembly is unhelpful,
cables are made from nylon fibers and can be easily cut using standard cutting tools. It’s also
important to take into account anticipated handling of the device and potential edge cases
for how a human might conceivably interact with it. One such consideration was identified in
the first iteration prototype’s FSR packaging that involved two exposed compression springs
at the nodes of the structure. The risk of getting fingers or skin pinched in these openings
contributed toward our updated packaging design in the second-iteration prototype. We
expect that humans will also be tempted to interact with the central payload, which poses
risks in terms of electrical shock. While the risk is low due to the low power of the system
and the enclosed nature of the payload, we explicitly outline to subjects that interactions
should be restricted to all areas excluding the central payload to protect their safety. Finally,
we recognize that certain safety considerations are largely dependent on human conditioning.
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For example, the system is certainly capable of being tossed by a human operator as part
of a physical interaction. While a collision with a human might be admissable in certain
scenarios, it is still possible to cause harm if coming in contact with a sensitive part of the
body such as the head. Therfore, we restrict our initial studies to single human participants
and explicitly instruct subjects to not lift the device above eye level.

At this point, we have arrived at a prototype device that is capable of reliably sensing
external forces that are imparted on its structure. These force-sensing tensegrity proto-
types will serve as excellent platforms for furthering our investigation of physical interaction
with compliant robotic systems. In the next chapter, we will begin to strategize differ-
ent approaches to reconstructing physical interactions from measured forces in an attempt
to reason how physical human-robot interaction methodologies might be designed for this
unique class of robots.
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Chapter 5

Classifying Physical Interactions

5.1 Introduction

The intent of this chapter is to take the first steps into developing methodologies for com-
munication, cooperation, and collaboration between human operators and compliant robotic
systems through physical interactions. We discussed at length the implications of this excit-
ing new avenue and modality of pHRI in previous sections, but we have yet to theorize what
these interaction mechanisms might actually look like. Furthermore, we must hypothesize
and test algorithms for processing the raw force signals measured by the force-sensing tenseg-
rity platform and for inferring aspects of the physical interactions taking place. The latter
is a particularly challenging problem due to the inherent difficulties of modeling tensegrity
systems, which were covered in our discussion of theoretical representations. To support
this effort, we will be leveraging modern machine learning approaches to reveal underlying
relations between types of physical interactions and the resulting dynamic behavior of the
tensegrity structure as measured by the integrated force sensing. Specifically, we present
supervised learning frameworks that treat the mapping of force readings to physical inter-
actions as a classification problem. In this process, we will attempt to generalize the results
by investigating the feasibility of this methodology in a deployed system.

For the more familiar case of traditional serially-actuated robotic platforms, studies di-
rected toward pHRI typically involve inferring either the intent of the human operator or the
desired goal that the robotic agent should achieve. In the context of an anthropomorphic
robotic arm, the desired goal takes the form of a certain trajectory or set of trajectories
that accomplishes a task. The methodologies featured in these studies exploit the fact that
humans are instructive in their gestures, so there is a great deal of rich information to be
extracted from the physical interactions that take place as a result of this natural tendency
to teach. If a human wants a robot to do a specific function, the human will attempt to draw
from features that are characteristic to this function as much as possible in their interactions.
We will demonstrate in our work that we can make use of natural human intuition in the
case of physical interaction with compliant and mobile robotic systems like our force-sensing
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tensegrity.

5.2 Prior Work

The synthesis, comprehension, and analysis of underlying models of operator intent in HRI
contexts is a diverse field due to the breadth of both robotic architectures and potential inter-
action scenarios. Depending on the sophistication of the robotic system and the complexity
of the desired function or task, the needs of the inference model can change dramatically.
Generally, we are interested in strategies that attempt to address some aspect of intent de-
tection from the robot’s perspective. In pHRI with anthropomorphic robotic manipulators,
high-level tasks can be projected into a human context, and inferences can be made about
the likelihood that features from a given interaction align with an idealized human model
with the help of Markov decision processes (MDPs) [48]. Even in cases where an ideal model
is not present, generalizable convergence on intended goals and objectives can be achieved
through iterative suggestion from an expert human operator [4, 47]. These examples in-
volving robotic manipulators represent relatively high-level functionality that is grounded
in specific and practical goal-oriented tasks such as pick-and-place and other point-to-point
motion objectives. Other studies have been directed toward more subtle and abstract notions
of intent inference surrounding social phenomena like human expression of emotion [68]. The
question remains, however, which aspects of these interaction mechanisms and algorithms
will translate into scenarios involving compliant robotic systems like tensegrities and what
new avenues will become apparent.

In contrast to rigid robotic architectures that are the subject of many of the studies
described above, HRI studies involving soft and compliant robots cannot generally rely on
well-understood rigid-body dynamics and anthropomorphic action spaces. As a result, the
approaches used to model these systems must be similarly flexible and varying in form. Re-
cently, machine learning has been leveraged to great effect in the modeling, sensing, and
control of novel soft robotic systems [15, 35]. Studies have shown that machine learning
frameworks can create highly accurate models of physical deformation in soft robotic sys-
tems even with unstructured sensor networks [63]. We can also see examples of machine
learning being used in concert with novel soft skins for human-robot interaction applications
[57]. Sufficiently instrumented soft systems can become excellent platforms for classification
of physical interactions through the use of contemporary machine learning algorithms like
convolutional neural networks (CNNs) [39]. More generally speaking, the application of clas-
sification frameworks has created opportunities in the modeling of more abstract interactions
with humans [38]. We will implement similar machine learning techniques to distinguish be-
tween different physical interactions that take place with our force-sensing tensegrity.



CHAPTER 5. CLASSIFYING PHYSICAL INTERACTIONS 52

5.3 Contributions of this Chapter

In this chapter, we will present our strategy for inferring physical interactions from raw sen-
sor data acquired from the FSR array in our force-sensing tensegrity prototypes. First, we
examine the problem space by discussing the challenges specific to pHRI with tensegrity sys-
tems and then outline our proposed strategy for inferring physical interaction that leverages
machine learning classification algorithms. Before testing out machine learning frameworks,
we perform data exploration and feature engineering to reason about the effectiveness of
classification-based strategies for inference. Multiple strategies for data processing and a
range of contemporary classification algorithms, including deep neural network implemen-
tations, are presented and applied to real data from the force-sensing tensegrity in physical
interaction scenarios. We discuss the implications of featurization and sample size on the
performance and robustness of classifiers as well as practicality for embedded systems.

5.4 Physical Interaction Mechanisms

Interactions that take place with robots that have human-like characteristics are easy to
understand for the simple reason that they often resemble interactions that are already en-
compassed by innate or learned human behavior. Whether intentional or incidental, the
choice to model contemporary robotic manipulators and other similar systems based on
human characteristics has the effect of enabling intuitive pHRI. In addition, the perva-
siveness of these systems in automation in many industries have contributed to extremely
well-established modeling and control approaches. The familiarity combined with the stan-
dardization of these platforms resulted in the tremendous acceleration of HRI research with
anthropomorphic robotic systems. Conversely, emergent architectures like those in the field
of compliant robotic systems are less familiar and less anthropomorphic than their rigid
robotic counterparts. If we are to attempt to integrate these newer systems into human-
centered applications, then we must begin to explore ways to leverage their characteristics
for intuitive and useful interactions.

Having covered the properties and capabilities of tensegrity robots in previous chapters,
it should be readily apparent that tensegrity systems like our six-bar spherical tensegrity
are radically different than conventional robots both in form and function and do not in-
herit many human-like qualities. Even so, there are numerous applications for tensegrity
robots that will place them directly in the hands of human operators and within human
environments. In Chapter 2, we discussed an example application of tensegrity robots in the
acquisition of mission critical data in disaster response scenarios. In this illustrative use case,
we hypothesized a rich human-robot interaction involving physical contact that resulted in
more efficient execution of a human-robot paired task. We can use this example application
of disaster response as fuel for a more rigorous discussion of physical interaction mechanisms
with compliant robotic systems like our force-sensing tensegrity.

Figure 5.1 illustrates a first responder in protective equipment interacting with a tenseg-
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Figure 5.1: Illustration of a representative physical interaction between a first responder and
a tensegrity highlighting and categorizing salient features based on context.

rity robot by configuring it and then subsequently deploying it to perform its sensing tasks.
Throughout the process outlined in the figure, one can identify features of the physical in-
teractions taking place that are semantically distinct and can be classified into a functional
context. For example, a human operator handling and manipulating the device might be
related to configuring the device in preparation for deployment. Throwing or dropping the
tensegrity might communicate a deployment. The resulting impact or settling into a station-
ary state might result in the tensegrity activating sensing procedures and transmitting data.
Importantly, each of these discrete interactions arguably might arise naturally in the execu-
tion of the task independent of the operator’s understanding that the device can interpret
these actions. We will further discuss the human-centered considerations for the design of
intuitive physical interaction mechanisms in a later chapter. For the purpose of developing
an initial attempt at a language of physical interaction with tensegrity robots, we will select
a set of discrete interactions—like the aforementioned—as inputs to be distinguished from
the perspective of the robot.

