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SUMMARY

Lower-limb exoskeleton technologi@sigid or soft devices thairovideassistance
to userd show promise in goring and augmenting human movement. However, current
stateof-the-art exoskeleton contrgrimarily addressesonsistent, timeepeatable tasks
and devicespecific, statenachinebased transitions that stand in stark contrast with the
fluidity and varidility of natural human movement. As | demonstrate in this work, even at
its theoretical best, the current control paradigm cannot hanelencertain and ever
changing environmente live in In this work, | expand controllers based on deep learning
estimates of physiological state to operate in the expansive regime of human activities
while also generalizing toavel activities. | show thatwhen deployed on a hip and knee
exoskeletonthese controllers can augment human performance across tasks and time
varying conditions, promising tasignostic and usendependent control. The process of
training these models, however, is devapecific and highly costly in terms of resources
and personnel. This threatens to negate its potential fewreld viability. In this work, |
also present a novel framework that uses deep domain adaptation to reduce or eliminate
the need for costly deviespecific data. When deployed on an exoskeleton intireal,
thesedatalimited modelsstill achieved performance comphlato models witltomplete
access to costly data. These advaraces promising stegoward enablingexoskeletons
to break thecritical task and devicespecific barriers to everyday, outsilddoratory use,

and therebychieve their transformative pote to aid ordinary people.
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CHAPTER 1. INTRODUCTION

1.1 Motivation

Recent advances in robotics have promised technologies that can aid humans by
handling menial, difficult, and dangerous tasks potentially with minimal human input to
make our lives easier. But robaso have the potential to directly change our lives by
working with humans to enable us to perform tasks more efficiently and effectively while
also enhancing our abilities to perform previously impossible tasks. Robotic exoskeleton
technologied wearable devices fitted to the human body to improve mobildy
demonstrate potential for restoring, assisting, and augmenting human movement.
Exoskeleton technologies provide a structure, rigid or soft, outside the body that can
provide assistive support and augnagioin. Over the past decade, many exoskeletons have
demonstrated the ability to make humans more energy efficient in specific tasks like
walking and runnindgl1]. Exoskeletons have shown promise in augmenting strength and
endurance in industrial applications as 2]l Beyond augmentation, recent advances in
exoskeletos have demonstrated usefulness for addressing many disabilities in patient
populations. For posdtrokepatients, these technologies can allow them to begin walking
again [3]. In patients with spinal cord injuries, robotic exoskeletons can provide a
rehabiltation protocol that restores some of their natural funddidnin patients with
cerebral palsy, exoskeletonandecrease energy cost and increaaéing speed5]. In

pati ent s widisdasedxaskeletons can nedice freezing of {flit

But with all this potential, there is a surprising lack of active exoskeleton

technologies in the realorld, specifically for lower limbsGiven this dichotomy between



exoskeletons potential and their readrld use, we must consider what current roadtdock
areinhibiting exoskeletons from reaching their potential in real world applications. | argue
thatthe mainroadblock stems from a fuathental disparity between the nature of human
movement and the capabilities of the current exoskeleton control parddigndynamic

and variable nature of human movement necessitates a flexible and generalizable control

strategy, but the structure of tberrent control paradigm cannot provide that flexibility.

Human movement in daily living varies from consistent and steady activities, such
as walking and running, to more dynamic movements that vary by person and situation,
such as lifting, lunging, or de-stepping. Not only do the biomechanics of these motions
vary, but the actual activities are sporadic. We stop, start, and switch from one task to
another rapidly, often with transitions that are difficult or impossible to define. This
variability is refective of the diverse and dynamic goals for human movement, the
flexibility of the human musculoskeletal systéf), and the many environmental factors
that impact movemeifi8]. The sporadic nature of human activity is evidenced byabk
of continuous movement in everyday activities. The most common walking bout lasts only
about 4 steps and 75% of both walking and resting bouts last less tisanon@s[9].
Baroudi et al. demonstrated that their participardgd not prioritize steadgtate or
energetically optimal walking speefl0], andOrendurffet al. pointed out that gaits of
daily living consistently reflect a dynamic approach with more emphasis on
maneuverability than highly efficient consistent walkif@. Thus, norcyclic and

asymmetric movements are essential for real world applications.

Not only is human movement complex, but the human response to assistance is

complex as wellHumans respond differently to exoskeleton assistance basbdtion



external environmental factoexdunique human variabilityl1], [12]. Even overitne,

humans can adapt their responses to a device, leading to the necessity for participants to
have time to adjust to novel devices and changes in control parafiéierbhis has led

to much research into the human optimal control parameters through Hmthadoop
optimization[12], [14]. The resultfrom thesehumanin-the-loop studieshighlight the

need for exoskeletons be able to handle the unique variability from person to person.
Thus, potential exoskeleton control strategies must be able to handle both task variability

and human uncertainty.

Contrast this necessary fluidity with the fact that current exoskeletomoton
focuses omyclic, repeatabléasks and statmachine based transitions. Providing assistive
power for common walking modes (i.e., level ground, slp@ed stair walking) has
historically required different taskpecific control strategies. Thus, @tk have been made
to identify these state variables themselves and the transitions between states to inform
exoskeletons of which task specific strategy to ad8pt[15]. These environmental
variables are difficult to generate reliably inlréme and the current approach is plagued
by the challenge of scaling to recognize many various modes of locomotion and a complete
inability to apply directly to unstructured and novel tasks. Additionally, these systems often
require long calibration tinseand application to various unique users is challenging

because assistance cannot[3ladapt to the use

This demonstrates the gap ttleaoskeletons often fail to translate to the real world
because their control paradigms cannot scale to handle the human and environmental
variability encountered in daily life. Thu, account for the fact that various terrains,-non

cyclic movements, ahhuman variability are an indispensable and essential part of human



mobility, a new paradigm must be developed to enable robust and flexible exoskeleton
control. Exoskeletons that provide intelligent assistance for encountering a multitude of
tasks repremnt an important effort for handling the uncertainties and varialofingat

world human movemenh nonclinical applicationsandrestoring complete independent

function to individuals in clinical settings

Recent work has demonstrated a potential howtto overcome this task
generalization barrier that could enable exoskeletons to break out of the lab and be
ubiquitous in helping users spanning the age and mobility spectrum. Successful
exoskeletons often take state parameters such as gait phasdlang mades (i.e., level
ground, slopedand stair walking) to determine assistance torque profiles similar to
biological torque16], [17]. Recent work has shown promise that using only mechanical
sensors anchachine learningechniques, we can directly estimate biological morfies]t
[19]; this estimate can then be used to directly inform control independent ofdie
taskbeing performegdthus bypassing the need for complex statgable estimation. This
novel approach has the capability to radically alter the cupartdigmfor exoskeleton
assistance and substantially increase the inherent adaptability sifeétons to unique
motions and environmentg/hile this has yet to be testatirect estimation of biological
momenthas the potential tallow highly robust intent recognition across the wide variety
of activity types experienced in daily livingthis mehod is promisingbutthere are still
severalcrucialhurdles that must be addressed before this type of control can be viable in

the realworld:

First, although this method has shown an unprecedented ability to assist during

cyclic activities and seamlgly transition between these activit{@9], no current control



methods have unified control across either many structured tasks beyond ambulation
modes (e.g. squatting, lifting, and lungimdnile still handlingwalking and ramps) or
unstructured actities thatcannoteasilybe categorized. As highlighted above, these are
vital for reatworld applicability. Thus, one important barrier to overcome is demonstrating
generalizabilityof control beyond cyclic activitiesn terms of performance and human

outoomes

Second, deep learning based estimation techniques require highly specialized
equipment and significant data collection time. Training joint moment estimation models
utilizes a supervised learning approach that requires labels from the internalchiolog
moment at the joint of interefl8], [19]. This is estimatedsing subjecspecific skeletal
models that require as inputs the kinematics of the user as well as the ground reaction
forces. Measuring these is typically performed using motion capture adund force
plates. These requirements limit the ubiquityoth techniques to only those with access
to such specialized facilities and technical skills. The process of collecting and processing
such data is also time consuming, thus generating labeled training data for exoskeletons is

another prohibitive barrier.

To further compound this problem, progress in developing biological moment
controllers is bounded by the device specific nature of the data. Machine learning by its
nature performs well on tasks within the scope of its data domain, but often fails when
cdled on to extrapolate ta new domain[20]. Databased approaches to joint moment
estimation then are limited to the specific device, sensor configuration, and biological joint
targeted during training. Ts, if any changes need to be made to the device or sensors,

there is no established path to enable the application of this control strategy other than



collecting new data with this new device configuration, let @lan entirely different
device. The facthat data can easily become outdated limits the ability of this control to
scale into realorld scenarios and restricts scientific progress because advances in one
device are limited to that specific devi#éithout the ability to handle thes&o significant
barriers,task generalizability and device specificiggoskeleton control based on task
agnostic joint moment estimation will be prohibitively difficals arealworld control

approach

1.2 Objectives

Thus, the objective of my dissertation is to owene these barriers to enable
scalable, robust, and versatile exoskeleton control by the integration, synthesis, and
estimation of wusersoé physiological state
that by creatively using sensing, data synthesid,dmain adaptation algorithms, we can
scale joint moment estimatidrased control to hareithe variability of human movement
and be deployable without extensive data collection. This objective can be broken down
into three main components needed tolitate its fruition: 1. Control architectures must
be designed antkstedfor non-cyclic activities andadditionalsensing modalities must be
explored to facilitate the jump from cyclic tasks to fuyalic tasks. 2. A strategy must be
developed to utilizeeasily accessible data to improve deep learning models within
exoskeleton control. 3. Frameworks must be created to easily adapt moment estimators
across different tasks and devices. Enabling these three areas leads to a paradigm that |
believe will enablghe exoskeleton expansion beyond the laboratory. For the sake of this

dissertationthese have been split into three main aims.



Aim 1: To enable taskagnostic control by expanding joint moment estimation
to non-cyclic activities and validating that joint moment based assistance is beneficial
across these activitiesPrevious approaches to joint moment estimation have been
primarily validated during cyclic tasks, such as walking, where there is a more direct
relationship between kinematics and kinetics. ey, these methods may be limited
when translating to neayclic tasks where the mapping from kinematics to moments is not
unique. | hypothesized thatlectromyography EMG) and simulated insoles, both
individually and together, would improve joint momesdtimation on lefouttasks as
compared to a kinematianly baseline and improve estimation during4oyulic activities
more than cyclic. Based on these resuitg,coauthor and trained a moment estimator
on both cyclic and nenyclic activities andleployed that estimator in the reéahe control
loop for a hip and knee exoskeleton. We hypothesized that this moment estimator would
outperform a theoretical besase model based on the current stédtthe-art control
technique. We also hypothesizeditlisers receiving assistance based on these estimated
moments would show reductions in metabolic cost and joint work relative to receiving no

assistance.

Aim 2: To leverage large, readilyavailable biomechanics datasets and
unlabeled exoskeleton data to reable training of joint moment estimators when
exoskeleton data withlabelsis limited or completely unavailable.Training a subjeet
independent joint moment estimator requires harcwspeeific data from an exoskeleton
collected in a highly specializedigkab and any hardware changes can quickly render this
data less relevant. This limits the ability for this control method to be used beyond specific

research groups or in scalable commercial devices.-@pamce human movement data is



readily availablebut currently there is no method for exploiting this for training a moment
estimator. In this aim,éxplore usinghe human modeling simulated domasa common
domain in which accessible data can be converted to be used for device training. Then
usingtechniques from domain adaptatjatransformcan be learnebletween this common
shared space and the unique real sensors for a given d@diiten the context of
estimating joint momentd, hypothesized that using this translation strategy we could
outperform the best current strategy without this translation for both thessgarvised

case (limitedabeledexoskeleton data) and the unsupervised casklpetedexoskeleton

data).

Aim 3: To deploy joint moment estimators trained with limited data on areal
hip and knee exoskeleton and assess its ramhe performance at joint moment
estimation. Offline testing allows quick verification of a method, but when models are
deployed for contrgithe human now becomes an integral part of the control loopvaya
that is impossible to capture in offline data. To further prove that the translation method
from aim 2 is truly reaivorld viable,| deployed the sersupervised and unsupervised
models in reatime on physical hardware as well as the parallel beategly without
translation for the sersupervised case. | hypothesized thatreattime, both the semi
supervised and unsupervised model wooldpberform thecorrespondingbest strategy
without translationl also hypothesized that online performance de similar to offline
performance based on tkemilar offline to online performance fanoment estimation

models inMolinaro et al.[19].

1.3 Innovation



1.3.1 Innovations from Aim 1

The datasets presented in tHissertatiorrepresent the largest data colientof
tasks for human movement without an exoskeleton and with an exoskeletate Both
sets of datavill be opensourced to allow for other researchers to benefit from these data
collection efforts.These datasets will allow wearable device desigaeid controls

engineers to incorporate a more holistic view of human movement into their dddtes

Incorporating kinetic signals into exoskeleton control allopsit moment
estimators to respond to otherwise unmeasurable needs of the user such as additional
carried load or interactions with the environment not contained in the training data.
Incorporating further physiological signals (such as EMG) as inputgairtb moment
estimation could allow for further adapt a
assistance profile based on muscle specific contributions to joint demand. Providing
assistance tailored to a given user can improve user acceptancesahdnrenproved

human outcome measures.

Deploying and testing a moment estimator with the ability to estimate a wide range
of tasks validates that this control approach is not only feasible across the tasks of human
movement, but also beneficial to usérsur aspects of thiontrollerare completely novel
to the field. First, this is the first controller to demonstrate the ability to handle the wide
array of movements common in daily life while seamlessly transitioning between tasks.
Second, this is thérst controller to demonstrate an ability to generalize and provide
assistance during completely novel tasks. Third, this is the first controller capable of

coordinating joint moment control across multiple joints. Fourth, this is the first controller



to demonstrate positive human outcomes across a wide array of tasks. This paradigm
allows exoskeleton systems the ability to dynamically respond to the needs of the specific
user in the way that the user chooses to engage with the world around them, ahiyhile

using a single control law.

1.3.2 Innovations from Aim 2

Creating a generalized framework for incorporating open source data enables a path
for improving current models by incorporating new tasks and increasing participant
diversity. A universal domain thaan be translated into a specific application allows
designers to incorporate specific tasks available in open source data without collecting
those specific tasks. It also gives more potential training data that can enable more

complicated deep learniragorithms

Training deep learning models usitadpels fromonly simulated data expands the
group of feasible users from a few select labs and devices to be broadly accessible and
applicable across the globe. Designers who have no access to a gait Blzaspant
currently directly benefit from many of the dateven approaches. Access to rapid
methods for training these models could further accelerate research progress and
collaboration with sharable models. Due to the data hungry nature of machinegearn
models and the difficulty of extrapolating beyond training data, generalized models are

integral for facilitating general exoskeleton use.

