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Abstract

Low-cost Wearable Data-acquisition System Enhanced with Biomechanical Anal-

ysis by Erik Jung.

Wearable robotics have been proposed as one possible solution for increasing
mobility and enhancing the stability and strength of users requiring prosthesis or
musculoskeletal augmentation. However, most robotics literature neglects the in-
ternal flexibility of any anatomic joints. It views the human limbs (and therefore
their replacements) as rigid elements connected by revolute joints with a confined
range of motion. Tensegrity-inspired designs replicate the musculoskeletal connec-
tions using compressive and tensile components within a self-stabilizing structure,
preserving the hybrid (rigid/flexible).

Traditionally, monitoring biomechanics parameters requires a significant amount
of sensors to track exercises such as gait. Both research and clinical studies relied
on intricate motion capture studios to yield precise measurements of movement.
The advantage of the IMU-based (inertial measurement units) system used is that
it does not require a fixed array of infrared (IR) cameras; therefore, it is not only
significantly cheaper, but it is also less restricted by its environment. Biomechanic
simulation environments, such as OpenSim, are commonly used for their complex
multi-body dynamics solvers [23], and this work extends the framework to simu-
late the behavior of flexible-rigid robotic systems within the same environment.

Specifically, in this thesis I discuss a method that captures motion indepen-
dently of optical hardware with the specific goal of tracking joint-angle measure-
ments with IMU sensors. I extended this approach to the control strategy and
the sensing network for flexible-rigid robotics and human movements like walking

for gait phase classification. Additionally, I interpreted the biomechanics solvers

xviii



from OpenSim to generalize a set of required maximum joint-moments to transi-
tion between stages of gait based on physical characteristics (e.g., height, weight,
etc.). To my knowledge, integrating flexible-rigid structures and human subjects
using IMU sensors with complex biomechanics solvers has never been proposed
before. This work could help applications beyond monitoring the phases of gait

with direct applications to medical and assistive technology fields.
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Chapter 1

Introduction

1.1 Motivation

Musculoskeletal health issues create a great deal of stress and demands on
health care systems worldwide and cost the US economy over $849 billion an-
nually [24]. In the United States alone, about two million people live with limb
loss, and about 185,000 amputations occur each year [25], 26]. Those with limb
loss and amputations may require long-term rehabilitation as well as mobility
technologies to monitor or assist with walking or standing. For optimal reha-
bilitation treatment planning, it will be beneficial if therapists are supported by
combined software tools and data acquisition methods to automate some of the
data recording and monitoring activities. These tools and data acquisition meth-
ods should ideally be equipped with some indicative capabilities based on a level
of biomechanics modeling. This modeling requires a deep understanding of quan-
titative movement analysis, which involves an understanding of limb movements,
rehabilitative practices and overall dynamic behaviors of muscles and joints.

Biological systems provide natural flexibility and structural compliance with

movements, allowing for non-permanent deformation while maintaining initial



equilibrium. Skeletal-based arrangements use muscles and tendons to distribute
forces throughout the entirety of the system. When external forces act upon an
anatomical structure, its natural flexibility adapts and distributes the internal
stresses within the system, which allows for use in unpredictable environments
[27]. Common robotics (e.g., industrially robotic manipulators) appear stiff with
little to no structural flexibility [28]. When external forces act upon these rigid
structures, the combination of rigid links with revolute or sliding interconnections
often cannot handle the irregular forces and lead to failures [27, [29].

Traditional mobility devices (e.g., prostheses, exoskeletons, crutches) follow
a rigid mechanical structure that is capable of handling and exerting excess
amounts of force [3], but lack the innate flexibility of anatomical systems in hu-
man leg joints [26]. One compromise between soft and hard robotic classifications
are “tensegrity” (known as “tensile with integrity”) flexible-rigid robotic systems
[30, 14], 18, B1]. In tensegrity arrangements, the articulation consists of rigid
compression elements held together within a network of flexible tension elements
[14, 31]. The benefits of flexible-rigid robotics are that they use static, rigid el-
ements to support a load and implement elastic tension elements to manipulate
and evenly disburse forces while absorbing external impacts similar to the damp-
ening features in passive robots [20]. The movement of these types of robotics
use cable-driven actuation to follow that lengthening and contraction patterns of
muscles or tendons in the human body.

This thesis focuses on a sequence of modeling, designing, and monitoring
flexible-rigid robotics and validating them using human subjects. The develop-
ment focused on sensory-based feedback (e.g., angular rate and direction sensors)
with a distributive wireless network that classifies the kinematic behavior of hu-

man gait. To apply the recordings from these sensors, an additional solver iden-



tifies the phase of gait from joint-angle measurements and generalizes a set of

required joint-moments between those phases of gait.

1.2 Applications

This work takes a holistic approach to the model and design methodology
bridging bio-inspired robotics and user studies. Specifically, the work contributes

to the following:

e Flexible-rigid robotics - model, simulate, measure, and control a series of
prototypes that replicate musculoskeletal connections within joints, specifi-
cally by connecting the rigid (e.g., bones) and tensile elements (e.g., muscles,

tendons).

e Low-Cost Motion Capture Systems - Motion capture systems are generally
room-bound and expensive, making them inaccessible for the general public.
Our system can provide joint kinematics and dynamics using wearable IMU
sensors creating new opportunities for those who can not afford expensive

motion capture systems.

e Rehabilitation - the IMU-based sensing system can be adapted for wearable

biomechanics devices used for rehabilitation [32].

e Remote Evaluation and Telehealth - Our sensors enhanced with bio-mechanical
solvers will help physical therapists monitor patients’ recovery remotely or

at home.



1.3 Contributions

The work in this dissertation describes the design, development, experimen-
tation, and analysis to create a biometric motion system enhanced with bio-

mechanical solvers. The contributions are listed below.

e Successive generations of design frameworks that can generate custom mod-

els in an open-sourced biomechanical simulation environment.

e A methodology for developing a wearable wireless network using off-the-
shelf components to assess the kinematic behaviors of a variety of human

subjects.

e Several generations of bio-mechanical pipelines to determine the kinematic

and dynamic behaviors.

e A set of machine learning-based algorithms to predict complex motions of

human subjects.

The dissertation concludes with a summary of potential applications for future

research.



Chapter 2

Literature Review

2.1 Introduction

Biomechanics field is a study of biological systems and the mechanical effects
on the body’s movement, size, shape, and structure [33]. The quantitative study
of time-motion problems by Fischer as cited by [I} B3] proposed a two-dimensional
rough representation of a human model to calculate the muscle force dynamics for
the swing phase of walking, and later by Bernstein and Elftman as cited by [33] to
obtain moments on the joints or points of support in the human body. Limited by
the computational technology of their time and by the complexity of the problem,
the simplified set of equations of motion were incapable of completely modeling
human behavior, but they set the foundation for future work. Those initial set
of equations [I] were modeling human behavior as mechanical systems with rigid
bars, links, and springs that these mathematicians were familiar with. In an ideal

world, we would want to take into account:
e unique strengths/applied forces that vary between individuals

e random initial positions and velocities
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Figure 2.1: Illustration of the “minimal principle” on the sagittal plane by
removing the unknowns for the equation of dynamics on the characteristics of
segments and the joints [I].

e calculating moments at each joint grouped several muscles by ignoring indi-

vidual muscle-tension
e inconsistent gait patterns, or step lengths

Consequentially, the constraint and limitations set were speculative. In pursuit
of a systematic understanding for measuring body movements, mechanics, and
activity of the muscles, a special branch of human motion analysis known as gait
analysis became the specific study of human walking to assess, plan and treat

subjects with conditions affecting their ability to walk [34].



Figure 2.2: Stereophotogrammetry involves the 3D coordinates of pointing at
an objects by employing 2 or more photographic images taken from different
positions. The calculation is a collection of points obtained along a Cartesian
coordinate system [2]

Some of the earliest findings for achieving mental and physical excellence for
athletic activity dates back to when Aristotle wrote the first book on scientific
analysis of human movement as mentioned by [35, B4]. Even though detailed
anatomy of the human body existed [34], proper quantitative measuring tech-
niques did not. The first true study of human motion occurred when a series
of human locomotion exerted at each moment was measured using glass-plates
and celluloid film chronophotography [35, B4]. During that time, Carlet added a

heel and forefoot to pressure-recording shoes quantifying vertical reaction forces



[34]. Tt was not until Eadweard Muybridge (considered the “Father of Modern
Gait Analysis”) improved photography to 1/100 of a second to record motion and
led to stereophotogrammetry [36], [37]. Using stereophotogrammetry (Figure
and ground reaction forces (GRF), they estimated 3D position data from images
and linked it with the mathematical methoodology for gait analysis developed by
Fischer all before computers were invented [1}, 33], 34].

Due to the laborious and erroneous nature of manual involvement for deter-
mining specific markers on the human body in individual images, the modern
era (20" century — today) led to exponential advancements in analysis of human
motion. During the 1940s, Edgerton was able to photograph at several million
exposures per second which eventual led to the 1970 “golden standard” of mo-
tion capturing with optical systems, such as infrared high-speed cameras as cited
by [34]. The advancements in optical motion capture systems produced detailed
motion analysis results with the collocation of computers. However, most of the
interest for clinical applications (e.g., injured patients, limb replacements, assistive

mobility devices) did not gain traction until after the World War 1.

2.2 Assistive Technologies for Mobility

As bad as it sounds, war drives innovation. The application for lower limb
augmentation or alternatives (for those who are incapable of mobility) research has
been geared for disabled people, patients, soldiers, and ordinary people [38]. This
section intends to cover the evolution in mobility devices ranging from assistive,
training, or external devices such as crutches, canes, and walkers.

Wheelchairs are a consistent and reliable form of transportation for any in-
dividual where walking is difficult due to illness, injury, or disability [39]. The
first invented wheelchair was for Philip II of Spain in 1595 (Figure 2.3]A). Today,



Figure 2.3: The evolution of the wheelchair from the first manual to a fully
powered and sit-to-stand version. (A) 1595 manual wheelchair (B) 21°" Century
manual wheelchair (C) Powered wheelchair (D) Powered sit-to-stand wheelchair

the manual wheelchair shown in Figure 2.3B has not made any significant design
changes and functions essentially the same. One critical update to the design of a
wheelchair was motorizing the wheels. Powered wheelchairs (Figure and Fig-
ure[2.3D) have made great use of human-computer interfaces (HCI) such as Brain
Computer Interfaces (BCI) and electromyography (EMG) signals [38|, 40, 41]. BCI
directly measures the electrical activity in the brain to and from an external de-
vice like a computer or wheelchair in this example [40]. EMG similarly senses
electrical activity but instead with the nerve-muscle connections in the body. The
sense of self-reliance in wheelchairs (powered in particular) increases by reduc-
ing the dependency on caregivers and family members. This device represents
the fundamental element behind developing assistive technology, giving users the
ability to live more independently.

Those who did not have a high degree of disability, or were only temporar-
ily affected by an injury, took great assistance from external devices like canes,
crutches, or walkers. Rehabilitative and mobility aid devices were first introduced
and patented in 1917 during World War I [42] by Emile Schlick (Figure 2.4(A)).
The design of the crutch since then has not changed since Anders R Lofstrand, Jr.

designed the height-adjustable feature for personal customization yet again during
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Figure 2.4: Examples of passive, or unpowered crutches. (A) 1917 Crutch (B)
1945 Height-adjustable Crutch (C) 1953 Forearm Crutch (D) 1999 Hands-free
crutch

the end of World War IT in 1945 [42] (Figure 2.4[B)). By 1953, Thomas Fetterman
[43] designed the forearm crutch (Figure[2.4(C)) that remedied the impact on the
armpit but still required a heavy amount of use on the upper body. The design
comes off to be very similar to that of a cane. After 40 years, Lance Matthews
designed a hands-free crutch primarily due to the annoyance of not doing things
with upper extremities (Figure 2.4[(D)). Although these were all functional com-
pensations to support walking, balance and increasing gait stability, they were
also useful for rehabilitation training [38].

Other mobility-training, or rehabilitative technologies, include parallel bars
or treadmills to regain strength for gait [3§]. This form of contraption assists
patients with concise and repetitive movements to improve their ability to walk
independently. However, the main caveat is the cost and how these devices are
considered less effective than therapist-assisted training, proving there is room
for improvement on monitoring repetitive motions in a reliable, portable, and

cost-effective manner.
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The last form of mobility devices covered in this review includes external de-
vices such as exoskeletons and prostheses. Research of powered human exoskeleton
devices began in the late 1960s and focused on developing technologies for aug-
menting able-bodied humans with a future intent for developing assistive tech-
nologies for physically challenged persons [44]. In 1962, Cornell discovered that
even after using master-slave robotic system as a man-amplifier, the structure
and shape is similar to the human body has far fewer degrees of freedom than
the average human [45]. Berkeley’s exoskeleton unveiled in 2004 was a hydraulic

actuated device that was capable of enhancing the strength of the user [3].

——————————

Figure 2.5: A: Ekso Bionics exoskeleton [3]. B: ReWalk exoskeleton [4] C:
Soft gait-assistive exoskeleton [5]. D: Clutchable Series-Elastic Actuator (CSEA)
Prosthetic [6]. E: Mediolateral Prosthetic [7]

Companies like Ekso Bionics (Figure[2.5A), Indego, and ReWalk (Figure 2.5B)
all follow very similar dynamics, but gear their devices towards rehabilitative pur-
poses. For this review, exoskeletons are referenced to be an active mechanical
device that acts essentially anthropomorphic in nature and fits closely to the
human body. Active orthosis is used to describe a device that increases the ambu-
latory abilities of a person who suffers a leg pathology [44]. Currently, there are
problems people are still facing when creating the ultimate augmenting or assistive
system. Having technology accurately comprehend the interaction between human
and such technologies for complex kinetic movement is competitively researched.

Oddly enough, Schiele found joint torques can be generated by joint misalignment,

11



and cause time delays on the exoskeleton’s moves related to the user [46]. The
weight of the exoskeleton and the misalignment of joints can disturb the gait and
generate resistance [47]. The inertia of the leg can be changed by additional mass
to the legs that increases the metabolic cost during movement of the legs with
acceleration [48] [49]. Due to that fact, it requires so much energy for the users to
operate these powered exoskeletons, soft wearable exoskeletons came back into the
picture in 2011 [5, [47]. Park created an active soft orthosis specified for assisting
ankle movements, Stirling made an ankle and knee assistive device, Kawamura
made a proposed hip flexion robot [50], and Wehner created a soft pneumatically-
actuated exosuit for assisting gait. Asbeck developed a soft exoskeleton that uses
wire-driven mechanisms to disperse the center of mass (COM) up to the upper
body to reduce the metabolic usage [51]. Unlike traditional exoskeletons, this sys-
tem was lightweight and portable. Advantages of using wire-driven mechanisms
include the weight of the system producing lower inertia and reduced user effort
to lift the device. Another upside is the humans’ kinematics is not restricted like
most traditional rigid exoskeletons due to the flexibility and solved misalignment
problems.

Powered systems usually increase the load carrying capacity through increased
electrical current and allow for a greater degree of control of the system as a
whole [3,52]. Conversely, passive systems do not have any electrical power source
and utilize weight re-distribution, energy recapturing, dampening and locking
mechanisms by means of springs or shock absorbers to alleviate strain on users
[3, 53]. This variant of actuation allows for a higher degree of unassisted motion
whilst still providing some of the basic advantages of a robotic system. In addition
to the traditional hard and soft robotics, quasi-passive exoskeletons (Figure

were created for people who just needed a bit of assistance or enhancement of their
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Figure 2.6: Quasi-passive knee exoskeleton that varies spring levels by the timing
of engagement/disengagement to accommodate for mechanical performance and
reliability [8].

daily tasks [8, [54]. These exoskeletons help reduce the carrying load of individuals
while requiring little to no power consumption [55], 6] 57].

The combination of prostheses, wheelchairs, and crutches works harmoniously
to help those in need with mobility. Both have their trade-offs that help com-
plement and compensate for limitations between devices. Since wheelchairs have
made significant improvements in the development and variety of mobile applica-
tions with powered systems [39], there is much room for innovating crutches and
prostheses.

In summary, we made a brief overview of existing assistive mobility devices.
The rehabilitation clinical research and therapy assists patients with gait ab-
normalities and rebuild insufficient muscle strength [47]. Soldiers and ordinary
people use exoskeletons to enhance their current body strength for either military
applications like moving war supplies and weapons easily, or assist workers in the
industrial site with construction [44]. This specific area of technology has made

great advances over the past years, but there will always be room for improvement:
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e wheelchairs — reliable for flat and even surfaces, but it is not great for ex-
tended use (e.g., osteoporosis, bone loss, low blood circulation) or inclines

and stairs

e crutch — useful for rehabilitative exercises to regain strength, but it is un-
comfortably rigid for long periods of use and limited to those with a less

severe degree of disability

e parallel bars or treadmill — monitoring is concise with repetitive movements,
but it is expensive, less reliable than therapist-assisted exercises, and not

portable

e exoskeleton or prostheses — capable of total or partial assistance or replace-
ment for patients with a high degree of disabilities, but it is expensive and

often lack feedback on human biometrics

2.3 Anatomically-inspired Robotic Mechanisms

Intricate systems such as the human body’s anatomy illustrate how muscles
and tendons distribute loads throughout the entire system. Maintaining structural
stability and achieving flexibility allows biological systems to adapt to external
impedance while structural integrity remains. The anatomical responses to outside
forces with the internal distribution of that stress enable the ability to remain
operating, and structural stability [27]. However, typically robotic manipulators
or systems are very stiff. This is mainly due to the components, links, and revolute
joints. When compressed beyond its limits or a large mass is applied, it will always
fail due to its inflexible nature [29]. These rigid systems can be classified as either
a powered [3, [52] or passive system. It is important to note that a passive system

does not require any power to actuate. Instead, it uses stored energy to create a
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motion similar to how springs or shock absorbers help reduce stress and strain on
the system [51], 53].

In a robotic system, these rigid components are beneficial being used in a
known environment since it is easier to predict and know (with the informative
data from the closed feedback loop) the outcome of the movements and motion of
the robotic system [3]. Robotic systems comprised of these components can bear
a larger load capacity. However, there are robotic systems where rather than rigid
components, the system consists of malleable parts that can accommodate and
readjust to an unfamiliar environment. This mannerism represents the opposite
qualities of a robotics system with rigid components [58]. These robotics can
apportion the weight and stress due to the flexible nature of their soft elements.
While these types of robotic systems can adapt to just about any environment,
they are typically unable to withstand a sizeable load-bearing capacity when they
are missing a solid support system which makes it more problematic [51].

Typically, in robotic models, we see revolute joints act similarly to an anatom-
ically correct knee joint; however, it has one main caveat: the revolute joint only
has one axis of rotation. To be anatomically accurate, we must understand that
within joints, there are bones within the network of muscles, tendons, and liga-
ments that work in unison to allow the joint to flex, move, and contort [59} 60].
To build a bio-inspired joint, we must further understand the specifics behind
the anatomic joint structure, which includes understanding these elements (i.e.,
ligaments, tendons, muscles) that prevent the joint from suffering injuries. This is
essential as the connector between compression and tension elements within the
body, often overlooked in most robotic joints.

From the literature in the previous section, we found that these exoskeletons’

intelligence is limited to three main features: stand, sit and step. Also, there
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seems to be a significant emphasis on finding cheaper alternatives and finding a
comfortable mixture between rehabilitation-based and industry-based. Concerns
from the Veterans Affairs (VA) hospital revolved around the limitations of the
current exoskeletons they use, which have only three main commands for walking
and the system itself using parameters that are pre-loaded on the machine for
individual use or adjustments. There is a fine line between people with paraplegia
who need complete assisted gait control and those trying to rebuild strength with
gait. Possibly the way to go is by appealing to both. There were way more im-
plementations for exoskeletons through powered actuators than passive, assistive
methods through the literature review. Another proposed solution to reduce the
amount of energy exerted by the user is by exploring distributing forces through
passive tensile components.