Now that we have a sense of what kinds of interactions might occur and what features
might be relevant to identify, we can consider possible methodologies for classifying them
based on raw force data. Ideally, we would like to be able to reconstruct the full state of
both the tensegrity and the human in order to gain as much information as possible on
the conditions of the interactions. Unfortunately, state estimation involving unanchored
tensegrities is still an open problem due to the inherent complexities of modeling nonlinear
tensegrity dynamics, which even in the best case of an anchored tensegrity system requires
extensive instrumentation to accurately track system states. From our analysis in Chapter
3, we know that it is possible to distinguish between different static external loadings via
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measurement of the internal forces in the bars of the structure. Therefore, there is a strong
case to be made for the application of classification algorithms in order to identify specific
types of physical interactions.

Using our understanding of the applications of these tensegrity devices, their mechanical
properties, and the ways in which human operators are likely to interact physically, we can
hypothesize a set of representative physical interactions that we will seek to disambiguate
from the perspective of the robot using classification-based approaches. We first consider the
salient physical characteristics of the force-sensing tensegrity and attempt to reason about
how these characteristics inform the way a human interacts with it physically. Since the
tensegrity structure’s shape resembles an icosahedron, it is intuitive to imagine the entire
system as approximating a spherical object—such as a ball. From this perspective, humans
can project many previously learned behaviors from their experiences interacting with ball-
like objects to their interactions with the force-sensing tensegrity. This is just one reason
why we have speculated that the force-sensing tensegrity is a platform that lends itself to
intuitive physical interactions. With an object like a ball—especially one that is known to be
lightweight and compliant (e.g., a basketball versus a bowling ball)—a human might want
to pick it up in one or more hands and attempt to compress it. In this context, the human is
gathering tactile information about the properties of the ball to better control their handling
of it. We can therefore consider the actions of squeezing and handling the tensegrity robot as
valid classes of interactions to be used in an input framework that leverages physical contact.
If we also consider the fact that the force-sensing tensegrity features an open structure, then
it can be assumed that humans can grasp various points on structural elements instead of
exclusively open-handed manipulation on the surface. As a result of this ability to grasp
the components of the structure, we also consider interaction cases that involve using grasps
to create tension on the structure through pulling. The interactions we have discussed
so far span a broad range of potential interaction conditions involving continued contact
between human and robot. However, the intended applications of this robotic hardware will
eventually require for the robot to be deployed so that it can perform its autonomous tasks.
In the specific case of disaster response applications, the robot is designed to be dropped or
tossed toward it’s objective. This dropping case constitutes yet another class of interactions
that we can distinguish as relevant to the design of an input framework.

Later on in this work, we will assess the suitability of our choice of interactions in a struc-
tured and systematic approach with human subjects. This will give us the opportunity to
reconsider our assumptions about the most intuitive and useful categorization of interactions
by taking into account the subjective impressions of unbiased human operators. For now,
we choose to consider the following physical interaction types as our target classes based on
our discussion of relevant factors:

e Null : The tensegrity is has settled into a static equilibrium and is not being handled
by a human operator.

e Drop : The tensegrity experiences an impact (or sequence of impacts) with a surface.
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e Squeeze : The tensegrity experience compression from the outside, resulting in a
deformation of the structure.

e Pull : The tensegrity experiences tension from the outside, resulting in a deformation
of the structure.

e Handle : The tensegrity is being held by a human operator with intent to operate.

Throughout the following sections, our goal will be to construct frameworks for classi-
fying the above interactions (or a subset of them). We will cast a wide net by comparing
several data processing pipelines and also considering a multitude of classification algorithms
including deep neural network implementations to accomplish this task.

5.5 Data Exploration and Feature Engineering

Before applying machine learning algorithms to this problem, it is important to spend some
time exploring the data that will be used as inputs to these models. In particular, we must
come up with a strategy for processing the transient raw sensor data into observations for
training a classifier that ensures that the input observations retain useful information and
are practical for real applications with deployed machine learning models. Given the fact
that we are collecting data from as many as twelve distinct force sensors at a high frequency
without any model correlation, it could be detrimental to the performance of our classifier
to assume that the models will be able to recover critical interaction-specific features from
raw data alone. We must therefore examine ways to help distill the raw data for use by the
classification algorithms through feature engineering.

From our preliminary comparison of the raw data acquired from a drop test and squeeze
test interaction earlier in this work, we can immediately recognize some features that might
distinguish different types of physical interactions. While it may be qualitatively apparent
that the force responses are associated with distinct interactions, we still need to translate
that information into more digestible quantitative features. We propose a set of features
derived from the dynamics of the force responses that more directly confer information to
a classifier. The features are outlined below along with a brief description. The equations
used to calculate these quantities are provided, where F'(t) : Z — R is the force measured
by a single FSR at sample time ¢.

e total impulse (J) : Discrete time integral of force over a given time window.
At
J = —(F(ti- F(t; 5.1
zt: 5 (F(tion) + F(t:)) (5.1)

o mazimum yank (Ymax) : Maximum discrete time derivative of force with respect to
time over a give window.
(F(tiv1) — F(t))
At

(5.2)

Yax = max
t
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o mazimum force (Fyax) : Maximum force over a given time window.

Frax = max F(t) (5.3)

Starting with the first feature, total impulse is intended to capture the total amount of
energy being imparted to the tensegrity through an interaction. For example, a squeeze
interaction involving force being applied steadily over a longer period will result in a higher
total impulse than a more punctuated interaction like a drop. Mazimum yank, on the other
hand, will identify the maximum rate at which force is changing. By the same comparison as
before, we can expect that squeeze interactions and drop interactions will have distinct values
across the array of FSRs for maximum yank. The maximum force for a given FSR is self
explanatory. We can calculate this set of features for each of the twelve FSR signals over the
time span of a given interaction, resulting in a total of thirty-six features used as inputs to a
classifier. Because these features are derived from either extremums or accumulations of the
signals, we are abstracting away the temporal variations to some degree. Depending on the
way these features are used toward inference, this could be seen as either an advantage or a
disadvantage (i.e. an advantage in the case of removing unnecessary noise and a disadvantage
for algorithms that leverage input temporality). We will attempt to investigate the effects
of using abstract featurization and its relation to time dependence and scale of sample.

In the previous section, we proposed a set of discrete interactions to classify, but in reality,
the term “discrete” is used loosely in this context because the interactions themselves are
continuous and comprised of finer features that are temporally and spatially varying. We
hypothesize that there is a tradeoff to be made with respect to the scale of sample being
extracted from the continuous time-dependent force trajectories and the ambiguity of the
overarching interaction, which we intend to explore. This has important implications for
the deployment of these frameworks in embedded systems because there is an inherent need
to process these continuous inputs efficiently for a classifier to be useful in that context.
In order to assess the effects of time-dependence on the performance of our classifiers, we
will segment the interactions into smaller sample sizes, or windows, based on time. As the
window size is made smaller, we run the risk of separating useful features of an interaction
but improve the potential practicality of the framework by reducing the need for in situ
segmentation and subsequent discretization. A smaller window size also makes it possible
to infer inputs at a faster and more consistent rate.

At this point, we have a range of possible processing pipelines for the raw data acquired
by the force-sensing tensegrity. Next, we will discuss the different classification algorithms
used in our proposed framework.

5.6 Classification Algorithms

We will begin the discussion of chosen classification algorithms by first describing the clas-
sification problem more explicitly. Let (X, 11), (X2, 92),...(X,, yn) be a set of n physical
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interaction observations where each instance is comprised of a set of input features X; € D,
where D is the space of features, and corresponding class label y;. The goal of a classifica-
tion framework is to learn a function y; = f(A&;) that maps a set of input features X; to its
correct label ;. Our specific case falls under the category of supervised learning in that we
use observations that are correctly labeled to train our models. There is a broad range of
possible approaches to learning the aforementioned mapping using contemporary multi-class
classification algorithms, and we will review a few them here for clarity. For each algorithm
presented, we will discuss their relevance to assessing the performance of physical interaction
inference via classification. We present two contemporary classification algorithms to pro-
vide solid benchmarks from which to assess the feasibility of our proposed machine learning
framework.

e k-Nearest Neighbors (kNN) : The kNN algorithm is a non-parametric method for
classification that finds the k nearest samples in a given data set and assigns a label
according to the labels in those nearest samples [21]. We can leverage the hyper-
parameter k to control the degree to which the algorithm isolates a given clustering
of samples based on label. As we increase k, we improve noise rejection but create
more ambiguity between labels. The kNN algorithm is often a good choice for initial
classification analysis due to its generalizability to different problems and its simplicity.

e Random Forest (RF) : The RF algorithm is an ensemble learning method that
bases classification on a collection of constructed decision trees [44]. Decision trees
are constructed on a random set of input features, and classifier outputs are reached
by majority vote. Hyper-parameters for this algorithm include the number of trees
and the height of each individual decision tree. RF is an extremely efficient algorithm
for classification due to its low computational load for testing. It also has excellent
resistance to overfitting due to the inherent randomization across the set of input
features.