1.3.3 Innovations from Aim 3
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Using opepsource data without an exoskeleton directly for wearable robotic
control couldfacilitate breakthroughs for populationsheve extensive data collections
while wearing a device might be prohibitive. By making use of other resediomis
characterizing theseew populationswe can begin to test new deep learningdels for

those ppulations

A strategy to perform timeeries translationroraw timeseries data could be
incorporated beyond justxoskeletons and prosthetits other fields withinwearable
sensing andobotics. The equivalent of image style translation on-Sergesdata marks a

novel step forward for using domain adaptation in new areas

1.4 Outline

Thisdissertations split into £venadditional chapter&hapter Zrovides relevant
background for understandirtige biomechanics diuman movement, exoskeletons, and

machine learning as they relate to the rest ofdisisertation

Due to the data intensive nature of this watkapter 3s dedicated to delineating
two large open source biomeches dataset that form the foundation of the work

presented here. The first section includes content from my peer reviewed pub|gHtion

© 2024 Nature. Reprinted, with permission, from K. L. Scherpereel, D. D. Molinaro, O. T.
Inan, M. K. Sheper d, and A. J. Ymbbiomgecharichanthweanable | o we

sensors dataset during cyclicandwog c | i ¢ acti vities, o Scient.i
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The second section includes a brief excerpt on data analysisnfyooofirst-authored
publication on task agnostic control durimgalworld activitiesthat is currently under

review in Nature:

© 2024 Nature. Reprinted, with permission, from D. D. Molinaro, K. L. Scherpereel, E. B.
Schonhaut, G. Evangel opoul os, M .-Agnistic S heph

Exoskeleton Control via Biological Joint M

Chagper 4is dedicated to exploring the benefits of adding EMG and insoles into
joint moment estimation during cyclic and royclic tasks. This is in pursuancetbéfirst
partof Aim 1 from the objectives section. This is currentlynessin IEEE Transactions

on Biomedical Engineering:

© 2024 IEEE. Reprinted, with permission, from K. L. Scherpereel, D. D. Molinaro, M. K.
Shepkerd, O. T.lnapand A. J. Young, Al mproving Biolo
During RealWor | d Tasks with EMG and I nstrument e

Biomedical Engineering, (Ipres$

Chapter Sfocuseson developing and deploying joint moment estimat in the
control loop of an exoskeleton and assessing its performance in terms of estimation
accuracy and human outcomdscluded in this chapter are figures and eptethat |
createdand are part ofny cofirst authored publicatiomeferenced aboverlhis is in

pursuance of the second part of Aim 1.
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Chapter 6s dedicated to the development and offline testing of a domain adaptation
framework to translate simulated datareal data for training joint moment estimators.

This is to answer the questions in Aim 2 of the objectives section.

Chapter 1s dedicated to the online deployment and validation of the above domain
adaptation frameork. This is in fulfillment of Aim 3 from the objectives section. Both

chapter @andchapter 7are portions of a manuscript currently in preparation:

K. L. Scherpereel, M. C. Gobolay,M. K. ShepherdD. T. lnanand A. JA Younc
Deep Domain Adaptatioframework thaEnables Realime Exoskeleton Control Without

Costly Data Collection 6 (I n pr ep)

Chapter resenta summary of the signdance of this work. It also presestsme
final thoughts on the future of exoskeleton control and potential applications of the

frameworks developei this dissertation.
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CHAPTER 2. BACKGROUND

This chapter describes the background information that is vital tostaddmg the
work presented in the rest of this dissertation. It is broken down into four main sections
focusing on 1) the biomechanics of human movement, 2) augmentation through
exoskeletons, 3) sensing human movement onboard an exoskeleton, and 4jngoces

sensor signals into useful information specifically through deep learning.

2.1 Biomechanics of Human Movement

Movement is part of our everyday life and we often take it for granted, but human
movement is highly complex and has interested scientistsriergong22]. As with any
scientific discipline, to understand it we break it down into different categories and create
a taxonomy that facilitates explorationhrdughout this dissertation | will use several
levels to break down human lowémb movement. The primary level that | will consider

is a distinction between cyclic and Royclic activities.

2.1.1 Cyclic Activities

For the sake of this dissertation, cyclidiaties will be those with continuous
movement where each cycle looks like the preceding cycle. This time repeatability makes
it easy to break them down into a small portion for easier analysis. Cyclic movements can
be broken down by gait cycle which igptcally defined from heel strike to the next heel
strike [23]. We can further break cyclic activities down intmmamon ambulation modes
and those beyond. Modes typical in community ambulation have received most attention

in wearable robotics and consist of level ground walking, ramp ascent, ramp descent, stair
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ascent, and stair desc¢b®], [24]. Running has also received significant attention and thus
| 6ve included it wit h[l]nN25]cBeyomidhese enodbsyudydict i o n
activities can include activities like weigdat walking, skipping, and backward walking as

highlighted inchapter 3

2.1.2 Noncyclic Activities

Non-cyclic activities can be thought of as sporadic and dynamic movement without
time repeatability. This makes it much radtifficult to analyze these activities. However,
many of them can be constrained to follow a more cyclic structure such that they can more
easily be segmented even if they are sporadic in daily life. Some examples include
squatting, lifting, and lunging-or the sake of this dissertatidnconsidered these to be
structured nottyclic activities or, inchapter 5and chapter 7 impedancdike activities.

This latter categorizatiois drawn from the fact that these movements often exhibit spring
like properties that have inspired impedance cor6], [27], [28]. Many movements
cannot be structured in this way; thus, these have been lumped into a final category of

unstructured activities.

2.1.3 Gold Standard Measurement of Biomechanics

Motion capture has become the gstdndard for assessing human moverfoit
By tracking specific locations on the human body, an accurate picture can be generated of
how the body is moving relative to a global fixed reference frame. To turn that into useful
information at the level of joints and miess, a model must be matched to the recorded
motion. In this dissertation, OpenS|[B0], [31] is used as the modeling platforand the

Gait 2354[32] model is used for the human as further desct inchapter3.1.2 After
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matching the marker locations to a subjgpetcific skeleton, motion of the model can be
fit to marker trajectories collected by motion capture. This process is called inverse

kinematics and givesaestimate of how the angles at each joint change ovef[3iBhe

While this is an important part of describing motion, kinematics do not describe the
forces behind motion. Moments at the joints are created by muscles pulling across the
joints. Thesemoments then result in the limb applying forces to the ground to enable
movement. We cannot directly measure muscle forces or moments if84ijy¢35], but
we can assess the ground reaction forces. If we can directly measure the magnitude,
direction, and point of application ftiniese forces we can back calculate the net moments
that must have created those resulting ground reaction forces. This is termedupmttom

inverse dynamics and has become the gold standard for calculating net joint nm86jents

As soon as external momsraire applied at a joint by something other than the
human body (e.g. an exoskeleton), there is then a distinction between the biological joint
moment (the portion of the moment supplied by the human) and the net joint moment (the
total moment that combisethe contribution of all factors both biological and external)
[37], [38], [39] This distinction will become important ichapter 5where our deep
learning model estimates net joint moment but the controller operates based on biological
moment calculated by subtracting the joint torque contribution of the exoskeleton from the

net joint term.

2.2 Augmentation of Human Movement through Exoskeletons

As outlined in the introduction, exoskeletons have potential to allow humans to

perform more tasks, more accurately, for longer periods of[filng2], [40], but they also
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have potential clinical applications for both letggym assistance and shofterm
rehabilitation[4], [5], [6]. This dissertation focuses on the augmentation portion of these
applications; however, advances in controlling devices forlatdged humans provides
insights that could be vital for clinical work. Ftris dissertation, the focus will be on
active exoskeletons that can provide net positive power to the user (through active elements
like electric motors) as opposed to passive exoskeletons that rely on passive elements such

as springs to assist us¢4d], [42].

2.2.1 Design Considerations

While this dissertation focuses entirely on the control of exoskeletons, the design
of the device can play an important role in impacting how the user responds toafiy spe
device. Typical active exoskeletons have had a large profile and rigid components that can
make them uncomfortable and at times unusf®jle[43]. Softer and more compliant
exoskeletonkave become more readily availaflé [6], [25] and were an inspiration for

the exoskeleton used for the studies in this dissertation (aptech.2.1).

2.2.2 Assessing Human Performance

There are several methods for assessing human performance with an exoskeleton.
The gold standard has historically been metabolic cost (energy3jo8gcause additional
mass is added when donning the device, there is an inherent metabolic cost to simply
moving in an exoskeleton. Thus, t otordyu g me nt
overcome the additional mass penalty from wearing the device, but also provide enough
additional assistance to make wearing the device benefidialMetabolic cost can

currently only be assessed on activities that can be performed consistently for long periods
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of time[44]. To assess performance on other tasks, human outcome metrics such-as lower
limb biological joint work[19], human preferendd5], and electromyography#6] must

be examined.

2.3 Sensing Movement for Exoskeleton Devices

Although motion capture and in ground force plates are the ground truth for
collecting human biomechanics, exoskeletons need to access human movement data in
reattime and functiotbeyond the laboratory environment. Thus, they must rely on onboard
sensing. Typically, exoskeleton sensing can be broken down into three types: kinematic,
kinetic, and physiological signals, although these are certainly not the only types (e.qg.

optical sasing[47]).

2.3.1 Kinematic Sensing

At the segment level, inertial measurement units (IMUs) can be used to measure
the acceleration and angular velocity of a ipatar segment (as well as heading if a
magnetometer is included). To capture motion at the joint level, encoders have historically
been used since they are often already integrated if actuation is provided with electric
motors [48]. This provides a good estimate of biological anglethdre is accurate
alignment between the exoskeleton and the joint and if the interface provides a relatively
rigid connection to the user. Recently work has focused on estimating joint angles directly
from IMUs mounted on the segme®]. The challenge lies in overcoming the drift and
noise inherent in these measuremdnts.the models ichapter Swe tested removing the
encoders from the ndel and found that with that setup (6 axis IMUs at the thigh and

shank), the encoders still added value.
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2.3.2 Kinetic Sensing

Currently, there are no loprofile wearable measurement systems for 3D ground
reaction forces that currently would be feasible forl tgae implementation[50].
However, pressure insoles have been used to estimate at least vertical ground reaction
forces and the center of pressure (more details are givtrapier 4. While forces can be
difficult to access, a more binary version to determine heel strike and toe off can come

through force sensitive resistors mounted on the soles of th¢1&joe

2.3.3 Physiological Sensing

Much research is being performed to access brain signals for use in wearable
robotics[51], [52], however, directly accessible signals from lovweb wearable devices
are restricted to capturing the surface electrical activity of muscles through
electronyography. This can give insight into the commands that the brain is sending to the
muscles and in some cases can relate to muscle {8Rjeskesearch in other areas may

be relevant for wearable assessment of fati§dgor joint contact forcefb5].

2.4 Processing Information from Sensing Modalities

With the plethora of signals from various modalities that can be captured, it
becomes necessary to synthesize those raw signals into useful information for control. One
of the main ways this carelaccomplished is through the use of machine learning or deep

learning[56], [57].

2.4.1 Deep Learning
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In tradiional machine learning, harehgineered features are extracted from data
and then fed into the machine learning model. While this can be beneficial, more powerful
and more flexible algorithms can be trained if we allow the model to extract its own features
from raw datg58]. This often comes at the cost of requiring more training data to learn
these features and typically requires deeper networks. This leads to the term deep learning
to describe a subset of the broader field of machine learning. The deep learning algorithms
presented in this dissertation rely on convolutional layers where kernels are passed over

the raw data to extract relevant features.

2.4.2 Supervised versus Unsupervised

Machine learning can be thought of in several categories based on access to ground
truth labels for trainingb9]. In supervised algorithms, all of the training data has agsdcia
ground truth labels from which to train. Thus, a model can easily learn the relationship
between input data and output label in a way that can generalize to new samples. In
unsupervised algorithms, the ground truth label is not available and thusnsgis are
sought in the data but without an anchoring to specific labeled categories. In this
dissertation, unsupervised algorithms are used to match the distribution of data with and
without an exoskeleton when no tiragnched data is availableh@pter . A hybrid
between the two is termed, sesuipervised; a few ground truth labels are accessible but
most of the relationships must be drawn based on the unlabeld@@latéhis method is

also used irchapter @and directly compared to the unsupervised case.

2.4.3 Data Considerations for Training and Testing
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One of the most important aspects of machine learningrefully planning what
data can be used for training and what should be reserved for {é4finghis is vital for
correctly interpreting the results from a black box model. In this dissertation, testing is
always performed on a leaometask or leaveonesubject out basis. This means that an
entire task or participant is left out of the training data and reservekdting, thus
ensuring that the results are representative of what a device might encountetimereal
applications. When we have access to limited data, our testing set is, out of necessity, small
and thus one testing set (a single left out subjecingtesleft out task) might be either
unusually hard or unusually easy. To surmount this issue, afotdsglidation strategy
can be used where separate models are trained while cycling through the available tasks or
participants as the testing set. Tdessults can then be averaged to neutralize the effect of

any individual testing set being too easy or hard.

There is often one further split of the data that is required beyond simply training
and testing that is termed validation. When training a medemustdecidewhen to stop
training. There are two main strategies for accomplishing this: 1) we can choose to simply
stop after a certain number of training epochs and then no validation set is needed (this is
the strategy adopted hapter4.2.3where the number of epochs was chosen based on
tests run with a different dataset) or 2) we can choose to stop when the performance of the
model on a lefout validation set stops improving (this can be determined by checking a
certain number of epochs beyond the minimum point, called patience, to make sure no
improvement is madg¢®2]. This second sitegy, termed early stopping, requires separate
training, validation, and testing sets. ebiapter 6the testing and validation sets consist

of a different leftout participant. For that chapter, it was also imgnatrto only use labeled

21



data that was accessible from the specific labeled tasks or labeled domains in this validation

set.

Many choices must be made about aspects of models that are not trained parameters
(such as learning rate, dropout, model depth) atwd these are called hyperparameters.
These can be based off similar models that have previously been published or can be
optimized either by brute force or an optimization schemehhpter 5and chapter 6
Bayesian optimization is used to select hyperparameters by intelligently searching the
possible space of values based on a gaussian process model of the effect of each parameter
[63]. This allows a much larger search space to be explored within reasonable time and

resource costs.

