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Abstract

Current robotics design and engineering trends typically focus on high-value applica-
tions where high performance, precision, and robustness precede cost, accessibility, and
environmental impact. In this paradigm, the capability landscape of robotics is largely
shaped by access to capital and the promise of economic return. This thesis explores an
alternative paradigm in which the broader utility of robots is achieved via expanding the
design space available for building robots using low-cost, accessible, and environmen-
tally sustainable materials. Specifically, I focus special attention on soft robotic systems in
which robot capabilities are achieved using rubbers, gels, and other compliant materials.
This approach aims to lower the cost-of-entry to creating robots such that the technol-
ogy is accessible to those outside highly resourced academic and corporate organizations.
In particular, I explore how creating robots with soft and biologically-derived materials
achieves these aims.

In the first part of the thesis, I apply well-established sensing and control methods to
soft robotic platforms constructed from silicone rubber and other commonly used syn-
thetic soft materials. We adapt these methods to account for the robots” soft material
morphologies, sensors, and actuators and characterize the resulting challenges to perfor-
mance and long-term use.

In the second part, I design and implement a modular robotics research platform that
enables data collection across multiple soft material systems. In particular, I demonstrate
the ability to collect longer-term data to address the challenges of using soft materials
beyond short-term experimentation.

In the third part of the thesis, I examine the mechanics and functional capabilities of
a class of gelatin-based biomaterials with potential applications in robotics. The purpose of
this is to explore the reduction of costs and barriers associated with creating robots via
biomaterial composites with the potential to function as various components of an em-
bodied robotic system. Specifically, I formulate composites composed of readily available
food-grade materials, agricultural waste, and overabundant by-products, which display
physical properties that can be tuned via composition and processing.

Finally, I use this class of biomaterials to create a conductive gelatin-based composite
with high electrical conductivity and robust mechanical properties. I fabricate this com-
posite with ingredients and tools that are accessible to a broad population and demon-
strate its application in soft and wearable electronics.
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Chapter 1

Introduction

The public imagination of robots is astonishingly varied, with robots being depicted as
versatile tools to improve human life, high-tech toys, scientific instruments, replacements
for human labor, and even artificial life. The material impacts of real robotic systems
on our shared society and ecology depend on their intrinsic characteristics and how we
choose to use them [1]. Existing systems shape our vision and conversations around fu-
ture technology and hold the potential to shape that technology, in turn [2—4]. I hope that
the work presented in this thesis enables more people to participate in creating robotic
systems and the prefiguration of a more equitable and sustainable future.

Consider the creation of an industrial robotic arm, a process that relies on the precision
engineering of robust, rigid materials and the assembly of many parts into articulated
kinematic chains that exhibit rigid-body dynamics. The design paradigm allows the use
of well-developed modeling, sensing, and control techniques optimized for rigid-body
robots. The result is a high-performance device that can operate precisely for extended
periods. From the perspective of robots as a form of physical capital, these properties
appeal to those with the resources to purchase or develop these systems. The broader
impact of these technologies is complex. Their effectiveness at replacing human labor
decreases wages and employment in the industries that embrace them [5].

Additionally, the most prolific application for industrial robotics is in automotive man-
ufacturing [6], which currently has a fraught relationship with sustainability [7-9]. How-
ever, there is evidence that industrial robotics has the potential to contribute to "green
innovation" [10]. The future direction industrial robotics will take has not yet been de-
cided. However, due to the high barrier to entry for developing those systems, it won't
be easy to ensure its development reflects the needs and values of the public [1].

As a counterpoint, the rise of additive manufacturing and freely available educational
material online has led to engineering knowledge and manufacturing capabilities becom-
ing more distributed among the public [11, 12]. Modern-day cottage industries have
sprung up for many goods and services, making production less centralized and more
responsive to people’s diverse needs and values [13, 14]. Outside of the market model,
maker spaces have arisen as community-scale centers of DIY problem-solving, and many
libraries have used the increased accessibility of manufacturing technologies to provide
free education and services to their communities [15]. Inexpensive robotic technology can
be used in education from middle school to graduate levels, and the low cost allows that
benefit to spread outside institutions with online courses [16]. By following the pattern of
additive manufacturing, focusing on inexpensive robotic systems, robotics could become
as accessible and replicate the current boom in open hardware, maker communities and
education.
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Soft robotics are a promising substrate for exploring this direction of robotic systems
development. Soft robotic systems are primarily composed of mechanically compliant
and deformable materials, and their governing mechanics are typically dominated by
material deformation. Their compliance promises safe integration into domestic environ-
ments and contact with humans [17]. Some can be inexpensive to fabricate, constructed
with few parts, and from various materials [18]. A particularly striking example of this
is Arthrobots, which are made from drinking straws and balloons [19]. The educational
applications of inexpensive robots are enhanced by soft robotics. Soft robots can be easier
for a broader population to approach than rigid robots due to avoiding established stereo-
types among students about the kind of person that can do robotics, increasing diversity
in, for example gender [20]. It is also often fairly accessible for educators to bring soft
robots into educational environments due to easier safety assurance, some intrinsically
inexpensive classes of soft robot [21, 22].

The orientation of this thesis towards the question of sustainability is not in the appli-
cation of robotics to environmental applications, which is a distinct and better-established
articulation of this relationship [23]. Instead, it is the ecological impacts of robotic systems
development itself that I aim to address. In the case of soft robotics, there are many po-
tential ways to improve their sustainability [24]. The intimate connection of their function
to the materials they are composed provides a compelling justification for starting with
materials.

A note about definitions: The term biomaterial is established in the field of biomed-
ical engineering to refer to materials designed to interface with biological systems,
especially materials designed to be implanted into living bodies or to have living cells
grown on them [25]. These materials could be either synthetic or biologically-derived.
In this thesis, I instead use the term biomaterial in opposition to fossil-fuel-derived
materials to refer to materials derived from biological sources built with biologically
derived molecules and polymers. The orthogonal factors of material sourcing vs. ma-
terial biodegradability are shown in Figure 1.2.

In Figure 1.1, we see various stages of life at which to evaluate the sustainability of
materials. Biomaterials have sustainability benefits at the extraction stage and often at the
disposal stage [26]. Gelatin-based biomaterials are a great example of this and serve as
the basis for the materials work presented in this thesis.

1.1 Overview

Challenges in Soft Robot Autonomy

In Chapter 2 of this thesis, I identify aspects of the robotics stack that are impacted by
using soft materials in robotic construction. Work on controlling inexpensive systems
demonstrates the need for different control methods when we move away from the as-
sumptions of the dominant trends in robotic system design. While rigid-body systems
can rely on closed-form solutions to the robot’s fundamental kinematics, in the soft robots
field, this is often reliant on data-driven empirical methods [28]. I examine diverse soft
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FIGURE 1.2: Orthogonal factors of biodegradability and materials sourcing
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robotics platforms under various task contexts to establish specific challenges in soft robot
autonomy.

Research Question: How do the multi-physics dynamics of soft materials challenge
effective soft robotic autonomy?

Research Question: To what degree are traditional dynamics modeling methods
capable of enabling soft robotic autonomy?

Research Question: What are the bottlenecks for advancing the capabilities of soft
robotic autonomy?

Enabling Soft Robotic Hardware Datasets

I'aim to enable the refinement of accessible robotic technologies by developing a platform
that allows for long-term experiments, compatible with the kinds of materials developed
in Chapters 4 and 5, and suitable for evaluating solutions to the challenges identified in
Chapter 2. Additionally, the costs of this platform itself are kept low, hoping it might al-
low for the kind of collaborative scientific project embodied by endeavors like the Robotic
Research Cloud [29].

Research Question: How effective will a research platform constructed from off-
the-shelf electric motors and soft material mechanism be at long-term collection of
soft robotic hardware data?

Research Question: Do the differences in material properties between soft mate-
rials result in measurable changes to the dynamics and behavior of a soft parallel
manipulator?

Gelatin-based Biomaterials

In Chapter 4, I exploit the coagulation of gelatin with either ethanol or isopropyl alcohol,
previously reported in fiber-spinning literature [30, 31] and apply it for the first time to
the fabrication of a bulk biomaterial. I use glucose syrup and glycerol as co-solvents and
dehydrate the hydrogel to achieve good mechanical properties.

Research Question: How can readily available ingredients derived from biological
sources be used to create mechanically?

Research Question: How can domestically available tools and techniques (e.g.,
ovens, food dehydrators) enable synthesis of novel gelatin-based biomaterials?

Research Question: How can the fabrication processes and material properties
of gelatin be modified to improve suitability of gelatin-based biomaterials for soft
robotics?
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Accessible Soft Electronics with Conductive Gelatin Composite

In Chapter 5, I add electrical conductivity to the gelatin-based biomaterial formulated in
Chapter 4. The fabrication process used is designed to be achievable with consumer-grade
equipment. I demonstrate extremely high electrical conductivity, good stretchability, and
functionality as a soft wire and electromyography electrode. I further show that by con-
trolled assembly of silver flakes.

Research Question: Can a stretchable, conductive biomaterial suitable for use in
soft electronics be produced with accessible fabrication methods?

Research Question: Can dynamic material properties of gelatin hydrogel be lever-
aged to enable controlled assembly of conductive filler particles?

Research Question: How do the mechanical properties of highly stretchable coag-
ulated gelatin hydrogel respond to the addition of conductive filler?

Research Question: How do mechanical and electrical properties of conductive
gelatin hydrogel compare to the state of the art?

Contributions:

The overall flow of this thesis is shown in Figure 1.3. My core contributions are as follows:

¢ The application of well-established methods of enabling robot autonomy to soft
robotic systems and the identification of trends and challenges in soft robotic au-
tonomy deriving from intrinsic soft matter physics (Chapter 2, [28, 32, 33]).

* The design and implementation of a research platform capable of carrying out long-
run data collection and machine learning experiments of soft materials in a robotic
parallel manipulator (Chapter 3).

¢ The introduction of a highly stretchable hydrogel leveraging inexpensive biomate-
rials derived from waste and surplus material stock and an accessible process for its
fabrication (Chapter 4, [34]).

¢ The introduction of a highly stretchable and electrically conductive composite from
gelatin hydrogel and silver flakes, and an accessible process for its fabrication (Chap-
ter 5, [34]).
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Challenges in Soft Long-term Experimental Gelatin-based Accessible Soft
Robot Autonomy Platform Biomaterials Electronics

FIGURE 1.3: Overview of the sections of this thesis.



Chapter 2

Challenges in Soft Robot Autonomy

In this chapter, I study the autonomy of soft robot systems constructed from traditional
non-degradable soft materials. These systems are of interest in their own right due to
their intrinsic potential for operating safely alongside humans derived from their gen-
erally lighter construction and ability to conform to the surfaces they contact instead of
rigidly colliding [35] [18]. If the development of robotic systems is to be made more ac-
cessible, reducing the hardware complexity needed to ensure safe interactions makes soft
material systems an attractive option on account of their inherent material robustness and
mechanical compliance. In addition to the impacts of their external interactions, the im-
plications for the autonomy of these soft materials might provide a fertile experimental
ground for understanding how we can operate soft robots without the massive modeling,
sensing, and control simplifications offered by high-precision rigid-body engineering.

When soft materials are integrated into robotic systems, their impact varies depending
on which components of the robot architecture are made soft. Soft material sensors can
be integrated into existing rigid-body systems with minimal extra operational complexity
while providing novel state-sensing capabilities (Figure 3.1A) [28, 36]. On the other hand,
when a robot’s actuators and moving body are primarily constructed from soft materials,
there is no longer an ability to rely on rigid body kinematics. In these systems, where their
dynamics are dominated by soft material deformation, state representation, sensing, and
control are open problems. 3.1

The work of Deisenroth et al. on data-efficient learning on inexpensive robotic hard-
ware shows us some of the challenges an inexpensive rigid-body robotic arm presents
for control [37]. For most robotic arms, high-precision joint-space state estimation is en-
sured via sensors embedded in each joint, usually encoders on the joint motors. But for a
minimally-expensive arm like this one, onboard sensors of this kind are not guaranteed.
Additionally, joint slop and motor backlash contribute to a partial decoupling between ac-
tuator outputs and robot configuration, i.e., it doesn’t go quite where it’s told, and external
forces can move it from the configuration prescribed by the actuators. We can see then the
deeper connections between soft and inexpensive systems, where the inexpensive system
recapitulates the partially observable and partially controllable features of soft systems,
the difficulty of sensor integration into soft systems, and the intrinsic decoupling between
actuator state and robot configuration mediated by soft material deformation. As we in-
tend to enable the development of soft and inexpensive systems, further exploration of
these features of soft materials is a promising line of research.
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2.1 Closed-loop Underwater Crawling of Brittle star

Z.]. Patterson, A.P. Sabelhaus, K. Chin, T. Hellebrekers, and C. Majidi. "An untethered brittle
star-inspired soft robot for closed-loop underwater locomotion.” In 2020 IEEE/RS] International
Conference on Intelligent Robots and Systems (IROS), pp. 8758-8764. IEEE, 2020. [32]

Author contribution: I formulated the state representation, implemented the vision-
based state feedback, and designed and implemented the algorithm for planning over
primitives. Z.J. Patterson led the design and fabrication of the soft robot testbed.

2.1.1 Brittle Star Robot

The experimental platform for this work is PATRICK, a brittle star (ophiuroid) inspired soft
robot 2.1A. PATRICK is the first untethered underwater crawling robot reported in the lit-
erature. Like the brittle star, PATRICK moves by multidirectional crawling on submerged
surfaces. This robot has a central electronics core, with five radially symmetric legs that
can bend about two axes (no torsion) via two pairs of antagonistic actuators embedded in
each leg. The legs are composed of silicone (Smooth-On DragonSkin 10 NV silicone elas-
tomer), and their shape is achieved via 3D-printed molds. They are powered by shape
memory alloy (0.008in Dynalloy 90°C Flexinol® with a 0.054in helical diameter) (Figure
2.2).

We evaluate the locomotion performance of PATRICK under tasks requiring closed-
loop control. Since PATRICK is not equipped with local proprioceptive sensors, com-
puter vision from an overhead camera was used to track colored markers attached to
PATRICK’s dorsal surface. The location of a floating goal object (yellow ball) is also
tracked this way. (Figure 2.1B) and communicated to the robot via wireless communi-
cation (Figure 2.3). The task is then to follow the goal object.

FIGURE 2.1: A) The brittle star-inspired robot, PATRICK. B) Autonomous
underwater crawling of PATRICK towards the goal object.

2.1.2 Reduced State and Action Space Representations

Due to the deformable nature of the structure of PATRICK’s body and actuators, its mo-
tion has many inherent nonlinearities, which is further compounded by the multi-physics
contact and drag dynamics of locomotion on an underwater surface. The challenge be-
comes creating a controllable system representation despite the unmodeled true dynam-
ics. Without a high-fidelity a priori model of the effects of control effort, we need to be
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FIGURE 2.2: A) One of the two bending axes is achievable with the activa-
tion of shape memory alloy spring actuators. B) PATRICK without silicone
core and battery to show electronics.
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FIGURE 2.3: (A) System architecture for PATRICK and its testbed. A cam-
era pointed at the robot tracks various markers via OpenCV running on a
connected computer. Embedded software on the robot communicates over
Bluetooth Low Energy to similar software running on a separate board for
communication over USB (red) to various ROS nodes on the computer. (B)
Architecture for the various nodes used in the Robotic Operating System
(ROS) package for the PATRICK robot. The Intel RealSense camera package
supplies frames, then four separate nodes perform state estimation from
markers on the robot, motion planning, data logging, and communication
with the robot itself. Commands are sent to and from the hardware robot
via the microcontroller attached over a USB serial port.
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able to perform system identification on the hardware in the space of the chosen represen-
tation. Given the engineering complexity of the research-grade system and the likelihood
of extended operation leading to repairs, we seek as few parameters as possible to limit
the amount of hardware data required.

State Representation

The intrinsic state of PATRICK is much more complex than a comparable rigid system.
If we consider the robot as a body with five limbs attached, a rigid PATRICK would have
five limbs, each with two axes of rotation, resulting in 10 actuated degrees of freedom cor-
responding to biaxial leg rotation and six unactuated degrees of freedom corresponding to
the global pose of the body in 3D euclidean space (SE(3)). PATRICK has the same ten actu-
ated degrees of freedom corresponding to biaxial leg bending and six Euclidean degrees
of freedom. However, it also has uncountable additional unactuated degrees of freedom
due to soft material deformation. Every silicone polymer chain has many degrees of in-
ternal freedom and interacts with other polymer chains, the locomotion surface, and the
surrounding water. Thus, we resort to higher-level abstraction in order to write down any
representation. We could consider a planar model of the state, incorporating the global
2-dimensional pose of the robot {x,y, 60}, and the state of the limbs relative to that frame.
For the limbs, we can model curvature without torsion, stretching, or changes to cross-
sectional area, resulting in the curvature of the ith limb being expressed as a continuous
function along the limb k;(I). In this case, the overall state of the robot would be

Xintrinsic,t = {xt, Yt, Qt, kz‘,t(l)}, = {0 . 4}, 0 < l < limb length L]

Unfortunately, the curvature function would require some additional parameteriza-
tion to be practically useful. For contact-rich systems, that is somewhat of an open prob-
lem (though we will pursue this later in this chapter). Special cases, like the piece-wise
constant curvature assumption, have been used to simplify the modeling of many soft
limbs [38, 39]. In that case, the state of each limb would be defined by two curvature
parameters, which would put our dimensionality at 13, 3 (global pose) + 10 (limb curva-
tures). However, this does not capture the fact that contact with the ground can change
the curvature of the limb, which immediately makes it infeasible as a state representation
for any valuable model for motion planning of the system. Finite element methods can
capture these contact constraints to a fairly high-fidelity degree but are computationally
exceedingly slow, especially if we want to understand the motion of the limb throughout
its gait and the resulting effects. Rather than pursue this avenue for PATRICK, we choose
to drop explicit modeling of the limb configuration and focus only on the quasistatic pose
of the central body, leaving our state as

Xt = {xt/ytrgt}

This state representation then informs the necessary action representation, enabling us to
build more compact action representations on these state assumptions.

Action Representation

The shape memory alloy (SMA) used in PATRICK’s limbs is a metallic alloy that
undergoes a phase change between crystalline forms under deformation and/or heat-
ing. This behavior can be exploited to create a temperature-modulated shape change on
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the macro-scale. The properties of this thermal phase-change system make it difficult to
model as an actuator [40]. Critically, the phase percentage depends on whether the previ-
ous state was hotter or cooler than the target state [41]. This temperature-phase hysteresis
directly results in temperature-motion hysteresis, as the motion of SMA is directly related
to the ratio of material phases in the material. Because of this complexity, there is no
precise model of the relationship between applied voltage and the transient deformation
of a limb driven by shape-memory alloy. What models have been made are particularly
system specific and are not generalized across SMA actuated mechanisms [42].

Despite this analytical complexity, SMA actuation was chosen for PATRICK due to
the relative ease of mechanical and electrical integration into a compact untethered form
2.2. When the shape-memory alloy coils embedded in the limbs are Joule heated, they
contract, causing bending in that coil’s direction. Due to the difficulty of scalar voltage
control in this form factor, Joule heating is achieved via temporal control of the time spent
in binary on/off voltage states. Therefore, the intrinsic actuation space at a specific mo-
ment in time is

20
Ut intrinsic € {0/ 1} ’

as there are four coils in each of the five limbs, with two voltage levels per coil. As the
motion of the SMA coil depends on the thermally-induced phase change caused by the
accumulation of heat over time, many candidate actions at this time scale will not produce
macro-scale motion. Therefore, we consider the trajectories of these instantaneous inputs,

a; = {uy, upyq, ..., Wit

The dimensionality of this resulting space is 20 x T, where T is the number of time steps in
a trajectory. This exact number depends on the trajectories’ clock-time length and the volt-
age control’s temporal resolution. However, T could easily be several dozen, making this
size of this space dozens to hundreds of dimensions. We thus reduce this dimensionality
further by reparameterizing in terms of heating onset and stop time for each SMA coil,
producing a 40-dimensional action space. This space is a subset of all possible actions but
can represent coordinated motion between the SMA actuators of a limb and across limbs.
Even this multiply reduced, relatively compact representation is quite large in absolute
terms, especially considering the cost and speed of computing. Let us look at our task’s
context to find solutions to this. Due to our state representation, actions operate on the
planar pose of PATRICK and start and end with zero velocity to enforce the quasistatic
assumption. Therefore, the transition model from one state x; to the next statex; 1 is:

X1 = Xt + F(x¢, ap), F(x, ai) = [Axi, Ayi, 0]

where Ax’, Ay’ are the planar displacement caused by the action a;. Informed by the
"leading-limb" model of real-world brittle star gait, where the headless animal moves in
the direction of a chosen limb without turning [43], actions are assumed not to change the
robot’s orientation. The unknown function F(x;, a;) captures the result of all interactions
between the voltage input sequence, the robot limb dynamics, surface contact, and any
hydrodynamic and inertial forces.

To enable autonomous motion from this point, finding a policy that takes in the state
of the robot and the goal position and produces actions that move the robot towards the
goal is necessary. The transition function F(x;, a;) is unknown, so an analytical model
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is not available to us to calculate the results of actions without hardware testing. Em-
pirical hardware evaluation of the general form of F is not feasible, given that our most
compact full action space is 40-dimensional, meaning hardware testing would require a
lot of data to sample the space. Therefore, we empirically evaluate F for a small number
of actions. This set of actions is found via trial-and-error hand-tuning, guided by expert
knowledge of the characteristics of shape memory alloy and spatial intuition about the
effect of various limb motions. This library of known actions in an otherwise unknown
transition space are called primitives, and this method has been used in rigid robots with
complex or high-dimensional dynamics to enable tractable computation of graph based
search methods of policy generation [44]. The resulting actions visually resemble the mo-
tion of real-world brittle stars, something like a breast-stroke on the bottom of the pool
[45].

The displacements these primitives generate are found by reparameterization into po-
lar coordinates,

[Ax, Ay] = [ cos(6; + ¢'), ' sin(6; + ¢')],

Each primitive moves the robot towards five radially symmetric limbs. We set the angle of
translation ¢ of the first primitive a® to 90°, corresponding to translation along the y-axis,
resulting in parameters

/i O 1 2 3 A
[cpi] B [900 18° 306° 234° 162°
The true value of 9. ..r* will require characterization on the hardware, so we use
an arbitrary value of r = 5 cm for all transitions in the primitive library as an initial

transition model 2.4A. The next step is composing these primitives into a policy based on
this transition model to solve the locomotion planning task.

2.1.3 Closed Loop Underwater Crawling

With our primitives chosen and a rough predictive model of their resulting transitions,
we can build a policy by the method shown in Algorithm 1. There is a list of five possible
actions a; € A = {aO, .. a4} corresponding to the primitive library we created. At each
time step, based on visual estimation of the robot state and goal location from the over-
head camera, an action a' is chosen from the library. The choice of this action is found
via the prediction of that action’s resulting displacement Ax’, Ay’, according to transition
model F(x,a), with a greedy heuristic where states closer to the goal are better than states
farther away,
c(xt) = |[x¢ — ]2

The planning horizon chosen was a single time-step, as rigorous enough system identifi-
cation to avoid error accumulation was not performed.

We implement this scheme on the physical robot, resulting in reliable motion towards
the goal (Figure 2.4C). From data collected during task completion, we characterize the
true displacement magnitudes of the primitives (Figure 2.4B), which average to approxi-
mately 2.31 cm, less than half of the 5 cm used in planning. As shown in Figure 2.4D, the
robot can consistently decrease its distance to the goal even with this inaccurate model.
Notably, since PATRICK’s limbs are 10 cm long, the limbs are touching the goal while the
center of mass is 10 cm away.