The above algorithms will be used in conjunction with the previously described processing
methods in different combinations of processing steps and choice of algorithm to investigate
their effect on classification performance. Now that we have covered some of the more
traditional classification algorithms, we can describe our neural network implementations.

Recently, an array of neural network approaches to classification—in particular, deep
learning implementations—have demonstrated impressive results toward the modeling of
compliant systems, as discussed earlier in this chapter. It can be intuitive to think of deep
learning models as simply your standard feed-forward network that combines multiple hidden
layers, which makes them capable of learning more complex and nonlinear relations [25]. We
present several deep learning models that will be used to classify physical interaction types in
addition to the previous classificaton algorithms. The architectures of the proposed models
are shown in Figure 5.2.

All of our deep learning methods are implemented using standard Tensorflow and Keras
API methods. For our first deep neural network (DNN), we assemble multiple fully-connected
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Figure 5.2: Architectures for our deep learning networks. Top is a standard deep neural
network implementation featuring multiple fully-connected hidden layers. Bottom features
a one-dimensional convolutional layer.

hidden layers using the rectified linear unit (ReLU) as our activation function. Between each
hidden layer, we enforce a dropout layer to reduce overfitting of the models and to encourage
flexibility in the assignment of weighting between layers. Since this is a classification prob-
lem (and not regression), we construct the output layer with a softmax activation function
to produce our class weights. This is a fairly well-established architecture for DNN imple-
mentations, and we will show that it performs quite well for our application. Even so, we
attempt to improve on this architecture by leveraging a convolutional neural network (CNN)
approach. CNNs are a type of neural network that involve performing a convolution opera-
tion on inputs in order to reduce high dimensional data into a smaller internal feature map.
Most commonly applied to image classification, CNNs are useful in applications involving
large and spatially distributed data sets. Inputs are fed to a one-dimensional convolution
layer from weights and then flattened for use in a series of conventional fully-connected hid-
den layers. As before, we use ReLLU activation and softmax activation in our hidden layers
and output layer respectively with dropout routines interspersed.
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Figure 5.3: Diagram outlining our proposed classification framework including data acquisi-
tion, feature engineering, and model training and testing.

The process for configuring, training, and testing our models as a full pipeline is shown
in Figure 5.3. Input observations in the form of force sensor data from physical interactions
is acquired with human subjects in a controlled experimental setting. As a result of the
heterogeneity in characteristics of the physical interactions being tested, the resulting data
sets have a tendency to be heavily imbalanced. This can have detrimental effects on the
training and subsequent performance of our classification algorithms. To address this, we
apply the synthetic minority over-sampling technique (SMOTE) with multiple passes (n — 1
passes where n is the number of interactions) [14]. The data is segmented manually based on
experimental timings and then processed into a series of data sets that each contain discrete
observations for a given window size of interest. Depending on the configuration being used,
we compute the previously described feature sets over the individual observations.

For the conventional classification algorithms (kNN and RF), we use repeated strati-
fied k-fold cross-validation to train our models and report validation scores as assessments.
Preliminary experiments are conducted on exclusively the first-iteration prototype to demon-
strate the feasibility of the framework and to report initial findings on the effect of window
size on the performance of these models. The deep learning models are trained and assessed
with validation metrics throughout the training process (i.e. after each epoch). We use only
data from the second-iteration prototype and human-subjects experiments for training and
testing the deep learning models (DNN and CNN).
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5.7 Preliminary Experiments

In order to begin testing our these approaches to inference of physical interactions, we need
to accumulate some preliminary data that can be used to train and test our models. In this
section, we will present our experimental approach to gathering force sensor data for a set
of physical interactions in a controlled fashion. Then, we will use this data to test with the
benchmark classifiers (kNN and RF). For this preliminary set of experiments, we use the
first-iteration prototype and are only considering four out of the five physical interactions
discussed previously—Null, Drop, Squeeze, Handle.

The drop interaction consists of holding the tensegrity at a height of approximately 1
meter and then dropping it to the ground. The squeeze interaction consists of compressing
the device between the surface on which it sits and a separate rigid surface that is held by
a human assistant. The handle interaction consists of a human holding the tensegrity in a
particular orientation and then turning it over one full rotation in their hands. Null inter-
action involves collecting data from the device as it sits stationary in a given orientation.
For each of these interactions, we vary the initial orientation of the device. For example,
the initial orientation for the drop interaction will directly control the point at which the
tensegrity impacts the ground. Depending on the orientation, the tensegrity my experience
initial impact on a set of one, two, or three of its nodes. In the squeeze interaction, initial
orientation will have a similar effect in determining which nodes are experiencing compres-
sion. The amount of force used by the human operator to compress the structure in squeeze
interactions is intentionally modulated at random to encourage generalization of input data
for the classifier. Figure 5.4 shows two captured frames from a squeeze interaction test in
which the device is compressed between two nodes on opposite sides of the structure.

As covered previously, we process the data by manually inspecting it, truncating based on
experimental timings, labelled according to interaction type, and sectioned into individual
observations based on a set window size. We vary the window size between 10 and 100
samples in intervals of 10 samples. For reference, this will translate to window sizes of 0.1sec
to 1sec of length in time based on a 100Hz sampling frequency. One unfortunate drawback
to this approach when accumulating a data set is that it will result in a discrepancy in
total number of observations across the different window sizes, which may influence the
performance of the associated classifiers due to limited training data. As an illustration,
consider the total number of observations in our data set for a given window size shown in
Table 5.1.

Table 5.1: Observation counts by class of interaction for window size of 60 samples.

Class Null Drop Squeeze Handle

Counts 3930 2643 4648 239

Note also the imbalance across the different classes, which is what necessitates our use
of SMOTE to augment samples in under-represented classes. We compare performance
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\._

Figure 5.4: Two frames from a squeeze interaction test with the first-iteration force-sensing
tensegrity intended to gather preliminary data for model training/testing.

between the use of raw force signals (specified as “Raw”) and abstract featurization based
on the statistical features presented earlier (specified as “Abst.”), which are calculated for
over the entirety of each observation. In order to assess the performance of the classifiers
(and to not further reduce our training set), we compute metrics based on the validation
data from our cross-validation and average over folds for k-folds. We calculate performance
metrics using the following equations, which are useful for assessing multiclass classification
results.

e precision : Number of true positives over number of total positives for a given class.

TP

—_— 4
TP+ FP (54)

precision =

e recall : Number of true positives over number of relevant instances for a given class.

P (5.5)
ecall = —— .
g TPt FN

e F1 score : The harmonic mean of precision and recall.

TP
F1 score = (5.6)
TP+ L(FP+FN)
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where TP is the number true positives, F'P is the number of false positives, and F'N is
the number of false negatives. In addition to these metrics, we calculate the area under
the receiver operating curve (AUC or AUROC) across the different classes. We calculate
the AUC score in a one-vs.-one approach based on class and then average over the classes
to result in a single AUC score representing the classifier. This calculation distinct from a
one-vs.-rest approach to obtaining the AUC score, which is also useful but communicates less
about the differentiation between each class and the remaining classes. The AUC score is a
measure of separability of the classes and will assess how well the classifier can distinguish
between the available classes [27]. This is an important measure because it is an excellent
demonstration of the underlying separability of the force data being generated by the different
physical interactions through our chosen benchmark classifier algorithms. Finally, we include
the overall categorical accuracy across all classes, the relevance of which to assessing the
performance of the classifiers is self explanatory.

Table 5.2: Classification performance metrics within classes for best-performing window size
for k-Nearest Neighbors algorithm.

k-Nearest Neighbors (KINN), Window = 100 Samples
Raw/ 1ot
Null Drop Squeeze Handle
Prec. 0.6/ 78 074/ 65 0-95/.90 098/ 68
Recall 083/ 88 0.6/ 79 078/ 66 0894 89
F1 0.70/ 82 067,71 0.86/, 76 093/ 77

From our training process, we found that the best-performing configuration for kNN was
with a window size of 100 samples with & = 5. Overall, the kNN classifier performance left
some to be desired in terms of classifier accuracy as evidenced by the low precision and recall
scores for the various classes. Also, there was no clear effect from the use of raw signal inputs
versus abstract featurization on the kNN performance. In contrast, our RF algorithm with
nominal hyperparameter tuning performs quite well across raw and abstract feature inputs
for a window size of 10 samples. It performs noticeably better when using abstract features
as inputs as demonstrated by the high F1 scores across the board in Table 5.3.