In the case where additional data is availabkbeisystem can be deployed in real
time, the most rigorous testing of an algorithm is to use a completely new set of data to
verify the performance of the algorithm. This is part of the reason why deploying the

algorithms in reatime as performed inhapter Jandchapter s vital.
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CHAPTER 3. BIOMECHANICS DATASET COLLECTION AND

CURATION

This chapter covers thdetailedmethods and analysis involyen collecting the
two large biomechans datasets that form the backbone fer studies conducted in this
dissertation The first section coverthe creation of a varied and extensive task set
capturing the diversity of human movement as well as the processing methods for obtaining
joint angks and joint moments based on musculoskeletal models. This first section covers
collection without wearing an exoskeleton. The second section covers collection of the
same tasks, but this time while the user is wearingaaonomous hip and knee

exoskeleta.

3.1 Wearable Sensors and BiomechanicsDataset during Cyclic and Non-cyclic

Activities

3.1.1 Introduction

As highlighted in the introduction, human movement is often sporadic and
dynamic. Tasks of everyday life like cooking or cleaning might involve a few stspsiat
to pick something off the floor, a few more steps, and then again stopping to reach for
another object from a high shelf. To highlight this fact, several studies have demonstrated
that, just within walking, many strides are not steady $1étg resting and walking bouts
are sporadid9], and turning makes up a significant portion of everyday ambulatory
movemen{64]. Even when humans are walking, their movement is dynamic and varied,

which doesndt even arcnovement during daily tasidespitee s t
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thisfact, the vast majority of biomechanics research has focused eduoatipn, steady

state walking bouts.

Opensource datasets to date have largelyteredaround the most common cyclic
and steadiptate activies, which can be easily segmented and averaged across strides.
Wi nt er 6 s s elmractesiding lnumdnaisneethanics focused only on the time
repeatable task of levground walking29]. Since then, publicly available datasets have
begun to increase the varietf/data available by including more walking speéds, [66],
[67], [68] and more subjectf69], [70]. These datasets hamet been limited to level
ground walking but have included other thmepeatable tasks including runnifrd.], [72],
walking on stairs and rampa3], [74], [75], [76], [77], [78] sitting and standinfy 3], [74],
[79], [80], heel and toe walkg [81], [82], and even walking on irregular terrg@8], [84].
In addition to increasing the task space, other sensor modalities have been explored, such
as muscle specific information measured through electrorapby (EMG)[69], [70],
[73], [74], [75], [76], [77], [78], [81], [82], [85], [86] Research from Cango et al. has
filled a critical gap by providing a single dataset of the same subjects performing multiple
terrain conditions at multiple speeds with consistent and comprehensive $éb5¢r$],
[77], [78]. Rezniket al.also filled some of these gaps with their public dataset, including
additional ambulation mode transitions;tsistand movements, and constant acceleration
tasks[79], [80]. Still, there exists very limited publicly available data for transiti@33,
[74], [75], [76], [77], [78], [79], [80] andnoncyclic dynamic tasks that represene th
variability of daily life are largely absent. The state of current egmence datasets in

literature is summarized ihablel for cyclic andTable2 for non-cyclic activities.
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Table 1 - Cyclic Tasks in Opensource Biomechanics Datasets for Able Bodied
Individuals

Metadata Common Cyclic Tasks Uncommon Cyclic
Tasks
g IS
E|E =3 S| x
% - = S| ©
= o - < § - 2= 22| 8
s 2 £ | 2 |88  c|Y |88 58|85
Sl 3 S E | 2|0 o| 2|zl l2]|s
Sl e | 2| s |5/5|5|8|283 8|2
(8] 4
| < | 2 g | 5| 56| 28|52 22|8
Winter 1983 1 SS(1
[29] speed)
Moore 2015 15 1932 ~0.8
[67], [68] 1.6
Fukuchi 20¥ 1951
(711, [72] 28 2545
Fukuchi 2018 42 21-84 1 SS (8
[65], [66] speeds)
Hu 2018[73], 10 2329 SsS(1 197 | 197 | 10 10
[74] speed)
Lencioni 2019 6-72 | SS(6
811, [82] 50 speeds) 180 | 180 X
Schreiber 2019 50 1967 | SS(5
[69], [70] speeds)
Moreira 2021 16 20271 0.28
[85], [86] 1.1
[%";“argo[gg]z - 19331 o5 102 | 102 | 5.2 | 5.2
[77]. [78] 1.85 178 | 178 | 18 18
Reznick 2021 20-60 97- | 97-
[79], [80] 10 0.81.2 1824 162 | 162 5,10]| 5,10
Our Dataset | 12 | 18301 0418 |2.025| 152 | 152 | 5,10|5,10] x | x | x | x

* SS indicates selelected walking speed

Table 2 - Non-Cyclic Tasks in Opensource Biomechanics Datasets for Able Bodied
Individuals

)
7)) Q
= - | 2 <
o & £ | 5 ) %) Q
3|9 2|3 ol 28| 2 |2 = |
ol o c ©C | 2| 20| s|0 ol | & )
O £ = > = e (%} = c = ) = e P
= = > o = S o = > © = > S =
(9] (9] - (9] — L] o (@) | m (9] O L] O
Winter 198
[29]
Moore 206
[67], [68] X

25



Table 2 (continued)

Fukuchi 2017

18 [65], [66],

[71], [72]

Hu 20B [73],

[74] X
Lencioni 209

[81], [82]

Schreiber 209

[69], [70]

Moreira 202

[85], [86]

Camargo 202

[75], [76], [77],

[78] X
Reznick 202

[79], [80] X X
Our Dataset X X X X X X X X X X X X X X

Dynamic, norcyclic activities in biomechanics literature have received attention
due to their relevance teehabilitation, sports, and injury prevention as well as their
prevalence in everydayfd. Activities such as sib-stand and obstacle avoidance are
important for independent daily living and the ability to maintain staljdity, [88]. Other
studies have examined the biomechanics of highly dynamic activities, such as[88iting
[90], jumping[91], lifting [92], [93], lunging[94], and squatting95] and their relevance
for athletes in preventing injury and rehabilitation. These motions differ signifydaoih
walking but directly and indirectly have bearing on the majority of movements that an
individual might encounter in daily life. Despite the relevance to daily living, there are no
opensource datasets containingny of these tasks, let alone catieg all these types of

maneuves with continuous time series data and corresponding wearable sensors.

This section presents an opsource biomechanics dataset that includes a wide
range of both dynamic negyclic tasks and cyclic tasks. It represents thost diverse

opensource set of biomechanics data across weight bearing lower limb tasks available in
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the literature. This includes the specific roytlic tasks mentioned above as wellingjue

tasks that involveoerturbations from external object&dditionally, representative tasks

are included from cyclic walking, such as level ground walking, stairs, and inclines as well
as unigue cyclic tasks such as heel and toe walking and backward walking. For each of
these tasks, kinematics from motion captasewell as real and simulated IMUs are
supplied. Kinetics from force plates and the resulting joint torques calculaiagh
OpenSim[30] are alsancluded, as well as virtual insole data. Finally, isy@chronized

EMG from eight muscles on each leg is provided. The data from this complete suite of
wearable sensorsear valuable contribution to the literature for many applications, such
as machine learning, wearable device design and controller development, health

monitoring, and human modelinghe dataset is hosted on tha&fTech repository96].

3.1.2 Methods

In this dataset 3D biomechanics from markésased motion capture and force
plates, as well as wearable signals from IMUs and EMGs, were collecteddiverse
range of ambulatory tasks as well as numerousayolhic tasks.Virtual sensorswere
created to increase the usefulness of the dataset by providing data for sensors that were not
included in this study, such as pressure insoles and foot IMis also provides data for

comparison, replication, and advancement of research with simulated §&85d6].

3.1.2.1 Participants

Twelve ablebodied subjects (7 males, 5 females, mean + SD: age = 21.8 £ 3.2
years, lkeight = 176.7 £ 8.6 cm, weight = 76.9 + 14.4 kg) were recruited to participate in a

singleday gait analysis study. For inclusion, the subjects had no history of neurological
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injury, gait pathology, or cardiovascular condition that would limit their gliditambulate
for multiple hours, up and down steep inclines and stairs, and participate in fatiguing
exercises. Each subject gave informed written consent to participate in a Georgia Tech

Institutional Review Boar@pproved study under IRB H17240.

3.1.2.2 Perforned Tasks

Tasks were selected to provide large p@nt variability in kinematics and
kinetics, and to provide examples of similar kinematics but differing kinetics. The tasks
can be split into several different subcategories within the broad categbagdic and
nontcyclic as shown irFigure 1. A full list and description of how each of the activities
was performed is given ihable3 and in the videos (not taken during actual collections)

includedwithin the dataset.
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Cyclic

Butt kicks

High knees
Calisthenics Skip

Tire run

Decline < 5
10°
) 5°
Incline ——=———___
10°
|
Miscellaneous ——=—___ Heel walk

Toe walk

Run < 20m/s
2.5m/s
Normal
Stair ascent < Slow
Fast
Normal
Stair descent < Slow
Fast
Shuffle
Walk 0.6 m/s
a 1.2 m/s
1.8 m/s
0.6 m/s
Walk backwards < 0.8 m/s
1.0 m/s

Weighted walk =————— 251b

Non-cyclic

Left
Ball toss < Center
Right
u
Curb _::: Dzwn
. Normal
Cutting ———"—"__ Fast

Front/back
Jump across < Lateral
Side shuffle
Vertical
. 180° spin
Jump in place 90° spin
Hop

0lb
251b

Lunges ——0_ Lateral
8 Front/back

Short
Sit to stand < Short w/ Arms
Tall

Lift weight

Squats g_r‘,h\b

Step ups —=._"'___'_-___: ;?:ht
Left

Turn Right

Step over —————— 1.0m/s

Meander

Push pull

Stand

Start stop

Tug of war

Twister

Figure 1 - A representation of the cyclic and norcyclic tasks broken into their
constituent conditions.

Table 3 - Task Descriptions

Task Family Specific Task Task Description
ball toss # center A 6.8 kgmedicine ballwascaught by the participant and
-~ then tossed back 5 times. This is done with the ball
ball tos ball_toss_#._left coming from three positions: left, center, and right. The|
ball_toss_#._right participants were showthe activityusing a knee bending
- - - strategyto dampen the catch.
For curbup, the participanivalked at a constant speed,
curb down # steppedonto a force platestegpedup onto &0.15 mraised
- - platformwith another force plateandfinally continuel
curb walking (acrossaanadditional force plate)Theycompletel
5 circuits. Similarly for curb down they stggedfrom a
curb_up_# raised platform (1 force plate) onto a ground level force
- plate and continukwalking (2 force plates), completing
circuits.
cutting_#_leftfast The participard were instructed taun at two selfselected
. : speeds (slowvand fast) down three force plates and then
cutting cutting_#_leftslow

cutting_# rightfast

made a 90turnto either the left or right turning their hip
and stepping on a final force plate. Thigsconpleted 5

29



Table 3 (continued)

cutting_# rightslow

times for each condition (left slow, left fast, right slow,
right fast) for a total of 20 cutg§average centesf mass
(COM) speed slow 0.7 m/s, fast 0.9 m/s)

calisthenics

dynamic_walk_# butt
kicks

dynamic_walk_# high
knees

miscellaneous

dynamic_walk # heel
walk

dynamic_walk_# toe
walk

Butt kicks and high knees were performed at 0.8 m/s a
the maneuver was demonstrated. Contact was not ma
during butt kicks to avoid shifting the calcaneus marker
on the foot. Heel and toe watilg were performed at 0.4
m/s where th@articipantwas instructed to walk with all
of their weight on their heel and toe respectively. All of
thesewereperformed for 20 seconds.

incline_walk_# up5

incline — The treadmill was inclined at the desired angle (5 and ]
incline_walk_#_up10 | degrees) and thearticipantwalked at 1.0 m/s up and
incline walk # downs | down the incline. Each condition (up 5, down 5, up 10,
decline — — down 10) vas performed for 20 seconds.
incline_walk_#_down1(
jump_# _fb Forward/backward jumps were performed across force
- = plates where each set (1 forward jump and one backws
jump) was performed 5nhes. Hopping was performed b
jump_#_hop completing 10 hops in place in a row. In vertical jumps,
the participants were instructed to jump for maximum
jump_# _vertical height by bending the_ir knees prio_r to Iift_off. 'I_'his was
completed 5 times. 18Qumps consistd of jumping and
. spnning 180 in the air clockwise and then
jumping Jump_#_180 counterclockwise 5 times. Lateral jumps consisted of
jumping to the side and then back 5 times. Thd @bd
jump_#_lateral 90-2 jumpsconsisedof 90 spins in the airThe90-1
consisedof 5 sets of 4 jumps whetke participat
: jumped90 clockwise and then counterclockwise and th
jump_# 901 . - . .
back with one foot jumping and landing on the same fo
plate. The 9€ jumps consigtd of side jumping with a
jump_# 962 90 clockwise and counterclockwise rotation with both
feet changing force plates.
. : ; These lifting trials consistl of lifting a bag from the side
lift_weight # 25lbd-c and the center with eithéneleft or right hand. Thérials
lift_weight # 25Ibd-I markedl-c and rc are lifts with the weight centered in
- B front of the participant lifting with either the right or left
lift_weight_# 25Ibsr-c | hand. Inthe-l and fr trials, the bag is positioned on the
— B left or right of the participant with the same hand used
lifting lift_weight_# 25Ibsr-r | lift. Each individuallift wasdone 3 timesFirst, the

lift_weight_#_Olbsl-c

lift_weight_# Olbsl-|

lift_weight_# Olbg-c

lift_weight_#_Olbsr-r

participantwasinstructed to lifth n a t u Beadnd they .
wereinstructed to use their opposite leg to counterbala
the weight, and third the participamtaisinstructed to use
mainly their knees for the lift. Theseur trials of 3 lifts
eachwereperformed with d 1.3 kgweight in the bagnd
also withno added weight in the bag.

front lunges

lunges_#

Eachset of lungegonsised of lunging forward with the
right and then left foot, stepping forward, lunging
backward with the right and left foot, and then stepping
back. Participants we instructed to lunge with their kne
almost touching the ground but without making contact
Each participant completed five sets of these lunges
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Table 3 (continued)

side lunges lunges_#_left Each trial cosisedof lunges toward the left or right as
lunges_# _right indicated. Eaclwascompleted 5 times.
This task consisid of walking/sauntering around the forg
meander meander # plates in an aimless fashion with frequent pauses fer 4
- 60 seconds. Thearticipantwas instructed to treat it as if
they were waiting in an informal line.
normal_walk_# & Each of these trials consist of 20 seconds of normal
walk normal_walk_# 12 treadmillwalking at the indicated speed (0.6, 1.2, 1.8 m
normal walk # 18 on level ground.
normal walk # 2 Each of these trials consists of 20 secondseafdmill
run —— running at the speed indicated (2.0 and 2.5 m/s) on lev
normal_walk_#_z25 ground.
For this task, participants wenastructed to shuffle acros
shuffle normal_walk_# _shuffle| the treadmill at 0.4 m/s witlittle knee bend for 20
seconds.
This task consistd of skipping on the split belt treadmill
- . at 1.2 m/s for 20 seconds. Participants were given time
skipping normal_walk_# skip

grow accustomedtskipping on the treadmill before the
20 second recording

obstacle walk

obstacle_walk_#

This task consigd of the participant walking on the
treadmill at 1.0 m/s whilafoam blockwasset on the
treadmill that theyvere instructed tstep overTheblock
was placedn the right side five times and then on the I
side five times.