14 Chapter 2. Challenges in Soft Robot Autonomy

T R . .
A i g0 B Primitive Characterization
= ' + ' L
-
£ —_— 6 I +* |
N g ST *
reedi IR - i
=100 3 UIAHE HI 1
o 1 1 T
o 4| 1 1 1
E 1 1
[¢}] 1
e 2r T |
= ' I !
fe AN l Ll il 1
[a) i Ll i
0 L 1 ! L
a(J a] 02 (13 a-$
D Motion Primitive
Closed-Loop Locomotion Results
50 —— Stationary Goal
jnj ———Floating Goal 1
~———Floati |2
5 40 oating Goal
8,
G 30
e
o 20
[&]
[ =4
[
210
a
0 : : : : :
0 10 20 30 40 50
Time (sec)

FIGURE 2.4: A) Schematic representation of the nominal state changes in-

duced by primitives, based on assuming some constant displacement and

no change to orientation. B) The empirical characterization of the noisy re-

sults of the primitives on the real robot over many cycles. C) Visual path of

PATRICK moving to a stationary goal via greedy motion planning. D) Nu-

merical distance over time results of goal-seeking performance, measured
from center-of-mass of the robot to goal.
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Algorithm 1: A greedy model-based policy

Input : Robot state x;, goal position X, set of primitives
ac A= {a%al,a? a’ a%}, transition function x; ;1 = x; + F(x, a;),
tolerance d for distance to goal

Output: Closed loop trajectory of action primitives a; to get to the goal

1 while ||x; — X||2 > d do
2 | fora' € Ado
3 X111 = Xt + F(x;,a)
4 c(X+1) = [[Re1 — X||2
5 end
6 | a' =argmin c(X;41)
ol
7 | /11 < Robot.execute(a’)
8 end

2.1.4 Discussion

PATRICK was able to localize to the goal reliably, sequencing action primitives to reduce
its distance to the goal. This success shows that low-fidelity transition models can still be
useful for closed-loop locomotion in an open environment. The displacement magnitude
of each primitive was less than half of the magnitude used in planning, and the primitives
induced some rotation, but the qualitative directional accuracy enabled task completion.
We could consider finding the correct pose transitions as a system identification task, but
this approach has clear challenges. As shown in Figure 2.4B, there is significant vari-
ation between primitives and across different execution instances of the same primitive.
Many possible sources for this variation emanate from the complex multi-physics interac-
tions of actuators, soft material deformation, and contact with the environment. Treating
these variations as noise and following the planning path under uncertainty is possible.
However, to address this problem more effectively, let us consider some of the relevant
dynamics that we know about. After an action execution, the robot’s configuration is not
reset back to the same state. The exact limb curvature profile and position of the limbs rel-
ative to its center, the thermal and phase state of its shape memory actuators, any internal
material stresses, and plastic deformations all change between actions. These changes to
the system are not captured in the reduced state used for PATRICK, meaning that even a
well-identified system parameterization that characterized expected action outcomes and
uncertainty would cease to be accurate over time.

The models and representations that are tractable with soft robotic hardware of this
form are constrained by the engineering and logistical costs of collecting hardware data.
I locate some of the challenges of soft robot autonomy in this gap between the tractable
and the true dynamics of those systems.
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2.2 Simulation-aided Motion Planning of Frog-inspired Swim-
mer

Huang, Xiaonan, Zach ]. Patterson, Andrew P. Sabelhaus, Weicheng Huang, Kiyn Chin, Zhijian
Ren, Mohammad Khalid Jawed, and Carmel Majidi. "Design and Closed-Loop Motion Planning
of an Untethered Swimming Soft Robot Using 2D Discrete Elastic Rods Simulations.” Advanced
Intelligent Systems 4, no. 10 (2022) [33]

Author contributions: I programmed the motion planning framework for trajectory
following. A.P. Sabelhaus and I formulated the primitive lattice and velocity-space ran-
domization approach for guiding simulation targets for use in online motion planning
framework. X. Huang and Z.]J. Patterson designed and fabricated the soft robot testbed.

221 Swimming Frog Robot

The experimental platform for this work is an untethered frog-inspired robot designed
and built by my collaborators, Xiaonan Huang and Zach ]. Patterson. Compared to
PATRICK, this robot can have higher actuation frequencies and swims instead of crawl-
ing. The leg actuators are composed in layers, with a loop of shape memory alloy em-
bedded in a liquid metal elastomer composite. This composite has microscale droplets
of liquid eutectic gallium-indium (EGaln) alloy embedded in it, allowing for faster heat
transfer, meaning faster cooling of SMA coils and higher actuation frequencies [46]. There
is a pre-stretched layer of thermally-conductive silicone embedded in the actuator, intro-
ducing a spring force for recovery from the extended leg position, allowing the SMA to
return to its curled state faster than by passive cooling, further increasing actuation fre-
quency [47]. Four of these actuators are attached to a buoyant central body, enabling
forward motion and controlled rotation via antagonistic actuation. The resulting robot is
pictured in Figure 2.5. The published work this section is based on covers many details
of the robot simulation and modeling. However, I will discuss these at a high level and
focus on the sections most relevant to our goal of understanding the intrinsic challenges
in soft robot autonomy. I urge interested readers to seek out that paper.

In the following work, I examine the effectiveness of simulations of soft robot behavior
in enabling autonomous trajectory following this soft robotic swimmer.

FIGURE 2.5: A) Frog robot with shape memory alloy actuators as designed
by my collaborators Huang et al. [47]. B) The frog robot swimming along a
winding path.
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2.2.2 Simulation with Discrete Elastic Rod Model

The robot is simulated via the discrete elastic rod (DER) model of soft material deforma-
tion, suitable for structures composed of slender elastic elements [48]. The discretization
of the frog robot is shown in Figure 2.6A. In brief, the robot is represented by a series of
elastic rods, modeled as masses connected by linear and torsional springs. The energies
of those springs are associated with the stretching and bending of each discrete rod, and
they produce forces on the masses. External hydrodynamic forces can also be captured as
forces on these nodes. These forces are then used to create equations of motion, which are
implicitly solved at every timestep via the backward Euler method. There are parameters
associated with the stiffnesses of the simulated springs, the mass of the nodes, and drag
coefficients for various elements of the limb and robot motion.

Simulation parameters are calibrated on hardware by recording the robot’s motion
after accelerating to a steady-state speed. The results of this calibration are shown in
Figure 2.7. The agreement between simulation and hardware is tested across various
actuation frequencies and phase offsets between the front and hind limbs.

(a) (b)

_[Jrr'-- yt‘}

FIGURE 2.6: A) The model used in the simulation of frog robot with dis-
crete elastic rod model. R, is the radius of curvature of the limb, (x.,y.) is
the robot’s center of mass position, and f;i and f]-” are the drag and virtual
mass forces on the jth node respectively. In the inset are properties of the
discretized rod geometry, notably the turning angle, ¢, and the rod length,
Al, which are later used to calculate bending energy. x;_1, x;, and x;;1 are
the labels of successive nodes B) Simulated render of frog robot geometry,
L, = 90mm, L; = 35mm, Hf = 35mm, H;, = 24mm.

2.2.3 Motion Planning with Action Primitives

The discrete elastic rod simulation runs faster than real-time, but not fast enough to be
used in an online motion planning framework. Instead, we leverage the simulator to
collect data, which we use to form a forward model of the robot. We will then use this
forward model to enable search-based planning of robot actions based on which actions
have the lowest cost as determined by saved state transitions and the task definition.
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Hardware Experiment
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FIGURE 2.7: A) Visual comparison of forward locomotion of frog robot

hardware vs. calibrated simulation B) Numerical comparison of agreement

between simulation and hardware for swimming speed vs. frequency. C)

Numerical comparison of agreement between simulation and hardware for

swimming speed vs. phase offset between forelimb and hind limb actua-
tion at 0.4 Hz and D) 0.8 Hz
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Similarly to the previous work with PATRICK, the full action space induced by the
actuators is very large initially. While simulation experiments are less costly than hard-
ware experiments as there is no risk of needing to perform repairs or replace parts, there
is still a need to reduce this dimensionality. Firstly, in a search-based planning frame-
work, the number of actions considered at each time step sets the branching factor for the
search tree. Therefore, the action space must be discretized to begin with. In rigid robots
with electric motor actuation, a discretization that spans the full configuration space of
the robot could be as simple as increasing or decreasing the joint angle by some small
constant angular resolution, making the action space dimensionality equal to twice the
number of joints (e.g., 12 for an industrial robot arm). However, for shape memory alloy,
no such simple generator exists that allows the spanning of the whole space due to the
highly temporally coupled nature of the actuator dynamics. Therefore, we again turn to
action primitives to lower the dimensionality of our action space.

Action primitives are shape-memory alloy actuation sequences that are hand-chosen
to correspond to behaviors like going straight ahead, rotating on the spot, curving left,
and curving right, which could be composed to enable path following. Nine of these
behaviors are chosen to guide simulation. The basic idea is to start with a stationary sim-
ulated robot as the root node in a tree structure. Each primitive is executed starting from
that initial state, producing nine child nodes. This context is not quasistatic; the execution
of the primitives leaves the robot with non-zero velocity. To achieve better coverage of
velocity space, we sample over initial linear and angular velocity distributions, produc-
ing over 8.5k initial velocity states from which the nine primitives are executed, resulting
in approximately 76k state transitions. These state transitions are stored in tabular form,
and this transition table is used as the forward model.

2.2.4 Closed-Loop Trajectory Following

We leverage this simulation-derived forward model in a trajectory-following task with
localization. The form of the policy is a receding horizon search-based planner. I define
trajectories in the world frame as parametric curves of the form [x(p), y(p)]. Waypoints
are generated from this curve via dense sampling of parameter p. To enable tracking,
the robot’s state is captured via overhead cameras localizing to an AprilTag [49, 50]. The
trajectory is transformed into the body frame of the robot using this detected pose to
allow comparison between points along the trajectory and the stored transitions from the
tabular forward model. To choose actions, the nearest neighbor in the velocity space to
the robot’s current state is found within the transition table. The results of executing
all primitives from that state are already stored in the table, so the successor states for
the robot’s current state are found by indexing. These successor states are transformed
back into the world frame to get the potential next states of the robot should it execute
any primitive. This process can be repeated recursively from the successor state up to a
defined search depth. To select the next action, the action with the lowest cost (for the
given planning horizon) is chosen.

The cost function has three components, designed to prioritize staying close to the
path (distance to the nearest waypoint), remaining aligned with the path (angular dis-
tance from the tangent of the path at the nearest waypoint), and making forward progress
along the path (the size of the associated parameter p of the closest waypoint), cost =
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w, * dist + wy, x ang + w, * prog. The w’s are weights allowing tuning of the relative im-
portance of these features.

This motion planning scheme was tested on multiple linear, sinusoidal, and ellipsoid
paths. These results are shown in Figure 2.8. We can see that the robot can follow paths
of different levels of complexity fairly effectively, though the tracking precision is not
especially high. In practice, the best-performing planner has a search depth of one-time
step.

20 20 2 10 0 10 20 20 0 20
x [em] x [em] x [em]

FIGURE 2.8: Camera frames of the robot along A) linear path, B) sinusoidal

path, and C) ellipsoid path. Comparison of actual robot motion (solid lines)

vs. prescribed trajectories (dotted lines) for two trials of D) linear path, E)
sinusoidal path, and F) ellipsoid path

2.2.5 Discussion

The forward model established in discrete elastic rod simulation was sufficient for a suc-
cessful closed-loop trajectory following across multiple paths. The calibration of the sim-
ulation allowed moderate extrapolation to the effects of primitives despite the limited
scope of hardware training data. The simulation was calibrated around steady-state for-
ward motion. However, there was no hardware data for the effects of the primitives, states
where the system was accelerating, or different velocity values. Within the simulation it-
self, the data collected was guided by velocity-space sampling to generalize better, but
this generalization appears weak. A planning search depth of one outperformed longer-
horizon methods, indicating that the tabular forward model was not sufficiently accurate
to withstand the compounding error of sequential prediction. It is possible that this could
be addressed by a denser sampling of the simulator, perhaps by rolling out the primitive
execution recursively in simulation to a deeper search depth as is done by Likhachev et al.
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[44]. However, intuitively, this would likely lead to the same challenges of moving away
from well-validated areas of the state space on the simulation side. This fragility to mov-
ing away from validated data is further supported by the fact that interpolation between
simulated states for queries performed worse than a nearest-neighbor approach. Another
axis of unexplored data is that the DER simulation was constrained to its 2D form, and 3D
data might improve this. However, this increases computational costs and the amount of
data required to account for the extra parameters.

There are accessibility and resource efficiency benefits to an approach like this, as the
speed of tabular querying is better than online solving of the underlying equations of
motion. This planning approach of precomputing a library of trajectories based around
action primitives has been used in many areas of robotics [51], and has been optimized
for more complex tasks like high speed collision avoidance [52]. For rigid systems, this
process is more effective, as the simulators available are generally very fast and fairly ac-
curate, especially once system identification has been performed. Discrete elastic rod sim-
ulations are significantly faster for compatible systems than the dense, full-order finite el-
ement methods for soft material deformation. However, some success has been achieved
recently with speeding up FEM simulations for soft robots by using coarse meshes and
hardware calibration [53] or reduced order decompositions with dense meshes [54]. DER
has also been extended to handle some contact-rich scenarios effectively [55]. However,
this has not been tested for hardware, and the method still requires the system morphol-
ogy to be feasibly decomposed to a network of slender elastic rods, which is compatible
with many existing soft robot designs but does constrain the design space of future soft
robotic systems. More importantly, performing system identification is significantly more
challenging due to the larger number of parameters in elastic rods than in rigid links.

The discrepancy between the model extracted from a locally calibrated simulation and
the actual hardware is known as the Sim2Real gap, and it appears to be especially pro-
nounced for soft systems. One method to address this domain randomization, where the
parameters of the simulation are sampled from a distribution rather than only using the
parameters resulting from limited calibration [56] and has been used to solve systems as
complicated as solving a Rubik’s cube one-handed with a robotic hand [57]. However,
this method requires two things that are difficult to find for soft systems in a resource-
constrained context. First, the computation required increases massively as a large pa-
rameter sweep is needed to cover enough parameter space to generalize. Secondly, it is
still unclear what parameters are necessary to model robots with soft materials. Discrete
elastic rod models or other reduced order soft material models potentially provide some
parameters, but additional parameters are associated with the physical context, e.g., hy-
drodynamic parameters in this swimming task and thermal and phase-change actuator
parameters when using shape-memory alloy coils. The relevant latent space parameters
common to all soft systems, especially low-cost or biomaterial soft systems, are still un-
known. For DER, and indeed for other existing soft robot simulation strategies like coarse
FEM, the difficulty of identifying relevant parameters is an ongoing challenge.
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2.3 An Attempt at Open Loop Walking

2.3.1 Shape-memory Alloy Walker

In this section, I work with Horton, a soft walking robot powered by SMA actuators (Fig-
ure 2.9). My collaborator, Andrew P. Sabelhaus, oversaw Horton’s design. Horton is
intended as a platform for studying walking control using soft robots.

Horton is a planar robot constructed by soft segments molded from Smooth-on Smooth-
Sil, a fairly stiff silicone material with a Shore hardness of 50 A. Each segment has two an-
tagonistically arranged shape memory alloy coils. The segments are arranged with three
legs with rounded feet, connected by two spine segments. When one SMA is powered,
the coil contracts, inducing a bending moment in the segment and causing the segment
to bend towards that coil. SMA heating is accomplished via an off-board power supply
controlled with a dedicated microcontroller and pulse-width modulation (PWM).

Horton is equipped with two modalities of onboard sensing: five bend sensors, one
per limb, and ten thermocouples, one per SMA. Due to the planar arrangement, monoc-
ular camera-based sensing is compatible with this platform. These sensors are also con-
nected to the off-board microcontroller.

Detached Horton limbs have been stabilized to desired angles using feedback control
with an external camera [58]. Recurrent neural network models have been trained to
accurately predict open-loop evolution of Horton limb state on timescales of 10 minutes
at a time with little drift, using limb thermocouple data and PWM signal as network input
[59]. For the full Horton robot, safe balancing control has been demonstrated [60], yet
effective walking trajectories for the full Horton robot remain elusive. While not intended
to produce numerically rigorous solutions, the following brief experiment intends to shed
some light on the challenges leading to this difficulty.

FIGURE 2.9: Horton, a shape memory alloy robot with three legs and two
spine segments.
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2.3.2 Thermal Dynamics of Open-loop Walking

As a shape-memory actuated robot, the action space of Horton is abstracted to trajectories
of pulse-width modulated actuator input. These trajectories are of the form

PWM,,, i€ [0,10), t€[0,T]

where i represents the SMA index, and t represents the time-step in period T. Each SMA
coil receives a commanded duty cycle at every time step according to the schedule defined
by the trajectory. I attempted to determine if there were qualitative differences in how a
given trajectory manifested in Horton’s motions given repeated actuation. Since actuation
occurs in Joule heating, the lingering effects of actuation history should be visible in the
robot’s thermal signature. To judge this, an experiment was set up as shown in Figure
2.10, using a FLIR thermal camera to record both the temperature and gross motion of
Horton.

FIGURE 2.10: The experimental setup for mapping thermal state to motion.

The same actuation trajectory was executed 20 times, manually resetting Horton to
the initial position and then running again without pause. As shown in Figure 2.11, this
ongoing operation of the shape memory alloy actuators leads to an accumulation of heat
in the SMA and silicone of the affected legs. While fully cooled, Horton’s motion differed
from all subsequent motions, which were executed under residual heat. As we see in
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Figure 2.12, the differences in motion were not due to noise and could be replicated under
similar thermal conditions.

Initial State

After Action

Trial 1 Trial 2 Trial 20

FIGURE 2.11: Motion variance due to accumulation of heat. The same con-
trol input is sent to the shape memory alloy actuators over time. The vari-
ation is at the level of wholly different contact modes.

Discussion

While I expected minor numerical differences in Horton's trajectory, the observed changes
were qualitatively distinct, resulting in entirely different contact modes. Shape memory
alloy functions by changing shape based on the volume fraction of different crystalline
phases of the alloy. The alloy’s temperature determines the volume fraction at a given
moment. When this shape change occurs, it is constrained by the loads experienced by
the alloy. Due to these two factors, a loaded SMA coil that appears in a given shape can
have many internal states that are mostly unobservable but relate to its temperature. The
effect of executing a given actuation trajectory on an SMA limb depends on these inter-
nal states. This kind of change can cause the system to move across the different contact
modes induced by the system’s geometric instability, which provides insight into the dif-
ficulty of achieving walking. In a contact-rich context, small changes on the microscale
of the soft materials and soft actuators can cascade into qualitatively distinct macroscale
behavior. The fact that the motion can be qualitatively replicated using similar thermal
conditions presents two potential solutions to this fragility of control. The first solution re-
quires the utilization of increased sensing capabilities. If enough of the thermal and force
state is captured, extending the state space used for decision-making would be possible.
However, this poses the problem of increasing monetary and computational costs, which
runs counter to the goal of making these systems function with minimal cost. The second
solution requires learning to adapt to the underlying system dynamics as it changes on
time, changes over time, through the conditioning of actuation either on estimated inter-
nal states or via directly updating the actions themselves. This latter approach is more



2.3. An Attempt at Open Loop Walking 25

Initial State

After Action

Trial 1 Trial 21 (After 15 minutes cooling)

FIGURE 2.12: The effect of thermal buildup is validated by demonstrating
that the original effect of the actuator sequence is recovered after sufficient
cooldown time.

promising due to the possibility that the latent dynamics governing these changes are not
wholly dependent on the observable temperature features or known actuation history.
There is reason to suspect this due to the intrinsic time-dependent dynamics of soft mate-
rials like hysteresis and creep and the fact that while thermal sensing was able to achieve
good performance in single limb control [59], no such success has been demonstrated in
the kind of contact-rich contexts that are a significant draw for soft material systems.

Up to this point, the soft robot systems I have shown share some key properties. They
are all locomotion platforms actuated by shape memory alloy. Thermal state appears to be
a key variable in shape-memory alloy actuated systems, and there is ongoing progress in
making approaches that generalize across shape-memory alloy systems using, e.g., Gaus-
sian process models [61]. However, these systems are not the most promising for enabling
robotic system development in a domestic or low-resource environment. The challenges
to suitability are partly because the specialized nature of expertise required to form strong
intuition upon which to build simplifying abstractions like action primitives, which have
been key to lowering the amount of data necessary to achieve the operation of these soft
systems. In addition, the actuator dynamics of these systems dominate the dynamics of
the soft materials themselves, and a robust understanding of these materials is critical to
enable the accessible development of soft robotic systems from various context-relevant
materials. To generalize my identification of the challenges of soft robots beyond this nar-
row class and to focus more explicitly on the accessible hardware of soft systems, I study
a low-cost tendon-driven soft finger.
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2.4 An Attempt at Learning Soft Finger Proprioception

State estimation for soft robots often rely on soft material sensors for external sensing and
proprioception [62]. I examine a soft finger designed to explore state estimation and pro-
prioceptive sensing in soft manipulators using a novel foam-like magnetic sensor, based
on the work on tactile sensing with a soft magnetic sensor by Hellebrekers et al. [63],
shown in Figure 2.13. I aim to establish a mapping between changes in the magnetic field
measured within the foam and the 2-DOF position of the bending finger.

2.4.1 Soft Tendon-Driven Finger

The hardware is composed of a cylindrical foam finger, with a section of magnetic mi-
croparticle and foam composite in the finger’s base. The finger is mounted to a 3D-printed
stand with a magnetometer in the base (Figure 2.14A, B). The finger can bend along two
perpendicular axes, driven by tendons routed through the fabric covering and the printed
base (Figure 2.14C).

This system integrates a fabrication strategy based on the foam hand designed by King
et al. [64]. The finger is molded from Smooth-On FlexFoam-iT! X. This molding is done in
three parts: first, the bulk finger is molded, then the magnetic foam is created, and finally,
the two are joined via over-molding. Uncured urethane foam is mixed with magnetizable
microparticles in a low (<20%) mass fraction to create the magnetic foam. This uncured
foam is placed in a small mold mounted rigidly to a neodymium permanent magnet to
align and magnetize all the suspended particles during curing. The cured magnetic foam
is placed within a larger mold with the bulk finger material. These two foam bodies are
then joined by overmolding with additional foam.

A felt sheet is cut into a flattened geometric net of the finger shape and adhered to the
surface of the finger with upholstery adhesive, leaving the base free. The edges of the felt
form are then sewn securely together. The base is assembled to a platform containing a
PCB with a magnetometer in the center, as shown in Figure 2.14. Tendons made of 65 1b
test Teflon-coated fishing line are anchored to the top of the finger at four evenly spaced
points, then run down opposing sides of the finger via a running stitch in the felt and
routed through the holes in the support platform.

2.4.2 Magnetic Proprioception

The magnetometer embedded in the base senses a magnetic vector formed from the inte-
gral of the magnetic moments of all the magnetized particles that are embedded within
the foam. These moments are initially determined by how the particles are aligned dur-
ing the curing process. They are further modified by the deformation of the foam as the
finger bends. Due to these factors, it is impossible to determine a priori what the mag-
netic field should be given a particular finger configuration. Instead, we create a dataset
by sampling servo positions and the resulting image-based ground truth finger orienta-
tions and magnetometer readings. The finger position is driven by two servos, one per
bending axis, as shown in Figure 2.15. Each servo carries two cable spools in opposing
orientations, driving the antagonistic finger tendons. The positions are recorded via an
overhead camera, simplifying bending along each axis to displacement in the x and y
axes. A 3-DOF magnetic signal was recorded from the magnetometer for a given tuple of
servo positions. When plotted across the Cartesian product of each servo in increments of
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FIGURE 2.13: Function of magnetic elastomer. This work uses an elas-

tomeric foam instead of a solid elastomer. Elastomer foam is embedded in

the finger’s base, and a magnetometer is mounted to the base stand. Sensor
design and this figure derived from Hellebrekers et al. [63].
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FIGURE 2.14: Design of tendon-driven foam finger with magnetic elas-

tomer sensor in base. A) Components of finger and magnetic sensor.

textbfB) Assembled finger in base. C) Bending motion of finger along one
of two available axes.
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FIGURE 2.15: Experimental setup for determining proprioceptive mapping
between finger position and magnetic sensor readings.

1/9 of their range (0 ticks to 1024 ticks), the resulting point cloud is illustrated in Figure
2.16.

This data was then used as the training set of a fully connected feed-forward neural
network, which learned a mapping from magnetic-field signatures in the base of the fin-
ger to predicted servo position. This mapping is an intermediate step in establishing the
desired mapping to the ground-truth camera data. Datasets were collected with the servo
ranges discretized to varying resolution, and neural networks were trained with each set.
The different networks” predictions were tested against the commanded positions of the
test set.