Taking a look at Figure 5.5, we can see the categorical accuracy and AUC scores plotted
as a function of window size for the various classifier configurations. The AUC score for
the different classifiers shows strong stability as window size varies, with the exception of
kNN with abstract features. In terms of overall accuracy, the use of abstract features clearly
improves on the robustness of the classifiers in the presence of varying window sizes, which
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Table 5.3: Classification performance metrics within classes for best-performing window size
for Random Forest algorithm.

Random Forest (RF), Window = 10 Samples
RaW/Abst.
Null Drop Squeeze Handle
Prec. 0-9%0.97 0-780.97 0-97/5.99 0-96/6.96
Recall 0-78/.98 0-96/5.97 0-98/6.99 0-9%.99
F1 0-86/0.97 0-87/0.97 0-98/5.99 0-98/.08
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Figure 5.5: Accuracies and AUC scores plotted as a function of window size for kNN and
RF algorithms with both raw and abstract features inputs.

indicates that this approach to processing inputs could be useful for creating classification
frameworks that require flexibility in data sampling. For our preliminary experiments with
the first-iteration tensegrity and these benchmark classifiers, the validation metrics show that
RF with abstract features at a window size of 10 samples is the best-performing configuration
of the framework.

Here, we have shown that with conventional classification algorithms and a range of data
processing approaches, it is feasible to construct a classification framework that will be able
to infer differences between a set of distinct physical interactions that take place with the
force-sensing tensegrity. In the next chapter, we will present our first formal human subject
experiment along with results from our deep neural network implementations.
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Chapter 6

Physical Human-Robot Interaction
Experiments

6.1 Introduction

The premise of our work on physical human-robot interaction with spherical tensegrities is
that physical interactions with compliant robotic systems can be leveraged toward useful
human-robot communication, collaboration, and cooperation. More specifically, pHRI with
compliant systems can offer advantages in certain scenarios that make it a useful alternative
or redundancy to more conventional modalities of interactions depending on the application.
Finally, it has been suggested that pHRI with mobile, flexible, and robust tensegrity robots
can be intuitive. Until now, we have only gone so far as to demonstrate the feasibility
of identifying inputs in the form of physical interactions using a force-sensing tensegrity
platform. We have yet to explore the human elements of this proposed physical interaction
schema to assess its intuitiveness and suitability for real use. If we can show that physical
interactions with a tensegrity system aimed at accomplishing tasks are easy to learn and
execute, then we can make a strong argument for an effective modality for HRI.

To understand the human-centered advantages and disadvantages more concretely, we
must design an experiment to target the intuitiveness of these interactions and how well
they can be translated into practice for different applications. While there is no widely-
accepted standard for assessing the intuitiveness of a human-robot interaction, we present
a series of human subject experiments that target the qualitative responses of the partic-
ipants as they interact physically with the force-sensing tensegrity toward the completion
of application-inspired outcomes. Conducting this study will also provide additional data
for investigating the efficacy of our classification approaches—in particular, our untested
deep learning implementations. Ultimately, we hope to demonstrate that our approaches to
inferring physical interaction can be generalizable and robust if trained properly.
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6.2 Contributions of this Chapter

The primary contribution of this chapter is the design and execution of a set of human
subject experiments that investigate the intuitiveness of physical interactions with the force-
sensing tensegrity in practice. Using the second-iteration prototype force-sensing tensegrity;,
we demonstrate that our proposed set of physical interaction inputs and a mapping to a
hypothesized set of functions is subjectively valid and useful from the perspective of unbiased
and non-expert human operators. Secondarily, we discuss other qualitative findings about
new directions for physical interaction types and frameworks based on the impressions and
responses from experiment participants.

Also featured in this chapter will be a thorough assessment of the performance of our deep
learning frameworks. Previously, we covered some preliminary experiments that sought to
determine if classification were feasible given some benchmark classifier algorithms. We will
use expert training data in concert with non-expert observations from our human subject
experiments to reason about how well our deep learning frameworks perform in different con-
figurations of parameter tunings (in particular, different window sizes) and training/testing
data sets. The results of our tests show that although the deep learning frameworks are adept
at learning accurate classification models for specific data sets, there is an express need for
variability in training data to ensure generalizability and robustness to unseen inputs.

6.3 Prior Work

The process of extracting useful information from physical interactions is largely context
driven in the sense that methodologies are tailored to both the robot and the set of function-
alities that it is capable of performing. In most studies focusing on pHRI with traditional
robotic manipulators, the scenarios are posed in such a way that the robot and human have
similar action spaces as well as objectives. This makes intuitive sense because the robots
are fashioned to be able to replicate human activities or tasks that were intended to be
performed by humans. We can also see examples of the alternative in which humans in-
teract with robots that are either non-anthropomorphic or do not inherit the same human
functionalities. A recent study on safe-to-touch drones demonstrated that enabling physical
contact with drones can reduce mental demands in the performance of tasks [2].

6.4 Assessing Human-Robot Interfaces

In order to explore the human elements of physical interaction with a tensegrity and to
test our hypothesized framework, we developed a set of experiments with non-expert human
subjects that attempts to determine whether the proposed interaction modality is intuitive
from the unbiased human operator’s perspective. The data we collect from the interactions
will also be critical in testing the generalizability of the classifiers. In this section, we cover the
experimental protocol used to conduct these tests in an unbiased and scientifically rigorous
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way so as to maintain the integrity of the subjective results as well as the quantitative
measures. It should also be noted that this set of experiments features human subjects and
has been approved by the CPHS department! at the University of California, Berkeley under
an IRB protocol with ID 2020-01-12906.

As we proposed earlier, the experiments will focus on assessing the qualitative aspects of
how humans will interact physically with a force-sensing tensegrity. Specifically, the aspects
that are of highest interest are those relating to the intuitiveness of the interface. Intuitive-
ness, by our own definition in this context, refers to the degree to which an activity is easily
learned, understood, or assumed compared to the amount of effort or instruction required to
facilitate the execution of said activity. While there is obviously no direct quantitative mea-
sure of this outcome, we can infer the intuitiveness of an interaction through other means.
We start by recruiting a pool of human subjects that has no experience with tensegrities or
other compliant robotic systems. We then construct a set of scenarios for the human subject
to physically interact with the tensegrity that targets or leverages specific types of physical
interaction (e.g. our previously discussed physical interaction classes) to accomplish a par-
ticular task outcome or objective without providing any explicit instructions to the subject
on how to perform the intended physical interaction. We will measure the intuitiveness of
the physical interaction by how often the human subject performs an action that resembles
the intended action. Figure 6.1 shows two of our recruited subjects physically interacting
the force-sensing tensegrity in part of our experiments.

For each of our proposed physical interaction types, we will provide the subject with a
verbal prompt describing a desired task, objective, functionality, or context that should be
communicated to the tensegrity and that could potentially be benefitted or accomplished
through use of the associated physical interaction. The prompts will be crafted in such a way
as to not give any indication to the subject what kind of physical interaction they should
use to accomplish the goal. For example, a pull interaction might be useful in a scenario
requiring the human operator to expand the tensegrity from a flattened storage state to
be deployed for operation, and then a squeeze interaction could be used for the inverse.
We hypothesize that these contexts will elicit specific and intuitive responses from human
subjects that align with our expected or intended set of interactions.

Because the integrity of this experiment relies on the subjective impressions of the hu-
man subjects, it is of paramount importance that verbal interactions between experiment
personnel and human subjects be controlled and free of confounding factors that may bias
the reaction of the human subject. For this reason, we develop a script to be read aloud in
order to facilitate controlled exposure to only the aspects of the experiment deemed neces-
sary for safe execution of the tasks from the perspective of the human. The script begins
with an exposition to the first experiment explaining the process so that the subject knows
what to expect:

“In this first experiment, you will be physically handling the tensegrity as a way
to talk to it. The tensegrity can sense how you handle it through contact. The

"'Website: https://cphs.berkeley.edu/
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Figure 6.1: Still shots of two unbiased and inexperienced human operators physically inter-
acting with the force-sensing tensegrity in response to verbal prompts. The left subject is
attempting to pull on the structure of the tensegrity while the right subject is squeezing the
structure.

tensegrity is flexible, strong, and can withstand impacts, so you can manipulate
it in any way that makes sense to you. I will be reading to you a series of
prompts that describe things that you want the tensegrity to do. Your task will
be to physically handle the tensegrity in a way that you think will communicate
what you want the tensegrity to do. You can handle any part of the tensegrity,
excluding the ball in the center. You don’t have to do something new for each
prompt. The tensegrity won’t actually do anything in response, but you can
imagine that it responds if you’d like. Do you have any questions before we
begin?”