poses

poses_#

This task consistd of the participant performing a series
of static poses on the force plat&€hese poses include:
standing, standing with legs apart, stamith left/right leg
forward, squat, balance on left/right foot, stand on toes
thrust hips to left/right/forward/backwards, stand with tc
pointing in/out, stand while holdingZdl.3 kgweight out
to left/right, stand with legs far apart laterally/leftle
forward/right leg forward, stand while squeezing/dropp
an imaginary watermelon between knees in order toer
shear forces on the force plates.

push

push_#

In this task, the participants shouldesspushed or pulled
forward or backward so that tiparticipant stepedback
or forward. Thisvasperformed for 345 seconds.

side shuffle

side_shuffle_#

This taskwas similar to a basketball side shuffle drill
where the participant switctideet on the center force
plate as quickly as possible to stiifim the right to the
left and back. Thisvasperformed 5 times.

sit to stand

sit_to_stand_# shert
arm

sit_to_stand_# shert
noarm

sit_to_stand_# tall
noarm

For these tasks, participants were instructed to sit as fg
forward on a shower stool as possible and then stand
and sit down. They did 1&andto-sit-to-standsin each
trial (3 normal, 3 loading their left leg more heavily, 3
loading their right leg more heavily, 3 very slow, and th
3 fas). In the first set (showrm), the participants used t
arm rests to aid in standing. In the second and #eéts
(shortnoarm and tathoarm), theparticipantddid not use
the arm rest. In the first and second sets, the stool heig
was0.46 mand in the third it wa8.53 m
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Table 3 (continued)

squats

squats_# Olbs

squats_# 25llbs

For these tasks, the participants were instructed to squ
with either no additional weight or while holdindLa.3kg

weight. Each trial consists of 5 squats: 3 normal squats
with the left leg nere heavily loaded, and then 1 with thg
right leg more heavily loaded.

stairs

stairs_# # up

stairs_# # down

Participants were instructed to walk up and down the
instrumented stairs and the individual ascents and des
were split into distinct filesThe frst three passesf each
condition (ascent or descent) were at the participants s
selected speed then they were instructed to go slowly f
one circuit and finally quickly for the final circuit. The
stair height for these trials w@s152 m (avaage COM
horizontal speed up: slow 0.23 m/s, normal 0.31 m/s, O
m/s down: slow 0.26 m/s, normal 0.35 m/s, fast 0.52 m

starting
stopping

start_stop_#

Participants were instructed to begin on the force plate
and then walk forwardral off the force plates and then
return and stop on the force plates. They performed thi
task 5 times alternating the startirugpif

step up

step_ups_# left

step_ups_# right

A 0.46 mchair was placed on a force plate and the
participantwas instructed to step up onto ttaair with

the respective leg (left or right) then pause for a momen
and step back down without touching the dangling leg 1
the chair. This was performed 5 times for both left and
right legs

tire run

tire_run_#

For this task, partipants were instructed to step over a
series of six force plates touching their foot to each one
if there weretires surrounding each force plate. Once th¢
reached the end of the set of force plates, they returne
backward performing the same motiomelstarting leg

was alternated between left and rigkiis was completed
a total of 10 times (5 starting with the left leg and 5 with
the right).

tug of war

tug_of war_#

Participants grasped a stick and first pushed and pullec
create shear forces dmetforce plates. The second half
consisted of pushing andlfing on the stick with an

experimenter to move back and forth on the force plate
The total trial time was between-480 seconds.

turns

turn_and_step_# left
turn

turn_and_step_# right
turn

These tasks consisted of stagtfrom standing on the
force plate, turning to one side (left or right) and then
walking off the force plates. This was performed five
times for each direction (left or right); the fitbreewere
at the participants seffelected normal speed, the fthur
was slow, and the final circuit was fdaverage COM
speed slow 0.19 m/s, normal 0.23 m/s, fast 0.29 m/s)

twister

twister_#

For this task, participants moved their leg to the force ¢
called out by the experimenterarspecific pattern similar,
to twister with only their legs.

walk backward

walk_backward_# ®

walk_backward# 08

walk_backward_# -D

The treadmill was set to run backward at the desired s
(0.6, 0.8, 1.0 m/s) and the participant walked backward
20 seconds for each speed.

3.1.2.3 Motion Capture
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Retroreflective markers were placed based on a modified Helen Hayes marker set
[75] including markers on the medial malleoli, medial femoral condyles, greater

trochanters, and posterior superior iliac spiR@re 2 abbreviations detailed in the

dataset).

Marker Placements

[~
=!'<">
."-“'
7
¢
I» 3
CRMTS D

(RrRMTL

Figure 2 - The modified Helen Hayes marker set used for data collection.

Motion capture data were collected at 200(Micon. Ltd., Oxford, UK using 29
cameras overhead and 4 ground cameras. Gaps were filled (with rigid badd fiattern
fill) using an automatic pipeline (max gap length 200 frames) to fill some gaps and then
manual examination was used to verify and fill the remainder. Trajectories were then low

pass filtered (zertag 6 Hz 5th order Butterworth filt¢r5], [79], [98]) before processing



in OpenSim. Subj specific models were based on the OpenSim gait2354 rf&itjel

They were scaled based on anatomical landmarks and subject mass as measured via force
plate data during static trials. During scaling, mass distribution between segments was
preserved and main anatomical landmarks were used for pose positioning (highetst weigh
LASI, RASI, LPSI, RPSI, RKNE, LKNE, RMKNE, LMKNE, LANK, RANK, LMANK,
RMANK, C7; lower weight: LGTR, RGTR, LMT1, LMT5, LCAL, RCAL, RMT1,

RMT5). Sagittal joint angles were required to be withn of O for neutral standing static

trials to verify thatte model matched the humands pose.

3.1.2.4 Ground Reaction Forces

Ground reaction forces were collected with both an instrumented treadmill (Bertec
Corporation, Columbus, Ohio) as well as over ground force plates (Bertec Corporation,
Columbus, Ohio) depending orethask. Force plate data were collected at 1000 Hz and
then low pass filtered (20 Hz 5th order Butterworth dagy99], [100]) and clamped to
zero for forces less than 20 N. Force plates and the treadmill weeraed upon
configuration changes. Forces were split into steps base@ @0 tH threshold (except for
the treadmill trials that included running in which a 50 N threshold was applied due to
higher noise) and then were automatically assigned to their respective feet based on

matching marker and center of pressure data in thmbtmordinate system.

3.1.2.5 Joint Angles and Velocities

The subjeckpecific models were used to calculate inverse kinematics based on
marker data where each marker was weighted equally. In the event of a marker falling off,

a new static calibration was perfaethand then the marker placement on the model was
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shifted to match the new placement without changing the scaling of the skeletal model
(details on specific trials are provided in the dataset). Inverse kinematic calculations within
OpenSim were performed testimate joint angles based on marker positions. The
unfiltered kinematics are provided in the dataset. However, for any further steps such as
inverse dynamics or joint velocities, a filter (6Hz lowpass forwakarse Butterworth

filter) was applied30]. The hip, knee, and ankle velocities were computed from taesfit

inverse kinematics using central finite differenciMpA TL AB6s gr adi ent f un

3.1.2.6 Joint Moments and Powers

Filtered inverse kinematic data were used in conjunction with ground reaction force
data to calculate inverse dynamics. Steps not on the fitates were marked as NaN for
inverse dynamics from heel strike of the first step off the force plates to toe off of the last
step before returning to the force plates. Joint moments were then lowpass filtered using a
forwardreverse 5th order Butterwortfilter with a cutoff frequency of 6Hz. These

moments were then multiplied by the above velocities to compute joint powers.

3.1.2.7 Electromyography

EMG data were collected at 1259 Hz bilaterally (Trigno Avanti Wireless EMG,
Delsys, Natick, MA) and upsampled to 20Biz (default for Delsys digital sensor data
acquisition in Vicon Nexus). EMG data was synched with the motion capture data using
the Delsys trigger module (Delsys, Natick, MA). EMG were recorded from the following
muscles bilaterally: gluteus medius (GMEDgluteus maximus (GMAX), gracilis
(GRAC), biceps femoris (BF), vastus lateralis (VL), rectus femoris (RF), tibialis anterior

(TA), medial gastrocnemius (MGAS). Seniam guidelines were used to determine EMG

35



placemenfl101] and is shown ifrigure3. The location was prepared with alcohotiahen
the sensor was adhered to the skin using double sided adhesive. EMG data are provided as

raw unfiltered data.

(" Real IMU & EMG
B EMG only

HOEMG + IMU

*Gracilis EMG not shown
<« x axis

y axis out of page
\ <« z axis Into page Yy,

A A

IMU: LPelvis IMU: RPelvis
EMG: LGMED EMG: RGMED

J¥3e atX\

IMU: RAThigh IMU: LAThigh ~ EMG: RGMAX EMG: LGMAX
EMG: RRF EMG: LRF wv uy
IMU: LPThigh IMU: RPThigh
EMG: RVL &/ EMG: LVL EMG: LBF EMG: RBF
EMG: RTA EMG: LTA

Figure 3 - The orientations, placement, and axes definitions for physical inertial
measurement units (IMUs) aml surface electromyography sensors (EMGS).

3.1.2.8 Inertial Measurement Units (IMUS)

IMU data (Trigno Avanti Wireless EMG, Delsys, Natick, MA) from experimental
sensors were collected at 148.6 Hz at several locations in combination with EMG (Delsys).
Due to thesalata coming from the same sensor package as the EMG, the system and
automatically upscaled upsampled to 2000Hz to match the EMG data. In the dataset, IMUs

have been downsampled back to 200Hz to better reflect the collection frequency and to
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match the resif the mechanical data. IMUs were collected bilaterally at the same locations
as EMGs on the gluteus medius, biceps femoris, rectus femoris, and tibialis anterior. The

placement for EMGs and actual IMUs is presentdeiguire3.

3.1.2.9 Virtual IMUs

Filtered kinematics in OpenSim were used to calculate transformation matrices to
transform segment positions into global frame coordinates for each individual time step.
Simulated IMUs were positioned on the pelvis, thigh, shank, and foarailgtas shown
in Figure4 with all of the medialateral positions located at the center of their respective

segments.
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Figure 4 - The orientations, placement, and axes definitions for the simulated irnel
measurement units (IMUS).

These above positions in the local frame were converted via the transforms to the
position in the global frame at each time point. Then these positions were differentiated
twice to find acceleration. Gravity was then incldddong the proper axis. The rotational
transformation matrix was again used to find the rate of rotation at each point to calculate

gyroscope measures. This process is outlinedranfied in Molinaroet al.[18].

3.1.2.10Virtual Insoles

These same transformation matrices were inverted and used to convert the global
force plate measures into the foeterence frame. This provides forces with respect to the

foot for both vertical ground reaction force as well as antgrsterior shear and
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mediolateral shear. The center of pressure was calculated in a similar fashion based on the
position of force aplication on the force plate converted to global coordinates and then
transformed to the foot reference frame based on the instantaneous transformation matrix.
This provides an anterigrosterior center of pressure as measured from the back of the

foot anda medielateral center of pressure with respect to the center of the foot.

3.1.3 Data Analysis

3.1.3.1 Task Specific Joint Dynamics

A summary of the biomechanics for several tasks that can be segmented is
presented below ifigure5 while thecomplete set of figures is included directly within
the dataset. Each figure consists of nine subplots with each column representing the three
joints (hip, knee, and ankle) in the sagittal plane and each row representing angle, moment,
and power respectilye Individual subject lines are included in grey while the across
subject average and standard deviation are presented in color. In these figures, hip

extension is positive, knee extension is positive and ankle plantarflexion is positive.
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Figure 5 - Representative biomechanics for a selection of tasks averaged across
participants. Walking at 1.2 m/s (a) and running at 2.5 m/s (b) were segmented by
gait cycle while squats with a 25Ib weight (c) and jumps (d) were segmented by a
pelvis velocity threshold. Figures for all of the tasks and segmentation information
are contained in the dataset.

3.1.3.2 Motion Space Comparison of Cyclic and NGgclic

To visually demonstrate the differences between cyclic angydic domains and
further illustrate the uniqueness of these {ogunlic activities, the data were examined
within the torque and angle regime, thus quantifying both the kinematic and kinetic scope
of this data. Joint torque and angle data over time were combined for three distiottions
activities: 1.Cyclic: the most commonly studied activities consisting of walking on stairs,

ramps, and level ground yclic+: all collected cyclic tasks (including running, backward

40



walking, heel & toe walking, etc.). Blon-cyclic. the 20 norcyclic tasks described above.

A kerneldensity estimatofl02] was therpassed over the data and the largest continuous
contour containing 99.5% of the data across all subjects was created to represent the motion
space in the kinematic (as represented by angle) and kinetic (as represented by torque)

domains. These plots are presenteBigure6 for the hip, knee, and ankle.
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o
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\ m Cyclic
\ Cyclic+
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Figure 6 - Moment angle representation 6the conventional cyclic tasks (level ground,
ramps, and stairs), augmented cyclic (all collected cyclic tasks including the common
cyclic tasks as well as unique cyclic tasks such as backward walking and high knee
walking), and non-cyclic (such as sio-stand and cutting) domains.

This demonstrates that these foyelic activities cover a new domain within both

the kinematic and kinetic regime of human movement specifically for the hip and the knee.

3.1.3.3 Task Specific Torqu&/elocity Requirements

As a separatvisualization to examine specific tasks, a similar approach was taken
to determine the biological torcqawelocity demands for specific tasks. This provides the
biological analog for a torqugpeed curve for electric motors. A% 3.1.3.2 a kernel

density estimator was used to form a continuouspaametric estimate for densi#
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continuous contour for 95% of the data whaentaken to capture the maximum biological
torque and velocity demand for each task. This visuabzakiighlights the required
operating ranges and specifications for designing wearable devices to handle extremes of
human tasksFigure 7 providesan example of several of these plasd the rest are

included within the datasdself.

This visualization highlights how the power requirements of different tasks vary,

thus further emphasizing the differences between the cyclic ardyaba domains.
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Figure 7 - The maximum biological moment and velocity dsmand for walking and
running (a) as well as for a series of the nenyclic, nonlocomotion tasks (b). Figures
for all of the tasks are contained in the dataset.