The future objective of this research is to develop an innovative and affordable
lower limb prosthesis or crutch that assists each user’s current limitations. Our
mechanisms use techniques from tensegrity robotics [14], rigid exoskeletons [3],
and the human body [27] to create a device that imitates motions from the human

leg.

2.3.1 Hard vs. Soft Bodies

Most robotic systems are either rigid to maximize load bearing
[61], 62] or soft to optimize compliance to the environment or promote soft inter-
actions [63]
[64]. Rigid manipulators often consist of revolute joints with stiff linkages, which
are suitable for precise movements (e.g., industrial manufacturing robots); how-
ever, sudden impacts can damage the structure

[3, 65]. The advantage of stiff linkages is that under normal operating conditions,
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Figure 2.7: (a) The hard body robotic structure showing seven actuators for a
single arm [9]. (b) The soft body robotic structure can traverse uneven surfaces
(in a variety of conditions) using pneumatic actuators [10, [1T].

the behavior of these hard robotic systems is entirely predictable, leading to a
manageable (ideally closed analytical form) solution for its kinematics and dy-
namics [3]. Soft robots distribute strain and load throughout the system adapting
better to unpredictable conditions (e.g., uneven terrain, unexpected impacts). A
significant limitation is the lack of a rigid support structure that lowers the load-
carrying capacity of the robot [51], 58, 10]. The compromise solution often applied
in assistive robotics connects rigid structural elements using compliant joints [66],

or actuators [67].
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2.3.2 Flexible-rigid Bodies

There exists a type of robotics that is a middle ground between hard and
soft robotics called tensegrity. Tensegrity has rigid compression components sur-
rounded by a network of flexible tension elements [I4]. This particular type of
robotics allows the ability to carry a more significant load than a soft robotic sys-
tem while also allowing the flexibility of adapting to an unfamiliar environment

by still distributing the stress and strain throughout the system [17), 68].

Figure 2.8: Tensegrity Robotics - A: Vertebra-inspired quadruped [12]. B:
Wheeled spine-inspired robot (WTR) [I3]. C: Tensegrity SUPERBall [14]. D:
Laika quadruped robot [I5]. E: Duct climbing robot (DUCTT) [16]

There have been a variety of different uses of tensegrity robots or structures
in the past. Each of which had a different purpose, showcasing tensegrity’s most
significant advantage: it can adapt to various environments. Various fields can
also apply this type of robotics. There have been tensegrity robots (Figure )
that can move by rolling as a result of relocating their center of gravity in the
direction of the desired path [14 [69, [70].

As mentioned before, the significant advantages of tensegrity-inspired struc-
tures are the use of stiff, rigid elements to support the load and the elastic tension
elements to deform and distribute the load throughout the entire system absorb-

ing impacts in a similar way to passive robotics [I4], [I7]. There have been some
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Figure 2.9: Joint-inspired Tensegrity - A: Elbow joint [I7] B: Shoulder & Elbow
joint [I§]

breakthroughs in the field of bio-inspired tensegrity structures pioneered by Tom
Flemons [71), [72]. Some projects include a malleable tensegrity spine whose pur-
pose was to be able to navigate uneven surfaces [73], [74], a four-legged tensegrity
structure (Figure 2.8A) that can move based on the actuation of the spine and
legs [12], a tensegrity manipulator that was supposed to mimic a human “arm”
[18, 59] which also lead to a soft body exoskeleton robotic suit [75], and a tenseg-

rity structure that mimics the human “shoulder”.

2.4 Dynamic Solvers for Biomechanics and Mus-
culoskeletal Robotics

Biomechanics, as mentioned earlier, is the study of human movement that
combines the laws of physics with concepts of engineering to address physical
health and performance [76]. Human gait produces locomotion using the combi-
nation of the brain, nerves, and muscles in the lower extremities [77]. Balance
and gait work uniformly as a complex sensory and motor coordination. Within
this context, the gait assessment indicates levels of physical mobility and the ef-
fects of therapy or assistive technologies. A gait cycle starts at the point of initial

contact of one lower extremity to the point where the same extremity touches
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the ground again [77]. Skeletal-based arrangements like the human body rely on
muscles and tendons to manipulate joints [27]. For gait, the human leg depends
on three primary joints: hip, knee, and ankle [7§]. The main objective for human
motion analysis is understanding the mechanical function of the musculoskeletal
systems during a given task (e.g., walking, running, etc.).

Earlier in the text, we explained how the analysis of human motion essentially
understands the musculoskeletal system’s mechanical function performing a given
task like walking. Before high-speed computers could provide complex computa-
tions, mathematicians used non-invasive methods to calculate the nonmeasurable
internal forces with inverse dynamics analysis. In the late 1900s, a common pre-
sumption used a spring to represent or measure how the muscles would displace
or deform the spring. Using Hooke’s law, they related the force and deformation

of the spring to the muscles in the body:

X Ax,

L /////%//////// ]
=

Figure 2.10: The forces (f from Equation in the springs from the measured
displacement of the spring (x in Equation using Hooke’s law. Before the
215" century, human motion analysis was unable to noninvasively measure and
understand the mechanical function of the musculoskeletal systems, so it all relied
on mathematical modeling to estimate these quantities.
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f= | (2.1)

= ||pio — Piall (2.2)

where k£ measures the spring stiffness, x represents the Euclidean distance between
the spring-cable assembly, b is a term for linear damping, and /; is the cable length.
The variable p represents the position in space for the fiber-length of the elastic
elements.

Nowadays, there are many tools for handling experimental movement data and
analyzing with open-source software packages (e.g., BTK [79] and OpenMA [80]),
but have limitations for design optimization of custom multi-body models and lack
the support for simulation development. Only a few worldwide have developed
their own optimization and simulation software packages, but these privatized
approaches limit the exchange of models and algorithms. Even though the field of
biomechanical studies for modeling dynamics has matured over the past decade
[81], 182}, B3], there is an obvious need to control multi-body movements for complex
structures (e.g., humanoids, human-assistive devices, etc.).

There exists many challenges listing all of the criteria to examine one dynamics
simulator over another, primarily when a robot with rigid and flexible components
physically interacts with the real world. Most users decide whether they want to
have a strict environment obey the laws of physics (e.g., V-Rep [84]) or use it
for animating virtual characters (e.g., Gazebo [85], video-games [86]) where time,
computational burden, and physics can be less confining.

Literature suggested several simulation solutions for tensegrity-inspired struc-
tures. NASA Tensegrity Robotics Toolkit (NTRT) [87] simulates and controls the

behavior of a tensegrity structure using C++ and MATLAB modules interfaced
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with a Bullet Physics Engine [88], which was originally developed for video game
animations and movies visual effects. The main advantage of using a video game
engine to simulate dynamic behavior or robotics structures is the simulation speed.
Bullet is a GPU-based simulation tool; the main disadvantage of this approach
is that game engine solvers are primarily focused on the visual effect instead of
the mathematical accuracy of the simulation. Modeling of Tensegrity Structures
(MOTES) [89] is a MATLAB simulation package optimized for static analysis that
determines the failure criteria using a non-linear optimization solver. ABAQUS
has be used to predict the stress—strain relationship of three-dimensional tenseg-
rity structures [90]. MOTES and ABAQUS are limited to static analysis, and we
concluded OpenSim 3.0 provided kinematic and dynamic analysis that allows us
to bridge robotic and human models.

Another element of discrimination is for users to adopt a simulator like Gazebo
[85] or MojuCo [91]. These solvers either facilitate a connection between simula-
tion and control over the virtual characters and the prototypes or physical systems
or simulate the dynamics of complex systems without a seamless control of robotic
platforms (e.g., OpenSim [23], Robotran [92]). These simulators view rigid-body
structures and the joints as either constraints between bodies or a parameter-
ized rigid-body dynamic where joints are a part of the structures. Both influence
how forward/inverse dynamics are solved, and those who purely focus on simu-
lating the dynamics of their robotics independent of physical interaction prefer
newer physics engines like MuJoCo [91] that simplify contact forces as a Linear
Complementarity Problems (LCP).

In this dissertation, we are primarily concerned with building multi-body com-
plex structures similar to the musculoskeletal connections in the human body. All

of the forces in OpenSim are a function of positions and velocities making the use
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Figure 2.11: This schematic represents the elements of a single muscle in series
with an elastic tendon (FMT from Equation in OpenSim. F7 is the force or
tension (red arrow), and L is length with superscripts referring to M, the muscle,
T, the tendon, or MT, the whole contracting element. « is the pennation angle
for the mean orientation of muscle fibers in a muscle with respect to the line of
action.

of sensors like IMUs beneficial. The dynamic equations for these active contract-
ing elements assume that the muscle, I, and tendon F7T are in equilibrium and

massless (only under Newton’s third law), at all times [24].
FMT — T+ FMeos(a) (2.3)

The inverse kinematic, angle generation, and inverse dynamic analysis built-in
with OpenSim solvers make it the ideal tool for introducing an alternative data
acquisition method with a reliable platform [93] 94] 95]. Since OpenSim is one of
the most widely used open-source biomechanics platforms, we demonstrate how

it can play a crucial role in human biomechanics and robotic applications.
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2.5 Quantitative Motion Tracking Systems

Quantitative movement analysis plays an essential role in understanding the
process of body movement [96], [97], rehabilitative research [98], the performance
of athletes
[99], and overall dynamic behavior. Model-based approaches define movement
patterns and analyze high precision measurement techniques
[100]. The most popular form of measurement systems use camera-based (optical)
approaches that track markers with either active (ultrasound) or passive (optical)
placed on a subject following the Joint Coordinate System (JCS) presented by the
International Society of Biomechanics (ISB) [I01]. Marker placements require a
constrained location and orientation setup (i.e., cameras mounted and directed at
the subject), resulting in high accuracy for spatial positions of the markers [96].
Miniaturization of electronic devices allows wearable miniature sensors, such as an
inertial measurement unit (IMU), to record quantitative movement data or pre-
dict system kinematics and dynamics in real-time using embedded hardware and
sensor-fusion algorithms (e.g., Kalman-filters). The advantage of this approach
is not limited by the use of a room-bounded localization system [102], 103} [104].
Studies have tracked the movement of a sitting knee and ankle flexion captured
by IMU sensors about an optical motion tracking system yielding an RSME of 4°
[T05]. For more complex movements like gait, Vargas et. al used optical motion
capture with a universal goniometer to calibrate the JCS for IMUs resulting in an
RSME of 15.61° [106], where our maximum RSME of 10.21° is comparable.

Tracking the motion of human subjects performing gait can be done in various
ways. Still, the most common include: optically monitoring marker trajectory
[98, 21, 22] or wearable IMU sensors using sensor-fusion algorithms to record

angular displacements [107, [108]. The majority of the subject data in this work
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was provided by the public databases from Moissenetll] , and Horstf?| that relied
on optical marker-tracking systems [21], [76]. The additional data set for training
purposes was from custom IMU sensors [109] collected under an IRB Exemption

at UC Santa Cruz.

2.5.1 Optical Motion Capture (OMC)

(READY) (EQUIPPED) (DONE_RECORDING)
-set_up_treadmill() -static_trial() -clean_up()

EXIT
Set Up CAVE @ Record Trials
- turn_on_cameras() - motive()
- callibrate() - matlab()

\_

'(READY) w |(DONE_RECORDING)
I(EQUIPPED)

- optitrack_suit()
-imu()

Figure 2.12: This diagrams a high-level process for preparing each experiment
with both motion captures and importing them into the musculoskeletal models
provided by OpenSim.

The most mature and traditional form of capturing body kinematics and im-
porting it into biomechanic kinematic and dynamic solvers uses optical motion
capture systems. These setups require a non-portable, room-bounded configura-
tion viewed as the ‘gold’ standard in terms of joint angles, angular velocities, and
moments at select musculoskeletal systems.

For my proposes, I used reflective markers placed on each subject (flexible-
rigid structure or human body) where multiple cameras. In the DANSER Lab,
we had a 3.5 (m) x 3.5 (m) x 3.5 (m) test area was instrumented with eight

OptiTrack Prime 13 Watt infrared cameras that track retro-reflective markers at

!The public database provided by Moissenet et. al [21]: https://figshare.com/articles/
A_multimodal_dataset_of_human_gait_at_different_walking_speeds/7734767

“The public database provided by Horst et. al [76]: https://data.mendeley.com/
datasets/svx74xcrjr/3
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Figure 2.13: The setup of both OMC and IMC systems (Figure [2.13)) of a user
before the walking experiment. The configuration allowed direct and simultaneous
comparison for both systems.

a frame rate of 120 Hz. Then the Motive post-processing package recorded the
kinematic behavior of the robot and human subjects performing any prescribed
motions. We imported the position of the markers in the OpenSim 3.0’s inverse
kinematics (IK) package to compute the torques and angles (Figure [3.2)), which
was further imported in the forward dynamics (FD) tool to generate an actuation

scheme (Figure [4.9) that manipulates each active element.

2.5.2 Inertial Motion Capture (IMC)

The difference between camera-based and IMU-based systems are the methods
for recording: camera-based use spatial locations of markers, and IMU-based rely
on physical manipulation and orientation changes in space to derive acceleration

vectors [104]. Recent advances in wearable measurement systems such as inertial
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motion capture (IMC) systems have the potential to monitor body kinematics in
diverse environments (e.g., virtual reality, clinical, or sports-related research). For
example, IMUs have demonstrated a strong tool for assessing joint kinematics of
the upper extremities [110, [IT1], lower extremities [I12) 1T1], and spine

[113] have been assessed for short periods of time with fairly non-complex move-
ments. The direct numerical assessments lacking in this field addressed in this

dissertation include:
e comparisons using OMC vs. IMC systems
e the use of different models with intricate movements

e cxtracting measurements to benchmark dynamic behavior of flexible-

rigid structures and human joints

2.6 Applied Machine Learning for Motion Track-
ing

Complex biomechanic simulation environments (e.g., OpenSim [24], bioMech-
Zoo [114]) focus on musculoskeletal models performing kinematic estimations. The
inverse kinematics (IK) and inverse dynamic (ID) tools provided by OpenSim are
used as a viable solution for enhancing gait phase classification by outputting a
set of required joint-torques to transition between phases.

To better understand the large databases produced from motion capture sys-
tems or simulation environments, machine learning is critical for our gait assess-
ment [115, 116} 117]. The development of classification models to determine phases
of gait for a diverse group of subjects has not been popular due to the difficult

task of generalizing the wide variety of human locomotion [I18]. Instead, most
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complex models focus on pathological gait recognition (e.g., detecting disabilities
that affect gait) [I19], or the stance-swing phase of gait for classification [I1§].
Often machine learning approaches are viewed as “black boxes”, that can solve
any problem. However, the unwise choice of parameters can lead to ambiguous
decisions, or erroneous predictions [76]. As a reliable approach, literature has fo-
cused on gait recognition, or detection [116} [119] as the primary machine learning
classification to facilitate automated discrepancies for fall detection or changes in
activities (i.e., transitioning from walking to running) [77]. In Chapter 5.4, we go
into detail on common techniques for preparing data (e.g., cross-validation [120],
GridSearch [I121]) to train several different types of classification algorithms (e.g.,

K-nearest neighbors, Random Forest, etc.) [122] 123].
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Chapter 3

Modeling and Simulation

3.1 Introduction

Simulators for biomechanical studies tend to be offline to analyze complex
structures and whole-body movements. These simulators are usually open-sourced,
but they do not provide a seamless connection between simulations and real-world
applications. It is certainly difficult to enumerate all the criteria to choose a dy-
namics simulator, especially when developers advertise everything as a “supported

feature'. Reasons as to why it is difficult include:
e Extensive comparisons require access to source code but not all software is
open-sourced

e All open-sourced simulators run on different computer architectures

e Not all simulators have extensive documentation and examples

There exists a variety of software packages that rely on specific hardware and
camera-based configurations [124, [125] to model kinematic behavior, but this can
cost a lot of money. Alternatively, packages independent of hardware configura-

tions [I14) [126] use complex solvers to predict movement.
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3.2 Simulating Flexible-rigid Mechanisms & Mus-

culoskeletal Models

3.2.1 Introduction

The benefits of studying the musculoskeletal tools for biomechanical structures
are undeniable: an understanding of rehabilitative progress, predicting outcomes
of surgeries, and optimizing assistive devices [126]. To achieve the design of the
presented flexible-rigid manipulators, we explored the overlap between tensegrity
structures and the anatomy of the human body. Human joints are structurally and
functionally intricate systems consisting of bones, muscles, and connective tissue.
Joints are durable and adaptable to change, allowing humans to react to out-
side impedances while maintaining structural equilibrium. Through flexible-rigid
mechanisms, the primary attributes are the ability to absorb non-axial impacts,

and flex [I127] similarly to the musculoskeletal systems.

3.2.2 Rapid Kinematic Solvers

As noted earlier, finding a simulator that supports a seamless connection with
the physical world is difficult, especially for robotic systems with multi-body dy-
namics. Although the advancements for modeling the dynamic behavior of such
systems are better, the need to control whole-body movements such as humanoids
or assistive technology poses many challenges for rapidly prototyping controllers

and designs:

1. speed vs.complexity - solvers have to compute dynamics and converge to

physically reliable solutions quickly
2. numerical stability - extremely limiting for real-time applications
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3. modeling - simulate rigid and soft bodies contact with different environ-

ments and materials

These criteria shift the solvers’ expectations from animation or virtual char-
acters towards describing and visualizing multi-body systems, which is why we
leaned towards Bullet-based physics engines in our initial approach. NASA cre-
ated a simulation tool called the NASA’s Tensegrity Robotics Toolkit (NTRT) to
help designers who would like to simulate their designs without being computa-
tionally heavy. Therefore, in this dissertation, the simulation process starts by
analyzing the behavior of flexible-rigid designs in the NTRT simulation environ-
ment.

The first models assume that the compression elements are rigid and actuated
by elastic, flexible cables. Early designs of the system were simulated using NTRT
[14, 128], which uses Bullet, a physics engine to simulate contacts and impacts
between elastic and rigid body dynamics [I8]. This simulation environment uses
a Cartesian mapping system to describe the geometrical shape of a tensegrity
structure, Euler-Lagrange formulation to describe the dynamics, and Hooke’s law
to predict the elastic forces (Equation developed inside cables [73].

The traditional approach with NTRT was unable to accurately initialize the
density of rods and cable characteristics due to the unnatural behavior (i.e., den-
sity of rods was fixed at % not %) This constraint led us to use complex
biomechanical solvers for simulating the multi-body dynamic modeling and suc-
cessfully did it within a complex biomechanic simulation environment. This work
is significant, as custom models, specifically multi-body flexible-rigid mechanisms,

have never been accomplished within this open-source environment. In the section

below, we describe our work using NTRT and OpenSim.
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3.2.3 Complex Bio-mechanical Solvers

Open-source packages like BTK [79], MujoCu
[129], and OpenMA [80] provide tools for collecting and analyzing experimental
movement data. Still, it lacks the closed-form expression for faster computation or
limits the exchange of models and algorithms. OpenSim 3.0 [23] is an open-source
simulation environment developed by the NIH Center for Biomedical Computa-
tion at Stanford University (Simbios) that focuses on analyzing and predicting
the biomechanics of the human body independent from hardware. I found that
OpenSim provides an open-source, extensible and complex platform where users

can span three crucial topics:
1. build and manipulate flexible-rigid and bio-mechanical models
2. simulate musculoskeletal dynamics for optimizing the design process
3. predict movements and adaptations without performing any experiments

Options for analysis include joint kinematics, muscle activation, and movement
dynamics on provided or custom models for musculoskeletal models. Traditionally,
OpenSim uses an order of operations that pairs models with the experimentally
recorded marker positions for the locations of virtual markers placed on specific
model body segments. The Scaling Tool generates subject-specific model instances
(e.g., height, weight, etc.), while the Inverse Kinematics (1K) Tool extracts model-
defined joint angles to create movement. Each model is represented by an XML-
structured format that contains bodies, constraints, forces, and marker sets that
are all accessible through the SImTK APT call [130].