After reading the experiment exposition to the subject, the lab personnel will commence
the experiment and begin reading out the first prompt. There are a series of eight prompts
that span the four distinct physical interactions types being tested (two distinct scenarios for
each type of interaction). The prompts are randomized for each subject to reduce potential
ordering effects on the subject’s response and each prompt is self-contained and not intended
to be part of a sequence. The prompt scripts for the four interaction types are listed below:



CHAPTER 6. PHYSICAL HUMAN-ROBOT INTERACTION EXPERIMENTS 68

1. Squeeze:

a) “The tensegrity can shrink in size. Using physical interaction, tell the tensegrity
to shrink itself to a smaller size.”

b) “The tensegrity can change its shape to suit different applications such as becom-
ing flat for storage. Using physical interaction, tell the tensegrity to become flat
so that it can be stored.”

2. Pull:

a) “The tensegrity can grow in size. Using physical interaction, tell the tensegrity
to grow itself to a larger size.”

b) “The tensegrity can change its shape to suit different application such as becoming
flat for storage. Imagine that the tensegrity is flat from being in storage. Using
physical interaction, tell the tensegrity to expand from its flattened state.”

3. Handle:

a) “The tensegrity can sense when it’s being used and wake itself up. Using physical
interaction, tell the tensegrity to wake up.”

b) “The tensegrity can sense when it’s being inspected. Using physical interaction,
communicate to the tensegrity that you are inspecting it.”

4. Drop:

a) “The tensegrity can sense when it has been deployed by its human operator and
begin doing its tasks autonomously. Using physical interaction, deploy the tenseg-
rity so that it can begin its tasks.”

b) “The tensegrity can locomote across the ground. Using physical interaction, tell
the tensegrity to begin moving on the ground.”

The entire experiment is recorded on video in order to allow us to return to the recordings
later and determine whether a particular interaction met the requirements to be considered
a correct interaction based on predetermined criteria. The criteria for determining a correct
interaction based on the type of interaction is shown below:

e Squeeze : The subject compresses the tensegrity’s outer structure in two places using
both hands or a combinations of their hands and another rigid surface.

e Pull : The subject increases tension by pulling on the tensegrity’s outer structure in
two places using both hands.

e Handle : The subject picks up the tensegrity and rotates it to some degree in their
hands, resulting in new placement of one or more of their hands.
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e Drop : The subject picks up the tensegrity and drops it onto a surface from some
height (distinct from placing the tensegrity onto a surface).

Using this set of outcomes, we can accumulate measures of accuracy from the video
recordings of the physical interactions in the first experiment. As part of this set of human
subject experiments, we also would like to gather useable data for testing our classifier on
samples that are generated by non-expert operators. Since the subjects are not guaranteed
to reproduce the correct type of physical interaction to warrant a correct classification from
our algorithms, we must conduct a separate experiment that gives more specific instructions
to the subject. However, we will still not explicitly instruct them on how to accomplish
the interaction so as to encourage variability in the samples. The exposition script for this
second experiment is given below:

“In this second experiment, you will once again be physically handling the tenseg-
rity as a way to talk it. Instead of nonspecific prompts, I will give you specific
instructions on how to physically interact with the tensegrity correctly. Please
do your best to recreate the physical interaction based on the instructions given.
You can handle any part of the tensegrity, excluding the ball in the center. You
don’t have to do something new for each prompt, and you don’t have to do some-
thing distinct from the previous experiment. The tensegrity won’t actually do
anything in response, but you can imagine that it responds if you’d like. Do you
have any questions before we begin?”

The associated prompts for this second experiment are shown next. Note that each
instruction is still posed in the context of a specific task or function to be accomplished with
the tensegrity. This will become relevant for our post-experiment questionnaire that we will
have each of the subjects complete upon finishing the first and second experiments.

1. “Squeeze the tensegrity in order to flatten it for storage.”
2. “Pull on the tensegrity in order to increase its size.”
3. “Turn the tensegrity over several times in your hands to turn it on.”

4. “While holding the tensegrity out in front of you, drop it to the ground to deploy it
for its tasks.”

While we were slightly limited in procurement of human subjects to the conditions sur-
rounding the the COVID-19 pandemic, we were able to accumulate a pool of 20 subjects
(n = 20) for our experiments. The subjects consisted of individuals above the age of 18
who self report as having no experience with or exposure to concepts relating to tensegrity
systems. The experiments were held in the BEST Lab on University of California, Berkeley
campus.
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6.5 Human Subject Experiment Results

In this section, we present the statistical results from the first experiment on the intuitiveness
of the physical interaction schema as well as a discussion of our qualitative interpretations
of the responses from the subjects. Video data from the 20 human subjects was reviewed by
lab personnel and overall accuracy scores for each class were calculated based on the number
of successfully executed physical interactions over the total number of interactions for each
type. The resulting accuracies for the non-expert human subjects are tabulated based on
type of physical interaction below.

Table 6.1: Accuracy scores representing the frequency that non-expert human subjects were
able to correctly execute the intended physical interaction from associated verbal prompts
without explicit instruction.

Class Squeeze Pull Handle Drop
Accuracy (%) 97.5 87.5 57.5 30
Prompt S1/S2 P1/P2 H1/H2 D1/D2
Accuracy (%) 95/100 95/80 30/85 40/20

We can see from the resulting accuracies in Table 6.1 that there was some striking dis-
parity in accuracy between the different types of physical interactions. While certain types
of interactions like squeeze and pull interactions were immediately inferred and executed
by unbiased operators with consistency, others were less obvious or intuitive to our test
subjects. This would indicate that there are certain goal/action pairs with the tensegrity
robot—Ileveraging our proposed physical interaction types—that exhibit intuitive qualities
to the average human operator. Our interpretation of these results for the best-performing
types of physical interactions (squeeze and pull) is that they are inherently intuitive actions
to perform with a compliant robotic system.

While the results illustrating the intuitivness of squeeze and pull interactions are com-
pelling, there are certainly many potential factors that could be influencing a human oper-
ator’s response to an open-ended prompt like the ones given in our first experiment. For
example, we acknowledge the possibility that personal experience has a large effect on our in-
dependent interpretation of ambiguous instructions in unstructured contexts. Furthermore,
our proposed selection of interaction types and their mapping to outcomes or functions is
only one possible set of choices. This is evidenced by observations that were made during
the experiment with respect to the handle interaction—specifically the first handle prompt—
which were not frequently executed by subjects as intended. Instead of the intended physical
interaction, subjects invariably chose to perform a different interaction that involved quickly
tapping the outer structure with one hand. Upon observing these responses, it became ob-
vious in our retrospection that an intuitive action to wake up a sentient device would be the
same action that one would take to wake up a human.
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As part of our assessment of the responses of our test subjects, we had our participants
fill out a post-experiment questionnaire to collect information on their impressions of the
experience of physically interacting with the force-sensing tensegrity. The short questionnaire
consisted of four statements with Likert scale response options and then a fifth open-ended
written free response question in case subjects were interested in expressing anything specific
about their experience. Here are the exact wordings of the questions included in the post-
experiment questionnaire:

1. T did not feel hesitant to physically interact with the robot. (1-7 Likert response)

2. T was not afraid of damaging the robot while physically interacting with it. (1-7 Likert
response)

3. I was confident in how to communicate with the robot through physical interaction.
(1-7 Likert response)

4. Tt made sense how to communicate with the robot through physical interaction (after
learning the correct ways). (1-7 Likert response)

5. What was your impression of the robot? (Written free response)

We collected the responses for the n = 20 subjects and calculated the statistics (mean
and standard deviation) for the Likert response questions. The results are plotted in Figure
6.2.

The resulting statistics indicated a marginally favorable impression of the physical inter-
face across all measures from our questionnaire. With few exceptions, the subjects reported
that they at least somewhat agreed with the statement that they did not feel hesistant to
physically interact with the tensegrity. This would indicate that the subjects felt comfortable
putting their hands on the tensegrity without explicit handling instructions. The degree to
which the subjects were afraid of damaging the robot did vary a large amount, however.
Perhaps expectedly, the subjects reported that they felt just above neutral with regard to
their confidence level in physically interacting with the tensegrity. Even so, it is encouraging
to see that without having the prior understanding of how to physically interact correctly,
subjects still reported confidence in their actions to some level. Once subjects were given
more explicit instructions (as in second part of the experiment), the average subject agreed
that the interaction schema made sense.