3.1.4 Technical Validation

3.1.4.1 Data Collection

For data collection, the motion capture cameras wereratdih and verified to be
within an acceptable error prior to data collection. In the case of a marker falling off during
a trial, the marker was replaced and then a new static calibration was perfthmed

specific model that corresponds to each trigdii®en in RawData folder of the dataset)
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EMG6s wer e pl ac SedianaguidebneDi] and tovierdy pladersent, the
signals were visually inspected whilee subject perfored movementdo activate those

muscles.

3.1.4.2 Data Processing

Inverse kinematics marker errors were visually examined to verify thetems
were not mislabeled. Each task was examined to invalidate the inverse dynamics during
segments where the participantés external
Inverse kinematics errors (as measured by the Euclidian distance from the cagptiore
location and the model location) above an 8 cm threshold were examined to determine the
cause and corrected if possible. This is slightly higher than the error during normal gait
analysis thresholfiL03] due to the uniqueness of these activities. This was chosen based
on visual inspection of true marker trajectories that resultéaverse kinematicgrrors
maxing out near 8 cm. The averagetratean squared marker error across tasks and
subjects for this dataset was 1.5 + 0.2 cm. Sensor signals were compared across subjects to
verify that IMU orientations and other signals were consistdm orientation of the IMUs
was verified by comparinghé orientation of the gravity vector across subjects during
standing. Other signals were compared visually across subjects to verify that a single
subject was not an extreme outlier using plotting tools similar to those presehigdrian

5.

3.1.4.3 Comparison to Public Datasets

Many of the tasks included in this dataset are novel and unique tasks, however,

some have been collected and published, specifically for the cyclic data. Comparing our

44



dataset to that of Camargbal.(speeds raging from 0.5 m/s to 1.85 m/s) for level ground
walking, the kinematics and kinetics are similar. For 1.8 m/s, both demonstrate sinusoidal
hip kinematics and torques ranging from ~@bhip flexion to 20 of extension with torque
ranging from 1 Nm/kg ofx@ension to 1 Nm/kg of flexion and hip power peaking around

2 W/kg. Knee kinematics range from 70 of flexion with a double peak and torques
ranging from 0.5 Nm/kg of extension to 0.5 Nm/kg of flexion. Ankle kinematics range
between 200f dorsiflexion to 20 of plantarflexion and torque peaking around 1.5 Nm/kg

of plantarflexion. Comparing to Rezniek al. (1.2 m/s), similar trends can be seen with
the exception of smaller reported hip extension angles. This is similar for running with a
slightly higher knee torque for level ground walkingtims study as well as stairs and

ramps.

Our dataset covers a range of walking speeds similar to previous datasét8 (0.6
compared to 0-8.85 m/g[75] and ~0.281.1 m/s[85] though with less granularity. Our
running speeds were limited to a max speed of 2.5 m/s (compared to a max #5)m/s
because our inclusion criteria did not involve being an active runner. One limitation of our
work is that due to the rigorous nature of our protocol, this study rechetdthy young
ablebodied adults (ranging from age-38 compared to previous larger ranges such as 19

to 67[69]).

3.2 ExoskeletonSensorsand Biomechanicsduring Cyclic and Non-cyclic Activities

3.2.1 Methods

This datasetvas collected over three phases in order to facilitegmodel training

and validationin chapter 5 Over the three phases, a total of 22 dtudied participants
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participated in the study protocol. Participants provided written informed consent to

participate in the study under IRB protocol H21184. In gdmse participantsvore a hip

and knee exoskeleton armmkrformed both cyclic tasks (e.g. walking, running, etc.)

impedancdike tasks (e.g. lunging, squatting, efahd unstructured tasks similar to the

above dataset but categorized as showigare8.
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Figure 8 - Task breakdown of the exoskeleton dataset labeled with groundruth

biomechanics. The 28 tasks were binned into three categories: cyclic, impedaii&e,
and unstructured based on their nomative biomechanics. Additionally, many tasks
contained multiple experimental conditions (66 conditions total).

For the portion of each phase devoted to capturing human biomechanics, the tasks
performed followed those outlineabove.During these tasksetroreflective markers on

both the body and the exoskeleton (based on the marker sedhmefiwere tracked to
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capture human movemeait200 Hz(Vicon Motion SystemsnitedKingdom)and over

ground force plates and an instrumented treadBéitec, OHUSA) were used to capture

the ground reaction forced 1000 Hz. Dudo previous software limitations, two subjects
BT02 and BT03 during phase one were collected at 120Hz and then upsampled to 200Hz.
For the portion of each phase with the exoskeletonhenuser, exoskeleton data was
collected at the operating frequency for the device (~55Hz) and later upsampled to 200Hz.
To sync the exoskeleton data with the motion capture data, participants kicked 3 times with
their rightleg before each task and bef@m@mmanding torque in conditions where the
exoskeleton actuation was on. This was used-pastin anR? minimization algorithm
(fmincon MATLAB) to find optimal timing alignment that best matched the knee encoder

angle with the inverse kinematics resultsKnee joint angle.

3.2.1.1 Phase 1Training Data for a Preliminary Biological Joint Moment Estimator

In phase 1, 10 participants (6 males, 4 females, mean + SD: age = 23.7 £ 2.0 years,
height = 176.3 + 8.7 cm, weight = 76.5 + 13.3 kg) participated in a siaglgmbtocol
centered around collecting exoskeleton data and ground truth human joint moments during
a wide range of tasks. To collect data that most closely matches the characteristics of the
goal system, we designed heuristic controllers (sfilamed andmpedancebased) that
were deployed during their respective tasks. The heuristic control parameters for spline
controllers (8 and 6 points for piecewise cubic Hermite interpolating polynomial splines at
the hip and knee respectively) were based on tiné ppoments from the study above and
applied in real time using a tirEased gait phase estimator using an average of the
previous two strides measured by the insoles. The impedance stiffness was set to a specific

stiffness (5 Nm/rad) which allowed for alf the tasks to be completed without saturating
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the motor commanded torque. Thi-swwago aptpat
machine that only applied torque during stance phase as determined by the pressure insoles.
We collected data with the eskeleton powered on using the appropriate controller for

each task in the cyclic and impedatii&e categories. We also collected all of the activities

(both those for which we created controllers and those we could not) with the exoskeleton
actuation tuned off but while still collecting exoskeleton daBefore beginning data
collection in Phase 2, all of the data from Phase 1 was processed and used to calculate the
actual biological joint moments. Both actuated and unactuated exoskeleton data were used

as inputs with their respective biologicabmentsas labels to train a preliminary biological

moment estimator.

3.2.1.2 Phase 2Additional Training Data foFine Tuning the Biological Joint Moment

Estimator

During Phase 2, 5 participants (4 males, 1 female, meaD: age = 23.4 + 4.9
years, height=171.4 + 7.4 cm, weight = 68.0 £ 12.7 kg) participate in a single day protocol
similar to phase 1. However, during phase 2 the preliminary joint moment estimator was
deployed on the exoskeleton for all of the tasktuiting those which had only previously
been collected without the exoskeleton actuated. For this phase, participants did not
perform tasks with the exoskeleton unactuated. Before beginning Phase 3, all of the data
wereagain processed and used to crelagefinal model trained on all 15 subjects from

both phase 1 and phase 2

3.2.1.3 Phase 3Validation Data for the Biological Joint Moment Estimator
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During Phase 3, 10 participants (7 males, 3 females, mean + SD: age =21.8+ 2.5
years, height=174.8 £ 8.5 cm, gkt = 71.7 £ 10.2 kg) participated in a multly protocol
consisting of wo main sessiong/here motion capture was recordadcuracy testingnd
joint level mechanical work testingA third session for metabolic analysias also
performed no motion cafure data was recorded and thitus not included in the dataset
but the protocois described belowThree participants were repeat participants, two from
Phase 1 and one from phase 2. In order to account for this, we tnaimeeint estimation
models sparately for each of these participants in which their data from the previous phase

was withheld to ensure that each participant was truly novel to the model.

The session focusing on testing the accuracy of the model was performed using the
same protocahs phase 2 where the exoskeleton was actuated for all of the activities while
kinematics from motion capture and kinetics from ground reaction forces were collected

in order to calculate the ground truth joint moments.

The session for testing joint levelechanical work involved collecting kinematic
and kinetic data as above, but the tasks were constrained to facilitate accurate comparison
between conditions. This session was always placed on a day following the accuracy
session to ensure that users wemaiortable with the device. Three conditions were tested
for each task: No Exo, Zero Torque, and Exo On. The order of these conditions was
randomized however, No Exo was always placed either at the beginning or at the end and
all of theNo Exo tasks wereampleted in succession while the Zero Torque and Exo On
conditions alternated based on the random selected starting condition. This was chosen to
minimize dondoff time during the experiment. The tasks for this session are outlined in

Table4. Due to & errorin the exoskeleton data logger during the experimental protocol,
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stair ascent results for one participant and lunging results for one participant were not

included.

Table 4 - Activities for Testing Exokeleton Effects onLower-Limb Biological Joint
Work

Task Speed Description
Participants were instructed to lift a
25Ib weighedbag with both hands. On
the first tone, participants started from
Lift & PlaceWeight 12 lifts per min standing and lifted thkbag to waist
height. They then paused for the secc
tone, at which they set the bag back ¢
the floor and then returned to standing

Participants were instructed to squat
with the 25Ib weight until they barely
touched a plbw resting on a low stool.
Then they returned to standing.

Squat 15 squats per minute

Participants were instructed to lunge
with their right leg forward until their

Lunge 15 lunges per minute left knee barely touched a pillow laid ¢
the ground. Then they returned to
standing.

Participants were instructed to alterna
sitting down and standing up on the
tone without using their arnfer
assistance

Sit & Stand 12 sit & stands per minute

Participants were instructed to step uf
ontoa 46 cm box with their right leg.
On the first tone, participants stepped

Right Leg Step Up 12 step ups per min up with their right leg and paused
standing on one foot. On the second
tone they stepped back down to have
both feet on the ground.

Participan$ were instructed to complet
Stair Ascent Selfselected speed four bouts of walking up a sistep
staircase at their natural walking pace
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Metabolic cost measurements were performed using the Parvo TrueOne metabolic
measurement systeffirueOne 2400, ParvoMedics, UT, USdJring 4 atvities: lifting,
level ground walking at 1.25 m/s, running on level ground at 2.5 m/s, and incline walking
at 1.25 m/s on a°ancline. For lifting, a metronome was set at 10 bpm and participants
were instructed on each tone to use both hands to IBtbak2ttle bell weight off avaist
heightshelf, touch that weight to the floor between their feet and then replace the weight
on the shelf. Three conditions were tested for each actiuiy:On, No Exo, and Exo Off
For lifting, level ground walking, anikhcline walking, participants performed the activity
for six minutes and conditions were tested using a wigfarticipant countebalanced
design (ABCi CBA). The order of the three conditions was randomized; however, within
a given task the No Exo cotidin was placed at either the beginning (A) or the end (C) for
don doff efficiency. The first 3 subjects performed running in the same fashion as the other
tasks. However, due to the strenuous nature of running, we used this data to verify that we
could raluce the time to onl$.5minutes and forgo the countkalanced design. Thus, the
final 6 subjects only performed.5-minute running tests for each condition without the
counterbalanced design (ABC). Results for all metabolic cost measurements aredeport
based on an average of instantaneous metabolic cost (as calculated with the Brockway

eqguation) for the finahreeminutes of each activity.

Metabolic cost for the variable speed and incline analysis was assessed in the same
way using a countebalanceddesign and-minute tests. Users walked and ran on the
treadmill while a predefined speed and incline trajectory was played on the treadmill.
Speeds ranged from 0i61.5 m/s for walking and 2.0, 2.25, and 2.5 m/s for running.

Inclines ranged from 0° tab?.

51



3.2.1.4 Data Processing and Biomechanical Modeling

To calculate the ground truth net joint moments, the same processing approach from
Scherpereel et. al was followed with marker trajectories being cleaned, labeled, filtered;
ground reaction forces filtered @assigned to the proper foot; and then all data formatted
for use in OpenSim to calculate inverse kinematics and inverse dynamics for the lower
limbs[30], [31]. The OpenSim gait2354 model was used as the base model for each subject
specific skeleton. To model the participant in the exoskeleton, theSbpaenodel was
first scaled based on a biological static pose and biologigight without the exoskeleton
so that segment masses and sizes were as accurate as possible. To model the exoskeleton,
cylindrical masses were placed on the shank and femur segments at the appropriate
locations to match the motors on the exoskeletonnidss of these modeled actuators was
0.485 kg and was held constant across participants. The additional mass ofkete¢xo
aside from the actuators was added to the model torso segment since that weight is
primarily contributed by the exoskeleton bpakk. Finally, the markers were adjusted
based on a static pose with the participant wearing the exoskeleton. Inverse kinematics and
inverse dynamics were then performadd marker inverse kinematics errors were again

verified to be below the 0.08 m thhedd as above.

To calculate joint powers and biological moment, the exoskeleton measured current
was converted to a torque value and then the torque necessary to achieve the measured
motor dynamics were used to calculate the exoskeleton interaction eperenced by
the user. This exoskeleton interaction torque could then be subtracted from the net moment
to find the biological moment. This was then used in conjunetitimthe filtered inverse

kinematics angular velocities of each respective jointaimpute the biological power
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produced by the user. Positive mechanical work was then computed as the integral of the

positive regions of this power curve.

3.2.2 Data Analysis

3.2.2.1 Lower-Limb KinematicEffects from Wearing the Exoskeleton

To understand the potentialnematic impact of wearing the exoskeleton, we
compared the joint angles at the hip, knee, and ankle under three conditions (Exo On, No
Exo, and Zero Torque) during the six joint work taaksshown irFigure9. As explained
in Table4, environmental factors, such as squat depth and timing were controlled across
conditions, allowing a fair comparison between the kinematics. These results demonstrate
that there is very little difference between the kinersatiben wearing the exoskeleton
(assistancen orzero torqugand not wearing the exoskeleton. Even though we controlled
each task with a metronome, some tasks (like squatting, lunges, and step ups) have greater
variability in the exact timing of the taskthin each individual condition (as shown by the
higher standard deviation); however, across conditions the average kinematics still follow
the same profile. These results indicate that the exoskeleton was able to achieve
transparency with respect to tdesired range of motion of the participant, while still
providing enough assistance to significantly reduce the positivedawebiological joint
work. This also confirms the validity of the joint work analysis by demonstrating that the
improvements seewith the exoskeleton assistance are not primarily coming from a change
in the way participants performed the tasks; however, we do note that upper body

kinematics were not measured or investigated.
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Figure 9 - Lower limb joint a ngle comparison during joint work activities. Hip (a),
knee ), and ankle €) angles are shown for three conditions: wearing the exoskeleton
using the taskagnostic controller (Exo On), without wearing the exoskeleton (No
Exo0), andwhile wearing the exoskleton without assistance (Zero Torque). The solid
lines represent the subjectaverage joint angle and the shaded fill represents the
standard deviation.