2.4.3 Discussion

Despite the ostensibly simple intermediate task of learning a bijective mapping between
servo position and magnetometer reading, a bijective mapping only existed over short
time scales. There were multiple potential causes of this, stemming from the fact that the
system is an inexpensively fabricated soft robotic system. These include magnetometer
drift, fabric detachment, and tendon repair. Magnetometer drift was demonstrated to
happen at a timescale of ten days, as would be expected as a result of the drifting magnetic
field of the Earth. However, this effect was quantitatively negligible. More significantly, I
observe that fabric detaching occurs when the felt skin of the finger no longer adheres to
the foam core. Fabric detachment causes changes to the force transmission of the tendon,
as motion is converted into deforming the skin more and more, eventually leading to the
failure of the finger. Major cases of this were considered fabrication errors and are rectified
by remaking the finger, but minor detachment could occur without being detected and
would be expected over longer timescales.



2.5. Identifying Challenges and Promising Techniques 29

1000 1000

900 900
40 -40
800
-50 -50 700

-60 600 -60 600

-70

400 80 - 400

-80 -

90 300

-40

90
40

0 100

Servo 1 groups Servo 2 groups

FIGURE 2.16: 3D Magnetometer points grouped and colored by biaxial
servo positions.

The most relevant source of the system dynamics change I encountered is the effect
of tendon replacement. After a tendon breaks, the replacement always has a different
tension. Ideally, there would be no loading on the magnetic foam in the zero position,
but noticeable tendon force is required to prevent slack in the tendons. Slack induces
directional history dependence to the finger’s motion, breaking the basic assumption of
a bijective proprioceptive mapping. Without slack, as shown in Figure 2.17, the tension
changes lead to changes in the magnetometer signal for a given servo configuration. This
data was collected while attempting to augment the training set from a previous day after
a tendon broke during testing and needed replacement.

The changes to these properties over time are a form of nonstationary. Because of this
nonstationary behavior, one-time training of networks for encoding combined system-
sensor behavior is infeasible. For the identified sources of nonstationarity, it is conceiv-
able that this problem might be alleviated via supplementary sensing. For example, one
might be able to calibrate the magnetometer drift via external magnetometers [63]. If the
deformation state of the magnetic foam in the finger base is entirely dependent on the ten-
sion of the tendons, then adding force sensors in series with the tendons could allow for
correction of that as well. However, there are no simple methods for sensing the adhesion
of the fabric to the finger. Critically, these solutions increase the cost and complexity of
the platform. In addition, there is no guarantee that these sources are the only causes of
nonstationarity, and without identifying the underlying features that change over time,
heavy investment in sensing might miss the relevant factors. Some of these factors might
be intrinsically hidden. The dynamical effects of aging of urethane in the foam core of the
finger, for example, are not well characterized. Our ideal case would be adapting to these
nonstationary mappings without increased sensing hardware.

2.5 Identifying Challenges and Promising Techniques

This chapter presents algorithmic approaches for enabling autonomy in soft systems. In
Section 2.1, I show that closed-loop behavior in an untethered SMA-powered underwater
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FIGURE 2.17: 3D magnetometer data, where axes correspond to x, y and z
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crawling robot can be enabled by external vision-based sensing combined with reduced
representations of that robot’s state space and action space. Due to the high dimensional
action space, discrete action primitives make things more tractable. I show that practical
action primitives can be created for even complex shape-memory actuator dynamics. I
demonstrate that these enabling techniques rely on expert intuition and are tightly bound
to the analysis of the soft actuator dynamics. I show that rough, imprecise forward models
of soft robot dynamics can be useful if the task space is forgiving enough, e.g., able to be
reduced to a quasistatic state, with feedback and minimal need for accurate prediction of
system evolution multiple time steps in the future.

In Section 2.2, I demonstrate that trajectory-following can be achieved in an inertial
SMA-powered swimmer via a pre-computed library of transitions and external visual
feedback. This strategy is only compatible with systems that can be simulated with high
fidelity. There is a trade-off between fidelity and speed. However, for some specific cases,
like for systems that can be represented as discrete elastic rods, simulation can be made
faster than for general soft systems, though still not nearly as fast as what is available
for rigid systems (remaining within an order of magnitude of real-time). Finally, effective
calibration of these simulations faces several challenges. First, their fidelity drops sig-
nificantly as they try to extrapolate to unseen states or even interpolate between known
states. The difficulty of generalization provides a solid incentive to collect more hard-
ware data, but this isn’t very easy because this kind of fully-soft integrated system is
not optimal for long-term experimentation due to the need for frequent repairs. In addi-
tion, the dynamics of one shape-memory coil do not intrinsically transfer to another, so
as these repairs are required, the data from old actuators is not trivially integrated into
this scheme. Secondly, determining which physical phenomena to model is non-trivial,
as adding extra physical phenomena increases the state space of the simulation, further
increasing the computational cost. In addition, soft materials are susceptible to the effects
of many more physical phenomena than rigid material systems, and it has not been well
established which phenomena these are or how those phenomena might interact with a
robot’s behavior as it moves through state space or evolves. In short, it is not clear what
the relevant latent states are.

In Section 2.3, I show that small changes to thermal state cascade into macroscale be-
havior for shape-memory alloy actuated robots in a contact-rich walking task. While this
problem is solvable for low-contact, single-finger systems via temperature estimation [58]
or additional of thermal sensing [59], these solutions rely on the behavior of the system
being dominated by thermal and crystal-phase dynamics of SMA, not generalizing to
contact-rich systems or robots with different actuation schemes.

In Section 2.4, I show that magnetic proprioception in an inexpensive soft sensor is
feasible at very short timescales. However, the system is prone to changing the relevant
dynamics over time. Some of these changes are predictable a priori due to known dynam-
ics of soft materials, like hysteresis, polymer aging, creep, and other inelasticities. Other
changes arise from the robotic system design and the interactions between components,
like the slack induced by tendon stretching or the changes to pressure distributions if re-
pairs are made to the finger. These changes are quite difficult to sense directly if known,
and inferring them explicitly requires models that are not available for novel systems.

I identify the following techniques that show promise in enabling autonomy in soft
systems to some extent.
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1. Simplifying the operational requirements by slowing down time-scales and creating
reduced state and action representations.

2. Adding additional sensing so that relevant state can be included in the model.

3. Performing more pre-computation across distributions of simulation parameters to
create more robust Sim-2-real behavior.

4. Identifying and characterizing more context-specific phenomena in the operation of
soft robotic systems.

5. Using online machine learning or adaptive control methods to enable robots to
adapt to changing parameters.

Let us evaluate these approaches in the context of my broader goal of enabling the acces-
sible development of intelligent robotic systems.

Simplifying the operational requirements of the robot has been an influential and prac-
tically necessary tool for the systems I examined in this chapter, especially when using
soft material actuation like in PATRICK, the frog-inspired swimmer, or Horton. As long
as computational resources are limited, reducing the action space of actuators like SMAs
is likely necessary. The intrinsically suboptimal results produced by only exploring the
space induced by action primitives are the kind of compromise that could be more ac-
ceptable in a low-cost development environment. However, the effects of this suboptimal
behavior might bleed into the safety features that make soft robots so appealing for do-
mestic environments, or due to, e.g., power consumption inefficiencies, the sustainability
concerns that arise when we advocate for the more widespread development of robotic
systems. Therefore, relying on this as the primary tool is not appealing and would ideally
be kept to the minimum necessary.

Adding additional sensing is effective but intrinsically increases hardware costs, de-
velopment time, and engineering complexity. Similarly, relying on more computation
across varying parameters would be helpful, but the costs associated with computing
must be considered, especially considering the cost of high-performance computational
hardware. For both of these approaches, it is critical to achieve a better understanding of
the underlying dynamics of the systems used. This kind of understanding is deeply tied
to the construction of the system and its operational context, meaning that there is likely
no general prescription for which sensing modalities need to be added or which phe-
nomena need to be added to a simulation or model’s parameter space. However, once
relevant phenomena are better understood, incremental incorporation of these strategies
can become feasible depending on the exact level of resources available in the research
and development environment.

The relevant phenomena we need to characterize will depend on our choices of mate-
rials used in the construction of the system and the choice of actuator. In my view, focus
should be placed on understanding the dynamics of materials that are accessible and able
to be made in increasing amounts without creating a new sustainability issue. The practi-
calities of working with accessible and sustainable materials will be the focus of Chapters
4 and 5. I focus on biomaterials as an avenue for accessible and sustainable materials. Due
to the environmentally sensitive, dynamic, and nonstationary behavior of these systems,
it is likely that data collection longer than the tens of minutes seen in existing soft robotic
platforms is needed.
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To enable machine learning on robotic hardware, it seems clear that platforms that
can collect a significantly greater amount of hardware data are needed, as learning in
simulation does not seem feasible given the current performance of those systems. Such
platforms would also enable longer-term data to be collected on soft material dynamics
to inform choices in state estimation and representations. It could also feed back into im-
proving the effectiveness of simulations by providing more data upon which to calibrate
and validate [65]. In Chapter 3, my development of a platform designed to enable these
avenues of research is shown.
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Chapter 3

Enabling Soft Robotic Hardware
Datasets

In this chapter, I motivate the design of a robotic platform with several properties that
enable soft robotic systems to be developed more accessibly. I then describe the five-bar
pendulum, a prototype system I designed and implemented for this goal and the lessons
learned from that system. Finally, I describe the modular parallel manipulator, a simple,
robust platform that is able to collect data for robotic operation for days at a time. This
platform allows for machine learning directly on soft robotic hardware and demonstrates
the ability to characterize differences in behavior linked to material properties. I demon-
strate the ability to explore the control of soft robotic systems over time and collect data
correlated with latent features of soft materials. This data collection ability provides a po-
tential path to creating soft robotic systems from accessible, unmodeled materials and to
building controllers for those systems that can handle the long-term dynamics challenges
of soft materials.

3.1 Related Work

To clarify the design requirements of a platform for long-term soft material experiments,
I first discuss machine learning approaches for enabling soft robot autonomy that rely on
the ability to collect hardware data reliably (Figure 3.1). I then discuss approaches to the
critical issue of nonstationary dynamics, which govern system dynamics that vary with
time.

3.1.1 Machine Learning for Soft Robotics

Content in this section replicated and adapted from K. Chin, T. Hellebrekers, and C. Majidi.
"Machine Learning for Soft Robotic Sensing and Control.” Advanced Intelligent Systems, vol.
2, no. 6, pp. 1900171, John Wiley & Sons, Ltd, 2020. [28]

Author Contribution: I was the primary author and wrote content reviewing machine
learning for the control of soft robots. Tess Hellebrekers wrote content reviewing machine
learning for soft sensing.

Before describing the learning and control testbed, I first review data-driven machine
learning approaches to sensing and control systems that aim to manage the dynamics in-
herent in soft robotics. Soft robotic systems are often operated using open-loop control
methods that leverage the inherent compliance and conformability of soft materials as
they press against contacting surfaces. Popular examples of this are compliant grippers
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that can conform to a wide range of objects with limited sensing [64] [66] and soft robots
that can passively shape change as they pass through confined spaces [67]. While ma-
terial compliance enables intrinsic reactivity in the form of material deformation upon
contact, there is still a need for the ability to control the positioning of soft robotic sys-
tems in free space or to specify contact beyond simply modulating force. Computing the
deformation of soft materials in isolation can be time-intensive. Creating a priori models
of soft robotic systems, whose behavior might depend on interactions between soft ma-
terials with specific, potentially novel compositions or geometries, is usually ineffective.
Therefore, to create models or controllers for soft robotic systems, data-driven methods
are quite appealing.

Recent efforts to enable the control of soft robots through machine learning have ad-
dressed different parts of the control pipeline. The two most common tactics are learning
the inverse kinematics/statics of soft manipulators [68] and learning the forward dynam-
ics model to enable predictive control [69]. A less common strategy is the direct learning
of controllers for specific behaviors [70].

Supervised learning is the basis of much of the existing work in learning the kine-
matics of soft robots. If the system is treated as quasistatic, an open-loop mapping be-
tween actuator configuration and task-space position is achievable. For redundantly ac-
tuated systems, a one-to-one mapping can be enforced by optimizing an additional met-
ric, e.g., actuation effort. Such a bijective mapping is ideal for supervised learning from
labeled pairs of training data. To collect training data for learning the kinematics func-
tion, a random walk through actuation space on the physical hardware (motor babbling)
is a straightforward method and has been used for cable-driven continuum manipula-
tors [71], pneumatic continuum manipulators like the Bionic Handling Assistant [68] and
honey-comb pneumatic network manipulator [72], and simulated manipulators [73, 74].
Data can also be collected from human demonstration by manually replicating impor-
tant configurations and recording the associated actuator parameters [70]. Data-driven
methods have been used to achieve locomotion with soft systems as well [53]. However,
straightforward supervised learning tends not to scale to the dimensionality and dynamic
sensitivity of mobile systems.

The forward kinematics of soft robots are usually nonlinear. For example, in the case
of a pneumatic continuum arm, the vector of pressures in segment chambers, i.e., the
configuration space, maps to the pose of the manipulator tip, i.e., the task space, through a
force equilibrium function that depends on local material properties and design geometry.
This mapping between actuator configuration space and task space can also be contingent
on the environment. For example, the curvature response of a segment to a given pressure
can vary significantly in the presence of external forces like gravity or surface forces. A
global representation of the associated Jacobian is difficult to convey analytically, even
without concerns of non-stationarity and stochasticity. Inverting the Jacobian once found
is also quite difficult. Because of this, a common technique in the field is approximating
the global Jacobian with a function approximator, which is most commonly a multi-layer
neural network [71-74], but can be of other forms, like linear function approximators [75],
constrained extreme learning machines [68], or Gaussian mixture models (GMMs) [76].

It should be noted that this mapping can be found for a local configuration without
learning any model by performing gradient descent over the actuator configuration with
the desired position as the target [77]. The downside of this method is that it induces
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undefined motion iteration in the robot between each commanded position, which is po-
tentially unsafe and results in much slower execution. The global inverse Jacobian can
also be approximated by aggregating an ensemble of learned local Jacobians sampled
from across the full state space [74, 76]. Explicit global representations are compact, while
ensemble methods allow prioritization of performance in the regions of most interest.

By virtue of their mechanical compliance, the equilibrium state of soft systems is de-
pendent on external forces. Replacing the purely kinematic mapping between the robot’s
configuration and task spaces with a function that incorporates the force equilibrium is ef-
fective for position tracking of continuum manipulators [68], [73]. Even without explicitly
learning the force balance, the combination of end effector feedback with this compliance
can be used for disturbance rejection in simulation [71]. Due to this decoupling of kine-
matic shape and external force balance, joint position-stiffness controllers can be learned
for soft manipulators [75, 78].

Quasi-static approximations of robotic systems are useful for systems with slow time
scales or tasks where timing is not critical. However, for many applications, dynamic
control is more appropriate. The forward dynamics of soft systems are even more dif-
ficult to model analytically than their kinematics, so machine learning techniques have
been applied to these problems in various ways. The combination of dynamics model-
ing with position control has been shown to enable time sensitive trajectory tracking in a
hybrid soft-rigid arm [78], and a one-DOF pneumatic finger [79]. Dynamics models can
be learned that are adapted to varying dynamic parameters of the system, e.g., with stiff-
ness tuning soft manipulators [80]. Exploiting system dynamics is a benefit of learning
the dynamic system behavior and has been shown to increase manipulator workspace
for a continuum arm [69]. The work of Thuruthel et al. [81] on using learned dynamic
models exemplifies a significant step in the evolution of soft manipulators enabled by
machine learning methods. Earlier examples of soft continuum manipulators, such as
the work of Rolf et al. [68], were more mechanically sophisticated than the system used
here. However, the full mechanical ability was not leveraged due to the lack of a use-
ful dynamics model. Thuruthel et al. demonstrate that an approximate dynamics model
can be learned and is sufficient for achieving performance beyond what is possible with
quasistatic methods.

Learning kinematic or dynamic models for a soft robot means that while part of the
control pipeline relies on learned models, the controller is still engineered. Reinforce-
ment learning is a machine learning strategy that allows controllers to be created through
learning from data collected using sequential environmental interactions [82] . Policy
gradient-based reinforcement learning converges to a locally optimal controller without
an analytical model of the robot dynamics but requires more time and data for train-
ing than supervised learning. The need for more time and data is due to the require-
ment of evaluating the trajectory produced by following a controller from a specific state
before updating the model at a given optimization step. A common robotics solution
is learning in simulation for many trials, as for the complex tendon-driven humanoid
hand in [70]. The controller learned in simulation can be further refined on the physi-
cal robot [83]. Trajectory optimization is a common numerical optimization method for
generating local controllers, which can be implemented using machine learning. Machine
learning-based trajectory optimization has been used to generate a library of trajectories
for a mobile tensegrity robot [84] and a forward walking trajectory for a cable-driven soft
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quadruped [53]. Zhang et al. [84] shows that a global controller can be learned by us-
ing local trajectory-stabilizing controllers” outputs as supervised learning labels. Besides
leveraging local solutions, other ways off reducing the amount of data required for learn-
ing have been used. The humanoid soft hand used by Schlagenhauf et al. [70] is much
more mechanically expressive than the previous works using continuum soft manipula-
tors. A global dynamic or kinematic model for this system would require an unfeasible
amount of data for hardware collection. By creating a basis out of a few finite poses,
the manipulator can perform dexterous motion without a full model of system behavior.
Leveraging the ability to create useful behavior without globally valid solutions could en-
able an evolution in the complexity of potential soft robotic systems and the performance
of existing systems.

The strengths of empirical, data-driven knowledge and understanding drawn from
first principles can reinforce each other. Hybrid approaches allow leveraging existing
knowledge so only the most intractable system components need to be learned. Learning
the parameters of an analytical dynamics model, similar to traditional adaptive control
methods, is fast and effective if such a model can be constructed with enough fidelity [78].
It is also possible to decompose control of multi-actuator systems into analytic kinematic
targets, where each actuator achieves the final shape through a system-level controller [68]
or individual actuator-level controllers [72]. Model predictive control strategies can be
used on systems with uncertain models by using neural networks to encode approximate
system dynamics models. [79].

Machine learning has the potential to overcome the challenges of understanding soft
material behavior from first principles. However, to enable the operation of soft material-
based robotic systems over longer periods of time, as would be required of a useful tool,
the way that soft materials change over time is another reason to move towards the ability
to collect larger amounts of hardware data.

3.1.2 Control of Systems with Nonstationary Dynamics

While soft robots can be easily built, effective control strategies are less clearly available.
Soft robot dynamics are difficult to accurately model analytically due to a multi-physics
coupling between shape, forces, physical state (e.g., temperature), and history of mo-
tion. To enable the operation of soft robots across longer time scales, it is important to
be able to collect hardware data that capture these phenomena, especially those that vary
with time. As shown in Figure 3.2, the deformation of elastomeric materials has multiple
forms of time-dependent phenomena. There is hysteresis, which means there is no one-
to-one mapping from actuation force to deformation — instead, the result of any applied
force or deformation depends on the system’s recent history. There is also nonstationar-
ity, which is a distribution shift in the underlying dynamics of a system over time and can
be caused by wear, external temperature fluctuations, internal strain build-up, or many
other sources. Hysteresis and nonstationarity are inherent side effects of using elastomers
and other soft materials in constructing soft robot systems. Popular methods often ignore
these effects or treat them as unmodeled noise [85] [68]. Hysteresis can theoretically be ad-
dressed by incorporating system state history into the input of models. This explicit time
dependence can be encoded in structures like recurrent neural networks [69] or by simply
concatenating multiple time steps of state data as the input to the model. Nonstationary
behavior necessitates models that can adapt to changing dynamics [68, 86].
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These inherent dynamics present an essential problem to the autonomy of soft robotic
systems (though deliberate changes to dynamics are an emerging feature of soft robotics
[87]) and may also function as a reasonable proxy for the general problem of imprecise
dynamics. Errors in modeling and the drift in models over time exist in rigid-body robotic
systems. As described in a report on the problems faced by teams in the DARPA Robotics
Challenge (DRC), on the scale of full humanoid systems, modeling errors due to "wrong
kinematic and inertial parameters, cogging and other magnetic effects in electric motors,
actuator dynamics and hysteresis, variable viscous or nonlinear dynamic friction depend-
ing on the state of hydraulic oil leakage, dust, and dirt, thermal (both external weather
and actuator heating) effects, humidity effects, constant delay, variable delay due to com-
puter communications. Joint/actuator/transmission stiction and other static friction ef-
fects, foot slip-stick on touchdown and during stance, six-dimensional bearing play, struc-
tural link deformation, and material aging" [88] all come into play. More generally, most
classes of the robotic systems can encounter problems with dynamics that do not match
the model, either due to misspecification or nonstationary dynamics. This challenge is
especially relevant for soft robots and systems composed of mechanically compliant ma-
terials.

In traditional control theory, the nonstationarity problem is among those problems
addressed by the subfield of adaptive control. Traditional adaptive control methods of-
ten rely on high-fidelity equations of motion with a small number of uncertain parame-
ters [89]. There has been work integrating these techniques with neural network models,
an approach called concurrent-learning adaptive control (CLAC) [90]. Other approaches
have leveraged state-estimation techniques to update analytical parameter sets (Kalman)
[91].

In the reinforcement learning literature, there have been a few works attempting to
solve the problem of learning control under nonstationary dynamics via multiple partial
models. These generally train several neural networks for different regions of the drifting
dynamics. Multiple Model-based Reinforcement Learning (MMRL) [92] creates a static
library of neural models that correspond to a known set of dynamics and are trained as
the system moves through those different modes. Reinforcement Learning with Context
Detection (RL-CD) [93] is trained similarly, but rather than a static set of models, there is
a context detection module which allows for new models to be created as the system en-
counters different modes. Hierarchical Reinforcement Learning with Context Detection
(HRL-CD) [94] combines the technique of hierarchical reinforcement learning for acceler-
ating learning convergence with the RL-CD framework. All of these techniques assume
deterministic and discrete dynamics.

There has been work in enabling faster transfer learning for problems in related do-
mains using neural attention and transformer networks [95]. Similarly, automatic do-
main randomization (ADR) has been shown to allow for the online formation of reac-
tive controllers that can adapt to a wide range of environmental parameters [54, 56, 57].
These methods rely on extremely high-volume data collection for training, requiring high-
fidelity simulation and computing time on a scale that can be inaccessible to resource-
constrained development environments.
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time-dependent deformation response of thermoplastic urethane to cycli-
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Mathematical Formulation

Learning for nonstationary dynamics can be seen as an extension of the canonical robot
model learning problem. For a system with stationary dynamics, there is the assumption
that all experience tuples (x¢, u, x;+1) are drawn from the same distribution subject to the
constraint of the true system dynamics x¢11 = F(x,u;), where x; represents the state of
the system at time ¢ and u; is the control effort at the same time. Since all data provides
meaningful, if noisy, information about the true dynamics of the system, all tuples can be
used to refine the fidelity of the agent’s dynamics estimate. In the nonstationary case, this
assumption is violated.

For the nonstationarity case, the ground truth system dynamics vary as a function of
time. While this variance can be in the form of the dynamics as well as in the values of
dynamics parameters, we assume that there exists some parameterization of the variation
such that we can write the dynamics as x;11 = F(x¢, us, §¢), where ¢ is the parameter
vector determining the dynamics at time t.

The behavior of the vector ¢ is generally unconstrained and therefore requires domain-
specific knowledge to create a reasonable set of assumptions.

Three cases for how the dynamics vector 1; might evolve:

¢ Trends in the dynamics, e.g., material degradation, polymer creep, or thermal buildup.
These are gradual, non-periodic changes.

* Random or event-driven changes to dynamics, e.g., mechanism damage, system
repair, parts replacement, or power cycling. These changes can be unknown or
known and are discrete jumps in the system dynamics.

* Cyclical or oscillating dynamics, e.g., due to environmental changes corresponding
with day-night cycles. These are finite periodic changes

It is important that the system designed in this chapter enables the exploration of as
many of these cases as possible in the context of soft materials. There are also practical
considerations of ensuring the system as a whole is able to operate for long periods of
time, and ideally, the system’s behavior should be dominated by the dynamics of soft
materials.