The Gait2345 Simbody model was adapted by altering the file and removing

components (e.g., bones, muscles, etc.) into a suspended human leg to reproduce
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Figure 3.1: Transition from dissecting the Gait2345 Simbody musculoskeletal
model and simplifying into the most prominently used muscles for knee flexion
and in-place gait.

a target hinged gait pattern with similar constraints as the physical model (Fig-
ure . The “active” elements capable of actuation were modeled as muscles
using OpenSim 3.0’s Thelen muscle model [I31], and the “passive” tensile ele-
ments as ligaments. This Hill-type muscular-tendon contraction mechanics model
consists of several elastic elements connected in series and in parallel, where the
active force-length relationship is assumed to be Gaussian. The equilibrium mus-
cle model [126] consists of three main components: contractile elements Fepg,
parallel elements Fpg and series elements Fsg. The active, Fs, and passive, Fp,
components in our models follow similar muscle-tension ratios to represent vary-
ing levels of force with length relying on a modified version of the equation given

from the Thelen2003Muscle model [131]:

M _ -t cos(a)

Y a(t) - Fa(IM)

Fp(T) M
Frd )> (3.1)

v o (Fp(IT) — Fp(iM)cos(«)
=E ( Fu(1M)a(t) )

o Fp 1T —Mcos(a)
= F,FA(IM) ( a(t) ) (32)
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Table 3.1: Muscle element specific parameters used for simulation.

Muscle Element  F;" (N) L} (m) LT aM (deg)
Active 100 0.128 1.8 <1
Thelen [I31] 1400 0.090 5.4 7

FM maximum isometric force; L3! optimal fiber length; LT max tendon slack length in relation
to muscle length; o™ muscle fiber pennation angle.

To predict the force velocity relationship using the equation above, we used

data available in the published literature (Table [126], [131]):

Muscle activation value a(t);

Normalized length of the unit muscle [ and tendon I7;

Normalized velocity of the unit muscle F,;
e Maximum Pennation Angle a.

This approach extends the conventional acquisition methods and analysis to
both native and custom musculoskeletal models in the OpenSim environment
[20, 132]. By importing each configuration and marker set file into the Scaling
Tool (Figure to adapt to different sized users and models easily (e.g., vary-
ing lengths, masses, etc.). In most cases, the Scaling Tool matches the physical
prototype and the participant according to the reflective infrared markers placed
on both subjects with mm precision. The calibration process required a static file
with markers matching the simulated model’s exact placement and the physical
subject.

Typically, OpenSim relies on coordinate data from participants wearing spe-
cialized suits with numerous markers allowing the motion capture system to reli-

ably track the positions of these markers with high precision [130, 23]. Instead the
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Figure 3.2: Flowchart illustrating the early design and simulation process.

Inverse Kinematics (IK) tool in OpenSim was used to analyze the recorded motion
of the subjects in all of the experiments. It matches a set of marker coordinates
recorded over time from the leg in motion to markers on the model and calculates
the closest approximation of each joint angle of the model to reproduce the move-
ment in the simulation. Reflective markers were placed on each rigid body of our
subjects. Identical markers were placed on the model in OpenSim to match the
position of the physical markers. Mathematically, the closest approximation of

joint angles is expressed as a weighted least squares problem that minimizes both
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marker and coordinate errors.

errm = Y Wy |25 — z,(q)||” (3.3)
err, = ZTl(qlwp —q)? (3.4)

lek
mqin {errm + errc} (3.5)

where [ and ¢ is the vector of generalized coordinates being solved for, k stands
for unprescribed coordinates, z¢* is the experimental position of marker u, ¢, =
q;"" for all prescribed coordinates, m for markers coordinates, and ¢;*" is the
experimental value for coordinate [, x,(¢) is the position of the corresponding
model marker (which depends on the coordinate values). w and 7 are marker and
coordinate weights, respectively [126].

For simulating the motion of models without inputs external to the program,
the Forward Dynamics (FD) tool interprets approximated muscle excitation, along
with all other forces acting on the model’s bodies to simulate the model’s physical
behavior in the affected space. To validate a purely simulated motion of the leg,
we compare the behavior of the physical prototype (Figure . The data from
the simulation is a way to confirm the mechanics of the projected behavior of the
prototype. This can estimate kinematic behavior and apply it to the structure.
FD estimates the acceleration and displacement of the coordinates of the OpenSim
modeled leg as forces are applied to it via the muscles. The accelerations are found

by integrating the model’s musculoskeletal dynamical equations:
1. 7, = [R(q)]f(a,1,1) for moment due to muscle forces
2. 1 =A(a,l,q,q) for muscle contraction dynamics

3. a = A(a,z) for muscle activation dynamics
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These equations root from the classical equations of motion [126] written to-

gether in the following form:

i = [W(x)] "N+ M(z,#) + G(x) + F) (3.6)

1. z for the vector of generalized positions

2. & for the vector of accelerations

3. 1 for the vector of velocities

4. N for the vector of generalized forces

5. [W ()]~ for the inverse of the mass matrix

6. M (z, ) for the vector of Coriolis and centrifugal forces

7. G(z) is the vector of gravitational forces

8. F is the vector for optional external forces applied to the model

s 5t"-order Runge-Kutta-Feldberg integrator to solve for coordinate trajectories
over the specified time interval in these dynamical equations [I126]. Running FD
produced a motion that expresses the resulting simulated movement in terms of
angles for each set of joints.

The last tool worth mentioning in this dissertation is the Inverse Dynamics
(ID) tool. It began by importing a motion file (typically from IK) into ID to
approximate forces, moments, and torques experienced at the joints of the model

through a commonly used equation:

(R(0) +1(0))0 + C(0,0)0 + G(6) = T(0) (3.7)
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where R(6) are the reaction forces due to the model’s interaction with the en-
vironment, I(f) represents the inertial matrix, C(6,6) represents the Coriolis
and centrifuge matrix, G(6) represents the gravitational matrix, and T'(0) rep-
resents the forces applied to the system with angular acceleration (9), velocity
(§) and joint angle as 6 [126]. ID uses positions, velocities and acceleration
solved with calls to OpenSim APIs (OpenSim::InverseKinematicsSolver and Open-
Sim::InverseDynamicsSolver) that interpret joint angles operated on single time
frames to determine joint moments. The simulated platform and its constraints
found from Hamner et. al [I33] relied on the acceleration analysis to emulate the
ground reaction forces and moments. ID serves as an impactful method for com-
prehensively estimating models based on kinematic trajectories and the simulated
ground. The induced accelerations solved by IK use the foot-ground contact to
estimate how muscles, gravity, and velocity-related forces contribute to ground
reaction forces within the OpenSim environment. Since this system includes a
comprehensive dynamic relationship for each joint, the solvers trained my algo-

rithms further discussed in later Chapters.

3.3 Model Selection

3.3.1 Introduction

The first application of these flexible-rigid robotics imitates the human body
rooted from the tensegrity elbow joint influenced by Graham Scarr [17) [134].
This mechanism presented a biologically inspired human elbow with a lightweight,
multi-axis compliant joint. The physical prototype of our elbow consists of com-
pression elements emulating bones and tensile parts imitating muscles excitation

absorbed by tendon and ligaments. This innovative solution was able to demon-

38



strate the ability to rotate the structure around two axes independently by con-
tracting and releasing tension elements to generate pitch and yaw movement [17].

As the prototypes increase in complexity, starting with the knee-inspired, then
the gait-inspired (hip and knee joints), and the self-standing and weight-bearing
designs (hip, knee, and ankle joints), I established a set of steps towards the
methodology of creating hybrid-based (combination of hard and soft elements)
robotics. Each model follows the parent-child dependencies between bodies which
include: multiple degrees of freedom, muscle compartments that are capable of
evaluating kinematics, muscle forces, and joint moments. The movement of models
depends on the chain of each body segment and how it follows the relative motion
of each child in respect to the parent. The joint coordinates determine manipula-
tion of joints, or angle values, in proximal to distal order [I35]. This parent-child
hierarchy became the standard for how the technique interpreted joint-angle mea-
surements from the data acquisition systems (Equation discussed later in this

chapter.

3.3.2 Knee-inspired Flexible-rigid Structure

The first set of models (Figure were designed and simulated through
NASA’s Tensegrity Robotics Toolkit (NTRT) for rapid modeling, and efficient
comparisons between the biological accuracy between each iteration
[18, [14, [128]. Tensegrity robotics proved its ability to act as a flexible manipula-
tor with models focused on illustrating a degree of freedom similar to the human
body from the bio-mimetic behaviors (shoulder model) and kinematic redundancy
(tetrahedrons model) shown in Figure [59]. As the progression of achieving
biologically-inspired flexural joints furthered, the research shifted from imitating

the human arm into the human leg. Underlying the critical fundamentals from the
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Figure 3.3: First iteration (starting on the left progressing to the right) was
a simple leg model only capable of standing. The next was more accurately
representing the muscles in the leg. The third was an extension of the previous
with even more biologically-inspired muscle and ligament connections within the
muscle system. The last was capable of knee flexion by contracting and relaxing
the hamstring-inspired set of muscles in a hinged position.

shoulder and elbow flexural joint models, the progression of designs represents the
level of complexity needed to maintain structural stability and achieve similar bio-
logical mechanics to the human leg. The NTRT simulation environment provided
a method of approximating kinematics with these early designs. The configura-
tion for each model (Figure used the Cartesian mapping system where each
node connected to rod-like components. From the final iteration, the hung model
was developed into two different joint prototypes. In the first prototype, the an-
gle between the individual branches forming the joint is shaped like an isosceles
triangle. The range of motion seemed restricted since the compression elements
touched at full flexion. The minor adjustment into an equilateral triangle led to
a significant improvement in steady flexion without compression elements making
contact with the second alteration.

Once the first model could maintain an environment with non-contact ele-
ments within a mesh of elastic components, the models were prototyped with Au-
toDesk Fusion 360, which led to our first physical prototype (Figure . Learning

through the iteration of modeling and design from previous tensegrity manipula-
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tors led to the latest structure configurations as intricate and biologically accurate
to the human leg. With the full intent of furthering the newest flexural joints to
be able to imitate a typical motion of gait or remain standing, the design began

by first solving the knee joint [136] then the hip joint.

3.3.3 Gait-inspired Flexible-rigid Structure

Active Elements Passive Elements
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Figure 3.4: The proposed system, consisting of three compression elements
(“Tibia”,“Femur” and “Pelvis”) and two flexural joints (“Knee” and “Hip”) con-
trolled by three active tensile elements.

Expanding a similar modeling process for our knee flexing design, we applied
it to a hanging model with an additional hip joint and used OpenSim for a more
realistic representation. The suspended gait-inspired model actuates three groups
of virtual muscles (equivalent to the quadriceps, the hamstring, and hip flex muscle
groups) that activate both hip’s and knee’s flexion and extension. This custom

six-degree-of-freedom leg model (Figure was built in OpenSim showcasing the
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passive tensile elements in the physical model shown in Figure and were
approximated in the simulation by “passive muscles”. The passive tensile elements
in the model used both Thelen2003 muscles with zero ability to produce force
and ligaments that prevented the structure from collapsing. The active muscles
approximated the physical model’s active tensile elements (actuation cables).

The compression elements in the physical model used welded jointed rigid
bodies (bones in a biomechanics OpenSim simulation) to form the “T" and “Y"
shaped connectors (Figure at the end of compression elements. Based on a
human leg, the model’s dimensions are scaled up to visualize the knee easily, and
hip flexion as the model undergoes various stages of gait. The structure’s weight
is programmatically adjusted to the mass of the material in the prototyped, which
ended up being carbon fiber rods. The model was actuated by exciting the active
tensile elements, and we compared the predicted kinematic behavior of the system
with one of the human legs. The predictions were used to design the physical
prototype of the manipulator.

First among the two custom models was a suspended single-degree-of-freedom
knee joint outfitted with a single actuating muscle acting in place of the biolog-
ical Biceps Femoris. The choice of a single muscle was made for simplicity and
ease of muscle placement on an initial prototyped physical structure. Due to the
muscle placement, the structure used it solely for extension of the knee joint to-
wards the negative range-of-motion limit, whilst gravity was responsible for knee
flexion. Additionally, to ensure that the model’s joint coordinates obeyed physi-
cal constraints (i.e: the joints did not exceed their maximum range-of-motion), a
coordinate limiting force was placed upon the joint, which generated a force that
acted to limit the range-of-motion of the lower leg coordinate should it tend to

exceed the maximum value. Although this restoring force could slightly deviate
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the simulated motion of the model from the desired hinged gait, it was deemed
necessary to ensure the model obeyed the physical limitations of the proposed
model’s movement. This particular model helped test the muscle’s exertion force
to place the leg’s lower body into the necessary positions to achieve a desired
hinged gait.

The second of the two models was a more complex structure with six-degree-of-
freedom hip and knee joints actuated by three distinct muscles, each representing
the Quadriceps, Bicep Femoris, and Hip Flexor groups respectively. Together
the three muscles fully controlled hip and knee flexion and extension without the
aid of gravity. To solidify the model’s constraints, two more coordinate limiting
forces were applied to the knee and hip joints to ensure they complied with the
physical limitations of our proposed design. This particular model assisted in
applying the findings from the first knee-only model with all of the influence of
the dynamics from a moving upper leg. Moreover, the model was more reflective
of a biological leg and provided more application for the results considering the

goal was a biologically-inspired flexible-rigid joint.

3.3.4 Self-stabilizing Flexible-rigid Structure

The most recent flexible-rigid design (Figure maintains structural integrity
in the upright position due to the distribution of strain amongst the ankle, knee,
and hip joints within. The lower half of the human body consists of many joints,
and this design mirrors the hip, knee, and ankle joint along the sagittal axis,
enduring a descent. The hip is capable of a variety of manipulated motions,
including adduction, abduction, and extension—the knee joint flexes along one
axis of rotation similar to revolute joints in rigid robotic systems. Plantar and

dorsiflexion produced by the ankle joints also maintain innate flexibility to adhere

43



Compression
Element

Femur
+——Compression

Element
—
MU
Sensors
1‘
Passive Tensile "‘,‘
Element
Tibia

Compression
Element

) OpenSim Mode! (top)
) Annotated Physical Protetype (right)

=

Figure 3.5: Side by side comparison to visually demonstrate the accuracy be-
tween OpenSim and Prototype.

to uneven terrain when performing gait [137].

The dependent muscle-inspired cables were relocated for bending the joints
within the model along the forward axis in the human leg in place of the tibialis,
calf, hamstring, and quadriceps (Figure (Left)). The active elements in the
OpenSim model follow calf and hamstring into a pair of muscles, and the tibialis
and hamstring as the two antagonistic muscles. The two calf muscles pull the
tibia body of the leg toward the ground, while the tibialis muscles pull the ankle
angle back to an upright position. The two hamstring muscles keep the knee
joint within its range of motion while leaning forward. The hip joint is held
within its range of motion by passive elements and does not need active actuation
for this specific experiment. Previous studies of muscle activation within the
human leg during a squatting motion confirm the placement and excitations of

the muscles in the OpenSim model [I37, [I38]. The hip joint is kept within its
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Figure 3.6: (Left) Proposed lower extremity joint inspired flexible-rigid design
in Simulation - OpenSim and (right) physical prototype. The passive elements are
represented on the left in green and on the right in white. These passive elements
can be thought of as ligaments in the body. The active cables are represented in
red on the left. These can be loosely compared to muscles in the human body.

range of motion by passive elements and does not need active actuation for the
simulated experiment. Likewise, the lateral movement of the joints is restricted
by the passive components.

For simulating the motion of models without inputs external to the program,
the Forward Dynamics (FD) tool interprets approximated muscle excitation, along
with all other forces acting on the model’s bodies to simulate the model’s physical
behavior in the affected space. To validate a purely simulated motion of the
leg, one can compare the behavior of the physical prototype (Figure . The
data from the simulation is a way to confirm the mechanics of the projected
behavior of the lower extremity tensegrity structure. With this information, the
estimated kinematic behavior can be applied to the physical tensegrity structure.

FD models the acceleration and displacement of the coordinates of the OpenSim
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modeled leg as forces are applied to it via the muscles. The set of excitations
found resulted in a similar motion to the experimental data. Evaluation from
the simulation provides validation of kinematic behavior and an approximation
towards producing the physical prototype. This form of calibration resulted in the
combination of exertions that allowed the tensegrity design to successfully stand,

which led to the experimentation of initiating a descent.

3.3.5 Human Subjects

For analyzing the kinematic and dynamic behavior of models with OpenSim,
the gait-inspired [20] and standing [132] flexible-rigid models were mentioned. The
last model for human subjects provided by OpenSim was the Gait2345 Simbody
model. This model features 92 musculotendon actuators representing 76 lower
extremities and torso muscles, where the unscaled version represents a subject
about 1.8 m tall and has a mass of 75.16 kg. It contains all of the required bones
and musculoskeletal connections in the human to facilitate gait. As mentioned
previously, each model follows an XML-structured format that contains the marker
sets to precisely translate the physical world into the simulation environment.
This part of the file was essential to develop, calibrate and compare the biometric

pipeline in this dissertation.

3.4 Biomechanic Analysis Pipeline

3.4.1 Introduction

As stated in Chapter 3, the modeling and simulation deal with computational
modeling and simulation of the flexible-rigid designs and human musculoskeletal

system. These models and simulations are essential because they can reveal inter-
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nal muscle forces and joint loads in various scenarios such as standing, squatting,
and walking.

This work created a low-cost acquisition method and pipeline to analyze kine-
matics and dynamics of both robotic and human motion using OpenSim and
IMUs without relying on an optical MoCap system for data acquisition (Algo-
rithm . The approach applies Algorithm [2| to track motion and compare wear-
able IMU with optical MoCap systems in a reliable simulation environment. The
IMU method of acquisition uses orientation information to perform joint angle
reconstruction [139, 140] to validate the calculations against optical measurement
systems. Simulating the kinematic and dynamic measurements between humans
and custom models proposes a better understanding of the relationship between
mobility devices (e.g., prostheses, exoskeletons) and the human user to improve fu-
ture designs. The sections below describe the experimental setup, data-acquisition
process, and joint-angle measurements from each motion. In Chapter 5, I com-
pare the difference in measurements of each joint between IMU and commercial
optical MoCap systems and discuss the potential advantages of IMUs compared

to an optical MoCap based system.

3.4.2 Data-acquisition

The difference between camera-based and IMU-based systems are the meth-
ods for recording: camera-based use spatial locations of markers, and IMU-based
rely on physical manipulation and orientation changes in space to derive acceler-
ation vectors [104]. The inverse kinematic, angle generation, and inverse dynamic
analysis built-in with OpenSim solvers make it the ideal tool for introducing an
alternative data acquisition method with a reliable platform [93], 94, ©05]. Since

OpenSim is one of the most widely used open-source biomechanics platforms, it
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demonstrates that both forms of data acquisition can play a crucial role in human

biomechanics and robotic applications.