3.3 Conclusion

These two datasets form the most task diverse-eperce datasets in literature.
This isa vital contribution to the field because it enalil@snechanical insights into the
unique and diverse aspects of human movement beyond typical locombfiariher
allows comparison between human movement witd aithout an exoskeleton and

provides waluable training and testing data for futoesearctwith datadriven models
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CHAPTER 4. IMPROVING BIOLOGICAL JOINT MOMENT
ESTIMATION DURING REAL-WORLD TASKS WITH EMG

AND INSTRUMENTED INSOLES

4.1 Introduction

Accurate estimation of human joint moments using wearaleosss could provide
a useful signal for health monitori@04], [105] and exoskeleton contr¢l8], [106]
during realworld activities. The gold standard approach to quantify joint moment is
through inverse dynamics enabled by optical motion capture agbumd force plates
[107]. However, these systems are not accessible outside of the lab; thus, recent efforts
have explored methods for sating joint moments directly from wearable sensors. Three
main categories of approaches have emerged as possible wearable alternatives: analytical
models driven by inertial measurement units (IMUs) and instrumented ind@l8k
electromyography (EMG{Iriven modelg109], and machine learning dadisiven models
[108], [110] Deep learning methods have shown great promise in accurately estimating
joint moments with a limited sensor suite of kinematic sengd@}p [111] and do not
require the same assumptions entailed by analytical auetfi08]. However, this
approach, as well as its alternatives, have mostly been tested during limited tasks such as
walking and running or on a few individual alternate tgd4i3]. The question remains

whether these approaches will be viable on highly dynamic, constantly changing tasks.

The machine learning biological moment estimation approach haseatigl

weakness in these unique royclic activities. Most of the current approaches use only
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kinematic sensor inputs such as joint angles and IMBJs [110]. However, changes in a
personbs kinematics do not di rsaspgetigflyimpr edi c
theseunique activities because similar kinematic patterns do not necessarily result in
similar kinetic patterns. Although studies have shown promising results in estimating
ground reaction forces directly from kinematic sensors during standard cyclic activities
[111], [112] these relationships may not hold in the same way during unusual cyclic and
noncyclic tasks as shown iRigure 10 [96]. Thus, a kinematibased machine learning

model is potentially lacking distinguishing information for tasks with similar kinematics

but differingmomentsor vice versa.
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Figure 10 - Several noncyclic tasks that demonstrate similar kinematic profiles but
different kinetic profiles at the hip and knee. The curves are subject average profiles.

To add this missing information, there are two potential avenues inspired by both
the current musculoskeletal modelinghriques and the alternate approaches to moment
estimation. The inverse approach uses ground reaction forces traced up the kinematic chain

to the joint of interest to estimate joint moments. This line of reasoning has given rise to
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the gold standard of imvse dynamicg§107] and the analytical models for moment
estimation. The forward approach notes thetdamentally muscle activations lead to
muscle forces which are ultimately responsible for the resulting torque exerted on the joint.
This line of thinking has inspired EM@riven modeling techniqug$13], [114] Although
current reatime wearable systems cannot directly measure 3D ground reaction[&fites

or muscle forces and activati@®3], the substitute wearable sensors, pressure insoles and

EMG, have the potential to provide insight into kinetic chamgé&siman movement.

Pressure insoles estimate the vertical ground reaction force (VGRF) and center of
pressure (COP) within the reference frame of the[fild]. Pressure insoldsave recently
grown in popularity for wearable robotic technolodig$6], specifically for discrete gait
event detection and even locomotion mode reitmon [117]. More recently, analytical
methods for moment estimation have used continuous signals from insoles as a surrogate
for force plates, but their success is vafElB]. Only a few studies have examined insoles
in machine learning approaches, two &stimating internal loadinfL19], [120] and a
single study using VGRF as an input in hip moment estimation for a single treadmill
walking speed121]. An analysis of the benefits of insoles on deep learning moment

estimation has yet to be explored.

Electromyography (EMG) tsathe capacity to encode information about muscle
activation, which relates to muscle forces and thereby joint moments. Thus, information
from surface EMG signals could provide a machine learning model with the ability to
distinguish between situations whdhe mapping between kinematics and kinetics may be
highly nondeterministic. EMG inputs in deep learning models have conventionally been

used for gesture recognition on upper limbs, but have also been beneficial for angle and
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force/torque estimatiof122]. On upper limbs, various types of neural networks have been

used to estimate forces at the wfis23] as well as multdegreeof-freedom torques at the

wrist [124]. Work on lower limbs has included using deep learning for estimatigaiof

events with EMJ125] as well as several attempts to estimate biological moments with

EMG and neural networK426], [127], [128] I n 2008, Hahn and OO06Ke
network with EMG, kinematics, and other subject information as inputs to estimate lower

limb joint momentg126]. More recent studies have used EMG as well as kinematics to
estimate ankle momen[&27] and all three lowelimb joints [128] using deep learning

models. The benefits and feasibility of estimating biological moment during unigue non

cyclic tasks has yet to be examined and a direct comparison of the benefits of EMG over

kinematic sensors@he has yet to be performed.

In this chapter, a deep learning joint moment estimation approach was used to
estimate joint moments in both common, tirepeatable cyclic activities as well as unique
nortcyclic activities. Using subject dependent modelsanalyzed the benefits of adding
EMG, simulated instrumented insoles, and both as compared to a purely kinematic sensor
baseline. Sensors were chosen to replicate those most accessible to two devices: a hip
exoskeleton and a knee exoskeleton, and the assdgoint moment was selected as the
appropriate estimation label. Our main hypothesis was that EMG and simulated insoles,
both individually and together, would improve joint moment estimation ofoleftasks
as compared to the kinemataly baselineThis is due to the additional information that
these sensors provide to distinguish between tasks with similar kinematics but different
moments Our secondary hypothesis was that the benefit of adding these sensors would be

higher for the unique neayclic activities over the cyclic activities. Because the model
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architecture received time history information, we expect that the cyclic tasks will be easier

to model without additional information from EMG or simulated insoles than the non

cyclic activities.
4.2 Methods

This study utilized a temporal convolutional network (TGMNJ] in concert with
different sensor inputs (EMG, virtual insoles) to create models that estimate joint moments
based on wearable sensor data. This allowed a rigorous examination of the benefits of
including EMG, instrumented insoles, or both in estimating joint momentsifpue tasks.

Due to the lefiout-task training approach, our results represent the expected benefit during

truly novel tasks. Our experimental approach is outlindélgnre11.

Sensor Inputs Deep Learning
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Figure 11 - Overview of aur approach for estimating biological joint moments on a
task independent basis. Wearable signals were collected over many differéasks of

daily living and then used as inputs to a temporal convolutional network (TCN) to
estimate biological moment.

4.2.1 Network Architecture

The network was designed based on the TCN introduced bst Bhi[129]. This

model architecture was chosen based on its ability to incorporate significant time history
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informationwithout excessive model complexity, as well as previous data demonstrating
its ability to accurately predict biological momefi8]. Inputs to the model are sequences

of time-history data where the length of time history is determined by the kernel size for
the convolutional layers as well as the depth of the network. Dilated causal ¢mm/au

used to increase the size of the input time series. The kernel size for the convolutional
layers was set to four, and we chose a depth of five layers. Each layer consisted of a set of
two convolutions with weight normalization and rectified lineait (ReLU) activation
functions with a dropout term to avoid overfitting. Each hidden layer consisted of fifty
nodes. This particular architecture represents an effective time history of 0.93s given a
200Hz sampling rate. The details of the generic TGiditacture are included in Bat al.

[129]. The depth, kernel size, learning rate, and dropout are parameters that were set based
on previous testing with this network for estimating hip moments fsarely mechanical
sensors[18]. This network architecture employed iewvel sensorfusion where
information from the various sensor modalities (EMGs, joint angles, IMUs, and virtual

insoles) were allowed to influence each other from the beginning of the network.

Inputs consisted of only the sensors relevant to the specific exoskelgioor (
knee). For a sensor suite simulating a knee exoskeleton, the baseline kinematic sensors
included knee angle, knee velocity, a shank IMU, and a thigh IMU similar tet.ak
[130]. EMG inputs consisted of four channels of EMG from knee spanning muscles: vastus
lateralis (VL), rectus femoris (RF), biceps femoris (BF), and medial gastrocnemius (MG).
For a system simulating a hip exoskeleton, the baseline kinematic sensors itgpuded
angle, hip velocity, a thigh IMU and a pelvis IMU inspired by a combination of research

devices[16], [131]. EMG inputs consisted of four channels of EMG from hip spanning
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muscles: rectus femoris (RF), gluteus medius (GMed), gluteus maximus (GMax), and
biceps femoris (BF). For both analyses, virtual insoles consisted of vVGRF in the frame o
the foot as well as COP for both the anteroposterior and mediolateral directions. This is

summarized irFigurel2.

/~ HipSensors \ " Knee Sensors "\

Kinematics Kinematics
Hip Angle O Knee Angle
Hip Velocity ) L Knee Velocity
EMG EMG
RF  GMed VL BF
1
\_BF  GMax Y AL RF MG/

Insoles VGRF cop,, COP

ML

Figure 12 - Detailed view of sensors and locations used as inputs to the model. Angles
were computed using motion capture trajectories and wearable sensors were placed
for the surface electromyography (EMGs) and the inertial measurement units
(IMUs). Dotted sensor symbols indicate the posterior side. Insoles were simulated
based on verticalground reaction force (VGRF) and center of pressure (mediolateral:
COPML and anterior -posterior: COPAP) transformed from the force plate to the
reference frame of the foot. EMG sensors for the hip included: rectus femoris (RF),
gluteus medius (GMed), bicps femoris (BF), and gluteus maximus (GMax). For the
knee, BF and RF were again used as well as the vastus lateralis (VL), and medial
gastrocnemius (MG).

Training was performed in midiatches for 15 epochs. To choose this number, we
trained models similaio those presented here (subjéependent models with kinematic
sensors to estimate knee joint moment) with a completely separate fE§4&6], [77],

[78] to determine the average point at which the models stopped improving. Model weights

were initialized to random values. Mean squared error was used for the loss function.
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4.2.2 Data Oveniew

The data used in thigudycomes from thelatasetlelineated in chapt&:.1without

an exoskeleton.

The mocap joint anglesV{CON, UK), IMUs (Avanti Wireless EMG, Delsys,
Natick, MA), and virtual insole dataBertec Corpaation, Columbus, Ohjofrom the
dataset at 200Hz were fed directly into the model (Angles: rad, velocity: rad/s, IMU data:
Accel Gs Gyro rad/s, Insoles: Force N/kg COP m). For EMG processing, the raw EMG
signal was centered by subtracting the mean, theddass filtered between 30 and 300
Hz using a 4th order forwangverse Butterworth filter. Then the signal was rectified and
lowpass filtered at 6Hz with anothethdorder forwardreverse ButterwortHilter. This
envelope was then downsampled to matchfteguency of the rest of the mechanical
sensors (200 Hz). We scaled the magnitude of the EMG envelope to be similar to the
magnitudes of the other input signals by changing the units (constant scaling factor of
10,000) because we chose not to use featmmalization in keeping with Molinaret al.

[18]. This was performed for each chanoEEMG. Other additional EMG features such

as EMG frequency features (short time Fourier transform analysis and wavelet analysis)
were tested, but no substantial improvement in estimation error was obtained so these were
not included in the finanalysesLabels for the model were joint moments calculated with
inverse dynamics based on kinematics from motion capture, ground reaction forces from
in-ground and treadmill force plates, and a subject specific model created in OpenSim
(chapter3.1.2. The joint moments were scaled by subject mass (Nm/kg) to allow easier

comparison across participants.
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To increase the data available for training the model, the left leg data were mirrored
to match the coordinate system of the right édlgwing a single leg model that can be
trained and tested on both legs. This strategy has been used for kinematic[§82%ors
To verify that we could use a similar strategy for EMG, we ran a direct comparison between
models trained separately for the left and right leg and models trained withidgidtand
left leg data. We found that training with combined right and left leg EMG did not decrease

performance of the estimator.

4.2.3 Model Training/Testing and Evaluation

To train and test these models, a leame-groupout crossfold validation was
performed. Groups of trials were left out such as walking (at three speeds), running (for
two speeds), sitting (two chair heights), declined walking (two inclination angles), etc.
Training was then performed on all of the hldasks for the given subjecticithe model
was used to predict the torques of the-teft group of tasks. This was then folded across
all of the task groups and performed individually for each subject to yield the final results.
To evaluate the model 6s tppproaches, nodmearesquaredd ¢ o r
error (RMSE) was calculated between the gretrath joint moment labels and the
estimated labels to demonstrate the overall performance of the model. To further evaluate
how well the shape of the estimate matched the grtutidl moment, Rwas calculated
based on a best fit line between the ground truth joint moment and the estimate for each
participant and task group (e.g. walk) as a whole (subtasks within each task such as walking
speeds are combined before computinghglsibest fit line). Mean absolute error (MAE)
at peak joint moments was also examined. These were then compared between models and

across subjects to establish the benefits of the different approaches.
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While this examination of lefbuttask performance rpvides a rigorous
comparison of the impact of sensor additions, the question remains whether all of these
tasks are necessary to achieve the observed accuracy and if not, which tasks are the most
important to include when generalizing to left out tasks.afhswer these questions, a
forward task selection algorithm was used to sequentially select the most important task
for i mproving the model 6s ability to gener
task, a model was trained using each irdinal task from each participant as the training
set and then testing on the rest of the tasks for that participant. The task that produced the
lowest moment estimation RMSE on the rest of the tasks across participants was selected.
After this initial iterdion, the following tasks were selected by sequentially testing each of
the remaining tasks (those not chosen yet) and choosing the specific task that, when added
to the training set, resulted in the greatest reduction in RMSE for the rest of the remaining
tasks as compared to not including that specific task. This was performed for the sensor

case that included all sensor types (kinematics, EMG, and insoles).