3.2 Motor-driven Soft Parallel Mechanism

I'use reliable electric servomotors as the actuators in my design to create a system that can
operate for long periods during data collection for machine learning or other long-term
experiments. Many of the moving and interacting parts of the robotic system should be
made of soft materials so that the properties of those soft materials can be encoded in data
of robot motion. Therefore, I employ the electric motors to actuate a soft matter parallel
mechanism, a relatively under-explored strategy that has been shown to enable robust,
versatile experimental platforms [66]. The usage of soft materials was focused on the mo-
bile mechanism rather than the whole system because the system components that are not
the focus of the study should provide as little disturbance to the system’s behavior over
time. While soft actuators are diverse, enable many unique properties for robotic systems,
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and provide a path to entirely soft systems, they have relatively complex dynamics. Addi-
tionally, the kinds of materials used in their manufacture are not as diverse as for passive
mechanisms, and many classes of soft actuators require specialized development and op-
erational environments to maintain [96]. Electric motors are especially robust forms of
actuation with minimally impactful actuator dynamics. Reliability is further increased
when these motors are equipped with internal closed-loop controllers. I base my designs
on a planar parallel mechanism, the compliant five-bar.

The choice of a five-bar mechanism as the soft structure the robot uses for interaction
is helpful partly because it can be represented in many ways. While I do not explore this
path, it is feasible that the geometry of the compliant five-bar could be modeled by the
discrete elastic rod simulation environment used on the swimming robot frog discussed in
Chapter 2. This simulation strategy is one of the fastest found for soft materials and pro-
vides one feature space that could be useful for characterizing our system. Additionally,
the approximation of the compliant five-bar via the kinematics of a rigid-body five-bar
3.3A provides an avenue for comparing the effects of the soft materials against a close
geometric analog. The difference in fidelity can be intuitively understood by examining
the fact that different joint thicknesses produce different behavior of a parallel structure
due to changes to spring stiffness (Fig 3.3). However, all joint thicknesses are represented
with the same rigid approximation. Parameter estimation of the associated rigid approx-
imation might provide useful data for adaptation. I explore a toy problem of simulated
nonstationarity based on changes to the geometry of a rigid-body five-bar in Appendix
A.

To explore long-term robotic operation, the five-bar mechanism was used to create
an experimental setup that can theoretically perform a task autonomously. I present two
such experimental setups.

The first candidate platform I studied for long-term hardware experiments with soft
material robotic systems was a five-bar pendulum. I selected this design due to its sim-
plicity of fabrication and its limited sources of uncontrolled nonstationarity. The servos
(Dynamixel XC430-W150-T, $120) can control closed-loop position. The angular position
of the servos can be directly read from the servos’ integrated controllers. Control is run
on a desktop computer, and communication is handled by a USB communication con-
troller (Dynamixel U2D2). There is a linear actuator that allows for prescribed changes to
the geometry of the system. The five-bar and the pendulum link are made of 3D-printed
thermoplastic urethane (TPU), a relatively stiff synthetic elastomer. They are joined by a
bolt through the inner diameter of a ball bearing. The state of the five-bar pendulum can

be described by the following variables: {61, 6>, 63, 93} The value of 83 can be calculated
from atan2(y, — y1,x2 — x1). The points (x1,y1), (x2,¥2) can be extracted directly from
video using computer vision as shown in Figure 3.4B.

Pendulum Swing-up

Pendulum swing-up with limited control authority is a classic control problem that cannot
be solved via simple linear control. Traditionally, it is composed of a single link pendu-
lum, which is driven by either a motor at its base or the linear motion to a cart on which it
is mounted. The task can be broken down into two phases. The first phase is to use lim-
ited control authority to add energy to the pendulum to move it from the stable 63 = 7
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FIGURE 3.3: Left) Rigid body kinematic approximation of five-bar. Right)
Approximate forces of soft material five-bar driven by two servos. T1 and
T2 are the actuation space of the system, the torques applied by the servos.
Springs ki, k, and k3 are the spring constants of living hinge joints of the
five-bar, dependent on hinge material and geometry. The force F; is the re-
action force that occurs when the tip of the five-bar contacts another object.
The spring constants of the five-bar links are not shown but do influence
behavior.

5-bar Pendulum Computer Vision
Hardware Tracking

FIGURE 3.4: Left) Kinematics of five-bar parallel mechanism with pendu-
lum. Right) Five-bar pendulum hardware with computer vision tracking of
(x1,y1) and (x,y2). Video of operation available at [97].
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position to the unstable inverted 03 = 0 position. The second phase is to exert control
authority to keep the pendulum in that position.

Suppose we treat 65 as the variable of interest in a pendulum swing-up problem. In
that case, our five-bar pendulum can be seen as directly analogous to other versions of the
pendulum swing-up problem. One main distinguishing factor is that our actuation is the
2-dimension torque vector of the five-bar servos, which is higher dimensional than other
versions of the problem. In addition, actuation is constrained by the interior dynamics of
the five-bar itself.

The goal would not be to derive a single static policy for solving pendulum swing-
up but rather to derive a method for repeatedly producing such policies as the dynamics
of the system drift. The intrinsic nonstationarity inherent to deformable materials is not
directly observable, so I introduce two other sources of nonstationarity, 1, ¥, which I
control and which should dominate the uncontrolled nonstationarity both in magnitude
and time scale.

The first source of controlled nonstationarity is the motion of the linear actuator 1,
which one of the five-bar servos are mounted to, as shown in Figure 3.4A. This actua-
tor changes the link length of the ground link of the five-bar, which directly affects the
global motion of the five-bar. The benefit of this source is that it can be controlled pro-
grammatically during training, meaning that different trajectories through the space of
the dynamics can be explored automatically.

The second source is replacing the five-bar with a new structure, which could have
different link lengths and living hinge thicknesses. The effect of these changes is a mod-
ification to both the kinematics [98] and the force equilibrium of the five-bar, as shown
in Figure 3.3. The 3D-printed fabrication of the five-bar pendulum lends itself to eas-
ily changing the pendulum design. The link-length and joint thickness changes can be
encoded in an implementation design vector . This vector is a candidate for encoding
domain knowledge and making it available to the model so we can address the case where
we know what changes to the system have happened but not necessarily their effect on
the dynamics.

This system can operate at relatively fast actuation speeds for a soft robot, and the
computer vision-based sensing captures its state quite robustly [97]. These initial exper-
iments were not pursued further, however, as it became clear that while this system was
an interesting platform for studying nonstationary dynamics, it had some limitations in
enabling the control of systems that rely on accessible soft materials.

3.2.1 Limitations

The dominant dynamics of this system are the inertial dynamics of the pendulum. While
this non-quasistatic system would enable exploration of solutions of behaviors on shorter
time-scales, the impact of deformation of the relatively stiff TPU is not especially pro-
nounced. Furthermore, the changing link length as a source of controlled nonstationarity,
while helpful for automating experimentation, does not represent the kinds of dynamics
changes expected for soft material systems in general. While this platform possesses some
utility to study policy generation under nonstationary dynamics, it is missing the crucial
ability to provide insight into the long term behavior of soft materials in robotic systems
in general.
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3.3 Long-Term Learning with Modular Parallel Manipulator

K. Chin, C. Majidi and A. Gupta. "1 Modular Parallel Manipulator for Long-Term Soft Robotic
Data Collection.” arXiv preprint arXiv:2409.03614, 2024. [99]

Author contributions: I designed and built parallel manipulator modules, pro-
grammed reinforcement learning environment and performed long-term learning ex-
periments.

To better understand the dynamics of soft materials in a long-term experimental envi-
ronment, I developed a robotic experimental platform that allows automatic performance
of a class of simple manipulation tasks using mechanisms made from soft materials. The
platform is relatively inexpensive to fabricate and can operate for long periods. A notable
improvement from the five-bar pendulum is that the behavior is highly coupled to the
material properties of the soft materials used in its construction, allowing insights into
those properties. I demonstrate the ability to train reinforcement learning policies using
only hardware data collected with this system.

3.3.1 Compliant Five-bar Modules

The modules are actuated by two servomotors with aligned axes of rotation mounted
next to each other in 3D printed TPU housing, assembled with friction fit 3.5. The module
design is compatible with lower cost servomotor (Dynamixel XC430-W150-T, $120), and
higher performance servomotor (Dynamixel XM430-W210, $270). The bases of the mod-
ules are attached to a mechanical breadboard with bolts. These mechanical design choices
improve the ability of the system to operate for more extended periods without requiring
repair, as well as simplifying repair 3.6. The primary moving parts of the modules are
compliant five-bar mechanisms that mount to the servomotors. The angle of the driving
servos nominally determines the state of an individual module (though the decoupling
of nominal state and actual state due to soft material compliance remains). There are
no autonomously controllable features for inducing nonstationary dynamics in this sys-
tem. Instead, the soft components to are the primary source of trends over time in the
dynamics. The dynamics can be controlled by swapping out five-bars, which slot onto
3D-printed quick-swap servo horns.

3.3.2 Manipulation Task: Knob Turning

This task is adapted from the ROBEL robotics learning benchmark designed by Ahn et al.
[100], replacing the rigid-body robot they use with my soft five-bar modules. A knob-like
object is in the center of the workspace, mounted to a servomotor. The servomotor enables
encoder-based state estimation of the knob’s pose and allows the autonomous resetting
of the system to a nominal state. The ability to automatically reset the environment is
a critical feature for running machine learning experiments autonomously. This need is
also a significant motivator of the simple planar geometry chosen. Soft five-bar modules
are arranged surrounding the knob and are tasked with turning the knob to a desired
pose. This general task outline can be modified by changing the location of modules,
the geometry of five-bars, or the pose desired, either static goal poses or time-series pose
trajectory. The use of a servo to mount the knob also allows adjustment of the knob’s
stiffness (as long as the servo used has a torque-control mode).
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Orientation
Marker

FIGURE 3.5: A) Full experimental manipulator platform B) Soft five-bar
mechanism design with quick-swap connection slots. C) Individual mod-
ule design.

Fatigue failure in
five-bar

Out-of-plane motion
. dissipates force

Compliant base

FIGURE 3.6: A) By mounting the compliant base of the module to mechan-
ical breadboard using a linear arrangement of bolts, the module is able to
rock back, pushing the finger out-of-plane in response to overly high forces.
This relief motion reduces the chance of breaking the system during ex-
tended unmonitored data collection. B) The most likely failure modes are
module disassembly to friction fit module components and soft five-bar
failure, especially at living hinges. Even if both occur undetected and the
system keeps trying to operate, the compliant materials used and construc-
tion lower the chance of long-term damage to the experimental setup.
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I again leverage dimensionality reduction via action space discretization to maximize
the learning speed on hardware. Unlike the shape-memory alloy actuators used in Chap-
ter 2, there is a relatively natural choice of discrete actions for electric motors in a qua-
sistatic context: increasing or decreasing the angle of the motor by some static amount.
These primitives span the space of available states for a motor. The generated space is a
superset of the valid states of a module, but by applying geometry-dependent limits to
servo position, these primitives can explore the full nominal state of each module. The
full manipulator array would then have an action space of

a; € {mag*AB(servo;)}, where i€{0,...,6} and mag € {0, +angular resolution}

However, this low level of abstraction poses some challenges to the speed of training.
For studying the ability to bootstrap autonomy, low-level action spaces are often chosen
to minimize learned bias and reliance on human design decisions. However, to make
robotic systems development more accessible, there are different sets of considerations.
While this system is designed to allow more hardware data to be collected than other soft
robots explored earlier in this thesis, there is still a time cost of collecting that data. While
the easily replaceable modules and resilient mechanical design minimize damage to the
most expensive hardware components, I still aim to minimize the amount of time neces-
sary to run hardware to collect data. Therefore, the action space is chosen to maximize
the data efficiency of the learning process, incorporating as much human intuition as pos-
sible. First, an intermediate action space that allows the tip position of each module to
be controlled in a "extend", "retract", "left", "right" scheme is developed. Then, I build the
actual primitives upon this as trajectories of intermediate positions that produce a distinct
sweeping motion over several time steps. Specifically, the motion is a sequence of "move
left" — "extend" — "move right" — "retract", shown in Figure 3.7. The resulting sweeping
motion and its mirror can be performed by each module, resulting in an action space of:

a; € sweep(module;, dir), where i€ {0,1,2}, and dir € {left,right}

These primitives are hierarchical, built first upon the lowest-level motor delta prim-
itives and intermediate tip-control primitives. The hierarchical architecture leaves space
for learning the dynamics at a lower level, in case more optimal and/or less biased be-
havior is desired later on. These sweeping primitives are very likely to move the knob if
the moving module is aligned with a lobe of the knob geometry. This intrinsic effective-
ness means that the learning problem is in determining how to sequence the primitives
to complete the task, requiring the learning of some latent representation of the relative
geometries of the modules and the knob and the way the modules interact when making
contact with the knob, but not needing to learn coherent motion.

For the following results, the task is learning to turn the knob to a defined goal position
from a defined start position.

3.3.3 Reinforcement Learning on Hardware

Reinforcement learning was used to learn this task from empirical hardware data. I used
policy gradient methods from the Stable Baselines3 repository of standard reinforcement
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FIGURE 3.7: A) Motion primitive execution without attached finger, show-
ing servo horn finger connectors moving. B) Execution of that primitive
with a urethane finger mounted to module.

learning algorithms [101], specifically Proximal Policy Optimization (PPO) with a batch
size of 64 and a learning rate of le 2. I wrapped the hardware controller for the modules
in a Gym environment. The repository for the reinforcement learning environment can
be found at [102].

The action space of the reinforcement learning problem was the sweeping primitives
derived in the previous section. The state space is the servo angles of each module, nor-
malized between -1 and 1. Appended to this is the knob pose, represented as a two-
element vector of the cosine of the knob angle and the sine of the knob angle, for better
numerical performance in the policy network. The reward used for reinforcement learn-
ing was

2 .10
Reward = —5 X |ABgpop| + 10 x 1 {|A9knob| > %} +50 x1 {|A9knob| > 07} ,

corresponds to a smoothly increasing cost of 5 times the angle of the knob in radians,
penalizing being farther away from the goal position of 0 radians. There is a big reward
jump of 10 if within % radians and an even bigger reward of 50 if within 0'—710 radians of
the goal position.

The reinforcement learning experiments were run over time, with experiment length
following a powers of two progression. The first experiment was 2!* = 16,284 time-steps
and progressed up to 2!¢ = 65,536 time steps. The next step up, 2!7 = 131,072 time-steps,
was also run, but it was partway into this that the system finally experienced a hardware
failure in the form of one soft finger failing at a hinge and pushing itself out of its housing,
like the failure mode shown in Figure 3.6B. The repair process for such a failure was rather
quick, requiring only the attachment of a new finger with bolts to the quick-swap servo
horn and the fastener-free reassembly of the module.

The length of a time step is the amount of time it takes to execute a primitive, which
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is about 5 seconds. Therefore, the longest completed continuous batch of data collec-
tion, the 65k batch, ran for 3.76 days straight. In all, counting from the time the sys-
tem was activated, all the completed batches, as well as the 10,714 time-steps completed
in the 131k batch before a hardware failure, the system was active for 214 4 215 4 pl6 4
10,714 = 125,402 time-steps, or 7.25 days. There were automated cooldown periods be-
tween batches, totaling two 2 hours of downtime, meaning a total of 7.34 days from the
beginning of the data collection. Therefore, the system operated for over a week at 98.7%
uptime before requiring repair.

The system improved task performance over time, as shown in Figure 3.8. Based on
the reward function, achieving a mean reward of 10 was significant as it requires quickly
moving the system close to the goal without spending many time steps. The episode
length of 4 is significant as that was almost the fastest possible execution (shown in Figure
3.9. Episode lengths of 3 were observed, but they involved hard-to-replicate interactions,
where due to the angle of contact, elastic energy was stored in the five-bar before being
released and pushing the knob further than the quasistatic sweeping motion.
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FIGURE 3.8: Policy improvement for different training sessions. These

traces are extracted from the first 650 episodes of each training session.

The reward value of 10 and episode length of 4 are marked off as they

roughly correspond to the best performance found throughout experimen-
tation. The full traces are shown in Figure B.2

Once the ability to collect enough hardware data to perform reinforcement learning
was demonstrated, I evaluated the platform’s ability to provide insight into the effects of
different soft materials on the dynamics.

3.3.4 Policy Transfer Between Soft Materials

Previous results were obtained using 3D-printed thermoplastic urethane five-bars. I cre-
ated new compliant five-bars from injection-molded silicone (Ecoflex 00-30, Smooth-On),
a much softer material. These were manufactured with a desktop injection molding setup
powered by compressed air. I trained the system to perform the knob-turning task using
the above reinforcement learning system. In Figure 3.10, we can see the execution of this
policy on hardware.

I then characterized the performance of the policy learned on the silicone five-bars
when executed on silicone five-bars and TPU five-bars. I also characterized the policy
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Active Module Knob Angle Initial Knob Target Knob
Angle Angle

FIGURE 3.9: Successful policy execution leading to completion knob turn-
ing task using urethane five-bars. Policy learned via policy gradient rein-
forcement learning over action primitives.

Active * Valve Pose * Initial Valve Target Valve

Finger Pose Pose

FIGURE 3.10: Successful policy transfer of knob turning task from urethane
five-bars to silicone five-bars.
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learned on the TPU five-bars to both systems. The results of these experiments are shown
in Figure 3.11A.

Training Material to Testing Material Policy Transfer

60 B Time to complete (s)
Steps to complete
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Silicone to Silicone Silicone to TPU TPU to Silicone TPU to TPU

I
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FIGURE 3.11: A) Performance comparison of transferred policies, trained

on different soft materials. Each case was tested ten times. B) Significant

bending of links in softer silicone indicates greater deviation from nominal
kinematics.

The best-performing case was the TPU-trained policy that was implemented on TPU.
It might be expected that the dominant factor in transfer performance is the similarity
between system dynamics during training and system dynamics during execution. How-
ever, the next best-performing case is a TPU-trained policy executed on silicone, sug-
gesting that the material properties of TPU are more efficient for learning. The softness
of silicone means that the deformation of the five-bar links outside of the living hinges
is more significant, as shown in Figure 3.11B. This deformation provides more possible
physical configurations for a given motor position, effectively increasing the noisiness
of state transitions and lengthening the learning process. The worst performing case is
a silicone-trained policy on a silicone five-bar. The fact that a policy trained on silicone
performs better on TPU indicates that the stiffness of TPU is a boon for executing actions
reliably.

Simple experiments like this allow us to extract insights about the suitability of dif-
ferent materials for this task, supporting the utility of this kind of research platform for
studying the effect of soft material dynamics on robotic system operation.
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3.4 Discussion

In this chapter, I designed and implemented a platform that enables long-term data collec-
tion with parallel mechanisms composed of various soft materials. I show that reinforce-
ment learning can generate control policies from purely the hardware data generated by
this platform. By executing policies trained on one material to mechanisms made of dif-
ferent materials, latent information about material properties can be implicitly encoded
via differences in performance.

Characterizing the effectiveness of policy transfer between different five-bars presents
the opportunity to establish a similarity metric in task execution. By establishing the level
of similarity between different five-bars, if the nominal geometry is kept constant, this
platform allows for establishing a holistic similarity metric between materials.

I also attempted to transfer policies to five-bars with different geometries, but was not
successful. The lowered effectiveness of transfer to different geometries validates the ben-
efit of shared nominal geometry. Establishing similarity could be achieved by executing
policies trained on known, well-characterized materials with five-bars constructed from
novel materials or materials with unmodeled or unsensed nonstationary material dynam-
ics. Establishing a network of multiple materials and their similarities to each other could
provide a path to learning the latent representation of material properties.

In the rest of this thesis, I delve deeper into identifying and creating materials that
are accessible to fabricate. Such material systems could benefit from the implicit material
characterization enabled by this modular parallel manipulator platform. In Chapter 4, I
introduce biomaterial-based hydrogels sourced from accessible ingredients. These ma-
terials exhibit changes to morphology and compliance over time, which would induce
nonstationary behavior in systems fabricated with them. Additionally, the fabrication of
these materials is a versatile process. They can be constructed from ingredients from dif-
ferent sources and processed in several straightforward ways to modify their properties.
The option for general fabrication processes to be followed without high-precision mea-
surements and exact ingredient sourcing would improve the ability of people in different
contexts to access these materials. Additionally, it would be preferable for people to be
able to deliberately modify the materials to fit their needs. These factors would generate
many different, related materials depending on the composition and process used to cre-
ate them. Empirical data that encodes properties of different materials over time would
be beneficial to enable the use of the resulting matrix of materials. The parallel manip-
ulator platform presented in this chapter enables the collection of such long-term data.
It exemplifies a path for robotic systems built using these materials to be modeled and
controlled.
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Chapter 4

Gelatin-based Biomaterials

Broader access to creating robots would lead to the creation more robots. This prolifera-
tion of robotics technology is desirable from a socioeconomic perspective, developing a
world where the labor-saving benefits of robotics are democratized rather than concen-
trated and hoarded. However, the potential ecological impacts of such proliferation must
be considered. In the face of growing climate instability, pursuing more sustainable mate-
rial choices is a significant concern [24, 27, 103]. Natural materials derived from renewable
biological sources have shown the potential to replace materials extracted from petroleum
byproducts or other non-renewable sources for use in next-generation soft machines and
electronics [104-107]. Thus, I am motivated to start working with these materials now
and to prefigure the ecologically sustainable, equitable world after this transition.

In this chapter, I synthesize biomaterial composites based on extremely accessible,
inexpensive ingredients derived from agricultural waste and food by-products (gelatin,
glucose, glycerol). These ingredients are inexpensive due to their ready availability as
shown in Figure 4.1, either derived from animal residues in agricultural waste (gelatin),
extracted from plant or animal fats (glycerol), or refined from a wide variety of crops
(glucose syrup). Not only are their sources renewable, these ingredients are byproducts
and the bulk of their production is driven by co-products with much larger markets: meat
or other animal products for gelatin, biofuels for glycerol and subsidized corn and sugar
for glucose syrup. Biodiesel production produces a marked excess of glycerol, posing
environmental challenges for disposal [108], and the excess of high-fructose corn syrup
(glucose syrup) resulting from subsidies has been identified as a driver of public health
decline in the United State [109]. By introducing value-added uses for these materials and
providing an outlet for existing surplus, the overall sustainability calculus of their sources
and co-products can be improved. I focus on the creation of hydrogels, elastic composites
of a gelatin polymer matrix swollen with water and biodegradable additives. I apply
protein coagulation to produce longer gelatin polymer chains, providing an accessible
process for modifying material properties. I demonstrate various phenomena of hydrogel
behavior relevant to their use in soft robotics.

4.1 Related Work

A versatile approach to creating material composites from biomaterials is by using biolog-
ically derived polymers (biopolymers) in a hydrogel, a composite material composed of a
polymer matrix swollen with an interstitial aqueous phase, primarily water. Biopolymer
hydrogels are an active and relatively mature area of research outside the field of robotics.
In particular, fields where the biocompatibility of a material is of high importance have
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FIGURE 4.1: A) Demonstration of factors enabling the accessibility of bio-
material ingredients for gelatin hydrogel. Images adapted with permission
(by Ron Lach, José Roberto Oliveira, and Los Muertos Crew respectively,
via Pexels) B) Gelatin coagulation to increase polymer chain length is an
accessible way of modifying the polymer characteristics of gelatin. C) Ther-
mal crosslinking with sugar improves the hydrolytic stability of gelatin.

been quite focused on these materials. Food science and biomedical engineering research
provides a wealth of inspiration for biomaterial options. For use in accessibly fabricated
robotic systems, my materials need to be compatible with being handled in low-resource
environments, with domestic environments being the most constraining. This is a relax-
ation of difficulty compared to the challenges of human biocompatibility faced by other
fields. This relaxation allows the exploration of techniques and compositions that differ
from existing literature.

Many biomaterials have been used in the creation of hydrogels, including cellulose
[110], alginate [111, 112], lignin [113], agar [114] and gelatin [115]. Gelatin is a promising
option since it can be designed to exhibit mechanical properties similar to synthetically
derived soft elastomers and gels while also being sourced from agricultural waste. It has
been used in tissue scaffolds, anatomical models and phantoms, and as drug delivery
mechanism, along with being used in cosmetics [116], as food packaging and food them-
selves [117]. Given these potential benefits, work is underway to incorporate gelatin into
emerging technological applications [118]. Gelatin-based hydrogels have been of interest
for creating soft structures structures and devices [119].