We reviewed the free responses from the participants and made special note of any re-
sponses that concerned their perception of either the device itself or the experience of inter-
acting with it. There were several recurring sentiments that stood out to us in the responses
from test subjects. First, subjects were intriguied by the unconventional shape and me-
chanical behavior of the device. These responses seemed to reflect a general fascination
with how the tensegrity system might be used toward a given application and often involved
hypothesizing their imagined use cases. This result highlights another interesting property



CHAPTER 6. PHYSICAL HUMAN-ROBOT INTERACTION EXPERIMENTS 72

Post-Experiment Questionnaire Responses

It made sense how to
communicate with the robot }
through physical interaction

after learning the correct ways

I was confident in how
to communicate with the robot )‘ ——————— - e ‘I
through physical interaction

| was not afraid of
damaging the robot while | f=—=—=——===—=—————————-————---o I R S _I
physically interacting with it

| did not feel hesitant
to physically interact with o o ¢ emm—————— -I
the robot
@ o > g @ S
D T o ] =
S & g < @ S < & Se
s & & & fe ¢ §¢
& .
& & £ S £8 &P
Q 28 G

Figure 6.2: Resulting Likert question statistics from post-experiment questionnaire on par-
ticipant impressions of pHRI with the force-sensing tensegrity.

of tensegrity robots in that they tend to capture the imaginations of individuals who have
never been exposed to similar systems. Other responses from participants communicated a
transition from initial hesitance in interaction to more confidence as they began to under-
stand and recognize the physical resilience of the tensegrity through their handling of it. It
was encouraging to see that inexperienced human operators were quickly gaining comfort in
manipulating the device as they learned more about it by way of tactile feedback. Again,
we interpret this as a point toward justifying the physical modality as an inherently natural
form of interaction between human and compliant robot that can be learned quickly and
independent of explicit instruction.

At the same time, there were also free responses that we classified as generally negative in
their assessment of the robot and the interface. In these instances, subjects were particularly
concerned with trying to project their previous understanding of robotic systems and robotic
interfaces onto that of the tensegrity robot. When it was unclear how to do this, it became a
source of frustration and confusion especially when tasked with trying to accomplish a goal



CHAPTER 6. PHYSICAL HUMAN-ROBOT INTERACTION EXPERIMENTS 73

with limited instruction. Another source of negative feedback stemmed from their imagina-
tion of the intended use case as described by the prompts in our study. Since the device itself
is passive (unactuated) and won’t actually perform the operation described by the prompts,
our human subjects would occasionally report that it was difficult to visualize how the robot
would function toward accomplishing its tasks. This was an important data point because
it illustrates the importance of having a demonstration of functionality to condition how an
operator attempts to communicate concerning said functionality. In interacting physically
with a system that has some physical output, we can leverage commonalities in operation
and interaction to yield an intuitive communication such as in the case of physically guiding
an anthropomorphic manipulator through a task. As an equivalent example, we might have
the tensegrity robot compress itself or expand itself as intended in response to being squeezed
or pulled by an operator. In the future, we consider it an essential goal to be able to augment
actuated tensegrity systems with our force-sensing system to enable such studies, which we
believe will result in more representative human-robot interaction scenarios.

6.6 Classification Results

As part of our human subject experiments, we collected data on all of the physical interaction
scenarios in both the first and second parts of the experiment to utilize in our classification
framework testing. In particular, we will focus on data from the second part of the experiment
that involves prompting the subjects with specific, albeit limited, instructions on how to
physically interact correctly based on our hypothesized mappings. Since there is no guarantee
that the subjects would produce the correct interaction from this prompt, we refer back to
the video recordings to qualify or disclude the data associated to each interaction based
on whether or not the subject executed the interaction based on our previously established
criteria. We then process the data into observations for training and testing using the same
processing pipeline as before. We combine this data with data accumulated from controlled
testing as described in the preliminary results section of last chapter. It should be noted
that all of the results being presented in this section are related to the second-iteration
force-sensing tensegrity.

We start by considering the DNN implementation, and we train it using exclusively
data from controlled testing with lab personnel (referred to in subsequent figures as “V2”
data). As with the RF and kNN tests previously, we compare raw signal inputs and abstract
feature inputs on the performance of the classification. Figures 6.3 and 6.4 show the resulting
confusion matrices illustrating the performance of the DNN classifier.

The DNN classifier has excellent accuracy for both types of input processing with ab-
stract featurization performing slightly better overall. We can see that as the window size
increases, there is some dropoff in performance for both types of inputs, which indicates that
the framework is more suited toward classifying smaller sample sizes. This is particularly
encouraging to embedded implementations of this type of intent inference methodology be-
cause of the need for real-time decision making in operation. In order to further test the
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Figure 6.3: Confusion matrices for DNN with raw signal inputs trained and tested on control
data (V2) over various window sizes.
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Figure 6.4: Confusion matrices for DNN with abstract feature inputs trained and tested on
control data (V2) over various window sizes.

robustness of this framework, we broaded our training data set to include observations from
our non-expert human subject trials (referred to in subsequent figures as “HSE”). In this
way, we can explore the generalizability of the framework to less controlled data sets that
may be more representative of actual end-users. Figures 6.5 and 6.6 show confusion matrix
results for our DNN classifier with raw signal inputs and abstract feature inputs respectively
after being trained on V2/HSE data and tested on combinations of V2 and HSE data over
different window sizes.

In general, the DNN classifier does a serviceable job of retaining accuracy even in the
presence of observations with greater variance than the original data set. However, there is
a significant decrease in accuracy in comparison to the DNN model trained and tested on
exclusively V2 data, which indicates that it is not as generalizable as we would like it to be.
Instead of attempting a different network structure or heavily adjusting our parameterization,
we introduce a CNN-based approach to try to take advantage of the temporal dependence
of the physical interactions in our classification algorithm. To enable this approach, we
use exclusively raw signal inputs instead of the abstract featurization, as processing the
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Figure 6.5: Confusion matrices for DNN with raw signal inputs trained on a combination of
control data (V2) and human subject data (HSE) and tested on V2/HSE data, HSE data,
and V2 (left to right) over various window sizes (increasing from top to bottom).
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Figure 6.6: Confusion matrices for DNN with abstract feature inputs trained on a combina-
tion of control data (V2) and human subject data (HSE) and tested on V2/HSE data, HSE
data, and V2 (left to right) over various window sizes (increasing from top to bottom).
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Figure 6.7: Confusion matrices for CNN with raw signal inputs trained and tested on control
data (V2) over various window sizes.

signals into temporally-abstracted statistics would defeat the purpose of the CNN layer’s
convolution operation. First, we show the CNN implementation’s performance after being
trained and tested on V2 data in order to compare a baseline to our DNN models. The
confusion matrices for the CNN model with V2 data is shown in Figure 6.7.

As shown in Figure 6.7, the CNN model performs better than either of the DNN models in
terms of categorical accuracy (both raw signal and abstract feature inputs) across all window
sizes. We can also examine how well it performs in the presence of additional observations
from our human subject testing during training and testing. The resulting confusion matrices
can be found in Figure 6.8

The CNN model greatly improves on generalizability from the DNN models we tested.
At a window size of 10 samples (shown on the top row of Figure 6.8) tested over both
V2 and HSE data, we achieve a categorical accuracy of 91%. While the CNN model is
still better overall at an impressive accuracy of 98%, we should consider the context of
the data being used and the implications for the deployment of a similar system for use in
real applications. The data contained in the HSE data set is exctracted from completely
untrained and novice human operators whose only instruction was a single sentence prompt.
With minimal instruction and training of the human operator, the classifier was still able
to correctly classify across a set of distinct physical interactions with considerable accuracy.
Somewhat counterintuitively, the CNN model performance has difficulty with larger sample
size, and the accuracy declines as window size increases. We can gain more insight into this
phenomenon by examining the loss and accuracy curves during the training phase of the
CNN model in both cases of training data sets. This data is displayed in training/validation
loss curves and training/validation accuracy curves in Figure 6.9.