Statistics across different sensor input types and task types (cyclic and noncyclic)
were computedising a tweway repeated measures analysis of variance (ANOVA) test
with a significance | evel of U = 0.05. Pal
combinations and task types were the independent variables. Moment estimation RMSE
was the dependemariable and was first averaged across trials within the same task group
and same participant and then averaged across task groups within the same participant.
This means that we compare a single value per participant per sensor set. To further explore
these effects, we ran separate simple main effectwalye ANOVAs for each task

delineation (all, cyclic, and netyclic) at each joint (hip and knee) to compare the four
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sensor combinations (kinematics, kinematics + EMG, kinematics + insoles, kinematics +
EMG + insoles). To parse out pairwise differences between different sensor additions, we
applied paired-tests with Bonferroni correction for the six possible comparisons. On each
individual task, we ran comparisons between sensor combinations. Duentarber of
comparisons, we controlled the false discovery rate (q < 0.05) using the method proposed
by Benjamini & Hochberd133]. This test controls for both the comparison of sensors
within task and its use across tasks. To test the second hypothesis, the difference in RMSE
with respect to the kinematic baseline was computed for each task and sensor addition
within each subjecteguationl).

YO "YOQQQQI {Q@ &HiQé | )

YO YO

The difference was then averagagbaratly across cyclic and neayclic tasks within each
subject. The reduction in RMSE for cyclic and raytlic activities was compared with a
paired ttest for each sensor combination. This tested whether adding additional sensors
showed more benefit during moyclic tasks than cyclic tasks. All statistical analyses were

performed in MATLAB (MathWorks, Natick, MA)

4.3 Results

Our twoway ANOVA across sensor additions and task types (with subjects as a
fixed effect) revealed statistically significant decreases MSE from adding different
sensor inputs in the deep learning model for both the hip (F=91.70, dfM=3, dfE=33, p <

0.01) and knee (F=204.64, dfM=3, dfE=33, p < 0.01). It also revealed a statistically
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significant difference between cyclic and roytlic tasksat both the hip (F=32.49, dfM=1,
dfE=11, p < 0.01) and knee (F=34.51, dfM=1, dfE=11, p < 0.01) and a significant
interaction effect between sensors and task type at both the hip (F=45.43, dfM=3, dfE=33,
p < 0.01) and knee (F=16.49, dfM=3, dfE=33, p < D.@ecause of these significant
effects, we further explored these differences with simple main effects ANOVAs across
sensor additions for different task types (all, cyclic, andayatic) each of which showed
statistical significance at both the hip akmee (p < 0.01). These were followed up by
pairwise multiple comparisons tests as showRigure 13a&b. When comparing results
across all tasks, the models with EMG (Hip RMSE: 0.233 Nm/kg, Knee RMSE: 0.154
Nm/kg), simulated inses (Hip RMSE: 0.219 Nm/kg, Knee RMSE: 0.146 Nm/kg), and
EMG + insoles (Hip RMSE: 0.189 Nm/kg, Knee RMSE: 0.130 Nm/kg) all showed
statistically significant reductions in joint moment estimation error as compared to the
kinematic baseline (Hip RMSE: 0.280 Nkg, Knee RMSE: 0.221 Nm/kg). This was also
the case when broken down between cyclic andaystic tasks. Similar results can be
seen for Rin Figure13c&d where an increase irhdicates a better match between the
shape of th estimate and the shape of the ground truth moment. Again,veaywvANOVA
revealed statistically significant effects for sensdtgp( F=99.26, dfM=3, dfE=33, p <
0.01;Knee: F=215.27, dfM=3, dfE=33, p < 0.01), taski( F=9.04, dfM=1, dfE=11, p

= 0.012; Knee: F=15.84, dfM=1, dfE=11, p < 0.01), and the interaction effeigt: (
F=35.60, dfM=3, dfE=33, p < 0.0Knee: F=21.79, dfM=3, dfE=33, p < 0.01) with
significant simple main effects ANOVAs (p < 0.01). Across all tasKssignificantly
increased wheadding EMG (Hip R: 0.68, Knee R 0.81), insoles (Hip R 0.69, Knee

R2 0.83), and both EMG and insoles (Hip: R.76, Knee R 0.86) as compared to the
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kinematic only baseline (Hip?R0.56, Knee R 0.62). This also held when separated into
cyclic andnon-cyclic tasks. Across task groups, models with EMG + insoles had lower
estimation error and a highef ®alue than models with either EMG or insoles individually

(p <0.01). When broken down into cyclic and reyelic tasks, this held for the nanyclic

tasks (p < 0.01), but not in cyclic task RMSE at the kneé at &ther joint. No statistically
significant difference was detected between adding EMG versus adding insoles across all
tasks. However, when broken down by cyclic and-agelic, there wasa detectable
difference in RMSE between adding EMG and insoles at the hip duringyotio tasks

and in R at the knee for cyclic activities (p < 0.05), both favoring insoles over EMG.
However, the opposite can be seen favoring EMG over insoles’ fartRe hip. Similar

results are shown iAppendix Afor mean absolute error at the peak joint moments.
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Figure 13 - Summary of results from comparing different sensor inputs in a deep
learning model for joint moment estimation. Hip(a) and knee (b) moment estimation
errors (RMSE) across sensor additions are presented for all of the tasks and then
broken down into cyclic and noncyclic tasks. The corresponding Rvalue for the hip
(c) and knee (d) are also shown. Error bars represerihe standard deviation across
the 12 subjects.

The results for specific task groups for both the hip and knee are sh&guial4
broken into cyclic and neayclic tasks to show the performance differences on each
specific taskgroup. Performance on different task groups varies significantly based on the
complexity of the task, but more of the Royclic tasks demonstrate statistically significant
differences based on sensor additions than the cyclic tasks. Changes relatiemadiks

for each individual task are providedAppendix A
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Figure 14 - Results broken down by task groups for the hip (a) and the knee (b). This
is shown based on the performance for each left out task from a model trained tre
other tasks. Lines above the bars show the standard deviation across the 12 subjects.
Statistically significant comparisons as determined by controlling the false rate of
discovery are indicated with colored bars above each task

The results from theeduction in RMSE of noncyclic versus cyclic tasks are shown
in Figure 15. All three additional sensor combinations showed a statistically significant
improvement in the noncyclic activities as compared to the cyclic activitidsotb hip

and knee (p < 0.01).
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Figure 15 - RMSE difference relative to the kinematic baseline for each sensor
addition during non-cyclic tasks and cyclic tasks for the hip (a) and the knee (b).
Error bars represent standard devation across the 12 subjects. Asterisks indicate
statistical significance.

Task selection optimization results are presentefignre 16a&b for the hip and
knee. The performance of kinemati&MG + insole models trained with ti@sks up to
that iteration are subtracted from the corresponding participant and task results presented
in Figurel4. Thus, zero represents performance equivalent to the performandeidume
13 and Figure 14 with many fewer tasks in the training set. At the hip, RMSE drops to
within 5% of the RMSE of the average lefiit-task accuracy for this sensor set in the first
9 tasks and for the knee this occurs within the first 11staSksimilar result can be seen

for R? in Figure16¢&d.
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Figure 16 - Task optimization performance compared to the corresponding leave one
task out performance are shown in terms of moment estimation errdRMSE) for the

and insoles. Error bars wereomitted

EMG,

hip (a) and the knee (b) and also in terms of Rfor the hip (c) and knee (d). Each
datapoint represents the average performance on a given task group across all 12

participants when including kinematics

for visual clarity.

4.4 Discussion

As hypothesized, adding kinetic sensor information in the form of EMG or insoles

This

significantly aided in estimating joint moments using a deep learning model.

contributes a formal comparison of these unique semsaolalities that has not yet been

explored, and it expands joint moment estimation to uniquecyolit activities where we

show that these additional sensor inputs are more essential.
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In general, EMG or insoles added additional information that improvedem
performance. For RMSE during nayclic tasks at the hip and?®luring cyclic tasks at
the knee there are statistical differembetween adding only EMG versus adding only
insoles. This indicates that either the EMG added less relevant informatitesertasks
at that joint compared to the insoles or that the EMG information could not be utilized as
well without the added information from the insoles. The opposite can be seen for the hip
R? during cyclic tasks. This contrasts with our assumption phaximal joints would
benefit less from insoles given that ground reaction forces must be traced farther up the
kinematic chain, and unmeasured shear forces have a larger effective moment arm. The
counterintuitive result for RMSE at the hip may be duth&ofact that fewer EMGs were
available for direct sagittal plane actuation at the hip and the only accessible hip flexor
muscle (rectus femoris) is a biarticular muscle where placement may play a role in which

action (hip flexion or knee extension) igotared more clearly in the signdl34].

Including both EMG and insoles compared to either on their own showed significant
benefits overall, buthis difference was more substantial in the-ngdlic activities than
the cyclic activities. This demonstrates that the information provided by these modalities
is unique, though they may contain some overlapping information. The lack of significance
for some comparisons during cyclic activities may reflect that the model cannot benefit
from this additional information due to the repeatable nature of the activity. Thus, the time
history embedded in the model architecture may provide enough informasoouately

predict moments without the need for as much additional information.

The taskby-task breakdown demonstrates that more statistically significant

differences are detectible in the royclic tasks than in the cyclic tasks. This may be due
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to thefact that these activities lie more often on the extremes of the sensor input ranges.
Thus, when left out of training, these tasks require the model to extrapolate to new unique
conditions which may be easier with more information. Particularly at thehH@pmost
commonly heretofore tested tasks like walking, running, stairs, and ramps do not show
significant improvements with additional sensing while the less commonly tested cyclic
and norcyclic activities do. This may explain the lack of apparent fieteincluding

EMG at the hip and knee in Camargfoal.[128].

Differences between cyclic and noyclic activities are hinted at in the previous
analyses but to furthetucidate this effect, we compared the relative improvement of these
sensor additions from negyclic to cyclic tasks. In all cases, adding additional sensors had
a statistically larger reduction in moment estimation error during theydit activities
than during cyclic activities. This is most likely due to the inherently more challenging
nature of norcyclic tasks as highlighted by the similar kinematics but different kinetics

shown inFigurel0.

The task optimization resultemonstrate that while the above analyses used 27 tasks
as the training set and then evaluated performance on tuiteétsk, similar performance
can be achieved with only ~10 tasks in the training set. Also, although the ordering differs,
seven out ofhe first ten tasks are shared between the hip and the knee optimizations. These
results indicate that this moment estimation approach could be feasible ftimesal
implementation while promising a small subset of tasks necessary for task generalization
Again, noncyclic tasks are more highly represented in the most important tasks than are

the cyclic tasks.
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A direct comparison to current joint estimation models is difficult because this study
explores subject dependent models trained on many unidieeitaa leftout-task group
manner whereas other studies examine small subsets of tasks with subject independent
models and without full task withholding. However, it is useful to note that even with tasks
completely withheld and the requirement that tluelel generalize to a wide range of tasks,
the accuracy of the models presented here is in line with other studies examining joint
moment estimation. Molinaret al.reported hip moment estimation errors of 0.13 Nm/kg
for walking, rampsand stairs with slilgt increases due to left out slopes and spE]s
This is slightly better than therleématic baseline presented here perhaps due to our training
paradigm leaving out the entire walking group at once and using a subject dependent model
with much less training data. Our results for walking (0.070 range normalized RMSE for
the hip and 0.063of the knee) are also slightly above Hossial. who included more
sensor$l111] but lower than Mundét al.[135]. Thus, our performance on cyclic tasks has
similar error magnitudes to previous studies that do this without generalizing to new tasks.
For the norcyclic tasks, only a few papers have examined tasks that could barsbutl
the ranges are again comparable. Chaadtaal. presented knee extension moment
estimation during jumping of 0.028 (normalized to BW*HT) for an independent model
with only thigh IMUs[136] whereas our results for a similar activity are lower at 0.0143
but with both thigh and shank IMUs. Thus, while our model can estimate many more tasks
than previous deep learning approaches, it still maintains comparable accuracyléor si
activities, showing the great extensibility of deep learning. Beyond comparisons to deep
learning approaches, our results can be compared to both analytical andiri&iG

approaches with similar restrictions as above prohibiting a direct comparsoompare
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to analytical models, Wargt al. present results using IMUs and instrumented insoles for
several cyclic and neayclic activities. Across subjects their error was 0.37 Nm/kg at the
knee and 0.85 Nm/kg at the hip which are much higher thaa giresented here even with

only kinematic sensoffd18]. To compare to EM&lriven models, Sartoet al. reported

their lowest errors of 23.75 Nm at the knee and 26.06 Nm at the hip for the stance phase of
walking, sidestepping, crosstepping, and running combingB7]. Although there is no

direct comprison, our results averaged across running and walking for the entire gait cycle
are 17.9 Nm for the hip and 12.0 Nm for the knee with kinematics and EMG. These results
demonstrate that the key contributions from our analyses rest upon baseline rassfitts th

well within the current literature.

There are several limitations of this work. First, these models are subject dependent
due to the nature of EMG as a very subject specific signal. Future work could explore the
usefulness of EMG in independenttgyas but this was beyond the scope of this work and
likely would still necessitate some subject specific data incorporated through adaptive or
transfer learning approachid$88], [139] Second, although the IMUs and EMGs were real
sensors, the insole portion of this analysis was run with simulated insoles. This means that
these results represent the best possible case for the benefit of instrumented inseles. Real
time studies wh physical insoles may reveal that the current siitbe-art sensors may
not provide as much benefit as shown here. To maintain as fair a comparison as possible,
we also present the besise EMG results by using neausal filtering techniques. Real
time estimation would require causal filtering techniques which may result in a slight
decrease in performance, but that decrease can be mitigated by optimizing the filtering

strategy. Third, if this strategy were applied to exoskeleton control, chanijasnmatics
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and possible interaction noise in sensor signals could have an impact on model

performance.

45 Conclusion

This chapter demonstrates that EMG and insoles can provide highly useful
information in estimating joint moments for wearable systems. Whédg show some
benefit in normal cyclic activities like walking and running, the situations where these
additional sensors become highly important is during uniquecgolic activities where
the relationship between kinematics and kinetics may be highigieterministic. This
study provides pivotal information for device designers choosing sensor inputs for both
wearable robotic devices and health monitoring devices. This study also provides another
step to encourage scientists in these fields to begindest more activities than just the
conventional gait lab activities in order to advance technologies that can be deployed in

realworld scenarios.
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CHAPTER 5. TASK-AGNOSTIC EXOSKE LETON CONTROL THROUG H DEEP

LEARNING MODELS OF P HYSIOLOGICAL STATE

This chapter coversork from ajoint collaboration betweeneand another former
Ph.D. studentDr. Dean Molinaro We cafirst authored our publication, but the following
text was adapted from an initial draft written by myself aatso laid outthesefigures.
My other contributions included processing all of the biomechanical data from marker
trajectories to ground truth momertdurating the opesource dataconstructing the
average biomechanical curves for implementing dastcase baseline methqd
segmenting both graw truth and exoskeleton data by cycles, strides, and activities;
performing the novel task analysidesigning, implementing, arehalyzingthe varying
speed and incline metabolic telgtading participant scheduling and collectioralbiof the
data; andhelping to design the experimental protocol and make decisions about the

controller implementation.