Algorithm 1: Establish TCP connection and send joint angles to host
device.
Result: 0y, 0y,,. & 0,,,. measurements
Initialization: run host to open TCP port connections;
for all joints
client connect — host IP;
if ACK connection then
while buffer not full
measure 0, 0,, 6, at 100 Hz;

if packet size = memory allocation then
| push packet onto the buffer;

end
while buffer not empty
pop off packet from the buffer;
packet — host IP;
if ACK packet received then
‘ continue;

else
| re-send packet — host;

end

end

else if no ACK connection then
| search for host IP;

else
| connection loss — reconnect to host IP;

end

end

The TCP protocol was used to ensure a fast, reliable connection for wire-
less communication with a host computer. Once the host or the IMUs get an
acknowledgment (ACK), this guarantees a successful transmission of IMU data.
Algorithm (1| starts with establishing a synchronous connection for each sensor for
data acquisition. This way, experiments can away from the immobile camera-
based environments of motion capture systems. IMUs include sensors (e.g., ac-

celerometers, gyroscopes, magnetometers) and apply sensor-fusion algorithms to
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compute angles in the x, y, and z dimensional axes.

The BNOO55 Inertial Measurement Unit (IMU) is an orientation sensor capa-
ble of recording 9 degrees of freedom (Table with robotics being one of its
typical applications [94, [141]. The IMU was enhanced with sensor-fusion algo-
rithms (the Madgwick sensor fusion filter [140]) to compute angles in the x, y, and
z dimensional axes. For fast and reliable wireless communication, the ESP8266
WiFi module used TCP to send data and communicate to a host computer. The
data-acquisition algorithm starts with establishing a synchronous connection (Al-
gorithm 1) for each sensor. Once the host computer’s IP receives a client con-
nection from the IMUs, the IMU receives an acknowledgment (ACK), and we
guarantee a successful transmission of IMU data. This WiFi module, combined
with the IMU sensor, opened up the possibility to use this sensor system for more
mobile or remote applications to move beyond the immobile camera-based envi-
ronments of motion capture systems. Each sensor waited in a standby mode and
simultaneously began recording when the host computer initiated a signal. The
host records data by running a bash script to open TCP ports using the netcat
function. It writes the data incoming from each IMU sensor to its respective
output text files.

Each IMU contained a stack-based ring buffer that continuously recorded data
sampled at 100 Hz from the IMU sensor to transmit it over WiFi to a host com-
puter. The IMU sensor produced x, y, and z Euler angles packaged into a packet
and stored in the ring buffer. The data-acquisition protocol in Algorithm [1} im-
ports the data using a MATLAB script which parsed it into individual sensors and
X, v, z planes. To align the measured angles from the IMU sensors, we use 0p_,¢
for the parent-child relationship (Equation . The knee sensor is dependent on

the hip angles rather than the normal plane. Likewise, the ankle angle shifts off of
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the knee angle data. Manual thresholds were set for upper limits 6y, and lower
limits 6,7, based on the simulation’s model-defined ranges.
Table 3.2: Data Acquisition Hardware Specifications
Cost per Custom BNOO055 IMU Sensor with WiFi: $45

Gyroscope | Accelerometer Magnetometer
Axis 3-Axis 3-Axis 3-Axis
Sampling Rate 100 Hz 100 Hz 100 Hz
Resolution 16 bits 14 bits 13/13/15 bits (x/y/z)
Max Range 2000° /s +16G X

Cost per OptiTrack Prime 13W Camera: $2500
Sampling Rate | 120 Hz

Resolution +0.3 mm
Latency 3.0 ms

3.4.3 System Design

Algorithm [2 discussed the two different paths that both acquisition methods
follow. The optical MoCap system presents a more conventional pipeline that
begins with calibrating all 10 cameras. Optical MoCap systems like OptiTrack rely
on Cartesian mapping to track displacements of markers, while IMUs use rotation
and orientation of segments. As mentioned in the previous section, users can use
a static trial of the subject (e.g., OMC or IMC) to scale the OpenSim model,
allowing the analysis to be subject-specific. The IK tool traditionally interprets
the displacements of markers to calculate angles, while IMUs innately measure
joint-angles, making it easy to transition from recording data from experiments
into the ID solver.

This traditional methodology also requires additional protocol before pre-
processing, such as manually tagging individual MoCap markers after the motion

trials have finished and transferring the data from the onboard OptiTrack system
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Algorithm 2: Set of operations for OpenSim analysis pipeline.

Initialization: load model;

Data Acquisition:

if MoCap then

calibrate system & set ground plane;

record static trial;

record motion trial;

manually tag MoCap markers;

convert MoCap markers — OpenSim markers;

load OpenSim markers into models;

else if IMU then

place IMUs on body;

record motion trial;

apply Equation — OpenSim motion file;

end

Simulation Environment:

if MoCap then
load static OpenSim markers — Scale Tool — scaled OpenSim model,;
load motion OpenSim markers — IK Tool — motion file;

else if /MU then

‘ import subject parameters with Scale Tool — scaled OpenSim model,
end
load motion trial — ID tool;

to a local computer. The positional marker data of the motion trial is then im-
ported into OpenSim and applied to the scaled model of the subject to continue
the analysis with the IK and ID tools.

This approach with IMUs has a more straightforward setup protocol that re-
lies on Transmission Control Protocol (TCP) connections (Algorithm |1)) where
each IMUs is required to be turned on and connected to the host computer. Once
the trial is complete, the data is imported into MATLAB to continue the pre-
processing steps (Equation to generate a motion file (.mot) for OpenSim.
Models in OpenSim can be programmatically scaled using the Scaling Tool, by-
passing the need for a static trial. The motion file of joint angles containing the

parent-to-child relationship is the input for the IK tool, where the rest of the
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analysis continues.

Table 3.3: Parameters for the Lower Body Models

Segment symbols: Joint symbols:
Name Subscript Name Subscript
Left Thigh It Left Hip lh
Right Thigh It Right Hip rh
Left Shin Is Left Knee 1k
Right Shin IS Right Knee rk
Left Foot If Left Ankle la
Right Foot rf Right Ankle ra

Table outlines the variables for the hip, knee, and ankle joints for both the
left and right side of the body. IMUs were placed on each model (Figure a)
to observe and record kinematics present on each joint (Figure [3.11]b). The data
each IMU collected follows a similar parent-child relationship (Equation that
OpenSim implements with IK. Each recorded data set is initially independent of
the other IMUs placed proximal or distal to the adjacent segments referred to as
bodies. The parent-to-child relationship (p_,¢) refers to the internal relationship

of bodies in OpenSim models that is preprocessed into a motion file (Algorithm :

O Oin, Oin, Oin.,
O O, — Oin,  Ox, — O, Ok, — On,
Ora Oa, — Oty Oy — O, Ora. — O
= (3.8)
th erhx erhy Q'fhz
O Orky — Oty Orky — Orn,  Or, — On,
e:a eraz - erkz eray - erky eraz - erkz

Each lower extremity-inspired model views the movement of the ankle to be
dependent on the values of the knee, which are consequentially reliant on the

hip, creating a parent-child relationship (Equation . The knee is dependent
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on its parent body, the hip, meaning that the parent’s position determines the
angle at the knee joint. Following that scheme, the ankle depends on the knee
joint position. The tensegrity models follow the same principle. The hanging
model (Figure 3.8i) has two IMUs on the two distal bodies. The support of
this model comes from a long rod that holds the leg up. In the standing model
(Figure .ii), three IMUs can observe a descending movement, relying on the
base of the model for stability. Before applying it to the models, this parent-to-
child relationship comes in the preprocessing phase. Each model’s motion, human
or robot, is repeated through multiple trials and then averaged to represent a
general movement.

The experimental setup recorded motion capture data using custom wear-
able IMU sensors and the OptiTrack motion capture system. OptiTrack uses the
Motive [124] software package for 10 cameras placed in a 12mx14mx2m con-
figuration set at a 120 Hz capture rate to model a kinematic reconstruction of
experiments with a Cartesian coordinate system. Then both sets of data are an-
alyzed with the proposed pipeline using OpenSim to see how effectively the IMU

data acquisition method to that of a MoCap system.

3.4.4 IMC System Limitations

The minimum tracking frequency for detecting human gait is 0.6—2.5Hz during
walking [142] and ~ 50Hz during running or sprinting [143], [144]. The proposed
system samples the motion of six wearable nodes at 100Hz, which should be
sufficient for resolving the inverse dynamics problem and predicting the gait. As
it was explained in §Section 2.5, commercial infrared motion capture systems (e.g.,
OptiTrack) consist of a large number of passive nodes attached to the user. Their

spatial location (and therefore motion) is monitored by several cameras that also
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include the infrared excitation as a ring of LEDs surrounding the cameras. Because
the entire system of cameras is hard-wired to a central control unit, the system
latency and spatial synchronization is only limited by the length and quality of
the wired connections. This system was used as a reference system here.

The proposed system consists of a distributed network of inexpensive nodes
connected through a Wi-Fi network. There are several possible drawbacks that
can make such a system significantly under perform a commercial motion camera

system.

e Problem: the synchronization between individual nodes transferred using
the Wi-Fi network. Solution: each node records locally the entire event
and timestamps the data. The entire set of data is transferred only at the

end of the experiment.

e Possible problem: The synchronization of the internal clocks of the in-
dividual nodes. Solution: The initial handshake synchronization uses the
ESP8266 WiFi Module, which has a sending and receiving rate of 4ms, which
corresponds to a frequency of 250Hz, which is significantly higher that the

one required for monitoring the walking gait (0.6 — 2.5Hz).

e Problem: BNOO055 Clock Stretching Error. Solution: The I12C timing
included in the BNOO55 datasheet [141] [145] states that you can set the
intervals between 12C commands under normal power to be around 2 - 3 us.
For single sensor communication, we suggest using a time delays of 10ms to

avoid any 100 - 200 us gaps from the data being sent to the register.
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3.5 Conclusion

The methodology created in this dissertation systematically analyzes mod-
els and estimates the required dynamics to reproduce the experimental motions.
Each experiment compares the effectiveness of monitoring human biomechanics
and robotics through simulation with two different methods of data acquisition:
cameras tracking reflective markers and wearable IMUs. The setup simultane-
ously monitors kinematic behavior using the OptiTrack motion capture system
against wireless 9-axis IMU sensors.

Although motion capture systems are the standard solution for tracking the
kinematic behavior of systems in the real world, IMUs are a far more mobile
and cost-effective alternative that has demonstrated promising results for analyz-
ing multi-body dynamics. Wearable sensors rely on physical manipulation and
orientation displacement in space to translate into joint-angle relationships for
OpenSim motion files. In addition, IMU sensors demonstrate modularity for in-
corporating sensor feedback on kinematic behavior with flexible robotic systems.
This low-cost mobile kinematic monitoring system demonstrates the capability for
future analysis of non-room bounded activities and the ability to simulate both

human and robotic applications within the same environment.
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Figure 3.7: Muscle activation patterns for a squat-like descent were increased
incrementally 10% of the maximum to isolate the optimal excitation pattern. The
undershoot (under the optimal line) is an under-approximation limiting the range

of depth, while the overshoot (above the optimal line) to over-exertion causing
the structure to fall over.
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Figure 3.8: The suspended-gait flexible-rigid structure (i), flexible-rigid standing
structure (ii) and the full body motion capture setup (iii).
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Figure 3.11: (a) IMU Location Diagram. (i) The suspended gait-inspired tenseg-
rity model has sensors for hip and knee orientated on the saggital plane. (ii) The
self-stabilizing tensegrity includes an additional sensor for ankle displacement.
(iii) Represents the placement for each IMU on the lower extremities of the human
body. (b) Visual diagram of the mathematical model (Equation representing
the moment of inertia required to overcome by implementing the contraction of
active tensile elements for the same (i), (ii), and (iii).
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Chapter 4

Prototyping and Sensing

4.1 Introduction

The process for designing, prototyping, and testing an inspiration from Na-
ture to flexible-rigid structures has been widely adopted in the field of robotics.
These biomimetic mechanisms have characteristics for adaptability, flexibility, and
robustness; however, they come with their own set of challenges and limitations
(i.e., design parameters can be inversely related). For example, the design needs
to be mechanically robust and flexible, while components need minimal mass and
non-restrictive fluid movement. The methodology from design to prototype breaks

down into three parts:
e translation from conceptual design into components and materials
e iterative prototyping of the flexible-rigid designs

e sensor network to measure kinematics and translates it into the right move-

ment at the right time

Simulations are crucial for modeling the interaction between the flexible robotic
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structure and biomechanical designs before experimentation. Therefore, it is im-
plemented simulations before each design. Because OpenSim is designed with a
parent-child relationship when building models, the mechanics are analyzed sim-
ilarly to how our self-localization was developed. The importance of modeling in

simulation and CAD establishes the size, shape, and dynamics for assembly.

4.2 Structural Design

4.2.1 Human Lower Extremity Inspired Joints

Musculoskeletal connections within the human body rely on the cohesive ef-
forts between bones to support excess amounts of forces and muscles and ligaments
to manipulate joints while maintaining poise. Anatomical systems in human bod-
ies are structurally and functionally complex: bones, muscles, and connective
tissues. These intricate systems are stable, durable, and adaptable to external
loads. When acted upon by an outside force, these structures can react and dis-
tribute the strain across other tensile forces and return to a relaxed and fortified
state. The lower half of the human body consists of many joints. This work fo-
cuses on mirroring the hip, knee, and ankle joint along the sagittal axis in these
designs.

In humans, the hip is capable of a variety of manipulated motions, including
adduction, abduction, and extension. The knee joint flexes along one axis of ro-
tation similar to revolute joints in rigid robotic systems. Plantar and dorsiflexion
produced by the ankle joints also maintain innate flexibility to adhere to uneven
terrain when performing gait [I37] or maintaining an upright position. Manipula-
tion of the joint in the flexible-rigid structure were generated by the cable-driven

actuation, and forces are dispersed throughout the structure using tensile elements
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59, 127].

One of the first representations of a functional human body tensegrity-inspired
manipulator was proposed by Graham Scarr [146]. This concept uses two rigid and
several tensile elements interconnected into a flexible-rigid structure to replicate
aspects of the functionality of a human elbow joint. Baltaxe et al. [I8], Lessard et
al. [59], Jung et al. [20] and Castro et al. [136] proposed several concept manip-
ulators that replicate the behavior of elbow, shoulder and knee joints. Figure [3.4]
schematically shows the physical model comprised of a “hip” joint (Figure
and a “knee” joint (Figure . The interconnected web of passive and active ten-
sile components mimic the biological tendon and ligament connections ensuring

system compliance, while preventing direct contact between the rigid components.

4.2.2 Rigid Bodies

The chosen length of the compression elements to match the dimensions of
the bones in the OpenSim 3.0 model Gait2545 Simbody described in Chapter 3.
In older models (Figure , the physical prototypes used compression elements
created from wooden dowel sticks. The recent prototypes use carbon fiber rods
assembled with 3D-printed acrylonitrile butadiene styrene (ABS) pieces to make
the rigid bodies. The carbon fiber rods act as an equivalent bone structure of
the human body. Joints shown in Figure [£.4] and [£.5] display both the CAD
assembly and prototype versions of the structure that rely on the designs of each
three-dimensional printed component. The angles at which the carbon fiber rods
extrude allow the structure to route cables and maintain a frictionless network
that manipulates in motions similar to the mechanics of a human body.

In Figure [3.4] the upper compression element is equivalent to a human pelvic

bone, the middle piece mimics a femur bone, and the lowest segment acts as the
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tibia and fibula, simplified into one rigid body. The hip joint performs similar to a
ball and socket joint, is not confined to one axis of rotation like most conventional
robotic joint designs (Figure ,b). The knee joint has a dominant degree of
freedom during flexing using a single actuating muscle, which resembles the bio-
logical biceps femoris (Figure ,b). The latest designs consist of four main rigid
elements representing the human pelvic bone (for one leg), femur, tibia, and foot.
The lower extremity tensegrity structure in Figure has rigid bodies similar to
the location of the pelvis (hip joint), femur (above the knee joint), tibia (below

the knee joint), and foot (below the ankle joint).

4.2.3 Tensile Elements

The essential component that maintains stability and achieves characteristics
similar to muscles, tendons, and ligaments in the leg within flexible-rigid struc-
tures are the tensile elements [I4]. Using cables for our tensile elements in the
manipulator (bungee cord and fish-line spectra cord in our physical model), they
belong to two categories: passive and active [20]. The passive cables represent the
biologically inspired fascial connections of the hip and knee joints: the ligaments
and tendons. The arrangement of passive elements absorb impacts and maintain
structural compliance in response to external forces. Active tensile elements allow
the structure to create motion similar to the human leg and couple into antago-
nistic pairs. Within each contraction of an active cable has an antagonistic duo,
which lengthens and relaxes, demonstrating how muscles contract and extend.

Secured by a complex network of tensile components, the flexural joints per-
form similarly to muscles, and other tendon-based bone-element connections [20].
For example, our hip joint is secured by a complex tensile component network that

performs similarly to muscles and other fascial connections to the bone-mimicking
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elements. To achieve multi-axis compliance, the Y-shape design for the femur and
tibia compression elements (Figure is capable of generating flexion, extension,
adduction, and abduction motion. The positional displacement of the suspended
hip joint produces a lifting motion advancing the structure to begin gait (see Fig-
ure . When the cable-driven actuators pull the tibia segment, it shortens the
hamstring element causing knee flexion to trigger. Pretension passive cables aid
the tensegrity in the original formation and adjust in response.

For instance, the gait-inspired hanging structure can maneuver and provide one
fluid gait motion as the femur and tibia are manipulated. The tibia compression
element is attached to a three-rod base, designed similarly to the patella and
femur. It creates a knee joint that flexes along one axis of rotation (as shown
in Figure . When the cable-driven actuator shortens the hamstring, it pulls
the tibia segment to flex the knee joint. This also pulls the femur, allowing the

structure to maneuver and provide one fluid gait motion.

4.2.4 Directed Cable Routing & Actuator Selection

The flexible-rigid joints in this work are inspired by the anatomical charac-
teristics of the muscular, tendon, and ligament connections within the human leg
joints. Cable-driven actuators shorten the cables to resemble muscle contractions
and perform knee flexion, hip swings, or ankle plantar and dorsiflexion. Each
cable is actuated by a dedicated motor, which can either turn in one direction to
tighten the line or in the opposite direction to loosen it to generate a motion. With
our suspended gait-inspired design, the cable-driven actuator acts similarly with
the iliopsoas (front hip motor) and pulls the femur-inspired element forward. The
antagonistic active tensile element to the iliopsoas, the gluteus maximus (back

hip motor), moves the structure back to produce a follow-through motion. The
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bicep femoris long-head (hamstring motor) is essential in emulating human knee
flexion.

The design is orientated towards cable-driven actuation, which has motors lo-
cated off-centered from the robot to reduce the structure’s weight and centralize
the moment to overcome lower. The location of the actuators is critical for ap-
plying the optimal forces and actuation patterns (Figure on the deforming
structure while minimizing the power consumption and found when simulating the
model. Varying the size of the models (50% Scaled, Unscaled, and 150% Scaled in
Figure within the simulation guided the hardware requirements. Figure
shows the predicted forces necessary to actuate the structure during a complete
gait cycle. To maximize the torque to weight ratio, we select three Polou 3454
DC motors with a 100:1 gear ratio and 0.64 Nm stall torque (the most signifi-
cant predicted force is 100N, which translates to a 0.44 Nm applied torque). The
power consumption of the OpenSim 3.0 simulated robot was computed using the

ProbeReport and the JointInternalPowerProbe analysis [126].

4.3 Prototyping

4.3.1 Introduction

Most robotic structures that replicate the gait of human legs consist of rigid
elements, equivalent to natural bones, connected by revolute joints. The revolute
joints act similarly to anatomically correct knee joint; however, they have one main
caveat: revolute joints have only one axis of rotation [3]. Anatomically inspired
joints consist of rigid and flexible elements suspended in a network of muscles,
tendons, and ligaments that work in unison to allow the joint to flex, move and

contort in many degrees of freedom [59, 147]. Hence the decision to make a
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flexible-rigid design consisting of rods and cables. This approach has advantages
including, but not limited to: numerous degrees of freedom, switchable actuation
locations, and mechanical flexibility.