In particular, we highlight the loss curves for both the V2 and V2/HSE data sets on
the left two plots of Figure 6.9. For a window size of 100 samples, we begin to see strong
instability in the validation loss as we progress through the training epochs. Typically, this is
an indication that the data itself either has too much variability within class or that the model
is not effectively capturing underlying features as a result of complexity or tuning issues. In
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Figure 6.8: Confusion matrices for CNN with raw signal inputs trained on a combination of
control data (V2) and human subject data (HSE) and tested on V2/HSE data, HSE data,
and V2 (left to right) over various window sizes (increasing from top to bottom).
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Figure 6.9: Training and validation loss curves (left) and categorical accuracy curves (right)
for V2 data and V2/HSE data for CNN model training.

the case of the V2 data (top left), the model converges very quickly, so our initial attempts at
improving accuracy were focused on adjusting learning rates; however, this resulted in only
slight improvements to accuracy. The V2/HSE data set, on the other hand, reveals more
clearly the cause of this phenomenon through the stark deviation in training/validation
loss curves over the training process. This separation between training and validation loss
increases as a function of window size even under the optimal tuning conditions for each
case—as determined by iterative parameter tuning. As we initially suspected, the length of
the input (in terms of window size) results in too much variability in the signal characteristics
to yield a robust classifier, which will always tend to overfit.

Another way we can examine the overall feasibility of this classification-based methodol-
ogy for inferring physical interactions is by taking a look at the AUC scores across window
size for the CNN model. As mentioned in our analysis of the benchmark classifiers in our
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Figure 6.10: AUC scores during validation testing for our CNN model with V2 data (top)
and V2 and HSE data (bottom) across different window sizes.

preliminary experiments, AUC is an effective indicator of the separability of classes based
on the receiver operating curve of a classifier. The AUC scores are shown in Figure 6.10.

In both cases, the AUC scores demonstrate consistently high separability with some slight
decreases at larger window sizes. This gives us confidence that the underlying data extracted
from both controlled (V2) and inexperienced (HSE) use cases are readily distinguishable us-
ing our CNN framework. It also further solidifies smaller window sizes as more generalizable
and consistent for classification of our chosen set of physical interactions.
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6.7 Sequential Classification Using HMM

Now that we have a framework for classifying independent samples of physical interactions
accurately, we examine how well the framework performs in a more representative scenario
where samples are extracted sequentially from a whole physical interaction from start to
finish. This is intended to simulate an operational situation in which the deployed classifier
is being used to infer the physical interaction over time, which is then stored as an internal
state to be used toward some desired function. We consider four different whole interactions
(squeeze, pull, drop, handle) and perform classification at each time step over the course of
the interaction. It should be noted that in a real scenario, there would be limitations imposed
by hardware and model complexity on the rate that we can perform this classification in real-
time. Our work here is completed entirely offline on controlled interactions from our V2 data
set. The results of the classification with physical interaction type indicated by color are
projected over the raw data used in the classifier in Figure 6.11.

Assessing the performance of the classifier in each type of interaction, we can observe
that the overwhelming mass of the interaction is classified accurately with the occasional
section of noise interspersed. This is an inherent drawback of the chosen methodology in
sequential classification scenarios because each individual sample is classified independent of
the previous sample and without regard to any underlying belief of the current classification.
If we seek to extend this approach to create a practical interface, we require more consistency
over contiguous interaction events.

Conveniently, we have some useful tools for determining state evolutions based on ob-
servational data. A Hidden Markov Model (HMM) is a representation of a Markov process
that seeks to recover the underlying (or hidden) state of said process by considering only an
observation of the state. They are commonly applied in the context of estimating discrete
states from noisy measurements on stochastic processes. In the case of our problem, we start
by assuming that the type of physical interaction being performed by the human operator is
the state in a Markov process in which the likelihood of the human performing a certain type
of interaction in the current state is only dependent on the previous state. Our measure-
ment process is represented by the classification of physical interactions from the force sensor
data, which has some inherent noise as a result of model inaccuracies. We constuct an HMM
with some assumed transition and emission probabilities that are weighted toward creating
contiguous state sequences. We then apply the forward algorithm to filter the sequence of
hidden states in a given sequential classification effort such as the previous cases shown.

To demonstrate this approach in practice, we present a scenario in which a human oper-
ator is required to input a sequence of physical interactions using a predefined input scheme
for leveraging physical interaction toward controlling the locomotion of an arbitrary device.
In other words, we hypothesize a mapping from physical interactions with a force-sensing
tensegrity (acting as a controller in this context) to two-dimensional motion of an agent in
space. The hypothetical input scheme can be described as follows:

e Picking up the tensegrity (handle interaction):
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Figure 6.11: Sequential classification results on whole interactions by type of interaction.
(Classification results are illustrated by color and projected over the raw data.

— If uninitialized, detect accelerations for determining an initial reference frame.

— If initialized, continue last motion direction and wait for new input.

e Squeezing the tensegrity (squeeze interaction):

— Detect accelerations for new motion direction.

e Pulling on the tensegrity (pull interaction):

— Stop all motion and wait for new motion direction.

e Moving tensegrity in 2D direction (no assigned physical interaction):

— Extract direction of acceleration and apply motion in detected direction.
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Figure 6.12: Raw force data (top) and raw acceleration data (bottom) from sequence of
physical interactions in hypothesized scenario.

Using this input scheme, we can simulate a scenario in which a human operator is con-
trolling an agent to execute a two-dimensional trajectory by using a sequence of physical
interactions. To test how well we can extract a sequence of inputs using our classification
framework, we perform a sequence of physical interactions that would produce an arbitrary
trajectory based on the previously described input scheme. We then process the raw data
offline to illustrate the accuracy of our classification framework in a sequential classification
task. Figure 6.12 shows the raw force and acceleration signals from an example sequence
of physical interactions. For clarity, we will describe the expected sequence of inputs that
yielded this raw data (handle interactions are interspersed throughout the sequence but are
omitted for brevity):

e Direction (initialization) —Squeeze —Direction —Pull —Squeeze — Direction —Pull
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HMM Filtered Sequential Classification of Physical Interactions
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Figure 6.13: Sequential classification results on simulated interaction sequence. Classification
results are illustrated by color and projected over the raw data.

—Squeeze — Direction —Pull —Squeeze —Direction —Squeeze —Direction —Pull.

The first step in processing this sequence is to perform initial classification on overlapping
samples of raw force sensor data using our CNN-based model with a window size of 50 sam-
ples. This results in an inital noisy sequence of classifications spanning the entire interaction
sequence. These observations then pass through our HMM filter to reveal the underlying
physical interaction states. We use the equivalent of a state machine implementation to
process the filtered inputs into functions based on our input scheme and correlate with raw
acceleration data for directional inputs. Directions are inferred by projecting all accelerations
onto the two-dimensional plane established by the gravity vector and then referencing them
to an initial direction provided at the start of the interaction sequence. The final sequential
classification is shown in Figure 6.13. Inferred directions for each post-squeeze directional
input are shown in Figure 6.14.

We simulate the input sequence scenario by using it to control a tensegrity in a grid
world simulation. As described in our outline of the input framework, the input sequence
will control the tensegrity’s locomotion through a 2D path. The paths are generated by first
constructing waypoints from the inferred sequence of interactions (i.e., mapping directions
and timings of physical interactions to propagate the tensegrity’s state). We then use an A*
path planning approach to plan paths between the various waypoints. The resulting simu-
lated path is shown in Figure 6.15. The tensegrity begins at the “start” position waypoint
and receives a command from our input framework to move forward for a certain amount of
time resulting in its transition from the “start” waypoint to waypoint 1. The remainder of
the path is executed accordingly.

As shown in Figure 6.13, the HMM filtering contributes tremendously to the consistency
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Loo Normalized Directions Inferred from IMU Data
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Figure 6.14: Normalized direction vectors extracted from IMU data after being correlated
with classified inputs in sequence. Directions are given in a world frame. Refer to Figure
6.15 for an illustration of the resulting path.

of classification accuracy. While there are still several brief segments of incorrect classifi-
cations within the sequence, these instances can be filtered out using simple thresholding
on length of state segment. Using this final inferred sequence, it would be straight forward
to program an agent to use these inputs toward motion control in two-dimensional space.
This is just one example that makes due with the fact that the force-sensing tensegrity is
currently limited to sensing only. Other input schemes could be leveraged to provide inputs
to a device that is also capable of actuating or performing other useful functions with some
creative interface design, as suggested in the beginning of our discussion on applications for
this technology.
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Figure 6.15: Simulated path of six-bar spherical tensegrity in response to input sequence
from physical interaction input framework. The paths are generated by connecting waypoints
inferred from directional commands and connected by an A* path planning routine. The

triangles represent faces of the tensegrity that are resting between steps in the locomotion
of the device.
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Chapter 7

Conclusions and Future Work

7.1 Conclusions

The world we live in is large, unstructured, and constantly changing. As we continue to
develop intelligent robotic systems that are intended to operate in human contexts, roboti-
cists must recognize the importance and inevitability of physical contact and leverage it in
order to achieve robust and efficient operation in dynamic environments. Toward this goal,
we have presented our work on the development of new hardware platforms and practical
methodologies that look toward the future of physical human-robot interaction with com-
pliant robotic systems like our spherical tensegrities. We hope that this project will inspire
future efforts focusing on the development of hardware and software frameworks for realizing
emergent mechanisms of physical human-robot interaction that break the mold of relying on
conventional anthropomorphic and rigid robotic systems.