The accessibility, biodegradability, and mechanical tunability of gelatin have been es-
tablished by Baumgartner et al., with an additional demonstration of integration into soft
robotics [115]. 3D printability of optically clear gelatin for use in waveguides for sensing
and as the bulk structure of a soft mechanism was demonstrated by Heiden et al. [120].
A functional soft robotic pneumatic actuator using a gelatin-glycerol hydrogel structure
has been demonstrated by Shintake ef al. [121]. Matonis et al. fabricated fully edible
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origami-inspired actuators from insoluble genipin-crosslinked gelatin [122]. Geckeler et
al. demonstrated the ability to temporarily deploy sensor packages to tree branches via
an origami gripper passively actuated by a pre-stretched, moisture-degraded gelatin hy-
drogel [123].

Gelatin is extracted by denaturing the triple helices of the collagen protein in ani-
mal tissues, especially bones, skin, and connective tissues. The chain of a gelatin poly-
mer is composed of a semi-regular sequence of amino acids, especially glycine, proline,
and hydroxyproline, which can form helices, and associate into similar triple helix struc-
tures as collagen [124]. The mechanical properties of collagen are evident in its use as
one of the main structural components of animal life. Yet, the gelatin derived from this
collagen is rarely mechanically impressive when used in a hydrogel in its unmodified,
non-composite form, which can be seen in Figure 4.2D. The mechanical performance of
hydrogels, in general, has been an issue for their adoption into soft robotics [125]. Im-
proving the mechanical properties of hydrogels can be done in a few ways. One method
is to use a double network gel, combining a brittle and densely crosslinked network with
an interpenetrating a ductile network with few crosslinks. When stretched, the bonds of
the dense network break sacrificially, dissipating energy and improving toughness. This
stiffness and toughness comes at the cost of elasticity and repeatability, as those bonds
generally do not recover. Gelatin has been used as the energy dissipating network in
double network gels with polyacrylamide, and due to thermoreversible sol-gel transition,
these hydrogels can be heat treated to initiate self-healing and partial recovery of those
bonds [126]. Sun et al. showed that if the crosslinks in the dense network are reversible,
e.g., via ionic bonding of alginate and calcium, a repeatably elastic and tough hydrogel
can be formed, which does not require manual treatment to recover [111]. There is evi-
dence that the hydrogen bonding of gelatin can serve as reversible sacrificial bonds in a
network with polyacrylamide and PEDOT:PSS polymers [127]. The work of Baumgartner
et al. shows that mechanical properties can be improved by the addition of other bioma-
terials to gelatin hydrogel, namely glucose as a cosolvent and glycerol as a cosolvent and
plasticizer [115]. The work of Shimizu et al. on gelatin gels with sugar and glycerol pro-
poses exclusion of cosolvents from the surface of biopolymer chains as mechanism for the
mechanical stabilization of gel networks by addition of these molecules. Such exclusion
would induce gelatin rich regions that promote helix formation and enable high density
of reversible hydrogen bonds between these helices [114]. In addition to double network
approaches, mechanical properties have been improved by creating "tanglemers", net-
works where entanglements in the polymer chains greatly outnumber crosslinks between
chains . When a highly-entangled polymer or gel is stretched, entanglements allow forces
to be transmitted between chains that are not crosslinked, and the location of the entangle-
ments can slip, adding stiffness without making the polymer brittle. When a chain breaks,
it dissipates energy stored in that chain, and the many chains that were stretched by being
tangled with it, greatly improving the toughness of the gel, while maintaining elasticity
[128]. Norioka et al. showed that controlling the polymerization environment is a power-
ful and reliable method of achieving such networks within hydrogels. Specifically, high
concentrations of monomer and low concentrations of crosslinker produce longer chains
between crosslinks, allowing entanglements to outnumber crosslinks [129]. There have
been polyacrylamide tanglemers created with degradable disulfide bonds [130]. How-
ever, to my knowledge, there has not been work in creating a tanglemer from only bio-
material ingredients.
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The critical step in creating a highly-entangled hydrogels is the acquisition of polymer
chains with high molecular weights / long lengths. The fiber spinning literature provides
insight into how this can be achieved for gelatin. The molecular mass of gelatin has been
increased via coagulation in dimethyl sulfoxide (DMSO), a common solvent for synthetic
soft material processing, and tetrafluoroethylene (TFE), the monomer used to make the
non-stick coating PTFE [131]. These ingredients are effective coagulants but inaccessi-
ble due to toxicity and carcinogenic potential [132, 133]. More promisingly, chain length
extension via accessible, safe coagulation in both ethanol and isopropyl alcohol has been
demonstrated by Stoessel et al. [31, 134]. While most applications of coagulated gelatin are
for fiber production, a few other form factors have been demonstrated. Wires that self-
wind like plant tendrils have been synthesized via a combination of coagulated gelatin
with amyloid fibrils [135]. A related process, complex coacervation, is used to generate
a slurry of gelatin microparticles from solution, which is used in a support bath for 3D
printing of other biomaterial hydrogels [136]. However, use of coagulated gelatin as the
matrix material in a highly entangled hydrogel has not been previously explored.

FIGURE 4.2: A) Tap water and pristine gelatin powder. B) Gelatin pow-
der hydrated by slow addition to water (blooming, resulting in a paste).
C) Melting gelatin in a stove-top water bath with a commercial probe ther-
mometer for temperature monitoring. D) Ramekin and molten gelatin sol-
phase for casting. E) Fresh, swollen, pristine hydrogel without additives
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4.2 Coagulated Gelatin for Long-Chain, Highly-Entangled Net-
works

To create long gelatin chains, I follow the process outlined in the fiber spinning litera-
ture by Stoessel et al. [30], adapted for kitchen equipment. Briefly, a ternary solution of
gelatin powder (10 w.t.%), alcohol (50 w.t.%), and water (40 w.t.%) is placed in water bath
at 50°C, with agitation every 5 minutes for 30 minutes until a coagulated phase is formed
(Figure 4.3, video available at [137]). This process relies on non-equilibrium dynamics
of local phase separation due to the pair-wise interaction energies between polymer, sol-
vent and nonsolvent [138]. Alcohol is a non-solvent of gelatin, so gelatin polymer tends
to be excluded from alcohol. Alcohol and water are miscible so they can intermix rela-
tively easily. Water is a solvent of gelatin, so there is energetically favorable interaction
between them. While Flory-Huggins solution theory provides some insight into the re-
sult of various configurations of pairwise interaction energies [138], the values of relevant
parameters are not trivially found. However, even without establishing these parame-
ters, the result of this coagulation process is the slowing of the reaction rate of gelatin
polymerization. This produces longer chains, since gelatin polymerizes via condensation
polymerization, a process which produces higher molecular weight chains under longer
reaction times [139].

[ Gelatin coagulation ]

Mix gelatin Rest at 50°C, ‘ .
powder with mix
dilute alcohol periodically

Repeat for
30 minutes

(solvent), alcohol non-equilibrium coagulated phase +

( Solution of gelatin, water Flocculation from Phase separation, 1
(non-solvent) interactions supernatant

FIGURE 4.3: Process of creating coagulated gelatin based on process in [30,

31] A ternary solution of gelatin powder (10 w.t.%), alcohol (50 w.t.%), and

water (40 w.t.%) is placed in water bath at 50°, with agitation every 5 min-
utes for 30 minutes until a coagulated phase is formed.

The presence of long gelatin chains after the coagulation process becomes evident
on the macroscale as the behavior of gelatin changes. The solution begins to contain
visible filaments which can be pulled into fibers by hand (Figure 4.4A-B). This coagulation
process works best when gelatin and water are not allowed to interact in the absence of
alcohol. When dry gelatin powder is exposed to water, it hydrates as shown in Figure
4.2A-B. When this hydrated gelatin is heated above the melting point of gelatin, a solution
of polymerized gelatin chains is formed. If alcohol is subsequently added to this solution,
long entangled chains are not formed. Instead microparticles of standard length gelatin
chains precipitate out, producing a result closer to coacervation [112]. A hydrogel formed
from this solution will not be highly entangled, being just as brittle as pristine gelatin
as shown in Figure 4.5B, if not more so due to the chains being induced to form distinct
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particles during precipitation. If alcohol is instead added to hydrated gelatin prior to
melting, the resulting hydrogel appears slightly stronger than if it is added after melting,
presumably due to a partial slowing of the rate of polymerization, but the macroscale
indications of the presence of long gelatin chains are not observed (Figure 4.5)C. Insight
into the differences in the molecular structure of pristine and coagulated gelatin can be
found in Figure 4.4C using Fourier transform infrared (FTIR) spectroscopy. There are four
major regions of interest, with wavenumbers at 3500 - 2300 cm ™! (Amide A), 1656 - 1644
cm ™! (Amide I), 1560 - 1335 cm™! (Amide II) and 1240 - 670 cm ™! (Amide III). Amide-A
represents N-H stretching coupled with hydrogen bonding and free O-H, while Amide I
contains C=0 stretching vibration with the contribution of C-N bond stretching vibration
1600 and 1700 cm~!. Amide II arises from N-H bending vibration and C-N stretching
vibration. Amide III represents vibration in the plane of C-N and N-H groups of bound
amide or vibration of CH, group. There is a distinct, strong peak around 1550 cm~! in
the coagulated gelatin samples, and there are minor peaks from 1170 - 1500 cm~!. Some
of the peaks in the coagulated gel are consistent with the presence of retained isopropyl
alcohol (IPA). However, the peak at around 1550 cm ™! is not present in IPA and is much
stronger than in pristine gelatin. Other peaks in pristine gelatin are relatively stronger
in coagulated gelatin, providing evidence for increased formation of bonds with energy
absorption at those peaks.

The ternary solution used for coagulation can can be created with isopropyl alcohol or
ethanol. As I show in figure 4.6, the process works with off-the shelf commercial liquor,
as the 75.5% ethanol content is high enough that the non-equilibrium solution is formed
when gelatin powder is added. Additionally, I show that extremely pure or technical
grade gelatin is not required, as I was able to use gelatin obtained from a local farming
community to perform the process. The price of coagulated gelatin hydrogel compares
favorably to the synthetic soft materials purchased for use in the compliant five-bars I
created in Chapter 3. One pound of thermoplastic urethane filament cost $15.84 [140],
while a pound of Ecoflex 00-30 cost $28.69 [141]. Depending on supplier of gelatin and
alcohol, the cost of one pound (dry weight) of coagulated gelatin hydrogel with a 1:1:1
ratio of gelatin:glucose:glycerol is between $7.40 and $17.27. The low price and broad
availability of ingredients for this gelatin-based biomaterial is encouraging, and supports
the vision of being able to create useful materials without relying on long supply chains
and centralized suppliers.

4.3 Fabrication Complexities of Gelatin Hydrogels

The first gelatin hydrogels I created beyond the basic recipes used in home kitchens (Fig-
ure 4.2) followed the procedure outlined in the work of Baumgartner et al. [115]. They
characterize many different compositions, I based my initial experiments on G2430, their
most stretchable variant (356 £ 11 % strain-at-break). Briefly, glucose syrup (7g) was
heated to 65°C to reduce viscosity, then mixed with glycerol (9g) , citric acid (1g) to pre-
vent microbial growth, and water (4g). This precursor solution was allowed to cool to
room temperature, then gelatin powder (6.65g) was slowly added and allowed to bloom
for 1 hour, with the particles absorbing the solution and forming a paste like the one
shown in (Figure 4.2B). This paste is then melted at 85°C to form a sol phase, which can
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FIGURE 4.4: A) Coagulated gelatin forms longer chains of gelatin protein,
leading to higher molecular weight. B) Macroscale behavior of long-chain
gelatin polymer shows easy fiber formation, validating long-chain effects.
C) Fourier-transform infrared spectroscopy data of different pristine gelatin
gel, pristine gelatin powder, coagulated gelatin gel, and isopropyl alcohol.
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FIGURE 4.5: Drying of different gelatin hydrogels. A) Hydrogel made from

pristine gelatin. B) Hydrogel made with gelatin where alcohol was added

to a molten solution of fully dispersed and polymerized gelatin. C) Hy-

drogel made from gelatin where alcohol was added to room temperature
hydrated gelatin, then heated to form solution.



4.3. Fabrication Complexities of Gelatin Hydrogels 61

e e
0.90 b #6.69%
SCENIC RIDGE FOODS

FIGURE 4.6: A)Technical grade, 99% pure isopropyl alcohol, and commer-
cially available purified Type A porcine gelatin powder designed for op-
tical clarity and high bloom strength. B) A two-phase solution of super-
natant and coagulated phase from higher-end ingredients. C) Commer-
cially available solution of ), with 75.5% ethanol and water (Everclear), and
inexpensive Type A porcine gelatin powder locally sourced from Scenic
Ridge Foods, an Amish community store in Loganton, PA. D) A two-phase
solution of supernatant and coagulated phase from accessible ingredients.
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be fabricated into components and mechanisms using processes compatible with thermo-
plastic polymers. Of these, casting is the most straightforward, where liquid hydrogel is
poured into a mold and takes its shape as it cools and gels.

The next phase of this work was adapting this process for use with coagulated gelatin.
After the coagulation process, the solution will undergo phase separation if allowed to
rest. The majority of the alcohol and water can be removed by pouring off the upper su-
pernatant phase. However, the remaining gelatin-rich phase retains significant amounts
of water and alcohol trapped within the gelatin (Figure 4.7)A. If allowed to rest for a while
in a container, the gelatin chains compact to form a hydrogel, which is fairly elastic and
feels comparable to a rubber. However, in order to add additional ingredients, this form
is not particularly convenient. Adding glycerol is especially desired so that the gel retains
softness and elasticity as water component evaporates.

One challenge for this process is in controlling the quantity of coagulated gelatin
used in making gel. To fairly compare the properties of coagulated gelatin to pristine
gelatin hydrogels, the same amount of gelatin polymer should be present in both samples.
However, determining the amount of polymer present in a sample of freshly-coagulated
gelatin is non-trivial, as the exact proportion of retained alcohol and water is unknown.
An initial proportion is calculable via weighing, and immediately after coagulation, there
is ~ 55 weight % of gelatin in the material. However, this proportion changes over time
as volatile components evaporate. A simple solution is to use the whole amount of coag-
ulated material, as the amount of gelatin used initially is known. However, this strategy
requires going through the whole coagulation process every time a new sample is needed,
and it makes parallel fabrication of many samples more difficult.

I initially tried to get accurate gelatin content measurements by drying samples of
coagulated gelatin before before using them. In Figure 4.7C, I show what happens if
drying is performed rapidly and at high temperatures. The volatiles trapped in the gelatin
vaporize, forming many bubbles and causing expansion of sample. This process produces
an uneven, rigid foam that shows discoloration, indicating some chemical changes. When
this foam is removed from heat, the air within quickly cools and contracts, buckling the
surface of the material, and apply large forces to the container it is in, which is sufficient
to crack a glass petri dish.

I was able to effectively dry coagulated gelatin by use of a commercial dehydrator, as
shown in Figure 4.8. These machines are used for drying food, and apply low heat and
airflow over the course of many hours. Coagulated gelatin can be dried at 35°C over the
course of 48 hours. It needs to rotated and moved periodically to expose wet surfaces.
This process produces a rigid, lightweight material. Any bubbles are too small to see, and
there is no indication of chemical changes due to color. However, the material is very stiff
and hard to obtain samples from by hand. It would be possible to grind or pulverize it to
get powder, however, pulverizing long chain polymers is enough to significantly reduce
the average chain length [142], which is the primary property desired from the coagulated
gelatin. I therefore process dry coagulated gelatin into a stock material which is able to be
easily cut, and in which the proportion of gelatin is known.

In Figure 4.9, I show the process of creating a coagulated gelatin sheet stock. This pro-
cess begins with the dissolution of known mass dry coagulated gelatin. Dissolving dry
coagulated gelatin is slow due to the need to rehydrate and resolubilize gelatin chains.
Dissolution can be accelerated by large amounts of water and/or high temperatures. For
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Coagulated Gelatin with Retained Water & Alcohol |

Inflated, Dry Coagulated
Gelatin Gelatin
FIGURE 4.7: A) Coagulated gelatin was poured into the container and al-
lowed to sit to form a bulk gel. The mass of bulk is larger than that of
gelatin powder due to retained water and alcohol. B) This form of coagu-
lated gelatin is stretchable and soft. C) Heating wet coagulated gelatin at
high temperatures produces internal bubbles due to solvent/non-solvent
vaporization, resulting in a rigid foam-like structure that contracts when
cooled.
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FIGURE 4.8: Drying process for coagulated gelatin. A) Freshly coagulated

gelatin is poured into a container. B) Drying in a commercial dehydrator at

35°C for 48 hours. The process can be accelerated by reorienting material

and cutting to expose more surface area. C) Dry coagulated gelatin is a
rigid, lightweight foam.

1:1 ratio of dry coagulated gelatin to water, full dissolution requires over 2 hours at tem-
peratures above 150°C. Once dissolved, a small mass fraction of glycerol can be added to
the solution, and a sheet of stock can be cast. This sheet can be dehydrated to drive off
excess water, but retains flexibility due to glycerol. Strips of material can be cut out of this
stock for use in hydrogels.

Drying coagulated gelatin and working with dry coagulated gelatin are both fairly
labor and time intensive processes, so I sought to remove that step from the process. The
creation of a stock of material with glycerol provided a path to doing this. Freshly coag-
ulated gelatin can be dissolved at much lower temperatures and with much less water
than dry coagulated gelatin. A batch of gelatin of known input weight can coagulated.
This coagulated gelatin can then be immediately dissolved in a 1:1 ratio with water at
85°C. Glycerol can be added as before, and a sheet can be cast. The sheet can then be
dehydrated, driving off both water and alcohol. This process of making stock is used for
making the sample characterized later in this chapter.

The management of water content is a major theme in the fabrication processes of
gelatin hydrogels. This is expected, as the interaction of water and biomaterials is a major
determining factor of the properties living biological materials [143]. Additionally, being
swollen with water is the default for much of the hydrogel literature, as in biomedical
contexts, hydrogels are always used in an aqueous environment. However, when fully
swollen with water, hydrogels are less mechanically robust than when they have less wa-
ter, and indeed the maximum stiffness of gels is achieved when there is minimum water.
To achieve material properties comparable to synthetic soft elastomers from a hydrogel
form, the water content should fall on the low end of this spectrum. However, it is not
easy to work with gels with low water content. If there is insufficient water, liquid gels
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FIGURE 4.9: A) Dissolving coagulated gelatin. B) Adding glycerol to coag-
ulated gelatin solution allows the casting of flexible sheet stock, which can

be stored and easily cut for use in making samples. C) Casting a sheet of
coagulated gelatin composite from sheet stock prepared with dry gelatin.
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quickly set, making it very difficult to even pour a sheet (Figure 4.10A). I therefore take
advantage of the fact that these hydrogels do not need to operate in an aqueous envi-
ronment. I modify gel composition to use much more water than I want in the final
composition for processing. After the material is poured into the desired form, it can be
dehydrated to the target composition.

This process of dehydration causes dimensional changes, shrinking the hydrogel after
it is cast into a particular form. These dimensional changes mean that if the hydrogel is
cast into the final form it is intended to be used in, it will shrink and possibly warp, as can
be seen in Figure 4.5. Luckily, this can be designed around. First, there is already some
benefit by the addition of glycerol. When glycerol is present, the hydrogel does not de-
hydrate as quickly or completely, as glycerol is incredibly hygroscopic, and large glycerol
ratios can prevent much water loss at all [115]. However, large glycerol ratios produce
very soft gels which are not rubber-like and do not support their own weight well. This
excessive softness would make them unsuitable for use as mechanical components of soft
robots like the platform shown in Chapter 3. Therefore, I focus on producing sheets of
material, which I dehydrate to produce a stable, equilibrium water content.

From these equilibriated dry sheets, I can cut samples which retain their dimensions.
To create specific shapes, like dogbones coupons for tensile testing, I use 3D printed sten-
cils and cut with an exacto knife. This method is inexpensive and simple, however it does
require a greater degree of manual dexterity than other parts of the fabrication pipeline. I
briefly explore laser-cutting as an alternative process which is more precise and requires
less dexterity. In Figure 4.10, I show that hydrogels containing glucose are not compatible
with laser-cutting due to the production of carbonized sugar in the air which can coat the
laser optics. I was able to laser-cut gelatin hydrogel by removing glucose, so that path is
an option. However, I stick with the manual method for the rest of this work.

| Insufficient Water Content ~ Laser-induced Glucose
for Processing Carbonization

FIGURE 4.10: A) Hydrogel at water content levels optimized for final me-
chanical properties flows poorly, complicating processing. B) Presence of
glucose improves mechanical properties [115], but prevents laser-cutting
hydrogel due to rapid deposition of carbonized glucose on laser optical
components. C) Glucose-free hydrogel can be laser-cut effectively.
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4.4 Mechanical Properties of Dried Gelatin Hydrogels

To characterize the mechanical properties of my gelatin hydrogels, I perform tensile test-
ing to failure and cyclical tensile testing. Experimental parameters for mechanical char-
acterization can be found in Appendix C.

I characterized three compositions, one made with pristine gelatin, and two made
with coagulated gelatin with different glycerol ratios. (Figure 4.11) . All samples used the
same input mass of gelatin and sugar. They were fabricated with a 1:12 ratio of gelatin to
water, then dehydrated to equilibrium. the gelatin coagulation process increased the max-
imum amount that gelatin hydrogels can be stretched, improving strain-at-break from
around 85% to around 185%. Comparing coagulated gel with 1:1 gelatin to glycerol to
sample with 1:2 gelatin to glycerol ratio, the strain-at-break rises from 185% to 470%. The
compliance of the hydrogels follows a similar trend. The pristine gelatin composition is
the stiffest at 69.9 + 17.8 MPa, while the coagulation process lowers that stiffness 12.1 = 3.6
MPa. The doubling of glycerol content further lowers it to 0.083 = 0.068 MPa. Let us con-
sider some comparable results from the Baumgartner paper from which the initial recipe
for non-coagulated gelatin hydrogels was adapted [115]. Their G1644 composition has
a ratio of gelatin to glycerol of 1:2.75 and a strain-at-break of 263 £ 27%. Compared to
the double glycerol coagulated gelatin gel which has a ratio 1:2 and a strain-at-break of
471 = 75%. There is a general trend of glycerol increasing the amount the hydrogel can
be stretched before breaking, but this comparison shows that the coagulation process in-
creases this significantly. Their G2430 composition has a 1:1.05:1.35 gelatin to glucose to
glycerol ratio compared to our pristine composition which has a 1:1:1 ratio of these. The
stiffness of G2430 is 0.26 & .006 MPa compared to the stiffness of the pristine composition
at 69.9 £ 17.8 MPa, more than an order of magnitude stiffer. While the pristine has 30%
less glycerol than G2430, this difference is stiffness is likely not sufficient to explain the
full difference. Instead, the drying process during sheet casting intially drives off mois-
ture that would be lost over time in the G2430 formulation. They show that their gels can
become 4 times stiffer over the course of 20 days, and the water content has not stabilized,
so the ultimate stiffness would be higher [115].

Cyclical loading of samples was done to characterize the hysteresis features of the
different compositions (Figure 4.12). Coagulated compositions demonstrate some strain
softening, but loading and unloading curves follow much more similar trajectories than
for the pristine. This qualitative trend is validated by the resilience calculation, which
compares the energy stored during loading to the energy recovered during unloading.
Coagulated gelatin samples have resilience of 73.3 &= 0.94% which increases to 86 £ 0.81%
for the double glycerol composition. These are both higher and more consistent than the
pristine composition, at 53 4= 4.1% resilience. This difference indicates that the within the
10% strain regime, more of the energy stored in the coagulated gelatin samples is recov-
erable, which is consistent with long-chain stretching rather than bond breaking. This
difference also provides some insight into why the coagulated gelatin appears more com-
pliant than the pristine gelatin during tensile failure testing. Stretching the pristine com-
position causes bond breakage, which dissipates energy, effectively stiffening the sample.
As we can see in the hysteresis data though, this stiffness will not be present on subse-
quent stretching cycles as those lost bonds are not recovered.