This section proposes an alternative approach: A design pipeline that de-
velops flexible-rigid structures that recreate the kinematics of human legs. The
solvers help in the production and planning process, acting as an important role
in assuring that a successful system is designed. This iterative loop of modifying
designs and testing them through a virtual environment will ease the manufac-
turing process and the time spent on manipulation strategies. It also discusses
the design decisions of the types and placements of the sensors that can detect
movement and users (as input) and actuate the manipulator (as output) at the
right time and with the right amount. The design arrangement given from the
virtual environment will be drafted in a Computer-Aided Design and drafting
(CAD) environment (AutoDesk’s Fusion 360) that is then to be manufactured in

first 3D printing materials to analyze kinematic behavior.

4.3.2 Knee-inspired Design

The first flexible-rigid manipulator developed began by creating a biologically
inspired human knee joint. The first models created through both simulation and
physical prototyping focused on imitating the motion of knee flexion. After testing
different designs in the NTRT environment, we found that the last model (Figure
3.3((iv)) has suspension that achieves flexion with the bicep femoral muscle group.
This aligns with the anatomically correct muscles required for flexion.

For prototyping, we constructed our model using dowel sticks and 3D-printed
joints (Figure to create the overall geometry. In the first iteration of the

physical model the attachment points at the knee joint became too congested,
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Figure 4.1: Proposed flexible-rigid knee joint, connecting femur and tibia equiv-
alents. The joint is controlled by an active pair of strings tuned for stiffness
creating a variable level of flexibility within the structure [19].

which could cause cable interactions. To resolve this issue, new end parts (Figure
were printed for the knee model that contained holes to tread the elastic cord
through and still keep it in the correct line of action. For the actuation a simple
torque analysis was done on the knee model with a total weight, estimated at
0.74N, with length of the model at 116 cm. To find max torque needed to lift the

entire model the total weight and length were used in the following equations:
T =F . L (4.1)

Equation 4 shows 7 is Torque, F is the force in Newtons and L is the length in

centimeters. To calculate torque required by motors:
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Figure 4.2: Close up of the 3D printed end pieces with holes to keep the elastic
cord in the proper line of action. (A) T-joint (B) Tri-joint (C) Y-joint (D) Quad-
joint (E) Quad Base (F) Endcap

1. The minimum torque is when the length of the cable is 0.58m and the total

mass is at the end of the length

2. The max torque at max length of 1.16m and the total mass is at the end of

the length

The peak torque required is a maximum of 0.85N - m to actuate the knee joint

[136].

4.3.3 Gait-inspired Joints Design

This suspended flexible-rigid gait model, (Figure , emulates the motions of
the human hip and knee flexion. The design consists of three main rigid elements
representing the human pelvic bone, the femur and the tibia (Figure . The
compression elements are carbon fiber tubes (equivalent to the bone structure in
a human body), and the tensile elements are cables (muscles, tendons and fascia),

which keep the structure in equilibrium through varying levels of tension.
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Figure 4.3: Tensegrity flexural knee and hip joint [20] connecting the pelvic,
femur and tibia rigid bodies.

The joints are constructed similar to before by interlocking Y-shaped and
Quad-pronged compression elements (Figure and suspended by a network
of passive and active tensile components, which gives the tensegrity manipulator
the ability to produce the specified four stages of gait: Heel Lift, Extension For-
ward, Step Through, and Equilibrium. These three primary muscles are vital and
must work in unison in order to flex different segments of the leg. Through the
design with three-dimensional-printed components, we were able to easily build
the rigid compression elements in the exact same representation from the simu-
lation. Referring to Figure and (the 3D printed pieces in orange), each
printed component works as a puzzle where prototyping simply pieces together to
create this multi-body system. The actuators are then constructed in the places
of designated active tensile elements, annotated in Figure|3.4] while the rest of the
passive tensile elements create a complex network of cables holding the system in

one piece.
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The most prominent active muscles throughout one cycle of in-place gait are

are the hamstring, iliopsoas and gluteus maximus [148]
[149]. Normal gait requires a complex configuration and due to this being a
proof of concept flexible-rigid design, we focused our attention on aligning the
biomechanics and robotic manipulators within the same system to prove that it
is capable of precisely simulating custom models.

The behavior of this manipulator was comparable to a suspended human leg
performing in-place gait and was never intended to carry a load. Our model has
an equivalent cable-driven actuator for each muscle one of them. Figures
and show the “hip” and “knee” joints. The 3D printed connections in orange
(Figures and ), work similarly to a puzzle, where prototype extrusions
are assembled to create a multi-body system. The actuators positioned at one
end of the active tensile elements annotated in Figure [3.4] while the rest of the
passive tensile components create a complex network of cables holding the system
together. For easier manipulation and to match the geometry of the simulated
structure, the Y-shaped pieces have through holes for the actuating cables. The
active—passive pairs of tensile elements support the structure and prevent direct
contact between the compression elements.

The Y-shaped designed pieces contain holes located to feed cables through the
compression elements of the joints for easier manipulation and matching placement
to the simulator. One method to reduce friction is by guiding the cables directly
to the rigid compression elements rather than feeding it within the structure. The
endcap piece design simple contains three places of attachments for the cables to
connect to. Our quad piece composition allows for the pelvic compression element
and four separate extremities to attach to the femur-inspired component through

a network of passive cables (Figure . The angles at which the active tensile
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elements are pulling the structure avoids surface friction by keeping the structure
suspended with the passive cables.

As mentioned earlier, bungee cords were used for the passive tensile elements
and fish-line spectra cord for the active ones. Passive tensile elements distribute
forces upon impact and maintain structural compliance in response to external
events. The flexible-rigid manipulator contains sixteen pairs of antagonistic pas-
sive elements (six in the hip, and ten in the knee), which deform due to the applied
force, then return the leg to its equilibrium position. Pre-tensioned passive cables
allow the tensegrity structure to return to its original shape.

Active tensile elements allow the structure to create motion similar to the
human leg and generate human-like gaits. Each active cable has an antagonistic
cable, which lengthens and relaxes, similar to how muscles contract and extend.
The positional displacement characteristics from the hip joint produces a lifting
motion advancing the structure to begin gait referring back to Figure and
Figure [£.4b] The tibia-inspired body is attached to a three-rod base of the femur
composing a knee flexural joint focused on performing knee flexion shown in Figure
and Figure

The joints focused throughout this paper imitate the biologically inspired hu-
man hip and knee joint. Tensile elements are the cables that act as the require
muscles, tendons and fascia that keeps the structure in equilibrium through lev-
els of tension variation. Figure shows the upper compression element is the
equivalent pelvic bone, the middle being the femur bone, and the lowest segment
acting as the tibia and fibula simplifying into one single component. The pelvic
and hip joint are characterized to perform as a ball and socket joint that is not

confined to one axis of rotation like most conventional robotic joint designs (figure

[0 an [E1E).
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The final step was to see how the estimates on the actuator output require-
ments from our custom leg models compared to a biologically accurate model.
This used one of the many provided models from the Simbios library (e.g.,
Gait2345Simbody) and placed it under the same custom angles of flexion/extension
for the knee and hip joints required for the desired hinged gait pattern as was
placed upon the second of the custom models. Although this prototype robotic
manipulator was not intended to stand on its own, similar to the human hip, the
two cables on the femur emulate an action similar to walking. The values received
could then be compared to our custom leg models to see the biological accuracies
for the range of motion from our custom models are discussed in Chapter 5.

Activation values a(t) change the output of the forces generated from the
muscles. At 100% of the activation values, it yields the maximum isometric force
output to manipulate the model. The Inverse Kinematics (IK) and Inverse Dy-
namics (ID) tools shown in Figure were used to predict the force applied on

the active tensile elements, joint angles and torque values to manipulate the rigid

elements:
fn =1"Q (4.2)
Ln,
— 4.3
Q=" (43)

where n represents the number of joints, p is the moment, r is the radial distance
from the fixed point to the end of the rod, and @ is the muscle force. After
matching the properties (e.g., tensile connections, compression lengths, etc.) of
each model with the Scaling tool, we programmatically adjusted and simulated the
placement of active elements to isolate optimal placement of our actuators. This
simulated process gauges the necessary muscle force to position the lower portion
of the leg in the desired phases of gait and maintained consistency between the

physical and OpenSim 3.0 models.
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The cable-driven actuator corresponding to the iliopsoas (front hip motor),
is designed to pull the femur-inspired element forward. The antagonistic active
tensile element to the iliopsoas, the semimembranosus (back hip motor), pulls the
structure backwards to produce a follow through motion. The bicep femoris long-
head (hamstring motor) is essential in emulating human knee flexion. Although
this initial prototype robotic manipulator cannot stand on its own, it should be
noted that much like the human hip, the two cables on the femur could emulate
an action similar to walking. The single cable actuation is controlled by a motor,
which has a single line spool, that reels in, to tighten the cable, and unwinds to
lengthen the cable as needed in order to create gait. Equation (4.2) was used to
obtain the cable-driven actuation patterns (Figulre7 and Equation to find
the forces exerted by the muscle as a ratio of the moment and radial distance. It
was known that the force exertion requirements on the actuators would be heavily
increased again due to the moving upper leg and we used (Equation to get
our force estimates. The hip joint propels the leg forward, while the hamstring
releases the knee in order to create the extension forward and step through stages
for a more human-like gait motion as seen in Figure Extension Forward. We
based our goal trajectory positions off of the original five stages of gait motion
[150, 151], but decided to reduce the number of stages to four to simplify the
explanation of motion.

To further validate our simulation (Figure [3.5), we compared its power con-
sumption with the physical prototype’s (Figure ) The power consumption of
the electrical motor is significantly larger than the other components. The mi-
crocontroller (290 mW) and sensors (25 mW) have a constant power requirement
that was subtracted from the global power consumption to compute the power

consumption of the motors. The model underestimates the idle power consump-

73



tion, but it predicts well the power consumption during the third and forth stages
of gait. The initial mismatch is most likely due to the differences between the
ideal behavior of the OpenSim 3.0 muscles and commercial electrical motors at

low speeds.

4.3.4 Self-stabilizing Designs

The current tensegrity-inspired design maintains structural integrity in the
upright position due to the distribution of strain amongst the ankle, knee and
hip joints within. The combination of passive and active elements manipulating
the structure in a downward or upward motion follows a similar kinematic pat-
tern of muscle activity to experiments done by Dionisio et. al [I37]. Activation
patterns follow peak electromyographic (EMG) readings from user testing during
the downward phase: calf and quadriceps, and standing phase: tibialis and ham-
string. The location of the muscles (Figure on the front of the femur-based
rigid body represent the quadriceps, or vastus medialis, and the back of the femur
represents the biceps femoris, or hamstring. The tibia-based compression element
mounts the tibialis in the front, and the calf on the back. The system off-centers
the actuators towards the bottom to distribute weight near the ground limiting
the rotational moment of intertia to overcome.

The simulated model approximates physical characteristics to approach an-
gular displacements. Each programmable chip (ESP-12S module) is set up with
WiFi compatibility and a motor driver that controls both the ankle and knee ac-
tive elements shown at the base of Figure 3.6 The ankle joint acts as a network
host that receives commands from the controller, and reacts based from the as-
signed, Oiqrget, given by the user. The ankle joint focuses on lateral movements,

while the knee manipulates the muscle-inspired cables to create a squat-inspired
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downward and upward phase. Figure[3.11|(b(iii)) focuses on angular displacements

for the primary joints to descend: ankle 6, and knee 6s.

0 ean e ean ex ean e ean e
y = 1 _ kl _ kl kley kl (44)

62 eknee ekneez ekneey ekneez

C = mglllCM2

mll%Ml + mgl% + [1 C- sin(01 — 92)

10] =
c-sin(fy — 0s) mglzCM2 + Iy
. 0 c-cos(0; — 0,)0
M1, 0] = . (2 = 82)6
—c-cos(0; — 02)0; 0
alf)] = (malear, + mals) - g - sin(6y)

(malcas,) - g - sin(6s)

U9) = Titan(6y)
TQtCZn(Qg)
1(0)0 + M(6,0)0 + G(0) = U(6) (4.5)

The I(f) represents the inertial matrix, M (), 9) represents the coriolis and
centrifuge matrix, G(f) represents the gravitational matrix, and U represents
the acting tensile forces on the system with 7 is the torque generated from the
actuators. To characterize each segment (e.g., 3D fabricated pieces, PCB boards,
carbon fiber rods), the required moment of inertia to overcome at each joint is

approximated at the ankle and knee joints with inputs:
1. Iy and I for the length of both linkages

2. lowy & Loy, for the length of the center of mass from the base of the linkage
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3. my & my for the mass of each linkage
4. 60, for the angular displacement of the ankle

5. 0, for the angular displacement of the knee

Table 4.1: Tensegrity Structure Characteristics

Ilm] | loamm] | mlkg] | I[kg - m?]
Femur: 1 | 0.5766 | 0.2110 | 1.7744 | 0.1966
Tibia: 2 | 0.4064 | 0.3700 1.11 0.0611

The structure’s angular displacements are directly affected by the contraction
of tensile forces from active muscle-inspired cables to overcome the moment of
inertia, the coriolis and centrifuge forces with consideration of the effect of gravity

(Equation throughout upward or downward motion.

4.4 Distributed Sensing Network

4.4.1 Introduction

The integration of both mechanical (e.g., transducers, encoders) and electrical
(e.g., IMUs, bio-metric) sensors for human-robotic systems is still a new field. The
dynamic and kinematic equations produced from the solvers will be implemented
to report the current state of the subject’s position. Applying the predictive model
to the integrated sensor network will enable us to measure the current state of the
user (i.e., bio-mechanics of human body), and predicts what the structure’s the
next movement should be. For example if someone lifts their leg with the intent
to step forward, the model assumes the extension of the foot will follow then the

rest of the stages of gait will follow.
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4.4.2 System Design & Control Strategies
Open-loop Control

One of the goals of the paper is to propose a pipeline, where a flexible ma-
nipulator will be modeled and fabricated to match the “desired kinematics” of a
human leg. With the gait-inspired design, Figure [3.2| shows an overview of the
iterative design strategy and used the FD solver to provide the excitation pattern
(Figure that manipulates the hip and knee joints (Figure throughout four
the stages of gait in the sagittal plane (Figure . Stage 1: Heel Lift, starts from
a neutral position, and contracts the hamstring-inspired cable to initiate knee
flexion backward. Stage 2: Faxtension Forward, contracts the iliopsoas-inspired
muscle causing the entire tensegrity structure to move forward, while the glu-
teus maximus-inspired and hamstring-inspired cables release the posterior hip
and hamstring. Stage 3: Step Through, implements the combination of “leg-lift”
and “swing”. When the iliopsoas flexes the lower limb at the hip, it drives the
entire leg backward until it is positioned behind the body. Stage 4: Resting Posi-
tion, restores the tensegrity structure to its neutral position. Once in the Resting
Position, one cycle of gait has been completed, and if desired, the structure can
continue the gait cycle repeatedly.

Modeling the tensegrity hip and knee joint in OpenSim 3.0 provided analysis on
both passive and active connections for our physical prototype. Forces imported
into the FD tool generate motions for each model. Each stage of gait excites one
active element to contract at a time while the others remain passive or release
tension. Each actuator in the physical prototype correlates with one of the three

prominent active muscles in a human leg. The tangential force generated by the
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cable-driven actuators (Fr, . ) during each stage of gait is computed as:

T

FTmaa: = (4 6)

where r is the radius of the spool attachment for the motors, and 7 is the stall-
torque. Each cable-driven actuator contraction follows a sequential state machine.

This approach begins with the virtual control strategies by interpreting the
kinematic data retrieved from the motion capture system and generate a set of
dynamic equations. For example, if the simulation is meant as a function of gait,
it will use bio-mechanic movement from lower extremity joints as an input and
output a set of muscle activation with forces applied. This directly influenced the
design of a controller that actuates the mechanism, and achieve the projected goal
of preforming human gait. The purpose of the control strategies is to introduce
steps to make a widely adopted basis that can easily be introduced to human-

robotic systems.

Closed-loop Control

The closed-loop control system follows the same procedure for imitating one
cycle that was described in the Open-loop control section. The movement imi-
tates the “virtual” muscle activation patterns (Figure using three motors and
two low-drift 9-axis BNO055 IMU (Inertial Measurement Unit equipped with an
accelerometer, gyroscope, and magnetometer) sensors located at the base of the
hip and knee (Figure [3.4).

Each sensor underwent a calibration process recommended by the manufac-
turer using a series of sensor-fusion algorithms that blends the accelerometer, mag-
netometer and gyroscope data into stable three-axis orientation output [I41), [140].

For calibrating the position of the sensors, we used the dynamics captured by the
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open-loop system along with the simulation to find the model’s limitations and
available range of motion. This process executed a series of open-loop control mo-
tions for each stage of gait and used the motion capture recordings to correlate the
angles of the compression elements with the IMU sensor readings. The sequential
state machine requires a compensation for the forward kinematics and position.
Here we monitor the hip (6,:,) and knee (Ognee) angles using the IMU sensors and
update their values in the state machine at each time iteration (see the “Control”
panel of Figure . The actuation strategy relies on tracking the angles using
the IMUs, applied forward kinematics using the motor driver, then updated the
target angle (6,.r) for the next stage of gait. This feedback loop incorporates a
proportional controller that effectively manages the physical model to change the
stages of gait once the system reaches a minimal steady-state error of 1.25% from
the target position. In the event of an overshoot, the physical model is capable of
correcting itself (Figure when a gait stage has malfunctioned or is disturbed
by an unanticipated outside force (i.e., pushing or pulling the structure out of the
range of values).

The simulation environment provides an approximation for the amount of ten-
sile forces required to approach the desired angular displacements. As illustrated
in Figure the tensegrity structure implements a self-standing localization
system based on position compensation from angle movements read from the sen-
sors. Each IMU sensor is packaged with the MPU-9250 9-axis module (3-axis gyro,
3-axis accelerometer and 3-axis compass) to measure kinematic movement. The
programmable ESP-12S module is equipped with a microcontroller with WiFi
compatibility acting as both as client (e.g., sensors, knee microcontroller), and
access point (e.g., ankle). Within this wireless network (Figure , Sensors rep-

resenting the hip, knee and ankle angles report angular displacement to the ankle
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through User Datagram Protocol (UDP). The ankle interprets the data and com-
mands the motor driver to manipulate the ankle-inspired tensile elements while
sending a command to the knee microcontroller responsible for the contraction
and releasing of the tibialis and calf-inspired elements. During the squat-like de-
scent, the actuators contract the quadriceps and calf-inspired cables while length-
ening and relaxing the tibialis and hamstring-inspired cables. The rising motion
works antagonistic to the previous where the tibialis and hamstring-inspired cables
shorten, and contract releasing the quadriceps and calf-inspired cables bringing

the leg to the upright standing position.