We began this dissertation by highlighting some of the most important factors in the
design of contemporary robotic architectures to outline challenges that researchers face in
making these systems more physically tolerant. Our discussion of pHRI in its many forms
in current literature helped us understand how traditional approaches to pHRI are limited
by the mechanical characteristics of the platforms used to research them. In response, we
introduced tensegrity robotics as an exciting new direction for robotic architectures that of-
fers dramatically improved robustness to physical contact. With compliant robotic systems
like tensegrities, we could explore novel mechanisms for pHRI that challenge our previous
assumptions about how humans and robots should interact physically. This fuels our con-
versation of the future of resilient tensegrity robots that welcome physical contact as a way
to improve the intuitiveness and efficiency of human-robot collaborative tasks such as those
seen in disaster response scenarios.

As a first step toward developing an investigative platform using tensegrity design con-
cepts, we introduced a standard representation and specific topology of tensegrity that would
be useful for our study. Using our assumed tensegrity model, we conducted a series of anal-
yses on theoretical tensegrity statics and simulated dynamics. We presented a strategy for
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the selection of a subset of internal members that, when instrumented with force sensors,
will allow for the distinction of unique physical interactions in a static case. A simula-
tion of simplified tensegrity dynamics gave us key data points from which to design sensor
instrumentation in a prototype system.

One of the most important contributions of our research toward physical human-robot
interaction with tensegrity systems is the iterative prototyping of a force-sensing tensegrity
platform. Our first iteration featured novel sensor packaging in order to demonstrate the
feasibility of our force sensor array design. Initial results with this system were critical in
confirming that by instrumenting the chosen subset of structural members, we could reliably
distinguish categories of physical interactions. The second iteration prototype refined our
sensor packaging approach, improved the embedded infrastructure, and resulted in a more
robust platform for conducting human subject experiments.

Investigating the hypothesized framework for classifying different physical interactions
relied on a varied search into contemporary supervised learning algorithms and methodolo-
gies with an emphasis on deep learning architectures. In particular, we focused on using this
approach to understand the effects of choosing different featurization and modeling tech-
niques on the performance and practicality of the classification framework for real use cases.
We settled on a CNN-based model and concluded that smaller sample sizes of raw force
signals resulted in greater overall accuracy and generalizability of classification. To support
this conclusion, we performed tests from data gathered in both controlled experiments with
lab personnel and with unbiased non-expert human operators.

In order to understand how well this physical interaction framework translates into in-
tuitive interactions from a human’s perspective, we created a set of experiments that were
designed to assess intuitiveness of interactions in the context of hypothesized use cases.
These experiments placed unbiased and non-expert human subjects into specific scenarios
that required them to use intuition and creativity in order to infer what interaction would
result in the correct function for a given scenario without explicit instruction. The results
of these experiments demonstrated that our hypothesized framework and the prototype it-
self facilitated an intuitive understanding of the appropriate way to interact with compliant
robotic systems like our force-sensing tensegrity. We are encouraged by the positive impres-
sions reported by participants in our study and consider it an indication of the suitability of
this interface for adoption in real applications.

Upon the conclusion of these research efforts, we reflect upon some of our main takeaways
and some critical implications for the field of physical human-robot interaction with compli-
ant robotic systems. We began our research with the goal to investigate how the emergence
of compliant robotic systems like tensegrity robots could expand possibilities for physical
human-robot interaction. We demonstrated in this work that—in addition to their well-
established mechanical advantages and characteristics—tensegrity structures can facilitate
the detection of physical interactions through novel sensor instrumentation design method-
ologies. While we focused on one particular topology of tensegrity robot in the spherical
six-bar tensegrity, these techniques can be extended to all similar tensegrity realizations
and applications given the appropriate assumptions. We imagine other implementations of
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tensegrity robots with arbitrary shape and function that can leverage the same approaches
toward force-sensing in a number of physically demanding applications. The hardware design
choices we presented are also of particular relevance to future extensions of this technology.
By focusing our sensor packaging design on the connection points of the tensegrity structure
instead of the elastic elements or rigid elements, we enable the design of similar sensor ar-
rays for any tensegrity implementation agnostic to the characteristics of constiuent structural
elements.

The nature of this research study is inherently forward looking toward the continued
appearance of compliant robotic systems in real-world applications within human contexts
and the potential for the design of innovative mechanisms for pHRI. The ultimate goal is
to take advantage of the compliance and physical resilience of robots like tensegrities to
explore physical interactions in new ways that were previously impossible with traditional
rigid robotic systems. To that end, this work resulted in some clear indications that the
proposed space of new physical interactions offers possibilities for pHRI that are uniquely
intuitive and expressive in the context of the robot’s intended use cases.

7.2 Future Work

As we reflect on the work presented in this dissertation, we envision future work that will
benefit greatly from the foundation provided by our investigation into pHRI with the force-
sensing tensegrity. Of increased interest to us is an exploration into how different force-
sensing tensegrity topologies that are distinct from the spherical six-bar tensegrity featured
in this work could offer avenues for creating new classes of physical interactions that are
unique to those specific shapes. One of the great advantages of tensegrity robot platforms
is their configurability, which allows them to be adjusted in shape and function depending
on the needs of the application. We already descrined numerous previous works that fea-
ture tensegrity topologies that are vastly different from our proposed platform in terms of
structure and application. We are interested in investigating whether enabling these types of
tensegrity systems with force-sensing capabilities will unlock unseen potential for useful pHRI
outcomes while also demonstrating the extensibility of the methodologies demonstrated in
this dissertation.

Another future research direction that we alluded to earlier during the assessment of
our human subjects experiments was the development of a fully cable-actuated force-sensing
tensegrity. While having a platform dedicated to exclusively sensing greatly simplifies the
process of prototyping and testing this interface, it does not allow us to investigate full
realizations of the intended functionality where a physical interaction input directly maps
to and results in the intended action, such as locomotion, tensioning and untensioning, or
reshaping of the tensegrity structure. In order to accomplish this, we propose leveraging
actuated versions of the spherical tensegrity—motably Squishy Robotics Inc.’s mobile spher-
ical tensegrity—along with an added force-sensor array, taking into consideration the design
principles established in this dissertation. We could then apply similar experimental pro-
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tocols with the added benefit of having tangible functionality demonstrated in real-time as
opposed to relying on the description of functions by lab personnel or the imagination of the
human subjects.

In addition to the ability to detect and distinguish physical interactions as inputs, we
might also be interested in using the force-sensing capacity of the spherical tensegrity to
provide critical state information beyond human-robot physical contact. For example, we
might use force sensing as a way to understand static environmental factors such as surface
conditions. This information could be essential to modulating a control policy for locomotion
that is capable of operating robustly over different surface materials or slopes. It is also
possible that the addition of internal force data could be constructive for model-based state
estimation to supplement current filtering approaches that previously relied on only IMU
data and encoder feedback from actuated cable elements.

At this point, we have limited our discussion of the implications of this research on future
work to be within the domain of tensegrity systems; however, we see the methodologies
presented in this dissertation as being instructive for other similar manifestations of physical
interaction with compliant robotic systems. Our intent in exploring pHRI with compliant
robotic systems is to better understand how their favorable mechanical characteristics might
reveal more useful pHRI mechanisms and frameworks that would be otherwise impossible
with rigid architectures. In demonstrating the functionality of our tensegrity platform as
well as investigating the usefulness of our proposed input framework, we now have a better
understanding of how to design similar frameworks for other compliant robotic systems.

Finally, there are many human-centered aspects of the design of these interaction frame-
works that have yet to be considered. Toward the design of physical interactions that are
intuitive and expressive, we anticipate an iterative process of experimentation with human
subjects that will expose the advantages and disadvantages of certain kinds of physical inter-
actions depending on a range of different human factors. Especially important to this process
will be the development of interaction experiments that resemble or simulate relevant ap-
plications such as the illustrative example of disaster response. We hope to eventually test
a refined version of our input framework and prototype force-sensing tensegrity with actual
first responders so that we can better understand the specific needs of these end users.

We are tremendously excited about the future prospects of developing more sophisticated
tensegrity devices that leverage this new modality of pHRI and look forward to the continued
use of tensegrity concepts toward the development and adoption of compliant robotic systems
in human contexts. Beyond tensegrities, our greatest hope is that this work will inspire a
broad range of interesting new investigations into how compliant systems in general can offer
roboticists an alternative perspective on the design of physical interfaces for human-robot
interaction.
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