For the purposes of creating soft robotic systems that can manipulate the world around
them, support their own weight and perform useful tasks while in close contact with
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humans, we want tough, stretchable hydrogels with good stiffness. The exact stiffness
required will depend on application, but some important benchmarks are the stiffness of
silicone (0.1-10 MPa), skin (0.06-0.85 MPa) , natural rubber (around 30 MPa), skeletal mus-
cle (0.005-0.17 MPa) and bone (10,000 - 20,000 MPa) [144]. The most compliant hydrogel
I characterized has a stiffness of ~ 0.08 MPa, around the stiffness of human skin and the
most compliant silicones. The stiffest hydrogel had a stiffness of ~ 69.9 MPa, stiffer than
the stiffest silicones, rubber and muscle, but far less stiff than bone. This range is promis-
ing for enabling robots that can interact with the human body with varying degrees of
compliance while retaining intrinsic safety benefits from softness.

4.5 Reducing Water Solubility

In this section, I explore the hydrolytic stability of gelatin-glucose hydrogels, and reduce
their solubility in water via thermal crosslinking. The work in this section was performed
in collaboration with my undergraduate mentee Zimo Ge.

A major factor in the applications of gelatin hydrogels is their ready solubility in water.
In traditional tissue scaffolding applications, a water soluble hydrogel degrades quickly
as it is constantly exposed to the aqueous environment of the body. To address this, gelatin
hydrogels are often crosslinked and otherwise chemically modified to make them insolu-
ble. The standard in that field is the production of gelatin methacryloyl (GelMA), by re-
action of gelatin with methacrylic anhydride in a ratio of approximately 0.628:1 to 1.859:1
[145]. Methacrylic anhydride is a fairly expensive reagent, costing around $58 per 100
mL, 94% [146]. Genipin, a compound extracted from Genipa americana or Gardenia jasmi-
noides fruit has been used to crosslink pristine gelatin hydrogels [122] at a ratio of 100
mol% and coagulated gelatin fibers at a ration of 0.16 weight%. [134]. This compound
is expensive as well, costing $4260 per gram from SigmaAldrich [147], though there are
less established suppliers claiming $14 per gram [148]. There are less expensive options
for crosslinking, formaldehyde (37%) costs $19.95 for 16 oz [149], and has been used to
crosslink coagulated gelatin fibers [30], though this option is inaccessible for safety rea-
sons. Glutaraldehyde is a widely used, inexpensive and effective crosslinker for gelatin,
which has been used in clinical settings. However, there are concerns of it being released
during internal degradation due to the cytotoxity of unbound glutaraldehyde [150]. I pur-
sue the route of crosslinking with sugar due to easy access, safety and low cost, as shown
in Figure 4.13.

Gelatin is a biopolymer made of amino acids. The bonding of amino acids to sugars
is not an esoteric reaction, in fact, the Maillard reaction, which is responsible for the de-
licious browning of food during cooking, is a reaction between amino acids and sugars.
Glutaraldehyde can be produced via the Maillard reaction, Conveniently, my gels already
contain glucose, which can undergo this reaction. Glucose is very inexpensive ($25 for 2.2
Ib on Amazon). I compare the prices of crosslinking a pound of gelatin with different
crosslinkers and at different degrees of crosslinking in Figure 4.13. Cross-linking between
gelatin and sugar can be initiated by ultraviolet irradiation [151], acid-base neutralization
[152], and elevated temperatures [153, 154]. I focus on thermal curing to induce crosslink-
ing between gelatin and glucose due to the ability to achieve the required temperatures
with domestic equipment and the independence fro additional reagents.

In the first solubility experiment (Figure 4.14), I use samples with a 2:1:2 ratio of pris-
tine gelatin, glucose and glycerol for testing. Samples are baked for 24 hours at different
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FIGURE 4.13: Cost comparison of crosslinking one pound of gelatin.

Technical grade crosslinkers are sourced from SigmaAldrich. Low price

crosslinkers are sourced from online retailers. The crosslinking ratio is

based on range of ratios found in selected literature. Genipin: 0.544 g/Ib to

42.14 g/1b [122, 134], Methacrylic anhydride (MAA): 14.38 mL/1b to 42.57
mL/Ib [145], Glucose: 1.6 0z/1b to 16 oz/1b [34, 115].
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temperatures, 40°C which is around the melting point of fully hydrated gelatin, 100°C
and 120°C. The baked samples are submerged in water and heated for 1 hour at 50°C
and agitated periodically to induce hydrolytic stress, dissolving soluble material (Figure
4.14A). The undissolved material is filtered out with filter paper of known mass, and
weighed (Figure 4.14B). The paper and undissolved gel are dehydrated for 48 hours at
35°C, then weighed again (Figure 4.14C). The dry mass of the undissolved gel is cal-
culated and the percentage of insoluble material to original mass is calculated (Figure
4.14D). Baking at 40°C does not reduce solubility, but baking above 100°C does. How-
ever, at 120°C, there is less mass remaining, indicating some thermal degradation effect. I
explore this next.

[} Solubility in 50C Water
100

75

50

25

Insoluble Material (w.t.%)

40C 100C 100C 100C 120C
Baking Temperature

FIGURE 4.14: A) Baked gelatin-sugar hydrogels submerged in water and

heated for 1 hour at 50°C and agitated periodically. Brown color indi-

cates chemical reaction B) Undissolved material drained in filter paper. C)

Drained material dehydrated and weighed. D) Weight percent of insoluble
material to original mass.

The Maillard reaction provides insight into the potential mechanism of thermal degra-
dation, as the Maillard reaction is inhibited by the presence of moisture. To test this, I
compared the results of baking for 24H at 100°C in a moisture rich environment, by seal-
ing the lid of the container vs. a low-moisture environment, where the container is open
and water is able to evaporate away during baking. As shown in Figure 4.15B, the sam-
ples baked in a moisture rich environment lose the ability to gel, and degrade into sticky
paste. It has been shown that reducing the molecular mass of gelatin sufficiently prevents
it from gelling [124], which might indicates that the high temperature, moisture-rich en-
vironment is causing hydrolysis of gelatin chains to smaller polypeptides. If this is the
case, the loss of the absorption peaks associated with the broken bonds should be visible
in the IR spectra of the material. As we can see in Figure 4.15A, the samples of coagulated
and pristine gelatin that were baked with the lid on follow virtually identical spectral
curves, with no differences in noticeable peaks. This change is one indication that bonds
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are being broken, as the peaks associated with extra bonds formed during coagulation
(around 1550 cm ™! and between 1170 - 1500 cm™! in the Amide II region) are gone. In
samples baked without trapped moisture, which should be thermally crosslinked, there
is a very strong peak around 1040 cm~! and two small peaks at 925 cm ™! and 850 cm ™!
in the Amide III region. These crosslinked samples also show another peak around 2920
cm~! in the Amide A region. The 1040 cm ™! peak is present in the thermally degraded
samples baked in the presence of moisture, but is much reduced.

Thermal Decomposition vs. Gelatin Coagulation
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FIGURE 4.15: A) Fourier-transform infrared spectroscopy of gelatin-sugar
hydrogels. B) Samples characterized above. Baked samples were baked at

100°C in a glass petri dish for 24 hours, either with an open lid or with the
lid on to trap moisture.

I next characterize the solubility of thermally crosslinked samples of different com-
positions, and whether drying samples before baking improves this (Figure 4.16). These
samples were all baked without lids for 24 hours at 100°C. We can see that the solubility
of baked samples does not correlate strongly with whether or not the gelatin has been
coagulated. We can also see that drying ahead of time does not have a big impact on
solubility, indicating that moisture is driven off sufficiently quickly in the thermal curing
environment. Looking at the IR spectra 4.16)A, there are again strong peaks at 1040 cm !,
1550 cm 1, and 2920 cm ™! for the baked samples, with minor at 925 ecm~ !, 850 cm~! and
between 1170 - 1500 cm 1. Some of these features are shared between uncured coagulated
gelatin hydrogel and the thermally crosslinked samples. The peak around 1550 cm ™}, the
peak around 1040 cm ™!, and the minor peaks between 1170 - 1500 cm ! are shared be-
tween coagulated gelatin gel, and the crosslinked pristine and coagulated gels. The peak
at 1550 is slightly stronger for coagulated gelatin, while most of the others are slightly
stronger for thermally crosslinked gels, with the exception of the 1040 cm™! peak, which
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is much stronger for thermally crosslinked gels and is the strongest peak for those sam-
ples. Based on these details, the 1040 cm ™! peak (primary), 2920 cm~! peak (secondary),
925 cm~! and 850 cm ! peaks (tertiary) are the indicators of thermal crosslinking between
gelatin and sugar. Evidence that thermal crosslinking of gelatin with glucose through the
Maillard reaction is found by comparing the strong peaks of crosslinking to the IR sig-
nature of glutaraldehyde, a known Maillard product which possesses strong peaks at
approximately 1040 cm ™! and 2920 cm ™! [155].

Thermal crosslinking improves solubility significantly, from around 15% insoluble
material left after hydrated heating at 50°C to around 75% insoluble under these same
conditions. Since I aim for these materials to be used as components of soft robotic sys-
tems rather than in aqueous environments, this improvement to hydrolytic stability is
very promising. For most contexts, these materials would be less damaged by the pres-
ence of water than many of the electronic components of a robotic system.

4.6 Discussion

In this chapter, I fabricate and characterize biomaterial hydrogels using accessible, biodegrad-
able ingredients like glucose, glycerol and gelatin. I leveraged lab equipment for charac-
terization, but put focus on being able to adapt the fabrication process to widely available
tools, so that someone trying to work with these materials could likely fabricate them with
the existing tools available in their particular work space. This constraint is important for
participatory robotic systems development.

I demonstrate the ability to modify mechanical properties of hydrogels via use of ac-
cessibly coagulated gelatin. Coagulation of gelatin enhances mechanical performance of
hydrogels via increasing the length of polymer chains and can be achieved without labo-
ratory equipment or ingredients, by simply heating and periodically agitating a solution
of gelatin, water and alcohol. I show that glycerol can additionally be used to modulate
stiffness and elasticity. Freeze-thaw cycling is another accessible way of improving me-
chanical properties of hydrogels which could be explored [156]. Long chain polymers
have been shown to have improved resistance to wear and lower friction [128]. Since
gelatin coagulation process produces long protein chains, coagulated gelatin might be
useful in applications where wear is the primary failure mode and replacements are fre-
quent. Since coagulated gelatin can be very optically clear, there is likely good synergy
with tactile characterization sensors relying on optics, like GelSight [157], where a clear
polymer pad is pressed into the surfaces to be characterized and which needs to be re-
placed very frequently.

I also explore the challenges and opportunities in fabrication of these hydrogels. Through-
out this work, managing water content became of primary concern. My results suggest
that maintaining a high water content during fabrication, followed by controlled dehy-
dration (mediated by glycerol content) allows a decoupling of the final material strength
and the processability. This dehydration induces dimensional changes and even shape
change. These effects have been leveraged for hydrogel-based soft actuators, and the rate
at which water diffuses can be increased via controlled creation of pores [158]. However,
if a stable geometry is desired, gels can be processed into sheets. Due to high aspect ratio,
dehydration happens primarily from the exposed top surface, so that shrinkage occurs
largely through the thickness dimension of the sheet. This directional shrinkage leads to
thin sheets with minimal warping. Parts can be cut from the resulting flat sheets, and
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existing work on origami mechanisms and laminate structures for robotics [159] indi-
cates that a flat form factor after synthesis would still allow a large design space for pro-
ducing robotic mechanisms. As an alternative to the high moisture fabrication regime,
there is work showing that low-moisture hydrogels can be processed by treating them
like dough, folding them and kneading them to produce sheets. This process is espe-
cially appealing for long-chain, highly-entangled hydrogels, as it produces mechanically
robust materials without breaking the long chains [142, 160]. Recent techniques allow for
additive manufacturing of synthetic hydrogels with long-chain, entangled polymers via
vat photopolymerization aided by a slower redox reaction [161]. 3D printing of gelatin
hydrogels has also been demonstrated, [120], and in aqueous environments or with suf-
ficiently high glycerol concentrations and tolerances on dimension, this is a possible path
forward. Additionally, additive manufacturing techniques can create structurally com-
plex soft structures, allowing fabrication of artificial tissues and organs [162]. FRESH
printing of alginate hydrogels can produce structures with shape complexity on the order
of a human heart [163] and a functional robotic arm [164]. Biomaterial hydrogels are not
intrinsically limited to simple shapes, and complex structures are increasing feasible.

I demonstrate improvements to solubility of gelatin-based hydrogels by thermal crosslink-
ing between gelatin and sugar via Maillard reaction. I show that if this same thermal
treatment is performed in the presence of moisture, hydrogels degrade and coagulation
is reversed, which could have implications for controlled degradation of these materi-
als. I briefly explore other ways of modifying gelatin to reduce vulnerability to moisture.
First I combine alginate and gelatin hydrogels (Figure D.3) and crosslink with calcium
lactate. Alginate is an ionically crosslinked polymer, while gelatin gels via cooling, so
careful sequencing of fabrication steps would be required. It might be helpful when ther-
mal treatment is not possible, or if reversing the solubility change is desired . Alginate
crosslinks can be removed by chelating agents, some of which are accessible and degrad-
able like sodium citrate which can be made by mixing lemon juice and baking soda. I also
experiment with emulsifying hydrophilic gelatin hydrogel with hydrophobic oleogel to
form a bigel (Figure D.2). Modeling indicates that depending on temperature and com-
position, these gels can achieve percolation in neither, one, or both of the phases[165],
which implies the possibility of tuning transport of various species, e.g., water via con-
trolling network connectivity. Pure oleogels are of primary interest in controlling the
texture and structure of lipids in the food industry [166]. In robotics, they have been
used to create soft robotic actuators using shape memory [167] and magnetic actuation
[168]. Bigels have been explored for food science [169], drug delivery and cosmetics [170],
but these have low polymer fractions and cannot transmit mechanical loads. Hydrogels
with phase-separated hydrophobic and hydrophilic networks are possible with synthetic
polymers, and demonstrate high strength and low hysteresis [171]. These dual network
hydrogels rely on a water-poor hydrophobic hydrogel phase instead of an olegoel phase.
Mechanically strong bigels of biomaterial hydrogel and olegel networks have not been
demonstrated, but my initial experiments along these lines show that load-bearing bio-
material bigels are possible (Figure D.2). Based on my own work and the implications of
the literature, I believe there are diverse possible developmental directions for biomaterial
gels suitable for soft robotics.

In the next chapter, I explore the extent to which gelatin-based hydrogels can be used
for other elements of robotic systems besides passive mechanical elements, namely as part
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of the electronics. I pursue this via creation of conductive gelatin hydrogel, which lever-
ages lessons learned in the importance of managing water content to perform controlled
assembly of conductive filler.
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Chapter 5

Accessible Soft Electronics with
Conductive Gelatin Composite

K. Chin, M. Vinciguerra, D.K. Patel, P.R. Olcay, E.S. Lazaro Vasquez, and C. Majidi. ”Acces-
sible soft electronics with silver-gelatin conductive hydrogel composite.” In Advanced Materials
Technologies (In Review), 2024. [34]

Author Contributions: I designed the conductive gelatin material and the accessible
fabrication process. I designed the electromechanical characterization process. I imple-
mented the soft circuitry and EMG electrode demos. M. Vinciguerra developed electrical
characterization process. E.S. Lazaro Vasquez provided initial coagulation protocol. D.K.
Patel and I performed FTIR experiments and filmed accessible fabrication process. P.R
Olcay and I performed EMG impedance characterization.

Electrically conductive hydrogels are a promising class of materials for soft electronics
and robotics that mimic the mechanics of natural biological tissue. However, these mate-
rials are typically not biodegradable or recyclable and their production typically involves
hazardous solvents and monomers that limit accessibility and environmental compati-
bility. This study introduces a biomaterial hydrogel composite in which a percolating
network of silver microflakes is suspended in a natural, gelatin-based matrix. The com-
posite is primarily composed of inexpensive, food-safe ingredients and the fabrication
process is designed to be compatible with standard kitchen equipment and can be im-
plemented in a well-ventilated domestic environment (Figure 5.1A). Together, the choice
of inexpensive and consumer-grade materials and equipment make this a relatively ac-
cessible approach to engineering conductive hydrogel compared to other methods that
require access to laboratory-grade chemicals and facilities. The resulting material system
is mechanically soft, stretchable up to 470% strain, and highly conductive up to 3.1 x 10°
S cm ™!, with properties that can be tailored based on material composition and process-
ing conditions. In addition to experimental characterization of its material properties, this
conductive gelatin composite is shown to be applicable for a variety of uses cases in soft
matter circuitry and bioelectronics.
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FIGURE 5.1: A) Accessible equipment and ingredients for the fabrication

of conductive hydrogel composite. B) Stretched sheet of conductive gelatin

sample. C) Strip of GG-C sample functioning as a wire in a circuit under i)
normal conditions, ii) stretching, and ii) twisting.

5.1 Overview

There has been growing interest in incorporating gelatin biomaterials, such as the class of
materials covered in Chapter 4, into soft electronics and devices [172]. However, there ex-
ists an intrinsic tension between mechanical and electrical properties for deformable con-
ductors [173] and the ability to balance these properties is of great importance. Hardman
et al. showed ionically conductive gelatin-glycerol hydrogel for strain sensing [174]. Jing
etal. created a conductive filled composite from thiolated gelatin with silver nanowires(GE-
SH-AgNWs), designed for wearable strain sensing [175]. Liu et al. showed a gelatin hy-
drogel soaked in ammonium sulfate forming an ionically conductive hydrogel (Gel/AS)
[176]. Park et al. used reduced graphene oxide (rGO) as a conductive filler in methacry-
lated (GelMA) gelatin to form conductive hydrogel (r(GO/GelMA)) for applications as
a nerve conduit [177]. Han et al. combined dopamine grafted gelatin (GelDA) with
graphene oxide as conductive filler (GelDA /GO) to form a self-healing, adhesive hydro-
gel [178].

There have been several simple fabrication processes leveraged in the formation of con-
ductive hydrogels that are promising for accessible fabrication processes. The “salt-out”
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effect was leveraged using baths of sodium sulfate or ammonium sulfate after the syn-
thesis of the base hydrogel [175, 176, 179]. Ohm et al. showed that partial dehydration
of a silver—polyacrylamide-alginate hydrogel can increase conductivity by reducing the
space between high aspect ratio conductive particles [180]. Zhao et al. showed extremely
high conductivities via dry annealing and freeze-thaw processing in a PVA-Borax hydro-
gel with silver microflakes and gallium-indium alloy liquid metal droplets [156]. Ford et
al. observed that sedimentation of liquid metal particles in rubber-hydrogel composite
could affect conductivity [181]. Gan et al. demonstrated sedimentation of liquid metal
droplets in gelatin gel and subsequent sintering via gel dehydration to produce thin-films
with high stretchability and conductivity [182]. Most of these processes produce either
highly conductive hydrogels or are created from sustainable ingredient sources, but not
both. The work of Gan et al. achieves these goals, at the cost of producing only a thin-film
form factor and relying on expensive and low-availability liquid metal conductive filler.
An important space remains for a hydrogel produced from sustainable, inexpensive in-
gredient sources that achieves conductivities over the 102 S cm~! threshold for use in a
variety of soft matter electronics.

In this chapter, I introduce an electrically conductive hydrogel composed of silver mi-
croflakes embedded within a network of food grade biopolymer (gelatin and glucose
syrup) and plasticizer (glycerol) (Figure 4.1A). The matrix for this hydrogel is fabricated
using the processes and ingredients discussed in Chapter 4. Briefly, I tailor the mechanical
properties of the conductive hydrogel composite through the use of glucose and glycerol
as biodegradable additives, and coagulated gelatin to form an entangled polymer net-
work. Electrical conductivity is achieved through the use of silver microflakes, which
are commonly used for conductive elastomers and gels. An additional benefit to relying
on chain entanglement for enhancing mechanical properties of a conductive composite is
that it allows the material to maintain thermoplastic properties, preserving the possibil-
ity of easily retrieving conductive filler. For characterizing the properties of this material
system, I focus on the influence of gelatin composition on mechanical properties (elastic
modulus, elastic resilience, strain at break) and electromechanical coupling. To reduce
the amount of silver required to achieve percolation and electrical conductivity, I exploit
a combination of gravity-driven sedimentation and partial dehydration of the hydrogel
matrix [180]. I also examine the influence of silver sedimentation time, which controls
the local density of silver microflakes within the gelatin, on electrical conductivity of the
composite. To demonstrate the use of the conductive silver-gelatin composite in practical
applications, I show that the conductor can be used as a stretchable, finger-mounted elec-
trode that maintains an electrical connection with finger motion and a forearm-mounted
bioelectronic sticker that tracks hand motion through electromyography. Collectively,
these measurements and demonstrations suggest that silver-gelatin composites could be
promising for accessible soft electronics that can be produced with readily-available ma-
terials and resources.
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5.2 Results

The silver-gelatin composite can be produced in a domestic kitchen environment by mix-
ing silver flakes (47MR-10F, Inframat Advanced Materials) with store-bought, food-grade
materials — gelatin, glucose syrup, glycerol and water. Details of the complete fabrication
process are presented in Figure 5.2A-B, and are also described in the Experimental Section
(video available at [183]). Briefly, as shown in the Figure 5.2A, the glycerol, glucose syrup,
and gelatin (pristine powder or long coagulated chains) are mixed with water and melted
to form a solution. A separate solution of silver microflakes and dish-soap is prepared
under good ventilation (video available at [184]). The two solutions can be mixed, and
the resulting mixture is then poured into a mold or dropcast onto a substrate. The gel is
kept molten with temperatures over > 85°C in order to maintain a liquid state and allow
the silver flakes to settle and form a sedimentation layer (Figure 5.2B). After a sedimenta-
tion time of 60 minutes, the material is allowed to cool and gel. Lastly, the silver-gelatin
composite is dehydrated in a commercial dehydrator > 35°C for 48 hours, and can then
be removed from the mold or substrate. Depending on the silver flake concentration and
settling time, the sedimented side of the composite can exhibit a volumetric electrical con-
ductivity up to 3.1 x 10® S cm~!. The following discussion describes how alterations in
gelatin composition and silver sedimentation time can influence mechanical, electrical,
and electromechanical properties of the composite.
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FIGURE 5.2: A) Fabrication process of conductive gelatin hydrogel bulk
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5.2.1 Material Structure and Composition

The hydrogel matrix is composed of gelatin (coagulated or unmodified), glucose syrup,
glycerol and water. The mechanical and electrical properties of the final composite de-
pend on the particular ratios of ingredients and the gelatin type. Rather than a full explo-
ration of this parameter space, we start with a baseline composition of coagulated gelatin
(CG), glucose syrup, glycerol and water in a 1:1:1:12 weight ratio. From there, there are
two variations in matrix composition. Pristine gelatin (PG) samples use a composition
with unmodified gelatin powder in place of the coagulated gelatin, to explore the influ-
ence of the longer polymer chains induced by coagulation. Glycerol-rich gelatin (GG)
samples use twice the amount of glycerol in order to examine its influence as a plasti-
cizer and viscosity modifier for the molten state of the hydrogel. For all variations in the
matrix composition, versions with silver flakes as conductive filler are also characterized
separately (e.g. non-conductive pristine gelatin (PG-NC) vs conductive pristine gelatin
(PG-C)). All of PG-C, CG-C, and GG-C achieved high electrical conductivity of over 102 S
cm~ L.

In addition to the hydrogel composition, we also examine the influence of silver flake
settling and sedimentation. During the silver flake sedimentation step (Figure 5.3), the mi-
crostructure of the material transitions from uniformly dispersed and disconnected silver
flakes to a bilayer structure of gelatin-rich and silver-rich layers. Within the sedimented
silver-rich layer, the silver flakes form a dense, percolating network that is electrically con-
ductive (Figure 5.3A). The thickness of this layer grows throughout this process (Figure
5.3B-C), resulting in a lower electrical resistance on the sedimented side of the composite
(Figure 5.3D), and ultimate, increasing conductivity (Figure 5.2C). There appears to be a
point in settling where the transition from the conductive layer to insulating layer is no
longer a gradient of decreasing silver flake concentration and is instead a more discrete
transition. This stress concentration can cause delamination or fracture as shown in Fig-
ure D.6. This mechanical failure mode can be avoided by controlling sedimentation time,
and should have some dependency on molten matrix viscosity.