4.5 Conclusion

The internal /embedded localization system (Fig. created provides positional-
based feedback to achieve and maintain desired angular displacement. Monitoring
hip, knee and ankle joints during each movement prescribed the cable-driven ac-
tuators to re-position the structure. Using the same hardware and algorithms for
the wireless sensing network, this work extends the applications to more complex

systems like the lower extremities of the human body performing gait.
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(a) 3D CAD showcasing the 1 Quad-joint, 1 Y-joint, 1 Quad base and 12 Endcaps

(c) Flexed & Extended Position

Figure 4.4: Tensegrity Flexural Joint: Hip (see Figure for reference)
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(a) 3D CAD showcasing the 1 Tri-joint, 1 Y-joint, and 5 Endcaps

Ll |

(c) Flexed Position

Figure 4.5: Tensegrity Flexural Joint: Knee (see Figure for reference)
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Figure 4.6: The applied activations by the three virtual “muscles” in the Open-
Sim 3.0 simulation environment (full line), and the intensity from the cable-driven
actuators on the prototype (dotted lines). The varying levels of actuation (i.e.,
applied forces) input into the simulated models generalize an approximation for
how to actuate the muscle-inspired cables in the prototype. Labels (a—c) indicate
where the applied contracting muscles release.
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Figure 4.7: (A) Applied forces from all the active elements on the simulated
model at varying sizes (50%, 100%, and 150% scales) show that a smaller model
requires similar amounts of forces to replicate the four stages of gait. (B) Simu-
lated moments (N -m) on the hip joint throughout the four stages of gait estimate
the required actuators. (C) Power consumption (mW) of the structure is similar
to the simulation and the physical prototype performing the four stages of gait.
The average of the few trials (solid green line) for the physical prototype created
the upper and lower error bars. As we enlarge the model size, the forces necessary
to produce the same motion increase. Increasing the size of the simulated models
demonstrated a significant spike in overall energy consumption. It is worth noting
that the 100% scaled simulation model is the same size as the physical prototype.
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Figure 4.8: Current self-standing and stabilizing tensegrity structure inspired
by ankle, knee, and hip joints.
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Figure 4.9: Outline of the active elements during the four stages of gait. Each
pull (green) activates the cable-driven actuator to contract and shorten the muscle.
The release of muscles (blue) reverses the direction of the actuator. In (d) the
orange shows how the angles for the hip and knee were tracked.
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Figure 4.10: Each piece of hardware communicates throughout the tensegrity
structure creating a self-standing localization wireless network connected with
IMU sensors and motor drivers.
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Figure 4.11: Block diagram (a) illustrates how the software interacts with the
hardware. The tensegrity legs rely on IMU sensors for feedback on kinematic
behavior. The self-stabilizing tensegrity structure interprets the angle measure-
ments with the Ankle uC' (b) to manipulates the active tensile elements towards
the desired position set by the user. Post-manipulation, the IMUs register the
position change and the Ankle uC' awaits a new desired movement (6:4rget)-
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Chapter 5

Validation

5.1 Introduction

This chapter demonstrates the validity of the methodology that systematically
analyzes models, and estimates the required dynamics to reproduce the experi-
mental motions. Each experiment compares the effectiveness of monitoring human
biomechanics and flexible-rigid prototypes through the simulation, OpenSim, with
two different methods of data acquisition: optical motion capture (OMC) and
wearable inertial motion capture (IMC). The experimental setup monitors the
kinematics using the OptiTrack motion capture system simultaneously against

wireless 9-axis IMU sensors.

5.2 Comparing Prototype vs. Simulation

The designs had a similar flexibility and range of motion to the human body
for a specific gait-inspired experiment, as demonstrated by the kinematic results
for joint angles (Figure[5.1). For the hip joint, the vectors stretch from the pelvic

region to the bottom of the tibia element, and the knee’s range of motion used the
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lowest point of the femur to the tibia for the vectors. The structure was capable of
extending the hip joint 6y,, flexion to approximately 40°, where human hip flexors
are able to produce 35° across the sagittal plane throughout gait motions [152].
In the same plane, the knee joint, 0;,.. was capable of flexing to 110°, which is
comparable to a human with 130° of knee flexion [I52]. To further the kinematic
analysis, the position of the end-effectors were tracked (Figure to result in
a maximum error of 3.3% between the final positions of the simulations and the
prototypes.

Figure |5.1] shows the comparison between the hip and knee rotation angles
during a full gait event. The OpenSim 3.0 prediction is shown in green, the
flexible-rigid manipulator is shown in red and the human leg testing in blue.
Figure shows the hip rotation angles, and Figure the knee rotation angles
along the sagittal plane. The convention used here to define the rotation angles for
the hip and for the knee is shown in Figure (d—step 5). To compute the angles
a vector associated with the direction of each component of the manipulator (V3
and Vinee) and compute the angle between that component and the unit vector k
associated with the z axes of the Cartesian coordinate system, which is assumed

to be the resting position Figure [4.9(a—step 1) and [4.9(d—step 6):

1

—), i € {hip, knee} (5.1)
Vil ||

0; = arccos(

1
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Figure 5.1: Simulated and measured angles of the hip (a) and knee (b) joints
during the four stages of gait, and (c,d) the absolute errors, between angles across
multiple trials (see Table . The shaded range represents the lower and upper
limits of motion through simulated trials with the chosen configuration in a solid
line.

All three systems demonstrated similar kinematics during the four stages of
gait. Figure [5.Ip show the absolute errors between the average measured and
predicted hip angles and Figure show the absolute errors between the average
measured and predicted knee angles. The error between the human leg and the
robotic prototype is shown in blue and the error between the human leg and the
OpenSim 3.0 simulation is shown in red. It should be noted that the errors are

very small. Due to the pelvic-inspired component suspended and confined to a
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mounted position, there is limited variance in the range of motion resulting in a
lower absolute error compared to the knee. Both the kinematics of the femur-
inspired element and the large angular displacement shown in each stage of gait
(Figure[4.9) effect the absolute error of the knee (Figure[5.1d). Table[5.1]indicated
that the movements for both Stage 1 and Stage 3 were both the most dramatic
causing the largest error for both joints. The results between the OpenSim 3.0
model vs. Prototype and Human vs. Prototype show the accuracy of replicating
the recorded motions with this system. Figure tracks the trajectory of the end
effector of the femur and tibia along the sagittal axis. The Cartesian coordinates
(0 and @) are computed using Equation for each joint angle (6) from the start
and end of the gait experiment. This demonstrates the kinematic similarities of

the human, simulation, and prototype gaits.

Table 5.1: Maximum absolute error (%) for each stage of gait

Human vs. Prototype Joint Stage 1 | Stage 2 | Stage 3 | Stage 4
Hip 3.1 1.3 1.9 0.97
Knee 9.4 4.5 8.8 4.7

Human vs. OpenSim 3.0 Model | Stage 1 | Stage 2 | Stage 3 | Stage 4
Hip vs. Prototype Joint 1.03 0.54 0.75 0.41
Knee vs. Prototype Joint 8.3 7.5 7.2 6.7

5.3 Custom vs. Commercial Motion Capture
System

The motion capture system monitors the infared markers placed on the body
and exports the Cartesian coordinates of each marker. This set of data is then
imported into OpenSim to scale and interpret kinematics using the Scale and IK

tool. Each experiment focuses on gait along a sagittal axis isolating the focus
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Figure 5.2: The bottom retro-reflective markers on the human and prototype
are the motion—tracked end—effectors. Both end—effectors demonstrate similar be-
havior, validating the kinematics of the proposed design. During the gait motion,
‘0’ is the start, and the ‘“*’ is the end.

on the hip, knee, and ankle joints computing movements based off of the same
parent-child hierarchy. The displacement of joints throughout time use a weight
least squares error reduction (Equation to best represent the motion within
the simulation environment. The kinematics are superimposed with multiple tri-
als averaged (Figure , & to validate consistent measurements during
experiments. Variances throughout experiments are due to a minor drift along the
sagittal plane, OpenSim’s weighted least squares computation with the IK tool,
and different sampling rates between the optical MoCap system (120 Hz) and the
IMUs (100Hz). It is worth noting that the optical system is down-sampled to

100 Hz for easier comparisons.

Suspended Gait-Inspired Tensegrity Movement

The Suspended Gait-Inspired Tensegrity design has two flexural joints (knee

and hip) along with three rigid bodies (pelvis, femur and tibia) inspired by the
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major components of the human leg. The structure is operated and analyzed to
better understand the importance of manipulation of tensile elements throughout
a simplified form of human gait [20]. To achieve the gait-like trajectories, the
tensegrity system shortened and lengthened the active elements that results in
flexion and extension of the joints. The flexural hip joint propels the leg forward,
while the hamstring releases the flexural knee joint to create the extension forward
and follow through-inspired motions. During the motion, the same parent-child
scheme with knee angles are dependent on the hip joint that can be directly
ported to OpenSim. These movements were closely monitored and compared to
the movement of a human in-place gait for one leg (Figure 3.11]b.i) [20].

The two IMUs on the model were used as a sensing network for measuring
the current state of the structure and the required distance to achieve the next
phase of gait. For motion capture, there were 9 IR markers used on the model.
This parent-child relationship algorithm was applied to preprocess the data to
be compatible with OpenSim and MoCap data was tagged and imported into
OpenSim to scale the Suspended Gait-inspired Tensegrity model. This experiment
was tracked through both of the data acquisition methods simultaneously for 10
trials with an average duration of 10 seconds. Each trial followed a gait-inspired
movement and were parsed by their respective gait cycles. This work represented
the motion between 0-100% and averaged both data acquisition methods discussed

in this section to measure the angles in Figure

Self-stabilizing Leaning Movement

This flexible-rigid self-stabilizing (self-balancing) structure is inspired by lower
body human musculoskeletal connections as a network of tensile elements in con-

junction with rigid elements. This configuration focused on designing a robot that
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achieves descent while maintaining a stable, up-right posture that would repre-
sent a paradigm shift for the artificial limbs and other assistive device research
fields. While the previous model focused on the execution of a repetitive motion,
the hanging model test the tensegrity model’s ability to dynamically adjust to a
change in stability.

The movement of the standing model involved the ankle and knee joints (Fig-
ure b.ii.). The base of the robot provided enough stability and weight for
when the leg leaned. The leg’s ankle joint reached an angle displacement of 27°
while the knee angle displacement was 13°. The model lowered and reached back
to its upright position for 10 trials. Each trial’s motion was represented between
0-100% and averaged using the same pipeline (Algorithm [2)) to obtain the an-
gles found in Figure 5.4 To compare the kinematic analysis, the optical MoCap

system was used with 12 IR markers.

Tracking Human Gait Movement

The IMUs were strategically placed to monitor the hip, knee and ankle joint
as the subject walked (Figure [3.11]a.iii). The subject started by walking barefoot
on a treadmill wearing a non-restricting suit equipped with 19 infrared OptiTrack
motion capture markers strategically placed to fit the body segments in the simu-
lation environment for accurate scaling. To monitor the ankle joint, an IMU was
placed on top of the metatarsals. For the knee joint, an IMU was placed on the
tibia directly below the patella. The hip was monitored by placing an IMU on
the front of the quadriceps. The axis of each IMU was orientated in the same
frontal plane as the motion capture environment, and was synchronized to record
kinematics together.

Following Algorithm [2| once the IMUs were recorded for the length of a trial,
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it was processed by Equation to apply the parent-child relationship and for-
matted as a motion file for ID analyses. Similar to the other experiments, 10
trials recorded for the duration of 14 cycles of gait are all averaged into 0-100%
of the motion (Figure . It is worth noting that 1 cycle of gait is interpreted
as 0-100% of the motion resulting in 140 samples of tracked cycles of gait. Each
motion file created for the experiments was passed into the ID solver to interpret
joint-angles and output moments on the ankle, knee, and hip joints for both data
acquisition techniques (Figure . The results from the simulation indicate a
maximum of 0.073 Nm/kg RSME demonstrating the potential and accuracy of

using IMUs as a form of motion tracking for both robotic and human applications.

5.3.1 Results & Discussion

The similarities between the angle estimations from the IMUs and the optical

motion capture are assessed in terms of Range of motion (ROM) and Root Mean

Squared Error (RMSE):

ROM = [/\(eMoCap> - \/(QMoCap)] - [/\(QP—KJ) - V(QP—KJ)] (5~2)

Zf:l <9MoCapi — 6P~>Ci )2

MSE =
RMS 5

(5.3)

where S is the total number of samples, V represents the minimum, A represents
the maximum, 004, refers to the motion captured angles and 6p_,¢ are the joint
angles after applying the parent-to-child relationship. The results from MoCap
are calculated with the IK tool and down-sampled to match the sample rate of the
calculated IMU sensor. Each experiments’ motion (Figure .a, .a & takes
the mean of 10 trials, and superimposes their results to illustrate the similarity in

joint-angles and moments between the optical MoCap and IMU processed using
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Table 5.2: Range of motion captured during experiments

| Model | Joints  Range of Motion (°) |

SR . lh (—20,20)

Suspended Gait-inspired Tensegrity Ik (=2, 60)
A ) . 1k (0,15)

Self-stabilizing Leaning Tensegrity la (=30,2.5)
lh, rh (10, 45)

Human Model 1k, rh (—10,70)

la, ra (—10,25)

the pipeline (Algorithm [2)) in OpenSim.
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Figure 5.3: Average hip and knee angles (a) during 10 successive experiments
using the suspended tensegrity structure shown in Figure (1) The average
ROM error comparing optical MoCap to IMU for the hip is 1.5° (SD ~ 1°), and
knee 4.6° (SD ~ 1°). The simulated moments for the optical MoCap and IMUs (b)
come from the averaged measured angles of the suspended tensegrity throughout
an in-place gait-inspired motion with an average RSME of 0.11 (Nm/kg). For
color coordination for each joint refer to Figure [3.1Th.i.
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Figure 5.4: Average knee and ankle angles (a) during 10 successive experi-
ments using the self-stabilizing leaning tensegrity structure shown in Figure 3.§](ii).
The average ROM error comparing optical MoCap to IMU for the knee is 3.4°
(SD =~ 1°), and ankle 2.8° (SD ~ 1°). The simulated moments for the optical
MoCap and IMUs (b) result from the averaged measured angles of the suspended
tensegrity throughout an in-place gait-inspired motion with an average RSME of
0.03 (Nm/kg). For color coordination for each joint refer to Figure .ii.

Ranges from each joint vary across the three models discuss in this work (Ta-
ble . Each joint range is dictated by the parent joint acting as the reference
point of each measurement. The hip joint provides the reference point axis for the
knee joint, which provides the reference point for the ankle joint (Equation .
The local maximum and minimum angles of each joint can be used to annotate
which phase of the gait cycle these respective angles are correlated with.

The Suspended Gait-inspired Tensegrity experiment had a max RMSE of 10.2°
and ROM of 4.6° for the IMUs when compared directly against the IK results from
optical MoCap (Table . Once the simulation environment interpreted the
averaged angles shown in Figure [5.3|as motion files, and solved the ID results, the
max RMSE between the two forms resulted in 0.18 Nm/kg (Table[5.5]). The Self-
stablizing Leaning Tensegrity experiment had a max 3.01° RMSE and 3.4° ROM
for the IMUs when compared directly against the IK results from optical MoCap
(Table . Similar to the previous experiment (Fig , the ID results found
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Figure 5.5: Average hip, knee, and ankle angles (a) during 10 successive ex-
periments tracking human gait shown in Figure [3.§[iii). The average ROM error
comparing optical MoCap to IMU for all the joints is 6.14° (for individual joint
RSME and ROM error see Table . For color coordination for each joint refer

to Figure [3.1Th.iii.

the max RMSE between the two forms resulted in 0.034 Nm/kg (Table [5.5)).
The human gait experiment (Figure tracked a complex movement primarily
focused on 6 joints along the sagittal plane resulting in a max 7.35° RMSE and
12.45° ROM for the joint-angles (Table . The ID results calculated a max
0.073 Nm/kg RMSE demonstrating the potential use of OpenSim with IMUs
data acquisition for human biomechanic analysis (Table [p.5)). Each experiment
(Figure [5.3] & calculated the maximum standard deviation across all
trials with the averaged measured angles. These sensing algorithms demonstrate

the potential for estimating gait patterns through wearable sensing.
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Figure 5.6: The simulated moments for the optical MoCap and IMUs based off
of the averaged measured angles (Figure throughout the human gait motion
tracking experiment with average RSME of 0.04(Nm/kg). For color coordination

for each joint refer to Figure [3.TTh.iii.

5.4 Applied Machine Learning for Biomechani-
cal Analysis

The primary goal of this work extends the typical application of gait detection
or stance-swing transitions to create a model that can accurately predict the
phase of gait using joint angles. The author believes understanding a complex
breakdown of individual phases of gait (Figure : Data Labeling) compared
to just toe off, foot flat and heel off has potential for more applications (e.g.,
prostheses, exoskeletons, virtual reality, etc.). Other researchers have applied
machine learning to detect a variety of motions with a single sensor which I believe

has an different and more general application than this work [I53]. It is a well-
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Table 5.3: RMSE & ROM Errors for generated motion files. The Experimen-
tal Movements are: A: Suspended Gait-inspired Tensegrity, B: Self-stabilizing
Leaning Tensegrity, C: Human Gait

| Exp. Setup | 0i(°) | Ou(®) | 0(®) | 04() | 0(*) [ 0:a() | Avg.(°) |

RMSE
A 4.0452 [ 10.2116 | X X X X 7.1284
B X 1.8306 | 3.0109 | X X X 2.4208
C 2.5558 | 7.3520 | 3.5846 | 4.4574 | 5.1500 | 3.7519 | 4.4753
ROM | \ \
A 1.4635 [ 4.6125 X X X X 3.0380
B X 3.3782 [ 2.8023 | X X X 3.0903
C 5.0607 | 12.4518 | 1.2148 | 5.8144 | 11.2868 | 1.0232 | 6.1420

Table 5.4: Rigid Approximations for the custom models. These values are basic
calculations of the required moments to manipulate the joints on each experiment
(Figure [3.11]b). These range of moments neglected tensile forces to ensure that
the output from the simulation environment were sound and reasonable.

| Experiment | [m] |lcu[m] | mlkg] | Ilkg - m?] |
Gait-Inspired
Hip 0.5766 | 0.2110 | 1.8892 0.314
Knee 0.4064 | 0.3700 | 1.1674 0.143
Self-stabilizing
Knee 0.676 | 0.2510 | 1.9592 | 0.6094
Ankle 0.3764 | 0.4100 | 1.5674 | 0.4643

known challenge to generalize the required moments from phase to phase for all
human subjects so I confined my study on the sagittal plane.

The primary goal of this work extends the typical application of gait detection
or stance-swing transitions to create a model that can accurately predict the
phase of gait using joint angles. The author believes understanding a complex
breakdown of individual phases of gait (Figure 5.8 Data Labeling) compared
to just toe off, foot flat and heel off has deeper insights for applications such as
prostheses, exoskeletons, virtual reality, etc. Machine learning has been applied

to detect a variety of motions with a single sensor which I believe has an different
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Table 5.5: RMSE Errors for ID Results. The Experimental Setup movements
are: A: Suspended Gait-inspired Tensegrity, B: Self-stabilizing Leaning Tenseg-
rity, C: Human Gait. All of the units are [Nm/kg]

’ Exp. Setup \ Iy \ Uk \ lg \ Th \ Tk \ Ta \ Avg. ‘
A 0.0367 | 0.1845 X X X X 0.1106
B X 0.0341 | 0.0338 | X X X 0.03395
C 0.0338 | 0.0666 | 0.0151 | 0.048 | 0.073 | 0.0269 | 0.0439

and more general application [153] [107]. Since it is a challenge to generalize the
required moments from phase to phase for all subjects, the study is confined on
the sagittal plane. The process for preparing each data set began with using
OpenSim, a multi-body biomechanic simulation package [24] and bioMechZoo, an
open-source toolbox for analyzing and visualizing movement [I114] to accurately
label the joint-angle coordinates and phase of gait in Section [5.4.1 To make
sense of the aggregated data set, machine learning classification algorithms such
as random-forest [I54, [I55] was implemented to correlate all of the joint-angle
recordings with a phase of gait [77] in Section[5.4.2] This section demonstrates that
even with a large set of joints being tracked for a cyclical movement such as gait
along the sagittal plane, there is no significant requirement for wearing additional
sensors. Rather, there exists options to reduce the number of joints monitored and
thereby yield which phase of gait with a range of confidence (See Table . To
further the extraction of this same data, ID from OpenSim was used to produce a
relationship between phase of gait, joint angles, and required moments, creating a

valuable tool for future prosthetic, exoskeleton or biomechanics applications [97].

5.4.1 Data Preparation

This study considered one hundred and nine healthy adults who range in phys-

ical characteristics (e.g., height, weight, mass, age). Two public databases were
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used to cumulatively provided 4079 full cycles of gait, and our own database,
which provided 124 cycles of gait. Moissenet database [21] used 51 participants,
Horst database [22] used 56 participants and our database used 2 participants (See
Table . The experiment used a set of in-house developed 9-degrees of freedom
orientation IMU sensor with a 3-axis magnetometer, 3-axis gyroscope, and 3-axis
accelerometer that used the Madwick sensor-fusion algorithm to calculate angular
displacement and wirelessly transmit the information to a remote host using the
TCP protocol [109, [140]. Figure shows the correlation between the age, height
and weight for all of the participants.

Since each database had its unique recording strategy (e.g., different marker
placement and different sampling rate), the experimental data was preprocessed
using Algorithm [3]to include marker numbers, frames, samples, mass, gender, and
height into a single matrix representing each subject’s biometrics
[156]. For example, the Moissenet and our own databases were sampled at 100H z,
while the Horst database was recorded at 250H z. The Horst database was down-
sampled to match the other two sets of data and generate a training data set
that consists of over 700,000 samples at 100Hz. It is important to note that
the markers and their locations for both Moissenet & Horst were interpreted
by BioMechZoo solvers to output a joint-angle relationship that yielded similar
ranges of motion. The Moissenet & Horst data-basis included foot-ground reac-
tion forces. The ground reaction force was simulated using “the simulated force
plate” component available in OpenSim.

The organization of the data structure for the recorded motion (7") shown in

m.pi M € {z,y, z}), frame number

Equation contains a Cartesian markers (C?

(f), and individual trials or samples (7).
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Figure 5.7: Distribution of all 109 participant information regarding age (years),
height (m), weight (kg), and gender (e.g., blue for male, red for female). This large
variation is a challenge for classification algorithms when every subject varies. For
distinct comparisons, I chose 2 subjects (Subject One is red, and Subject Two is
blue) at random with different height and weight. Subject One is a 28 year old
female, 1.56 m in height and weighing 50 kg. Subject Two is a 23 year old male,
1.76 m in height and weighing 73 kg. See supplementary data in Table E
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Figure [5.§| illustrates the process of extracting Cartesian coordinates from raw
marker data and convert them into joint-angles. This means that the system in
this work is capable of accepting different sources of motion capture, and the pre-
processing pipeline from Algorithm [3| that is then converted into the data sets as
a consistent parent-child joint-angle relationship for all subjects. To clean up the
data set, the scripted Equation to determine the joint-angle representation
along the sagittal plane (Figure for the lower extremity joints [21], 22]. After

the joint-angles were found for all participants, the alignment is verified for all
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Algorithm 3: Data Preparation Pipeline. This extracts Cartesian co-
ordinates from raw marker data (Moissenet, Horst or ouwer own experi-
ment) and convert them into joint-angles

Input: Marker Data

if File Type == .mot then

OpenSim Inverse Kinematics — Joint Angles (6)
OpenSim Inverse Dynamics — Moments (M)
Data Annotation in OpenSim

else if File Type == .c3d then
biomechZoo Inverse Kinematics — .zoo — Joint Angles (6)
| Data Annotation in Mokka

Target Phases of Gait (P) from Data Annotations — Labeled Joint Angle
Features (0)

Aggregate Participant Information (.5)

Output: Joint Angle Feature Extraction

calculated joint-angles to ensure they are in the same range of motion.

O2p = 1iocosl( (o1 Cap) + (Cua Coa) (5.5)

V(Con)? - (Cpa)? + /(Co)? - (Cy2)?

1 1 hl 1

S=1: mﬂL:P)gew] (5.6)
g m K a

In some cases there exists multiple trials of the same subject, but in the event the

participant changed, all of the subjects attributes (S): gender (g), mass (m), height

(h), and age (a) were assigned as a new person. After the data sets have been

labeled for phase of gait (P), subject attributes (S), and joint-angle kinematics

(f2p), the process transitioned into training both the Gait Prediction and Moment

Transition Predictions (Figure [5.10)).
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Figure 5.8: Each data set included unique configurations of markersets (T) to
record the kinematics of each subject. (a) The location of the optical motion
capture markers used by the Moissenet (red) and Horst (blue) databases, as well
as the placement of our IMUs (green). Algorithm [3]was used to convert the marker
data into a motion file interpreted by the biomechanic simulators. (b) The left
knee angles throughout an experiment for 5 random subjects

5.4.2 Classification Techniques & Algorithms

Machine learning automates the process of interpreting large sets of data to
learn and make estimations [I57] as well as construct a model to perform data-
driven classifications. One of the primary goals of this work was to create a model

that can accurately predict the phase of gait using joint angles. The model is
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Figure 5.9: Joint angles are calculated using Equation. using biomechZoo
and OpenSim’s marker set for five participants. The dashed lines represent the
averaged joint angles for Subject One, and the dotted lines show the averaged
joint angles for Subject Two. It is clear from this figure that both subjects have
different ranges of motion during gait cycles (i.e., Subject Two has more ankle
flexibility than Subject One), but still show a general pattern of gait. It is worth
noting that the color scheme remains consistent throughout all other figures for
each joint (e.g., right hip: red, left hip: orange, right knee: green, left knee: teal,
right ankle: purple, left ankle: pink).

trained to find a correlation between the input features (i.e., the observed and
recorded input data) and the output targets (i.e., different phases of gait). This
correlation is used to calculate targets for stand-alone or unlabeled features. The
accuracy of each model is evaluated by interpreting how well the correlation can
be found by the algorithm to predict the target using the features with cross
validation.

In this work cross-validation was used to quantify the performance of each
model. This process split a certain percentage of the labeled data to use as test

data, while the remaining data was used to train a model [I20]. The training
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Figure 5.10: System overview illustrating the process from acquiring the data to
exporting a model for gait recognition. The process begins by importing the data
from either public databases [21], 22] or our own OpenSim simulated data. The
features, or joint angles, are extracted into a labeled data set that simultaneously
analyzes the moments for each phase of gait, and cross-validation to create a test-
split for the Gait Classification Model. After the Gait Classification Model has
been loaded, different feature combinations are tested to yield the optimal feature
combination (minimum joint angles) along with Grid Search to find the optimal
parameters for an Evaluated Model to best predict phases of gait.

data is used as an input into the model, and the output was compared to its
observed target to evaluate the accuracy against the other portion of the data
set. Cross-validation iterates through the set of data multiple times, where each
interval selects a different set of data samples to test, providing a more consistent
performance metric of the entire model [I120]. The calculations from cross vali-
dation were used as a metric for accuracy to compare with the outputs of each
model trained.

The k-Nearest Neighbors algorithm was used to classify the test features based
on the most frequent phase of gait of their k surrounding neighbors, or closest
data samples [122]. The parameter, k, defines how many neighbors were used in
each classification. A relatively larger k results in a more accurate classification
due to a larger scope of data. This reduces the effect of outliers and erroneous
data for each prediction. The KNN algorithm has been used in other instances

of training models for gait recognition based on different bio-mechanic features,
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including accelerometer data [I58], ground reaction forces [I59], and human gait
shape analysis [160].

To find the nearest neighbors of each test sample, the Euclidean distance, D,
was calculated between the feature sets of the test and already classified samples

[161]. Each feature can be represented as:

f - (fl)f?a fn)

with n representing the number of features in each sample, and every f, repre-
senting one feature. A feature vector for one sample combines all relevant features

for training:

fU:[P’fth?'“vfn]
Po6 S
Pl gl s

fs=|P? 6 53

N

The distance D between the test feature set  and the already classified feature

set y can be represented with the following formula:

where the iterator, 7, increments for every feature used to train the model

[161]. Equation was evaluated for all training data samples, y. The number
of samples (k) used in the training data set with the smallest distance (D) was
selected as the test sample’s k nearest neighbors. The mode target value, or most

frequent phase of gait within the selected neighbors, was used as the classification
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of the test sample = (Figure [122]. This process was repeated to predict a
phase of gait for each test feature set. Cross-validation repeats until all 10 folds
and splits are iterated and completed. Generally, as k increases, the accuracy of
the prediction increases as more data points are considered for the final classifi-
cation. Decreasing k heightens the effect of inaccurate data on classifications; the
balance for an ideal value of k is described using GridSearch. GridSearch finds
specified parameter values through an exhaustive search process [121] (Table[A 1)).
It sorts through all possible combinations of each parameter and finds the optimal
values. Both GridSearch and feature extraction optimize the parameters of the
model and the features considered to heighten the efficiency for training.

This part of the process used GridSearch to programmatically iterate through
different combinations of parameter values (Table to find the ideal values
to run the model with [162]. When applied to the KNN algorithm, it varies the
number of neighbors in each classification, &, to find a balance between the model
over-fitting and under-fitting the data. If the number of neighbors was small, the
effect of noise on the classification become larger since the model only learned
from a small subset of neighbor samples. When outliers heavily influence the
model, there is a bias towards the minor details of the data (over-fitting) rather
than finding a general trend [163]. However if k is large, the opposite occurs since
every test sample will be classified to the target (under-fitting). This happens to
be more frequent than a smaller k in the overall training set, ignoring underlying
trends in the data [I63]. Finding a balance of the value of k is crucial to achieve
an accurate and precise model.

This work used the CART algorithm to focus on creating a decision tree that
classifies the test samples [164]. Decision trees are commonly used in many situ-

ations where supervised learning is practical: forming gait pattern models using
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Figure 5.11: Machine learning pipeline for the labeling, splitting, and classifica-
tion of data to optimize the accuracy of the gait recognition model. The process
begins with the preparation of data, where the target, or phase of gait, is tagged
onto a feature set of joint angles. Before classification, the labeled data set is split
between training and testing to reduce variance and support a more generalized
performance metric of each algorithm. To optimize each algorithm, a feature split
and parameter tuning is iterated through. Each feature and parameter combina-
tion is then run through the preferred machine learning algorithms.
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other features such as inhibitory factors of an injury [I65], contact forces and
angular velocity [166], as well as step length, walking speed, and stride time [167).

Each tree consists of nodes, branches, and leaves. Nodes are known as a
“decision”, or a comparison or split made on a specific feature in the data set.
Branches are the outcome of the decision made by the node. A leaf is a node at
the end of the tree that does not have branches extending from it. It is important
to note that leaf nodes do not make decisions. Each leaf represents a target or a
specific phase of gait. When making a classification, the data presented in this
work’s test feature set compares each node by traversing along the corresponding
branches until it reaches a leaf node [164].

When training quantitative data, each node splits at a specific feature value. In
this case, a node concerning right hip angles could split at § = 20. This creates the
left branch at 8 < 20 for the right hip node, and 6 > 20 for the right branch. The
ideal split yields both branches as a completely homogeneous pool of data points
with the same target. Each branch splits into more nodes until every leaf node is
either a product of a perfect split or until the tree reaches the maximum depth
or width as specified by the parameters. The Gini impurity (I) is a quantitative
measure of how accurate a split is. Ideal splits have a Gini impurity value of 0

[168], and is calculated as follows:

I=1-Y () 58)

where t = 7 is the number of targets, and p; is the probability of selecting a data
point with target ¢ within the entire data set.

The feature with the smallest Gini impurity is chosen as the root of the tree. In
other words, if one were to randomly classified according to the target distribution

of the data set, the feature with the smallest possibility of incorrect classification
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is the root (see Figure [169]. Once a feature is selected as the root node
and splits according to the smallest Gini impurity value, choosing the next node
and split is repeated with the data subset of each branch until a complete tree
has formed. As seen in Figure [5.11], the classification in a decision tree followed
the splits made by the nodes for a test feature set until a leaf node, or target, is
reached.

The parameters of maximum depth and width of a decision tree prevent the
common problem of overfitting in decision trees [164]. Suppose the tree grew until
every split reaches an impurity of 0. In that case, every feature set likely traces
a unique path to an individual leaf node due to noise in the data, making the
classification overfitted and heavily affected by every outlier. To prevent this,
one needs to restrict the number of splits and nodes through a tree’s maximum
depth and width. GridSearch iterates through different threshold values, so the
parameter values shown in Table avoid underfitting and overfitting.

The random forest algorithm uses many different decision trees, as constructed
in the CART algorithm, to create a forest [123]. The most frequent classification
made among all the decision trees in the forest is the classification of test data
points [123]. The logic behind using a forest of trees formed by randomly selected
data samples and features is that the entire forest will have a low correlation
between each tree. The product of uncorrelated models is far more accurate than
any individual prediction. Similar to the wisdom of crowds, trees with erroneous
data are protected by a more significant amount of trees with more accurate
models.

The random forest algorithm began by developing each decision tree by creat-
ing a bootstrapped data set as portrayed in Figure m [123]. With repetition, a

set of data samples randomly selected from the entire data set is the bootstrapped
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data set that will form the tree. Every bootstrapped data set has the same num-
ber of samples as the entire data set, so that most bootstrapped sets include the

repetition of random samples.

Algorithm 4: Classification of phase of gait in relation to joint angles
using Random Forest.

for Number of trees, t do

Create a random set of samples, R

Select a subset of N features, or joint angles (f2p), from R
Calculate Gini impurity, 7, for N using Equation
Form decision tree starting with nodes of lowest [

while Tree height = Mazx height or Tree width != Max width do
Calculate I for remaining features, or 6yp
Select feature with lowest I as next node
Branch node with lowest weighted [

Use most frequent output of the t trees as test data classification
Output: Random Forest Classification Model

For each bootstrapped data set, decision trees were formed with a random
selection of m features. Typically m = y/n, with n being the total number of
features in the data set (Figure . The process of creating a decision tree
(Algorithm {)) uses each tree formed from calculating Gini impurity to determine
the order of features as nodes and the optimal split per node. The process of
building different bootstrapped data sets and creating decision trees with random
subsets of features for each bootstrapped group repeats until the maximum num-
ber of trees t is reached. When classifying a test sample with the random forest
algorithm, a test feature set serves an an input into all the decision trees in the
forest. The most frequent target output of the trees is the classification derived
from the test data.

The random forest algorithm is optimized using the parameters m, the number
of features used in each tree, and ¢, the number of trees in a forest (Table . A

GridSearch through both these parameters usually reveals an increase in accuracy
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with the typically selected value of m = /n, and a larger ¢ to account for more
significant variation in datasets. GridSearch is essential to prevent underfitting
and overfitting in the RNDM algorithm due to the randomness of sample and

feature selection.

5.4.3 Extra Trees Regressors

Regression is another approach of supervised machine learning that outputs
numerical values as a target, rather than as a category [I70]. The previous KNN
and decision tree algorithms are applied as regression techniques by changing the
target from categories into continuous values. For example, a KNN classification
can be turned into regression by averaging the numerical targets of the k£ nearest
neighbors rather than taking the most categorical frequent target. Similarly, the
leaves become prediction values rather than categories in a regression algorithm
in algorithms with decision trees.

The extra trees algorithm is very similar to the random forest algorithm, creat-
ing many decision trees to form a forest. However, there are two critical differences
between random forest and extra trees. Extra trees do not use a bootstrapped
dataset like random forest. Each decision tree was formed by every sample in the
entire training set [I71]. Additionally, the extra trees algorithm uses a random
split while creating decision trees, rather than calculating the optimal split with
weighted Gini impurities like a typical decision tree [I71]. Although, it is essential
to note that extra trees still use Gini to calculate feature importance. Predictions
in extra trees are made by averaging the output of all the trees in the forest for
every test sample set [I71]. When employing GridSearch in extra trees regression,
the same parameters iterated through during the random forest algorithm are

optimized (Table [A.1]) so that the decision trees that make up the forest do not
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underfit or overfit the dataset.

5.4.4 Gait-phase Classification

The classification algorithms (KNN, CART, Random forest) use the feature
set that included joint angles (right and left hip, knee, and ankle) and partici-
pant information (e.g., height, mass, gender, age). The feature set comprises 10
individual features, 6 joint angles, and 4 participant attributes. The target is
the individual phase of gait for each data sample. This work employs a 10 fold
cross-validation and a 20/80 train-test split across all models when evaluating ac-
curacy. The data is iterated 10 separate times during cross-validation to evaluate
the accuracy. Each iteration selects a different 20% portion of the data set to
reserve as sample test data points while the other 80% is selected as training data
for the model.

Before selecting specific algorithms to use, the mean accuracy (with the stan-
dard deviation) is bench-marked in Table using cross-validation on 10-fold
experiments for a sample set employing all available features to help us narrow
the chosen algorithms to KNN, CART, and RNDM. It is important to note that
the parameters found from cross-validation and GridSearch mentioned in the pre-
vious sections were consistent for all feature combinations. The Naive Bayes (NB)
and Support Vector Machine (SVM) algorithm produced models with relatively
low accuracy compared to the other algorithms. As a linear classifier, the NB
algorithm was unfit for the human gait classification with natural variances. The
inefficiency of the SVM classifier with the Radial Basis Function (RBF) kernel and
its proneness to over-fitting given larger data sets makes it unsuitable for train-
ing this model, and its shortcomings are prevalent in a 22% average decrease

in accuracy compared to the algorithms employed (Table . In addition, this
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SVM algorithm is particularly sensitive to noise, which makes it unsuitable for
classifying the data with human variation. Therefore, I chose a final selection of
the KNN, CART, and Random forest algorithms for the phase of gait prediction.

Since joint moments are only calculated for the subset of .mot data processed
through OpenSim, the use of regression techniques to roughly predict the moments
corresponding to the joint angles from the .c3d files. In this scenario, the joint
angles and participant information are the features, while there is a multi-class
target: the moments for each of the six joints. By calculating moments for every
test sample, I observed the trends of joint moments over each phase to approximate
the maximum moment needed to move from one phase to the next, an addition
to the overall gait pattern model.

To predict joint moments from the joint angles extracted from .c3d files, a
model with the extra trees regressor was created using joint angles and moments
from OpenSim. The features were joint angles and participant information, and
the targets were joint moments. A separate model was created for each phase,
as seen in Figure [5.12] The regression accuracy calculated by cross-validation for
each model is recorded in Table [A.6] where each model’s coefficient of determi-
nation exceeds 0.5, meaning each model accounts for a majority of the variance
of the outputted moments. For this application, where joint-angle trends varied
greatly with each participant and even between each gait cycle, the extra trees
outperformed all other regression algorithms due to the randomness in splitting
nodes to smooth noise in the data set. It is important to note that due to the
variance of subjects’ physical characteristics (i.e., subjects can be very small to
large), the regression accuracy per phase (Table may seem lower than nor-
mal. This does not affect the system’s ability to take physical characteristics and

derive a estimation on required moments to transition between phases of gait.
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Figure 5.12: Pipeline for creating a moment prediction model that categorizes
phases of gait and participant information to yield the max, mean, and standard
deviation for moments (Nm/kg). The data preparation process groups all of the
joint moments, angles, and participant information by phase of gait. This feature
set is then split randomly to ensure that the model does not rely heavily on any
individual feature, and repeated 7 times for each phase of gait.
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Figure 5.13: Relationship between accuracy yielded from predicting phase of
gait from joint angles and the combination of used features: right hip (red), knee
(green), ankle (purple), left hip (yellow), knee (teal), and ankle (pink). It is im-
portant to note that if there is only 1 feature there is no way a tree can be formed,
so there are no decision tree outputs for those feature combinations. This method
to find the optimal feature combination, or feature reduction, demonstrates there
is no need to monitor all 6 joints to result in a high phase of gait predictive model.
See Table for a numeric representation.