5.2.2 Materials Characterization

We examine the influence of material composition and processing conditions on the prop-
erties of the composite. These include mechanical characteristics (elastic modulus, elas-
tic resilience, strain at break), electrical conductivity, and electromechanical coupling be-
tween elastic strain and electrical resistivity.

Mechanical Properties

Figure 5.4A presents stress-strain curves under tensile loading for each hydrogel composi-
tion with and without silver filler. As can be seen in the strain at break data extracted from
these curves (Figure 5.4B) the conductive compositions generally exhibit lower elongation
at failure (approximately 30-50% for CG-C and PG-C compared to approximately 85-185%
for CG-NC and PG-NC). This reduced stretchability is likely due to the conductive filler
introducing microscale defects in the hydrogel matrix that initiate failure. We also observe
that the GG samples generally exhibit the highest elongation at break. The excess glycerol
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FIGURE 5.3: A) Scanning electron microscopy (SEM) of conductive gelatin

composite with a sedimentation time of i) 0 minutes, ii) 20 minutes, iii) 40

minutes and iv) 60 minutes. B) Growth in thickness of the conductive layer

as sedimentation time increases. C) Growth in relative thickness of con-

ductive layer as sedimentation time increases. D) Increase in conductance
of material samples as sedimentation time increases.

present in these materials acts as an effective plasticizer and creates a much higher elon-
gation before specimen failure, likely due to enhanced mobility of gelatin chains [185].
This effect appears to overwhelm the effect of adding conductive filler, since GG-C and
GG-NC have greatly overlapping error bars and very similar mean strains at break (ap-
proximately 502% vs. 470%). Finally, it appears that the coagulation process enables
larger elongation as well. Comparing CG-NC and PG-NC samples that have no conduc-
tive filler, they differ only in that CG-NC uses coagulated gelatin. There is little overlap
in their error-bars, with CG-NC having a mean strain at break of 186%, compared to PG-
NC with 87%. Coagulation creates longer polymer chains, providing the opportunity for
more entanglements that can dissipate energy before bond-breaking [128]. Similar corre-
lations exist when looking at the elastic modulus of the different compositions. As we can
see in Figure 5.4C, the presence of conductive filler increases the stiffness of the gelatin
hydrogel. This trade-off between high electrical conductivity and compliant mechanical
properties appears to be alleviated both by using coagulated gelatin as the matrix polymer
and especially by increasing the amount of glycerol plasticizer. Comparing the results of
my conductive coagulated gelatin hydrogels to state-of-the-art synthetic hydrogels [180,
186] and gelatin-based hydrogels [175, 176, 178], the GG-C composite is more stretchable
(up to 502% strain) than previously reported specimens from either category (Figure 5.5).

Mechanical hysteresis of different compositions under cyclical loading up to 10% strain
is shown in Figure 5.6A. Three samples of each are overlaid, to demonstrate consistency
within each composition. The first cycle, indicated visually by full saturation, shows a
higher stress than subsequent cycles, consistent with stress-softening. Unfilled coagulated
gelatin hydrogel with double glycerol GG-NC follows virtually the same path through
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stress-strain space after the first cycle, thus displaying minimal hysteresis. Filled coagu-
lated gelatin hydrogel with double glycerol GG-C and unfilled coagulated gelatin hydro-
gel CG-NC have slightly higher hysteresis, while the filled coagulated gelatin hydrogel
CG-C and both filled and unfilled pristine gelatin hydrogels PG-C and PG-NC demon-
strate noticeable hysteresis. This is quantified by calculating the average resilience of
each composition (Figure 5.6B) across three samples.
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FIGURE 5.6: A) Hysteresis curves of different compositions of gelatin com-
posite. Color saturation decreases and value increases for later cycles. B)
Derived mechanical resilience of these compositions.

Elastic resilience for each sample is calculated by first offsetting the values so all stress
values are positive, then summing the integrals of the loading stress from 0% to 10% strain
for all cycles. This is the energy stored in the material throughout the cyclical process. A
sum for the unloading cycles is obtained as well, representing the energy released during

. . Uy untoading
unloading. The ratio of the energy released to the energy stored ulidgg is reported as

r,loadin

the resilience of the sample. Nonconductive, unfilled compositions demonstrate higher
resilience than their filled counterparts across the board. This is expected due to plasticity
induced by rearranging of filler particles during deformation. Unfilled pristine gelatin
hydrogel PG-NC demonstrates noticeably less resilience than unfilled coagulated gelatin
hydrogel CG-NC. This indicates that the longer polymer chains of coagulated gelatin are
better at storing energy elastically than the shorter chains of unmodified gelatin. For
the filled versions, CG-C and PG-C, the range of their resilience overlaps, likely because
the presence of conductive filler dominates the differences in chain length. The highest
resilience filled hydrogel is GG-C, due to the presence of double the amount of plasticizer.

Electrical and Electromechanical Properties

Figure 5.7 shows a comparison of achieved conductivity to literature. Comparing the con-
ductive conductive coagulatd gelatin composites I produced to state-of-the-art gelatin-
based conductive hydrogels (0.05 - 0.1 S cm~1) [175, 176, 178], both the GG-C and CG-C
composites are at least three orders of magnitude more conductive. Compared to more
conductive state-of-the-art synthetic hydrogels, the GG-C composite (381 S cm™!) is com-
parable in conductivity to the work of Ohm et al. (374 S cm™1) [180] and slightly less
conductive than the work of Zhao et al. (700 S cm~1) [186]. The CG-C composite is more
than three times as conductive as either (up to 3110 S cm™1).
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FIGURE 5.7: Comparing conductivity of selected compositions from this

work (conductive coagulated gelatin (CG-C) and double glycerol conduc-

tive coagulated gelatin (GG-C)) to conductive gelatin hydrogels in litera-

ture [175, 176, 178] and conductive synthetic hydrogels in literature [180,
186].

Representative electromechanical response curves for GG-C, CG-C and PG-C hydro-
gel compositions are shown in Figure 5.8A. These curves were collected from rectangular
strips of material using the test rig shown in Figure 5.8B. All compositions demonstrate
a coupling between the relative increase in resistance and applied strain. There is a hys-
teretic element to the increase in resistance as the samples are stretched to higher strains.
There is a close alignment of the relaxation trajectory to the stretching trajectory of that cy-
cle. This is an electrical analogue to the stress-softening of filled polymers (Mullins effect
[187]), possibly due to changes to the arrangement of filler particles (silver microflakes)
when experiencing new maximum strain. This suggests that once stretched to some max-
imum, the electromechanical coupling would be more consistent within previously ex-
perienced strain ranges. Such electromechanical and cyclical behaviors are not unique to
this composite and have been previously observed with other soft material systems that
use silver as the conductive filler [188].

We note that variations in electromechanical response exist even among samples of the
same material composition, as shown in Figure D.9. Such sample-to-sample variation
is observed to coincide with differences in the tensile strain at electrical circuit failure.
One explanation could be the stochastic nature of material defects within the compos-
ites, which manifest themselves in both electromechancial coupling and electrical failure.
Aside from these variations, we observe that when comparing between compositions,
CG-C and PG-C have similar curves and ultimate strains. GG-C follows a similar pattern,
but goes to much higher ultimate strains. This pattern is due to the increased compliance
added by having twice as much glycerol as the other compositions.

5.2.3 Demonstrations

The mechanical and electrical properties of this conductive biopolymer composite sug-
gest possible applications in soft and wearable electronics. Here, we present two repre-
sentative cases in which the material can be placed on the skin and maintain electrical
functionality during body motion.
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FIGURE 5.8: A) Relative resistance change as strain iteratively increases. B)
Experimental setup for electromechanical testing (video available at [189]).

To demonstrate applicability for soft wearable circuits, a rectangular strip of GG-C
conductive hydrogel was mounted to the index finger and used for delivering electrical
current to a 3-volt LED. Referring to Figure 5.9A, the strip adheres to the finger across
the middle and proximal phalanx and remains functional through the full bending range
of motion of index finger. Additionally, when detached from the skin, we show that
the circuit remains functional under gravitational loading, tensile stretching, and twist-
ing(Figure 5.1C, i-iii).

Furthermore, we demonstrate the ability to use the materials for electromyography
(EMG). Generally speaking, electrodes for electrical biosignal recording need to be highly
conductive and possesses conformal compliance, features which are present in this con-
ductive gelatin hydrogel. For electromyography, an impedance response curve with sen-
sitivity in the 100Hz to 10kHz range is needed, which is demonstrated by electrodes cut
from GG-C composition (Figure 5.9B). This curve was obtained via testing on a pork skin
model with a Gamry potentiostat in 2-lead mode (Figure 5.9C). The signals recorded from
human muscle activation with attached gelatin electrodes are shown in Figure 5.9D. Elec-
trodes are tested while placed over the flexor digitorum muscle (Figure 5.9D, i-ii) and
the extensor digitorum muscle (Figure 5.9D, iii-iv). Recorded voltage traces are visually
distinguishable from background, and demonstrate expected features including spikes at
both activation and relaxation (video available at [190]), continued activity under move-
ment (Figure 5.9D, iii), and activity extinction while holding position (Figure 5.9D, iv).
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FIGURE 5.9: A) Demonstration of conductive gelatin sample conforming to
hand during flexing while functioning as wire. B) Impedance curve of skin-
electrode interface in pig-skin characterization experiment (video available
at [191]). C) Schematic diagram of impedance analysis setup with Gamry
potentiostat. D) Electromyograms of muscle activity during 1) wrist flexion
2) ring-finger flexion 3) wrist and finger extension with rocking 4) finger
extension, held till activity extinction. (video available at [190]).

5.3 Discussion & Conclusions

The usage of silver microflakes leaves an opportunity to further increase the sustainability
and accessibility of the material system in future work. In a soft electronics context, silver
is attractive due to its high conductivity and the relative availability of various form fac-
tors that are popular in a multitude of industrial and commercial applications [192, 193].
There are challenges associated with their use as well. Firstly, there are potential respi-
ratory hazards involving breathing particles of this size, and proper ventilation practices
during handling and preparation need to be taken (video available at [184]). Research has
shown that various morphologies of silver, if released into the environment, pose ecologi-
cal risks. Silver nanoparticles have potentially useful antimicrobial effects [194], but have
been shown to negatively affect the health of fish [195] and aquatic invertebrates [196].
Due to the potential for mechanical or chemical conversion to nanoparticles or silver ions
after disposal, life cycle considerations must be made. Carneiro et al. demonstrated that
soft electronics made with silver flakes and polyurethane composites can be decomposed
into polyurethane residue and reusable silver-rich powder via appropriate solvents (IPA)
[197]. The gelatin-based composite shown in this work could be dissolved with water
as an effective solvent instead of IPA. Reclaiming the silver flakes in this way could al-
low both recycling of material rather than inciting further resource extraction, as well as
preventing the release of silver into aquatic environments. As future work, there is the po-
tential to partially or completely obviate these issues with the use of more biocompatible
conductive fillers like graphene oxide [177, 178, 198], PEDOT:PSS [199, 200], zinc [107] or
molybdenum [201], and hopefully accessible fabrication methods using these options can
be pursued in the future. The structural complexity of components or devices produced
from these hydrogels also shows potential for further development, and hydrogel print-
ing techniques [112] potentially provide an avenue to more complex devices fabricated
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from these biomaterial hydrogel composites.
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Chapter 6

Conclusion

6.1 Contributions

Challenges in Soft Robot Autonomy (Chapter 2): I apply established methods of en-
abling robot autonomy to soft robotic systems and identify trends and challenges in soft
robotic autonomy deriving from intrinsic soft matter physics. I identify collecting hard-
ware data as a critical step and major bottleneck in understanding the effect of soft mate-
rials on robotic systems.

Enabling Soft Robotic Hardware Datasets (Chapter 3): I design and implement a re-
search platform capable of extended data collection, sufficient for reinforcement learning.
I demonstrate its compatibility with multiple materials and utility in implicitly character-
izing materials in the context of a manipulation task.

Gelatin-based Biomaterials (Chapter 4) : I fabricate and characterize a class of hydro-
gel composites composed of food grade, inexpensive ingredients —gelatin, glucose and
glycerol. I demonstrate accessible processes for improving mechanical properties via co-
agulation, and resistance to water via. thermal crosslinking.I identify water content as an
important feature of this biomaterial composite, and manipulate water content of hydro-
gel to control processability, mechanical properties, susceptibility to thermal degradation.

Accessible Soft Electronics with Conductive Gelatin Composite (Chapter 5): I fabri-
cate conductive composite of gelatin-based hydrogel. I exploit water content, using sedi-
mentation of conductive microparticles in low-viscosity molten hydrogel to achieve high
electrical conductivity with moderate conductive filler content. I then improve conduc-
tivity and stiffness via controlled dehydration. I demonstrate application as wire in soft
electronic circuit and as electrode in electromyography muscle activity recording.
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6.2 Outlook

Gelatin hydrogel is attractive as a material for use in soft structures and envi-
ronmentally sustainable electronics because it can be sourced from agricultural
waste. The close proximity of agricultural sources to large population centers is
common due to the inherent demand of agricultural products. As policy-makers
focus increasingly on climate resilience and short agricultural supply chains fall
into greater focus, technology that leverages those sources and provides addi-
tional use for waste become increasingly appealing. It is also possible to establish
a renewable source of a given biomaterial via the agricultural cultivation of its
source organism, so long as an appropriate growing environment is available or
can be created. Combined, these factors mean that biomaterial-based systems like
the silver-gelatin composites introduced here have the potential to minimize the
climate effects of future soft electronic technologies. My hydrogel composites are
composed primarily of inexpensive food-grade materials and can be fabricated
without expensive equipment, chemically hazardous reagents and restrictive fab-
rication processes, allowing this material system to be relatively accessible. By fo-
cusing on equipment and materials that are purchasable for consumer use cases,
this work potentially lowers start-up and ongoing costs, enabling people with less
capital to engage with production and study of these materials. By minimizing
hazardous material use, people with less training can more easily participate in
the creation of these materials. Accessibility to makers, hobbyists, low-resource
educational /academic environments and small businesses is a design goal that
complements and extends the existing sustainability benefits of biomaterial-based
composites. By focusing on accessibility, it becomes possible for this technology
to enter into public consciousness directly, without relying on policy change or
profitability. Existing efforts in this direction, for example libraries of biomate-
rial recipes that are open to the public [202], demonstrate demand for this kind of
knowledge. Increasing the potential functionality of those materials (e.g. adding
conductivity with conductive filler, reducing solubility and improving mechani-
cal robustness) reinforces their utility, contributing to efforts in creating more sus-
tainable electronics [105, 203], and versatile soft biomaterials. Improving access
to this technology provides an avenue for broadening education into biomaterial-
based technologies, through the process of "citizen science" [204, 205]. This could
have downstream improvements to the number of people who study and work
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in the field, and in improving popular support for sustainability policy that relies
on an understanding of feasible alternatives to fossil-fuel material supply streams.
The components of developing soft robotic systems in low resource environments
are largely present. There are accessible materials, and options for actuation that
allow long-term operation. A new phase of research on integrating these compo-
nents together is now possible. I hope this thesis demonstrates that this research
need not wait for cutting edge methods nor commercial support, and that the
power to engage with this technology is available to those that want to build a
softer, more sustainable future.



93

Appendix A

Simulated Nonstationarity

I explore a simulated planning task with very rudimentary dynamics drift and
nonstationary adaptation. Next, I explore a more structured simulation environ-
ment for studying nonstationarity, with the simple task of model learning and
one-step dynamics prediction. Finally, I propose a pipeline for data-efficient,
adaptive control of systems with nonstationary dynamics.

Active Sensing Planning with Model Drift

Drift Period | Adapting | Planning Horizon | Execution Horizon | Lifetime Reward
10 steps No 3 steps 3 steps 183.08
10 steps Yes 3 steps 3 steps 210.39
10 steps No 3 steps 1 step 134.76
10 steps Yes 3 steps 1 step 211.79
10 steps No 2 steps 2 steps 172.44
10 steps Yes 2 steps 2 steps 211.00
10 steps No 2 steps 1 step 135.98
10 steps Yes 2 steps 1 step 211.34
10 steps No 1 step 1 step 135.99
10 steps Yes 1 step 1 step 211.69
20 steps No 1 step 1 step 109.47
20 steps Yes 1 step 1 step 187.27
30 steps No 1 step 1 step 110.87
30 steps Yes 1 step 1 step 184.92

TABLE A.1: Experimental results for adaptation vs. no adaptation under
different planner parameters with continual environment drift.

Overview

Data-driven methods have successfully captured unmodeled behavior of soft sys-
tems on short timescales, but begin to fail during lifetime operation due to non-
stationarity: changes in the dynamics over time. In this section, I propose a frame-
work for model-based planning for soft robots with nonstationary dynamics and
present a sensor coverage task that can be used to evaluate our proposed methods.
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Model Similarity | Planning Horizon | Lifetime Reward
100% 5 206.02
100% 3 206.03
100% 1 206.02
99% 1 105.47
95% 1 68.01

TABLE A.2: Effects of constant model error, without continual environment
drift.

I evaluate the effect of adaptation under different environmental drift velocities,
replanning frequencies, and planning horizon.

Search-based planning relies on having a model of the environment to query
internally while forming plans, so it might be sensitive to degradation of this
model over time. We posit that interleaving model adaptation with replanning
would provide a relatively straightforward approach to dealing with nonstation-
ary dynamics.

Approach
Platform

The platform used for experimentation is a geometric simulation of a real-world
compliant planar parallel mechanism, i.e. a compliant 5-bar robot (Figure A.1).
An example of a high fidelity simulation of this system would be a discrete elas-
tic rod decomposition [48], relying on mass-spring networks to solve for compli-
ance. However, for the purposes of studying nonstationarity;, it is best to start with
a small number of simulation parameters. For this purpose, we use the purely
kinematic treatment of the system, approximating it as a rigid body 5-bar, param-
eterized by the five link lengths. However, to incorporate the idea that this is a
soft robotic system susceptible to drift, we allow for the link lengths to change. We
do a scalar multiplication of the link lengths, keeping the ratios the same, which
is an approximation of nonstationary dynamics due to thermal expansion.

Planning Task Specification

To evaluate nonstationarity, we need a task that has a lifetime behavior formula-
tion, in order to allow adaptation to matter. Closed loop adherence to a predifined
trajectory would not be a useful metric, nor would a priori planning in the task
space allow for the dynamics drift to dominate the performance. For this reason,
we use the planning for sensor "coverage" task as defined in Figure A.2 , Figure
A3.

This task is defined by selecting the next action based on a full expansion
across a lattice generated by the different primitives of shifting the two servos
driving the system. The branching factor is 9.
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FIGURE A.1: Hardware platform emulated for planning task.

The actual reward behavior in the code is slightly different from the reward
spelled out in Figure A.3 however. Instead of returning zero, the reward is atten-
uated based on how close the state is to all states in the system’s memory, as a
ratio of the maximum "staleness" of a state. A maximally stale state would be one
in which all historical states are within the sensor probe radius of the new state.

Model Adaptation

Adaptation is triggered based on the error between predicted state evolution from
the planner’s internal dynamics estimate, and the actual state transition shown by
the environment. The structure of the system is shown in Figure A 4.

For this project, the model adapter block was simplified to focus on the plan-
ning aspect. Adaptation in this case is performed by reducing the distance in
parameter space between the planner dynamics and the execution environment
dynamics by 50%. This method of adaptation would be impossible for a physi-
cal system where the ground truth dynamics are truly unknown. It is used here
because of its mathematical properties, i.e., it asymptotically approaches perfect
adaptation, wherein the model’s parameters are identical to the ground truth.
This behavior is an ideal case for us to understand the effect of adaptation while
controlling for implementation efficiency.

Experiments

The experiments performed consisted of running the sensor coverage task with
variations on the drifting parameters of the execution environment and the adap-
tation behavior of the planner model. The maximum planning horizon my hard-
ware could handle in a real-time relevant timescale is 3-4 steps. Additionally,
the interaction of the planning horizon (how far ahead the planner looked when
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FIGURE A.2: Sensor coverage task description.

State: s~ { (x,y,a,,a,) }

Actions: a ~ { (Aa,, Aa,)}, Aa; € {—1,0,+1}
Reward: Pseudo- information gain

Reward(s) = {R(s), s & {s(t —1),5(t — 2) .. S(toariies)}

0, otherwise }

FIGURE A.3: Mathematical description of execution environment
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FIGURE A.4: Overview of proposed experimental structure
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Lifetime Reward vs. Adapting
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FIGURE A.5: Lifetime rewards for planning with model adaptation vs.

without this adaptation. Displayed by the planning horizon used. Columns

are averaged from the aggregate data of multiple drift periods, and plan-
ning horizons.

choosing an action sequence), the execution horizon (how many actions did the
planner execute before replanning) and the model drifting behavior was explored.

Videos
Drifting | Adaptation | Link
None No https:/ /youtu.be /R0g6uD0ssCo
Slow No https:/ /youtu.be/VREun2Eiq]g
Slow Yes https:/ /youtu.be/J9L4YRB8ULo
Fast Yes https:/ /youtu.be/IAmdXmnMbmA
Conclusions

In all cases, adaptation was helpful in improving the sensor coverage (as mea-
sured by Lifetime Reward). This was an expected result, and what is more inter-
esting is examining the interplay between the planner features and the adaptation
behavior. Adaptation helps more the more frequently you replan, a bad predic-
tion is worse than moving ahead blindly sometimes. This is reinforced by Table
A.2 where we see a steep drop in performance with even slight model errors when
the bad model is used over the whole lifetime.
As demonstrated in the videos of execution, this formulation of pseudo-information

gain doesn’t work very well as the reward map in the context of Dijkstra tree
search. The planner ends up stuck patrolling stable loops, even with the penalty
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on visiting states in recent memory. This could be alleviated by switching to a non-
myopic planner, perhaps using a parameterized target trajectory and attempting
to follow it, instead of the forward roll-out method.

We didn’t see a strong effect of drift period, which is theoretically an artifact
of the unrealistic adaptation behavior which didn’t use past experience to adapt.
The effect of planning horizon is really only visible in the case without adaptation,
and without replanning after every step. I attribute this to partly the fact that our
adaptation is too idealized. The adaptation behavior we will implement in the
future will be based on parameter estimation + a non-parametric memory based
model, using a semi-parametric approach.

Model Learning in Nonstationary Pendulum Environment

Introduction

In this work, I propose a framework for learning the dynamics of systems under
nonstationarity, and evaluate its performance on a pendulum environment.

Approach
Pendulum Dynamics

The experimental environment for this work is a simulation of a rigid pendulum
with a torque limited motor at the pivot. The simulation is a discrete time state-
space system with the following dynamics.

[Qkﬂ} _
Ok+1
where 6, 0 are the angular position and velocity of the pendulum at time k.

The value of At determines the time resolution of the discretization. The angular
acceleration at time k «y is defined with the equation

Qk + ékAt

: (A1)
Ok + apAt

N = P z—% sin(0 + 1) — boy (A.2)
which is parameterized by the pendulum’s mass m, length I and damping b. It
is also dependent on the force of gravity g, as well as the applied torque at its
rotation point, u. For all time steps, the value of u was uniformly sampled from
+2 N.

Modular Architecture

Because of the multiple cases for nonstationarity, as well as the open question of
what components are important to model learning in a nonstationary environ-
ment, I decided that my architecture would be constructed out of modules. These
modules include the model object, the adaptation scheduler, and the adaptation
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mechanism. The setup is very similar to the experimental architecture shown
in Figure A.4, with the model serving as the Dynamics Estimate block, and the
adaptation scheduler and adaptation mechanism being encapsulated in the Model
Adapter block. Rather than having a Planner block, these experiments were per-
formed with an actuation policy which sampled random torques to apply to the
pendulum. The nonstationarity scheduler block is preserved unchanged.

Nonstationarity Scheduler

For the pendulum dynamics, the nonstationary behavior is simulated by chang-
ing the gravitational force affecting the pendulum over time, i.e. ¢ = g[k]. The
changes to this force follow a function k], whose form and frequency is con-
trolled by the nonstationary scheduler. This function is defined of the time hori-
zon of a single trial. The available forms of i [k] are the constant, random, oscillat-
ing and asymptotic, with an auxiliary flag determining whether non-constant dy-
namics time-steps were broadcasted for use in supervision. The constant function
always returned the same value of 5 7. The random function uses i.i.d. samples
from a uniform distribution between 1 and 20 ;7. The oscillating function oscil-
lated between two values 5 and 15 7. The asymptotic function started at 15 3
and every iteration updated its new result to 0.1gx + 0.9¢, where g,ax = 205%.

Model Types

I vary the representation used for the dynamics model. The forms are the black-
box model and the parametric physics model.

The black-box model is a neural network function approximator that takes in
state-action pairs and outputs subsequent states. This model has no internal rep-
resentation of the analytic dynamics of the system, and can produce predictions
which are incompatible with physical constraints. On the other hand, training
can be performed incrementally using constant-time back-propagation calcula-
tions. This leads to more flexibility in how training can be set up. Adaptation for
this model type can be done by either creating a new neural network and train-
ing it with the data relevant to the adaptation, or by feeding the data relevant to
adaption into the existing network in order to adjust its weights.

The parametric physics model relies on a first-principles representation of the
system dynamics. This means that the performance of this representation relies
on the fidelity of the simulation of system dynamics. Training for this represen-
tation is defined by solving for the parameters of the system dynamics. If the
dynamics are linearizable with relation to these parameters, then training can be
performed with linear regression. In general though, this problem is an optimiza-
tion problem where the objective function is the total prediction error across the
relevant dataset. For the pendulum simulation, these system parameters are the
mass, damping and length of the pendulum. Adaptation for this representation
requires solving this optimization problem over the data relevant to adaptation.
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Adaptation Schedule

The adaptation schedule defines when the adaptation step is invoked. The vari-
ants of adaptation schedule explored are blind adaptation, supervised adaptation,
and detection-based adaptation.

For blind adaptation, adaptation occurs at predefined intervals. This can be
every time a new data point is collected, or at given clock-time intervals. In su-
pervised adaptation, adaptation is triggered by an external command. This can
be a ground truth knowledge of when the system dynamics has actually drifted,
or a human intervention.

Detection-based adaptation is akin to the methods of RL-CD, wherein changes
to the dynamics are estimated via some reliability metric evaluated on the existing
prediction models. For the pendulum simulation, since the states are continuous,
the reliability metric proposed by Da Silva et al. [93] is not usable, as that uses
finite state calculations. As a replacement, we can use prediction error across the
previous N states, where the length of that history and the threshold at which a
context shift is triggered are meta-parameters of the learning algorithm.

Adaptation Strategy

The adaptation strategy parameter determines what procedure is performed when
an adaptation step is required. It encapsulates the mathematical process by which
a new model is created based on new data and, potentially, the existing model.
The two strategies I consider are model overwriting and partial models Model
overwriting makes the assumption that there is a single correct model which is
relevant to the most recent data. This strategy can be trivially implemented if us-
ing the neural network model type. In this case, simply training the existing neu-
ral model on the small set of new data will cause its internal parameters to shift
towards higher prediction performance on that data. After enough new samples,
due to the gradient descent update behavior of neural networks, out of date data
should theoretically stop affecting the behavior of the current model. For a para-
metric physics model, the adaptation step should be roughly as slow as training
from scratch due to the optimization step jointly solving across all data.

The partial models adaptation strategy involves managing multiple models
throughout the experimentation. One of the models is the active model, and only
this model’s predictions are used. An error metric (the inverse of responsibility)
must be tracked for each model. For the pendulum simulation, the error metric
is calculated via the rolling average of each models prediction error of the sim-
ulations state transitions. The adaptation step happens in two cases. If there is
an existing model with an error metric below the error threshold, then adaptation
means switching to the existing model with the lowest error. If there is no such
model, adaptation means creating a new model and training it on the recent data.
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FIGURE A.6: Overview of the structure of a pendulum model learning trial.

Experiments

I performed experiments to gain insight into the interaction of the various parts
of the modular architecture, as well as the performance of individual parts.

An experimental trial is structured as follows. The pendulum starts in the
inverted position. This can be seen in the first cutout from Figure A.6. The curved
arrow in these cutaways represents the direction and magnitude of the torque
applied to the pendulum. Every time step, a new torque is uniformly sampled
from the -2 N to 2 N. The trial continues for T seconds, swinging down according
to the actuated pendulum dynamics. The model predicts the pendulum’s next
state given the current state and control signal at every time step, where state is

broken into cos(6), sin(f), and 6, where 6 = 0 is the inverted position. Vertical
gray lines are shifts to the ground truth dynamics. Vertical blue lines represent
adaptation steps. For the parametric physics model (Figure A.7), shifts in ground
truth dynamics are shown with vertical blue lines.

Each trial is parameterized by a nonstationarity schedule, a model type, an
adaptation schedule, and an adaptation strategy. The ground truth dynamics of
Figure A.8 drift according to the random nonstationarity schedule. The dynamics
of the parametric model trial, the detection trial (Figure A.9) and the supervised
adaptation trial (Figure A.10) drift according to oscillating nonstationarity sched-
ule.
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FIGURE A.7: Parametric physics model with oscillating ground truth dy-
namics.

Results and Discussion

One expectation I had is that those models that have neural network components
would be able to achieve lower long-run error for a given parameter set. The para-
metric physics model, which reflects the knowledge of which system parameters
might change, should adapt more quickly relative to the amount of data experi-
enced, but would not necessarily be able to adapt to changes to unmodeled pa-
rameters. As shown in Figure A.7, the prediction performance of the parametric
physics model even with blind adaptation is nearly perfect. However, this comes
at a huge time cost: this trial ran in the order of 400 seconds, as opposed to the
3.5 seconds of all other configurations. This pushed the physics-based adaptation
out of the realm of online adaptation, and so it was not explored much further.

For the blind adaptation experiments, e.g. the trial shown in Figure A.8, sev-
eral configurations collapsed to the same behavior. Firstly, due to the blind nature
of the adaptation, there was no difference in performance based on whether drift
timing information was available to the algorithm. Additionally, there was no
performance gain for experiencing the same dynamics in a periodic fashion, due
to the overwriting of any data that ever fell out of relevance to the current dynam-
ics.

The trial shown in Figure A.9 shows the effect of supervision. The way the su-
pervision was implemented did not force a model switch every time the dynamics
drifted. Instead the active model changed only if both the time-step contained a
drift event, and the active model performed worse than an existing model in the
library. All trials of the supervision type kept the same model until the last 40%
of the trial. This could indicate that the error threshold for creating a new par-
tial model was too high, or that the partial models did not become significantly
different until they had experienced a significant portion of data. Lowering the
partial model creation threshold, however, causes the system to create more par-
tial models than the number of dynamics modes. This behavior can be seen in
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FIGURE A.8: Neural network model with blind adaptation schedule and
model overwriting adaptation strategy.
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FIGURE A.10: Neural network model with detection-based adaptation
schedule and partial models adaptation strategy.

greater intensity in the detection-based adaptation trials, e.g. Figure A.10.

Conclusion and Future Work

The main conclusion reached by this experimentation is that the random policy
pendulum is a poor experimental task for studying nonstationarity. One problem
is the lack of a task-oriented performance metric. Mean squared prediction error
can only function as a comparative metric, and makes it difficult to meaningfully
assign success. Without a task with a real fail-state, this hard to interpret metric
remains.

The lack of differentiation between configurations and the relatively high per-
formance of the blind, model-overwriting configuration on even oscillating dy-
namics indicates that this task is also too simple. Though the aforementioned
problems with the performance metric make it difficult to be sure, it seems clear
that no real techniques for addressing nonstationarity is necessary for solving the
nonstationary characteristics of this task, beyond continual learning. Part of this is
probably due to the fact that the changes induced are too subtle; changes to ‘grav-
ity” are unlikely to affect overall short-term behavior beyond slight numerical ad-
justments. This idea is supported by the fact that this was the case when damping
was used as the nonstationary factor, except in the most drastic of circumstances.
Changes to other factors during a single trial are not possible however, due to the
non-physical energy injections and the resulting instabilities.

Future work involves finding a task with characteristics that address these is-
sues. In particular, a task that requires the development of a policy would solve
the performance interpretation problem. Likewise, a task that can reasonably be
assumed to only drift between episodes would reduce the time burden which
stymied development of the physics model and prevented more distinctive dy-
namics changes of the pendulum parameters would allow those hurdles to be
conquered.
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Approach | Multiple Dynamics | Online Data | Analytical Parameterization | Precomputation
MMRL Limited Yes No No
RL-CD Yes Yes No No

HRL-CD Yes Yes No Yes
ADR Yes No No Intense

CLAC Yes Yes Required No

Kalman Yes Yes Required No

TABLE A.3: Overview of approaches to controlling robotic systems with
potentially nonstationary dynamics
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FIGURE A.11: For the five-bar pendulum, x(t) is minimally represented

by {61,62,05,03}. u(t) would be the torques of the servos over one time

step,{T1, T2}. Queries g are composed of the current x, u being considered

by the policy optimizer. 7y is the trajectory of outputs to queries put to the
model sequentially.

Memory based adaptation

I propose a framework for applying memory-based learning to the nonstationar-
ity problem, shown in Figure A.11. The framework is composed of the memory-
based forward model and the policy learner. The memory-based forward model
accumulates data from hardware trials, and its active data represents the current
model of the hardware. The policy run on the hardware is derived from an inner
reinforcement learning loop interacting with the memory-based model as a simu-
lator. This is a model-based reinforcement learning formulation. The two primary
components are the memory-based forward model of the system, and the para-
metric policy learner. Atkeson et. al show that locally weighted models have
distinct advantages over neural networks with regard to interference [206]. For
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the policy learner, we will select from several existing methods based on compat-
ibility and performance. Memory-based methods are susceptible to high dimen-
sionality of data, due to their inference step. Querying a memory-based model
involves calculating a weight for points in the neighborhood of the query. Evalu-
ating which points are in the neighborhood involves either calculating a distance
to every point in the memory bank, or solving a k-nearest neighbors problem.
Both of these approaches scale poorly with the dimensionality of the problem,
so reducing the dimensionality of our action representation via primitives pro-
vides an opportunity for performance gain. However, there is a tension here, as
adding states to our representation might allow us to provide hints to the adap-
tation process, e.g. by adding the time the data was collected. Feature scaling
in our distance function would allow for us to use the augmented states to filter
the relevance of data to adaptation hierarchically with the relevance to location in
state space [206]. Resolving the tension between augmenting the state space and
dimensionality reduction will depend on balancing computational costs with the
costs of collecting more hardware data due to slower adaptation.

There are three observations that motivate extensions to the general memory-
based reinforcement learning structure. The first is that data are not collected
from noisy dynamics, but rather from temporally coherent nonstationary dynam-
ics. The second observation is that there is no precomputation on the data, nor
are we storing the result of any computations performed on the data long-term.
Finally, we note that for most robotic systems, we know more about the general
structure of their dynamics than simply the representation of their state and actu-
ation spaces. It should be possible to leverage temporal coherence by performing
extra computation on our stored data in the form of temporal clustering. If we
use hard assignment, then we could add to each data point a flag which indicates
the cluster we believe it belongs to. We can use this flag as an augmentation to
the state space as described above. We could also divide our memory bank into
multiple models using this, effectively lowering the computational cost by only
considering data in the same cluster. This would have the downside of requiring
a module for switching clusters and triggering re-clustering however. For soft
cluster assignment, the analogous approach would be modifying the weights of
data based on cluster assignment. For both cluster switching and cluster-based
weighting, we would need to calculate cluster statistics and parameters to facili-
tate insight into a cluster’s contents without iterating through it every time. Let’s
assume we have domain knowledge in the form of a low-fidelity parametric ap-
proximation of our system. We could estimate which parameter set best explains
the data in a temporal cluster, providing an N-dimensional augmentation to our
state. The other use for such a low-fidelity approximation would be using it as the
basis for the model prediction at every query, and changing the data to represent
a correction to the low-fidelity prediction.
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Reinforcement Learning Additional
Data
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FIGURE B.1: Performance comparison between a random actuation policy,
a hand-crafted policy, and policies learned for 8k+ and 16k+ time steps.
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Gelatin Biomaterials Experimental
Methods

Materials

Hydrogel composite composed of the following: gelatin powder (300 Bloom Type
A Porcine, Superclear, Custom Collagen), glucose syrup (DE 45-49, Pastry 1) and
glycerol (vegetable glycerin, SimpleNature). For conductive compositions, addi-
tionally used silver microflakes (99.9% pure, APS 2-5 microns, 47MR-10F, Infra-
mat Advanced Materials) and concentrated dishwashing liquid (Ultra, Dawn).
For coagulation of gelatin in CG and GG variants, isopropyl alcohol (Technical
Grade 99%, R-615-1, PTI Process Chemicals) is used.

Hydrogel Fabrication
Gelatin Coagulation

The gelatin coagulation process is based on Stoessel et. al [30] as shown in Sup-
plemental Information Video S3. Distilled water (4 grams / 40 wt%) is mixed with
isopropyl alcohol (5 grams / 50 wt%). Gelatin powder (1 gram / 10 wt%) is added
to solution. Due to the high solubility of gelatin in water and its low solubility in
alcohol, a ternary solution with two phases is formed. Vial with solution is placed
in water bath, kept at 50° C using an induction cooktop (COS-YLIC1, Cosmo)
and allowed to rest undisturbed for 5 minutes. After resting time, the solution is
shaken by hand to agitate for 30 seconds. This cycle of resting and agitation is
repeated for 30 minutes, increasing the length of gelatin chains over time. After-
wards, the supernatant phase is decanted, leaving behind a dope phase composed
of coagulated gelatin and residual absorbed water/isopropyl for use in hydrogel
synthesis.

Silver Flake Preparation

Silver microflakes are prepared under fume hood ventilation as shown in Sup-
plemental Information Video S4. Distilled water (3 grams) is mixed with con-
centrated dishwashing liquid (0.2 grams) as a surfactant in a scintillation vial to
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produce a soapy solution. Silver microflakes (3 grams) are dispersed in soapy so-
lution and shaken to ensure all flakes are wetted to prevent aerosolization during
subsequent hydrogel synthesis.

Hydrogel Synthesis

Hydrogel composites are prepared according to process shown in Supplemen-
tal Information Video S2. For PG-C composition, in a scintillation vial glucose
syrup (1 gram) is mixed with glycerol (1 gram), distilled water (9 grams) and a
suspension of silver filler particles (3.2 grams soapy solution, 3 grams silver mi-
croflakes). Mixture is heated in a water bath to 50°C to lower the viscosity of the
glucose syrup, then agitated by hand to mix. Gelatin powder is slowly added to
allow granules to hydrate without clumping, producing a 1:1:1:12 weight ratio of
gelatin powder, glycerol, glucose syrup and water. Once all gelatin powder is hy-
drated, the sealed vial is placed in a water bath at 80°C for 1 hour, until molten.
For CG-C composition, coagulated gelatin (1 gram, plus absorbed water and iso-
propyl alcohol) is added instead of gelatin powder, producing a 1:1:1:12 weight
ratio of coagulated gelatin, glycerol, glucose powder and water. For GG-C com-
position, coagulated gelatin (1 gram, plus absorbed water and isopropyl alcohol)
is also used, and an additional 1 gram of glycerol is added, producing a 1:2:1:12
weight ratio of coagulated gelatin, glycerol, glucose syrup and water. PG-NC,
CG-NC and GG-NC nonconducting variants are synthesized similarly to their re-
spective conductive counterparts by replacing the silver microflake suspension
with distilled water (3 grams), and then skipping the subsequent sedimentation
step. Larger sheets of material are produced by multiplying ingredient quantities;
sheets used for consistent comparison in this work were fabricated with 16x the
reference quantities and poured onto aluminum or silicone sheets to cast (Figure
D.7).

Silver Flake Sedimentation

Silver flakes are assembled into a conducting layer via sedimentation in the molten
hydrogel matrix. Hydrogel is kept above its composition-dependent melting point
of around 85° C via double-boiler method over an induction cooktop (COS-YLIC1,
Cosmo) as shown in Supplemental Information Video S2. Due to presence of sur-
factant, flakes do not remain floating on the top surface, and all microflakes sink
over time under force of gravity due to higher filler density than matrix density.
This process is illustrated in Figure 5.2C and Figure 5.3A. Hydrogel is kept in this
molten state for 1 hour, then allowed to cool, resulting in sheets of conductive
hydrogel composite.

Hydrogel Dehydration

After hydrogel samples cool down enough to gel, they are dehydrated for 48
hours in a food dehydrator (CP267-FD, Cosori) at 35° C, kept below 10% humidity
as tracked by a humidity monitor (1731, Taylor) inside the dehydration chamber.
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Excess water is driven off, with stable amounts retained by the humectant prop-
erties of glycerol.

Material Characterization
Electrical Characterization

Conductivity measurements were performed using a digital multimeter (Fluke
177 True-RMS Digital Multimeter, Fluke) in 2-probe mode. Contact resistance
between probe and material was reduced by immersion in droplets of gallium-
based liquid metal, produced in house from 75% Gallium (99.99%, Rotometals)
and 25% Indium (99.99% Rotometals). Rectangular strips of conductive hydrogel
material are cut from sheets and dimensions are measured using digital calipers
(6 in. 3-Mode Digital Fractional Caliper, Husky), three times for each dimension
with median measurement used. Conductivity calculated according to o = m,
where R is resistance in Ohms across the strip, minus contact resistance, and I, w, h
are the length, width and thickness of the sample.

Tensile Failure

Data for strain-at-break and elastic modulus presented in Figure 5.4B, 5.4C was
collected via a materials universal testing machine (5969, Instron) with a 50N
load cell (2530-50N, Instron). Samples of composite were prepared as dogbone
coupons (Die C, 1/2 scale, ASTM D412) and secured with manual wedge action
grips (2716-016, Instron). Samples were strained at 3 mm/min rate until failure.
Experiments were repeated 3-4 times per composition.

Mechanical Hysteresis

Mechanical hysteresis measurements were taken using materials universal testing
machine (5969, Instron) with 50N load cell (2530-50N, Instron). Samples of com-
posite were prepared as dogbone coupons (Die C, 1/2 scale, ASTM D412) and
secured with manual wedge action grips (2716-016, Instron). A strain curve was
programmed at 10 repetitions, with 5 mm/min strain rate and 0-10% strain range.
All samples experienced slack removal via pre-stress of less than 1N. Experiments
were repeated 3 times per composition.

Electromechanical Characterization

Electromechanical characterization was performed on the setup as shown in Fig-
ure 5.8B. Rectangular coupons of conductive hydrogel composite were cut from a
sheet and dimensions were recorded for strain normalization. Coupon is clamped
to manual linear stage (Unislide A25 Series, Velmex) using textured clamping
blocks printed on a fused deposition 3D printer (MK3S, Prusa) from PLA (Prusa-
ment, Prusa). Double sided silver conductive tape (Gray-T-C-25-20, JUFU) was
bonded to the coupon at both ends using silver epoxy (8331D, MG Chemicals),
and probes were clamped to this tape to connect to a digital multimeter (34401A,
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Agilent) for continuous monitoring. During testing (shown in Supplemental In-
formation Video S5), coupon is stretched by hand-cranking the linear stage, then
returning it to the initial position. Each cycle, the amount stretched is increased
by one revolution for PG-C and CG-C and two revolutions for GG-C (0.1 inches
advanced per revolution). Test is monitored optically by video recording using
an overhead mounted smartphone camera (Pixel 6, Google). Bounding boxes are
selected around visual intersection of the coupon and clamping block, and strain
over time is calculated using computer vision box-tracking with OpenCV Python
library.

Scanning Electron Microscopy

Scanning electron micrscope images collected from samples after 48 hour-dehydration,
using a benchtop scanning electron microscope (PW-100-018, Phenom XL, Phe-
nom). Settings for the microscope were 10kV beam strength with 0.1 Pa vacuum
pressure.

Demonstrations
Wearable soft circuit

A soft circuit is constructed with an LED (20mA,3-3.2V, 60F5W-YT-6SE-6SE, CHAN-
ZON) as the load. LED is connected to double sided silver conductive tape (Gray-
T-C-25-20, JUFU) using silver epoxy (8331D, MG Chemicals), which is then epox-
ied to conductive hydrogel composite GG-C. Hydrogel composite is placed across
index finger joint as shown in Figure 5.9A, or wrist joint as shown in Supplemen-
tal Information Video S6, conformally attached using a medical transfer adhesive
(1524A, 3M). Joint is flexed repeatedly while current is carried through conductive
composite, demonstrating a stable percolating network.

Impedance Characterization

Electrodes are cut from conductive hydrogel sheet (GG-C) using a 10cm diameter
stencil. Electrodes are attached conformally to the pork skin substrate with tape
(539H, 3M), and connected to a potentiostat (Interface 1000, Gamry) in 2-probe
mode as shown in Figure 5.9C. Electrodes placement distance is 1.5x the electrode
diameter of 10cm. Impedance curve is measured 10 times to produce the mean
and standard deviation curves shown in Figure 5.9B,

Electromyography electrodes

Two conductive hydrogel electrodes are placed across relevant muscle groups,
extensor digitorum for extension and flexor digitorum for flexion, with place-
ment derived from Atlas of Muscle Innervation Zones [207]. Electrodes are at-
tached conformally using medical transfer adhesive (1524A, 3M). Disposable self-
adhesive clinical grade electrodes (HEX Dual Electrodes #2725, Noraxon) are used
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as reference electrodes, placed near the olecranon prominence of the elbow (elec-
trodes shown in Supplemental Information Figure 54). Both the hydrogel elec-
trodes and reference electrodes are connected to an open source biosensing board
(Cyton V3, OpenBClI), which communicates to a neighber computer through a
wireless USB receiver. During demonstration, activity from finger and wrist mo-
tion is recorded through hydrogel electrodes as shown in Figure 5.9D and Sup-
plemental Information Video S7. Recorded data is filtered using a Butterworth
bandpass filter from 5Hz-50Hz followed by notch filter at 50Hz and 60Hz.
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FIGURE D.1: A) Stress-strain curves for tensile failure testing of different
baking conditions of gelatin hydrogels. B) Elastic modulus of different bak-
ing conditions. C) Strain-at-break of different baking conditions.
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Wax + Oil = Oleogel

FIGURE D.2: A) Oleogel and its ingredients. B) Emulsifier, molten oleogel,
and coagulated gelatin hydrogel. C) Combined bigel, flexible and slightly
stretchable.

Gelatin + Alginate Dual-network Gel Crosslinking with Calcium Lactate Dehydrated, Insoluble Gel

FIGURE D.3: A) Gelatin-alginate composite hydrogel. B) Color change due
to crosslinking. C) Significant dimensional and morphological changes un-
der dehydration
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FIGURE D.4: Dehydration-induced conductivity in hydrogel samples with
different amounts of initial water. Ionic conductivity decreases as water
evaporates by reducing mobility of ions through the gel. Electrical conduc-
tivity increases as water evaporates, as conductive filler is brought closer
together as gel shrinks. There is a threshhold effect, as this does not happen
until a percolating network is able to be formed by the conductive flakes.
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FIGURE D.5: Illustration of percolating network forming due to
dehydration-induced shrinkage of hydrogel matrix.
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FIGURE D.6: Coagulated gelatin sample displaying fracture between con-
ductive layer and rest of matrix.
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FIGURE D.7: A) Sheets of silver-gelatin conductive composites: i) high

glycerol composition, ii) coagulated gelatin composition, iii) pristine

gelatin composition. B) Point to point electrical connectivity of conductive

sheets, showing process variation. Each sheet has 9 reference points chosen

in a grid, spaced by 120 mm / 130 mm (horizontal / vertical) for CG-C and
PG-C and by 85 mm in both directions for GG-C.
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FIGURE D.8: Electrode setup for electromyography. Silver-gelatin conduc-
tive electrodes used for recording, clinical-grade electrode used as reference
electrode.
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FIGURE D.9: Comparison of all electromechanical experiments for GG-
C, CG-C and PG-C specimens. CG-C and PG-C have specimens which
demonstrate notable difference from shape. This correlates with lower ulti-
mate strain, potentially indicating early mechanical failure rather than vari-

ation in electromechanical properties.
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