The typical application for monitoring human gait focuses on the stance-swing
transitions for cycle tracking (95% accuracy) [I72], or rely heavily on the mea-
surements on the foot (98% accuracy) [I73]. This work aims to be less biased and
dependent on a specific body part (in the event there is limb loss), and instead
demonstrates the numerical trade-offs between tracking different joints on the hu-
man body. To increase the efficiency of the model, the number of features used
was reduced while training to reduce the training run-time and ease the process
of data collection [I54]. The models used a maximum of n = 10 features to train:
joint angles (fop = 6), and 4 participant attributes. Each test included the 4
participant attributes while training a model,

i—1 \!

where the joint angle feature combinations are iterated through to find the ideal
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combination of the least number of features n and highest accuracy. This method
trained the models ranging from just one joint angle, or all 6, meaning the model
trains on a minimum of 5 features and a maximum of 10. Some joints reveal
themselves to affect the correlation between features and target more than others
after analyzing the accuracy of the model of each joint combination.

As previously mentioned, the feature set, or input into the model, compro-
mises of 6 joint angles and 4 participant attributes. The target, and eventual
output of the models, is the individual phase of gait for each data sample. A 10
fold cross-validation and a 20/80 train-test split across all models was used when
evaluating accuracy in recognizing the collection of joint angles. The data is it-
erated during cross-validation to evaluate the accuracy between the labelled data
set as well as for parametric configurations. To find the performance of the mod-

els against the labeled data versus predicted data, confusion matrices were used

to find mean accuracy (Tables [A.2] |A.3[ & |A.4). If the models yields the correct

phase of gait given the joint angle(s) compared with the labeled data set, that is
considered a successful prediction. Hip joint angles are particularly effective in
training the model (Figure |5.13]), and models training with KNN using feature
combinations with just 3 joint angles can reach over 85% accuracy with one or
both hip joint features. The CART algorithm also undergoes the same feature
selection process among 63 feature combinations and achieves over 84% accuracy
with just 3 joint angle features, slightly underperforming the KNN algorithm. The
RNDM algorithm involved the same overall feature selection in the data set as
other algorithms with 63 feature combinations. Random forest outperforms both
KNN and CART (Figure and was able to reach over 87% accuracy with
just 3 features, revealing the importance of randomness when analyzing human

data. Refer to Figure [5.13] which shows a significant association between both
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the hip joint angles and higher accuracy for all algorithms and combinations of

joint angles.
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5.4.5 Moment Predictive Model

Due to the nature of unique gait motions across individuals, this work focused
on the strong connection between phase of gait, joint angles, and joints’ moments.
Focusing on the lower extremity joint angles for human gait is informative enough
for phase classification. This approach can bridge this form of kinematic analysis
toward joint dynamics. It is a well-known challenge to generalize the required mo-
ments from phase to phase for all subjects, but by taking advantage of OpenSim’s

inverse dynamics solver (ID):
T = M(q)j + C(q,4) + G(q)
with the joint-angles for generalizing moments:
T =2mw X a+mw X (w X Oap) + G X Oap (5.9)

where 7 represented the generalized forces, m as the mass, w as angular velocity, a
as angular acceleration, G as gravitational forces, and 6,p as the joint angles from
Equation . The Moment Prediction Model (Figure interpreted those
joint angles (f2p) and predicted the maximum moments (Nm/kg) to transition
between phases of gait. This correlation between joint angles, moments, and phase
of gait aim to deliver an extremely adaptable model. The output (Figure
has the potential to be applied as a bookmark or characterization for assistive
technologies to replicate given the physical characteristics of their users.
Typically healthy humans follow a very similar gait pattern. However, it is
important to note that there are still noticeable differences between each Subject
One and Subject Two’s phase of gait and joint-moment relationship (e.g., Phase

6 in Figure MC) The results demonstrate that each person’s gait is unique in
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relying on different joints to move. Subject One, a 28 year old female that is 1.56
meters in height, and weighs 50kg. Subject Two, a 23 year old male that is 1.76
meters tall and weighs 73 kg, shows more of a minor moment requirement to tran-
sition between phases of gait than Subject One. It is essential to recognize that
both subjects were chosen from different databases, yet they yielded similar trends.
For example, monitoring the left knee in Figure [5.14{(d) indicated that Subject
Two had a larger moment to transition between Phase 3 to 4 with a 31% differ-
ence compared to Subject One (Table . Yet, they followed similar moment
requirements in a scaled proportion. The observation in Figure [5.14]showed that
Subject One had a stronger dependency on the left side of the body, and Subject
Two was more evenly distributed with a slight bias to the right side of the body.
The assessment from both the gait classification and moment prediction models
demonstrated a fundamental breakdown in the analysis of walking movement and

can be further implemented as a valuable tool for biometric technologies.

5.5 Conclusion

Although optical motion capture systems are the standard solution for track-
ing kinematic behavior of systems in the real-world, IMUs are a far more mobile
and cost effective alternative that have demonstrated promising results for ana-
lyzing multi-body dynamics. Wearable sensors rely on physical manipulation and
orientation displacement in space to translate into joint-angle relationships for
OpenSim motion files. In addition, IMU sensors demonstrate modularity for in-
corporating sensor feedback on kinematic behavior with flexible robotic systems.
The results (Table & from the pipeline in Algorithm [2| validate the ac-
curacy and reason for extending common acquisition techniques for quantitative

movement analysis. It has been proven that simulations via OpenSim can pro-

122



Right Hip Left Hip
0.6 —e— Subject One Mean v 0.6 Subject One Mean
: =& Subject Two Mean . -« Subject Two Mean
= Subject One Max .. Subject One Max
0.5/ ¥ Subject Two Max E .. 0.5 v Subject Two Max
I\\ v
— [ZEAN - ~ ..
Loa t’ AN o4 v,
€ \ € o
= 4 . z N
= £ = .
503 3 503
£ s L £
o o o
= ’” =
0.2 . 0.2
v v :" % v
2% . Y
0.1 _ Rl 0.1 x v
L AT, "‘V"'”'"-T,T*’_,-"‘ v.'. S T P
O = —— ciert X T T T, .
0.0 0.01_%
1 2 3 4 5 6 7 1 2 3 4 5 6 7
Phase Phase
(a) Right hip (b) Left hip
Right Knee Left Knee
—e— Subject One Mean Subject One Mean
0.5 -+ Subject Two Mean 0571 .o Subject Two Mean
m  Subject One Max Subject One Max
v Subject Two Max v Subject Two Max
4
0.4 v 0 3
2 R g v
£os Eo3
£ TR g
=02 » 202
v /
/l
u
———r—— Y V4 v . r
01 ¥ e T / 0.1 . v :
L -, K B "
g== te,, ~ ¥ . g... v
e e > s bl C PR 0
-
0.0 0.0
1 2 3 4 5 6 7 1 2 3 4 5 6 7
Phase Phase
(c) Right knee (d) Left knee
05 Right Ankle = 05 Left Ankle
=—e— Subject One Mean . Subject One Mean
- @+ Subject Two Mean DA -« Subject Two Mean
m  Subject One Max v ‘: Subject One Max
04 v Subject Two Max v M 04 '- v Subject Two Max
v ~,' ‘e .
- enneen ¥ R ;
o3 . m T~ Los3
13 o e \\ £
= KR4 \ " £ v v
= K ~ =
c D4 ~ S o
9] . - 9] 4
£0.2 ) £02{ o
o Vi o
= A =
v R4
o7 ¥
0.1 R4 0.1 ..
. LR
PP
~ao - // _____ E....... pe
0.0 ~ 0.0 bS
1 2 3 4 5 6 7 1 2 3 4 5 6 7
Phase Phase

(e) Right ankle

(f) Left ankle

Figure 5.14: The values as predicted by the Extra Trees Regressor (Figure
form predicted maximum moments (Nm/kg) for each joint. The average
maximum moment required for the transition between each phase is plotted as a
continuous line with the maximum for each phase based off of the subject pool. It
is important to realize that every participant has a unique gait pattern, but the
regressand, or outcome, yields a general approximation or trend for each phase.
For numeric representations see Table .
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vide the forces and moments that would occur in systems with complex kinematic
behavior. This low-cost mobile kinematic monitoring system demonstrates the
capability for future analysis of non-room bounded activities and the ability to
simulate both human and robotic applications within the same environment.

The validations from the custom IMC vs. OMC is extended using a machine
learning method to identify the phase of gait from joint-angle measurements and
generalize a set of required joint-moments between those phases of gait along
the sagittal plane. This work used the algorithms KNN, CART, and RNDM
to yield an 82%, 87%, and 92% accuracy in gait phase classification with all
available features or lower extremity joints. The interpretations of how feature
reduction affected the confidence of the RNDM classification model (Table
indicated how reliable monitoring fewer joint angles could be. Figure proved
this analysis by showing how the amount of joints required for monitoring each
subject affects the accuracy of gait phase prediction. It is clear that the more
sensors or features monitored, the higher the confidence; however, the difference
between tracking 6 joints to 5 joints (0.5%), or 6 joints to 3 joints (4.04%) has a
very minimal drop-off in accuracy. This finding indicates that reducing the number
of joints monitored for complex gait phase-reliant applications will yield promising
results. It is important to note that flexibility of joints is entirely individualized
where age, or gender might demonstrate their own significant variance. This
work focused on the relationship between the physical characteristics and angular
displacement of joints for human subjects. The future applications of this work
could include: biomechanic comparisons between age and gender, robotic assistive
devices, motion not confined to the sagittal plane.s

This findings correlated the exact joint-angle measurements and phases of gait

to yield each subject’s moments. Figure [5.14] and Table [A.5] demonstrate how
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a smaller Subject One requires smaller moments to transition between phases of
gait than a physically larger Subject Two. Generally, both subjects in Figure [5.14
follow similar trends, but differences like Phase 6 for the Right knee show a consid-
erable uniqueness between persons. The difference between results demonstrated
how body size affected the required maximum moments proportionally. Correlat-
ing the joint-angle relationships between the two modes for gait prediction and
moment transitions (Figure can be used as a powerful tool for biometric
applications. Using the same database for two different applications bridges the
IK and ID area of biomechanic analysis proving the impact of joint-angle mea-
surement techniques. Implementing IMU sensors for biometric analysis reduces
the cost, room-bounded configurations, and overall complexity of optical motion

capture systems.
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Chapter 6

Conclusion

6.1 Summary

The work in this dissertation took a holistic approach to the model and design
process bridging bio-inspired robotics and user studies. It leverages the conve-
nience of telehealth and the limitations of room-bound motion capture systems
and applies this work to several areas. With flexible-rigid robotics, it modeled,
simulated, monitored and controlled a series of prototypes that replicate the mus-
culoskeletal connections by connecting the rigid (e.g., bones) and tensile elements
(e.g., muscles, tendons). Designing custom simulations in an open-sourced bio-
mechanical environment is essential to understand how the physical models would
interact with or represent humans subjects.

The wireless inertial motion capture network with off-the-shelf components
was created to assess the kinematic behavior of a variety of subjects. This dis-
tributed sensing network created for the prototypes was then compared and val-
idated against commercial optical systems to demonstrate how the accuracy our
system along the sagittal plane. An additional feature with this approach provided

joint kinematics and dynamics creating new opportunities for those who cannot
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afford expensive motion capture systems. Lastly, we generalize all of the human
subject evaluations, and created an algorithm enhanced with machine learning to
determine the joint-angle relationship between phases of gait. The system inter-
preted a complex breakdown of phases of gait (7 parts) and estimated the required

moments for each joint to transition between.

6.2 Future Work

The pandemic put limitations on how we ran user testing. We had a small pool
of our subjects to test with and heavily depended on publicly available databases
for gait. As stated throughout the paper, this work has many applications in

healthcare, entertainment, or sports. Our vision for other applications include:

e Deeper interpretation of how physical characteristics such as age and gender

affect bio-mechanics like joint flexibility or general trends

e Many physical therapists and those going through a physical rehabilitation
process could use our sensors enhanced with bio-mechanical solvers to help

physical therapists monitor patients’ recovery remotely or at home

e Movement recognition for certain activities (e.g., walking, running, surfing,

etc.)

e With unlimited money and resources, build an assistive flexible-rigid crutch

equipped with the sensors and dynamic algorithms for different users

Model Optimization

As the prototypes increase in complexity, the work in this thesis established

a methodology of creating hybrid-based (combination of hard and soft elements)
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robotics. Figure [6.1] shows an iterative design approach that uses a Monte Carlo
process to “test” different model sizes (e.g., weight, length or rods, etc.) to find
the optimal conditions to operate the model. Models with specific femur and
tibia length could be analyzed using the methodology proposed here. The process
could be automated, so the all of the possible geometries are tested separately.
The “desired kinematics” is dictated by the user’s gait. For each configuration the
dynamics behavior and the gate can be predicted so only the optimal assembly is
considered for testing.

Future applications of this process may include:
e Automate the process of model generation.

e Find optimal size conditions (e.g., weight, length, etc.) of existing models

and provide feedback on controls or design changes

Longevity Experiment

As previously mentioned in Chapter 4.4.2, the custom motion sensors used 9-
axis IMUs equipped with the Madgwick sensor fusion algorithm to provide track-
ing data by measuring velocity, orientation, gravitational forces [I74]. Typically,
they tend to drift over long periods of time just like Figure (b), but when using
the Madgwick filter [140] the drift is significantly reduced especially for short tri-
als like in this work. A simplification of the Madgwick filter [140] can be broken

down into these steps:
1. Obtain sensor measurements
2. Gather an orientation computed from accelerometer data (gradient step)

3. Orientation calibrated from the gyro (numerical integration)
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4. Fuse measurements to estimate attitude
5. Compared previous with current time data

This work proposed a mnovel calibration process for each sensor (explained
in Chapter 4.4.2) by generating a point of origin in a static position. Before
capturing an experiment with motion, each individual started with a static trial
with both the OMC and IMC (Figure [3.10). Additional tests were conducted
with the same system to measure a drift on both a flat and tilted surface for day
long experiments (Figure . Due to the Madgwick sensor fusion filter imposing
comparisons between time points, if there exists no change in motion (i.e., a sensor
flat on the table not moving), the algorithm assumes no change and therefore no
drift. If there exists motion, there is a significant drift in the Frontal and Traversal
planes as seen in Figure [6.2] It is clear that there exists a correlation between
time and angles when the sensors are moving for a longer duration (Table .
As a future extension of this work, it would be interesting to monitor the effect
of a longitudinal tuning algorithm (potentially including a Kalman filter) to track
the movement of limb joints precisely, and result in a drift-free measurement all
completely independent from OMC systems [174].

To summarize some of the existing limitations of this work, I mentioned solv-
ing the drift in all planes (Figure and Table , as well as increasing the
power capacity for longitudinal studies (i.e., hour long recording sessions instead of
minute long trials). This can be achieved by either purchasing expensive sensors,
or developing additional algorithms to detect, compensate, and use less power de-
manding wireless communication protocols. Longer recording sessions with this

system could provide:

e Fatigue in patients during longer therapy sessions
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e Better physical assessments, such as strength, over months of rehabilitation

e Teletherapy sessions that mitigate commute times and other physical and

financial obstacles
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Figure 6.2: The drift from the custom sensors during a 45 minute recording
sessions demonstrates how significant the drift in the frontal and traversal planes.
All experiments in this work was done in short sessions (1 minute trials like (a))
along the Saggital plane, meaning there was low drift of —6.93 - 107 (deg/sec)
according to Table[A.8). For longitudinal studies (b) & (c) shows a significant drift
in the traversal and frontal planes, whereas the Saggital plane remains consistent.
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(b)

Figure 6.3: Demo of the static longevity experiment in the flat orientation (a)
and tilted orientation (b).
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Table A.6: A table of the regression accuracy per phase when generating the
Extra Trees model to predict joint moments from joint angles. The accuracy is
the coefficient of determination, R?, of the prediction. The best possible score is
1.0.

Phase of Gait | Regression Accuracy (R? error)
1 0.567

0.592

0.713

0.840

0.568

0.727

0.505

| O T =~ | W[ N
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Table A.7: Participant Information used in Figure .

Height Age Weight
Male 1.66 31 67
Female 1.64 48 65.4
Female 1.56 28 50
Male 1.77 23 72.5
Male 1.83 25 73.5
Male 1.76 23 73
Female 1.69 44 65
Female 1.66 30 57.1
Male 1.88 57 86
Male 1.8 59 63.4
Female 1.7 26 61.3
Male 1.8 29 92
Female 1.58 22 67
Female 1.76 26 73.8
Female 1.71 48 59.8
Male 1.92 33 87.5
Female 1.66 31 80.5
Male 1.89 38 89.9
Female 1.7 62 60.7
Male 1.77 21 67.2
Female 1.6 24 63.5
Male 1.84 21 89.6
Female 1.55 19 56.5
Female 1.65 40 61.8
Female 1.64 40 61.5
Male 1.74 32 72.2
Female 1.64 28 61.9
Male 1.91 25 88
Male 1.82 25 79.5
Female 1.72 21 62.8
Male 1.74 39 74
Male 1.77 52 87.2
Female 1.7 35 62
Male 1.9 48 89.4
Female 1.66 63 60.2
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Table A.7: Cont.

Height Age Weight
Female 1.69 58 73
Female 1.73 50 68
Female 1.69 46 76
Female 1.67 41 60.5
Male 1.79 43 95
Female 1.69 30 58
Female 1.71 64 51.5
Male 1.72 51 65.5
Male 1.87 24 86
Male 1.72 26 50.8
Male 1.77 38 81.5
Male 1.76 42 66.1
Male 1.88 31 74.8
Male 1.83 67 98
Male 1.78 21 74
Male 1.75 29 68.9
Female 1.81 21 64.9
Male 1.84 21 80.8
Male 1.82 23 82.7
Female 1.63 26 54.9
Male 1.79 21 77.3
Male 1.91 24 94.2
Male 1.88 23 69.5
Male 1.84 26 72
Female 1.58 20 52.3
Female 1.68 25 60.4
Female 1.64 23 55
Female 1.69 21 69.7
Female 1.69 26 59.3
Female 1.67 25 54.5
Female 1.75 23 57.4
Female 1.6 27 47.3
Female 1.62 22 61.4
Male 1.81 21 82.3
Female 1.69 19 65.6
Female 1.55 22 56.7
Female 1.61 26 56
Male 1.82 21 69.1
Female 1.62 22 62.1
Male 1.74 30 80.7
Male 1.99 21 91.2
Male 1.78 21 69.5
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Table A.7: Cont.

Height Age Weight
Male 1.83 24 67.5
Female 1.81 22 62.1
Male 1.81 28 81.35
Female 1.65 21 58.1
Male 1.78 23 80.9
Female 1.68 27 67.6
Male 1.78 23 82
Female 1.67 21 58.8
Female 1.69 24 59
Female 1.72 23 56.1
Female 1.61 23 52.1
Male 1.79 30 71
Female 1.58 21 53.15
Female 1.75 21 65.15
Male 1.83 25 79.95
Female 1.64 23 54.8
Male 1.82 21 76.5
Male 1.82 22 74.6
Female 1.65 20 56.45
Male 1.88 22 78.3
Male 1.92 22 90.8
Male 1.86 24 72.2
Male 1.87 22 81.8
Female 1.67 21 61.8
Female 1.61 30 55.75
Male 1.71 20 69.75
Female 1.7 22 66.15
Male 1.86 23 73.35
Male 1.79 22 71.75
Male 1.85 19 77.75
Male 1.778 24 69.85
Male 1.83 21 68.04

Table A.8: Longitudinal studies with the custom sensors result in a significant
drift in the frontal and traversal planes. This table shows the slope of the drift
(deg/sec) during a 45 minutes session recording the base of the foot on an exercise

bike (Figure
Plane | Slope (deg/sec)
Frontal 0.0102
Saggital —6.93-10~*
Traverse -0.0073
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