5.1 Introduction

Exoskeletons have transformative potential to improve mobility and enhance
performance for users spanning the age and mobility sgégtfd4], [25], [140], [141],
[142], [143], [144], [145], [146], [147] Recent work has highlightethe ability of
exoskeletons to augment user performance by redueatgbolic cost during long bouts
of walking and runningl], [25] and demonstrated positive user outcomes for a#sis
encountered during everyday |i{#6], [147]. Despitethis success, very few exoskeletons
have been deployed in the reabrld and this stems from a fundamental dichotomy

between the way exoskeletons function and-weald human movement. Human
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movement is sporadic and dynamic. We constantly shift between [@kksd many
actvities of daily life lack the structure necessary for clear categorization. However,
exoskeletortontrolhasfocused on continuous and structured activities. Most exoskeleton
controllers have been designed aroarsihgle activiy [15], [28], [148], [149]or at most

a few different activitie§24], [25], and most studies are assessed on long bouts of a single
movemen{l]. Thus, there is a gap between movement in daily life and the current state of

exoskeletorcontrol

The fundamental inability of exoskeletons to handle these tasks lies in the nature of
exoskeleton control. Current exoskeleton conttiaéory breaks down control into a
hierarchical structure. The first stage focuses on broad task classifiers that categorize
human activities and state estimators that categorize pertinent environmentaleetails
slope or stair height) as well as how the human is interacting with the environment (e.g.
gait speed and gait phase). Then based@adhivityclassification andhestate estimates,
highly-tuned time or angle dependent equatispecific to eachtask are applied to
generate a desired torque trajectory. This is then realized for the user withlevébw
controller. However, as new tas#ire added, not only does the classifier need to become
more sophisticated to accurately classify the growinglrer of activities, but the number
of monitoredstate estimateseededto describe the motion also increase. To further
compound this problem, many human movements do not fall into clean task categories
and realworld deployment requires an ability to I completely novel tasks that a
controls engineer may not have foreseen. This means that the curremuf-shatart
control framework cannot handle the sheer number of different tasks encompassed by

human movement nor the unstructured nature of mathoset tasks.
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Recent work has shown that instead of parameterizing control by variables external
to the person (as described above), it may be possible to parameterize control based on
internal physiological state, specifically biological mom&many ofthe afore mentioned
approaches havevenutilized biological moment as a mldvel control law to generate
exoskeleton torque commands have been inspired by biological moment information
[24], [150], [151] The work of Gasparret al. showed thatluring the stance phase of
walking, a simple mathematical model could trhakogical jointmoments across variable
speed and provide assistance that decreased metabolic cost relative totarqeeo
condition[152]. Thus, if biological moments cdre estimated in redgime across different
tasks, they could potentially provide a tagknostic variable upon which control
frameworks can be built. Work based on the above mathematical model showed that it
could be used to estimate moments across \arggieeds during level ground walking,
ramps, stairs, and turns both inside the [[&B3] and outsidg154]. This work also
demonstrated the value of this metHodclinical population§152], [153], [154], [155]

The mathematical model however is limited to the anlkidess sensing is provided for all

joints distal to the joint of interesand also requires some measure of ground reaction
forces (which may be impo$se for joints that are substantially impacted by shear forces

on the ground). Others have examined energy shaping methods but these have struggled to
show realtime performance against joint moments and user outcomes have been mixed
[156], [157], [158] The work of Molinaroet al. used a similar approach, grounding
exaskeletoncontrol in joint moment égnation, but using a machine learning model; thus,
enabling estimation at the hip and relying only on sensors readily available onboard the

device[19]. This workalsodemonstrated the superiority of joint moment estimation over
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stateof-the-art splinebased methods in augmenting human energetics. This method shows
promise but no studies have yet demonstrated task agnostic exoskeleton control that can
handle the range of activities encompassed by human moventeat bas the ability to

beneficially cmrdinate control across multiple joints.
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physiological state. In reaitime, our neural network based moment estimator can
estimate biological joirt moments across a wide range of human activities while
seamlesshtransitioning between them. This estimated moment can then be used to
provide real-time control across activities that are both structured and unstructured.

In this study, we propose thay lnsing a deep learning framework that estimates
internal physiological state, we can provide exoskeleton control in -@aggslstic manner
while seamlessly transitioning between taskgirel7). To accomplish this, we collected
a large biomechanics dataset with an extensive diversity in tasks to form the training data
for deep learning models. We then optimized a smaller subset of tasks that provided
generalization to other tasks and used those to train a moment estimatar tiegdloyed
in realtime on an autonomous hip and knee exoskeleton. We then assessed both the
performance of the joint moment estimator as well as human performance while users were

receiving assistance based on those estimated moments. First, we hypdttesiour
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control strategy would outperform a besise, statef-the-art, hierarchical control scheme
across tasks in terms of RMSE error between ground truth moments and model estimates.
Second, we hypothesized that receiving assistance based onidailojogit moments
would significantly reduce user6s metaboli
assistance from an exoskeleton. This study provides novel contributions to scientific
literature by 1) providing the most task diverse opensourceedaithexoskeleton sensor

data to date, 2) presenting a novel deep learning paradigm for unified control within both
training set tasks and beyond, 3) demonstrating superior performance of our approach over
a baseline representing the bease performanaef a taskclassificationbased approach,

and 4) demonstrating substantial benefits to human users using this unified control
paradigm. We believe these contributions are vital to enablingua#d applications of

exoskeleton devices.

5.2 Methods

5.2.1 Exoskeletobesign for Diverse Tasks

To facilitate a wide array of taskepresentative of human movement needed
an exoskeleton with the capacity to suppathmovement while still providing efficient
torque transmission, back drivability, and ease of contiod ffovel clothingntegrated
research exoskeleton presented hergufe 18) and designed by our collaborators at X
the moonshot factorgombines advantages of rigid exoskeletons from the[pa8} with
newer insights about using soft textiles for the hwmeapskeleton interfacgl]. The
integration of stiff and stretchable fabrics allows efficient torque transmission in regions

where forces are comfortable to the user while also providing stretch across the joints
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(Figurel8a). The semrigid structure provides effective torque transmission for the motors
to the human body while still providing flexibility for human movement. Sagittal plane
actuation is provided at the hip and knee while passive eegefreedom at the hip
(translation and rotation) provide the flexibilifyiGure18b) needed to perform this diverse

range of structured and unstructured activities.
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Figure 18 - Hybrid rigid and soft exoskeleton design. (A) The autonomous hip and
knee exoskeleton used for this study combines selectively stretchable fabric, for user
comfort and effective torque transmission, as well as a semi rigid structure for
applying forces to the body. (B) Passivelegrees of freedom provided by flexible
carbon fiber struts and passive sliding translation permit users to have a full range of
motion needed to complete tasks. (C) The device is fully autonomous with onboard
sensing (from pressure insoles, encoders, antylUs), actuation (from actuators
mounted at the hip and knee), and control (through onboard computation housed in
the electronics backpack).

To provide assistance, actuatdiB-Motor AK80-9s, Nanchang, Chinayere
mounted coaxially to both the hip and knemts. These also provide estimates of joint
angles via integrated encoders. Additional sensing was provided by inertial measurement
units(OpenIMU, Tewksbury, MApn the thigh and shank as well as foot IMUs embedded
in the insolegMoticon, Munich, Gerrany). The insoles also provided center of pressure
and vertical ground reaction force estimates via wireless Bluetooth connection. Sensor

inputs were processed by a single board comgR&spberry Pi, Cambridge, UKpused
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in the backpack that handled #ike input/output communication with the systems as well

as data logging. Inputs for the rdmhe deep learning model were passed over ethernet to
an onboard ceprocesso(NVIDIA Jetson Nano, Santa Clara, CAr reattime model
inference. The estimatetioments were then passed back to the main processor to be
mapped to commands for the motors. Experimenter inputs to start and stop data logging
and visualize signals were passed vi/iaFi connection hosted by the main processor.

The flow of information $ pictured inFigurel9.

Experimenter Laptop
(Data Visualization)

Jetson Nano
(Real-Time Inference)

Ethernet

\\\WiFi

CAN Quasi-Direct
Drive Motors

Al
IMUs ib

Encoders CAN

Insoles - 2LEL2Qth,

Raspberry Pi

Figure 19 - Data flow diagram for our autonomous hip and knee exoskeleton. Sensor
input signals are received and processed by an onboard Raspberry Pi (RPi) and then
passed over thernet to a Jetson Nano for realtime inference. The joint moment
estimates are thenpassed back to the RPi and used to create the exoskeleton
commands that are passed to the motors. Visualization of the signals is provided by
an offboard laptop connectedo a Wi-Fi network hosted by the RPi.

5.2.2 Dataset

To form the dataset around which we designed our protocol, we chose 28 different
task groups consisting of 66 total conditions as our base set of human movements. We
collected data of these tasks from 15 pgrtints wearing a fully autonomous exoskeleton
that assisted both hip and knee joints bilaterally (see chapteBasy)d on the resulting
joint dynamics, the 28 activities were categorized as cyclic, impedeceor

unstructuredThe 28 task groupseapresented ifigure20b.
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data were colleted and used to train our joint moment estimator. In realtime,
moment estimates were passed through a mapping function consisting of a scale,
filter, and delay to create the exoskeleton commands that were sent to the motors. (B)
The 28 task groups were @it into 3 categories: cyclic, impedancdike, and
unstructured. (C) The training set for the deployed moment estimator was selected
based on optimizing the task order to promote generalization to new tasks while still
achieving comparable performance tancluding all tasks. The average performance
for hip and knee tested on all tasks is presented for each task addition. We selected
our training set of 19 tasks to reach within 5% of the performance with all 28 tasks
included.
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5.2.3 Generalizability of Joint Monre Estimation for Taslgnostic Control

To lay the foundation fathis study, we determined whether a subset of tasks exists

that could allow a deep learning model to generalize to the rest of human activities. We
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also sought to determine what specific lmmmmovements were most important for task
generalizability. We tested this by optimizing the training tasks for our model to maximize
task generalization as seenhigure 20c. We seeded our optimizer with level ground
walking andthen sequentially added tasks based on how much they improved performance
on all other tasks. Aside from level ground walkiwiich was used to seed the optimizer,

the most important tasks tended to be unstructured tasksm®st important data add

to level ground walkindgor model generalization was standing in static posbgh was

responsible for 73.5% of the total generalization achieved.

Although the generalization score (improvement on other tasks) settled within the
first 7 tasks, theoverall model performance did not saturate until 19 activitiese
included. These 12 additional tasks beyond the seven generalization tasks contributed an
additional 12.3% reduction in RMSEThis shows that while the information contained
within these new taslkdoes not contribute to generalization, there isatidlitional benefit
to be gainedrom training on activityspecific data, even when that data is collected from
someone other than the end uased on the understanding gained from this analysis, we

trained our final taslagnostic moment estimator with these 19 activities.

5.2.4 Exoskeleton Control

We designed our moment estimator to use a temporal convolution neural (TCN)
network architecture based on similar rationalehapted.2.1as well as the performance
of this architecture ifil8], [19]. Because we desired estimation of both the hip and knee
momentswe created a two headed output for the mdeéiglre20a). Training of the model

was performed in a side independent manner elsapte.2.2and[18], [19], thus in real
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time data from the right andft sides were separately passed through the same model to
estimate hip and knee moments for their respective sides. Early stopping omuwt left
subject was used to determine when to stop training the model to avoid overfitting. We
optimized the hyperpameters for our model based on our training data in a multistage
approach combining Bayesian optimization and a grid sweep. These optimized parameters

are shown imableb.

Table 5 - Optimized TCN Hyperparameters

Hyperparameters Selected
yperp Value
Numberof Filters 80
Numberof Levels 5
Kernel Size 5
Actlvat.lon RelU
Function
Learning Rate 5e-5
Block Weight

Normalization Normalization

Spatial Dropout 0.15

While directly applying joih moments can be beneficial, humartheloop
optimization studies have shown the that optimal assistance profile at the hip looks more
like a shifted biological moment cunj&60]. Ding et al. demonstrated that this delay
increased the positive mechanical wadaformed by the exoskeletgh61]. Thus, we
included a continuous mapping from biological moment in order to improve user

performance that consisted of a scale, filter, and delay similar to Moknaio[19]. For
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the knee, user testj demonstrated that users did not prefer a knee delay and as the human
in-the-loop optimal assistance does not show the delay for the knee, we did not delay the

knee signal.

We chose tdrain the TCN to estimate hip moments delayed by 50 ms relative to
the input sequencir two reasons. Firghe exoskeleton controller intentionally delayed
the hip moment estimates by an additional 50 ms relative to the minimum achievable
system delaythus no loss was incurred by adding this delay into the model. Semond,
previous workfound that delaying TCN joint moment estimates relative to the input
sequence cain some casefsirther improve model accura¢y62]. This approach resulted

in an additional 5% improvement in hip moment validatioean asolute errar

5.3 Accuracy of Joint Moment Estimation for Task-Agnostic Control

To test our first hypothesis, we deployed our final -teak, taskagnostic
exoskeleton controller on ten human users and assessed its ability to accurately estimate
human jointmoments while providing assistance. For these users, the model was not
trained with any subjedpecific data demonstrating that this control approach requires no

unique calibration or tuning.

5.3.1 Developing a Theoretical Best Baseline usthgrent Sate-of-the-Art Techniques

Because no other studies have tested an exoskeleton controller in such a wide array
of tasks, we developed a bestse baseline method to compare against our joint moment
estimator This baseline wasmplemented as an extension of presomodebased

exoskeleton controllers. Many exoskeleton controllers use an activity classifier to switch
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between exoskeleton control mod2s], [163], [164], [165], [166], [167], [168]Within

each state, different control laws can be ap@&d, [28], [168], [169], [170] We opted

to use a 28node classifier approach faur bestcase baseline since it matched our
delineation of task groups in the rest ofstichapter Substantially fewer classes would
result in very poorly tuned control laws within each task group and increasing to a separate
class for each subtask (6@®de classifier) would unreasonably increase misclassifications.
This baseline is a besase model because whenever possible we gave this approach ideal
inputs that represent the ceiling of what a real system could achieve. For the classifier, this
meant hat we applied the model post hoc and assumed perfect classification accuracy,
which currently would be nearly unachievable in a real scenario, especially given 28

classes to choose from.

We used data from the same 15 training participants that we usathtour deep
learning approach to create the baseline method. We then tested it on data from the same
10 participants that we collected to verify our deep learhaged approach. To design the
control laws to apply during each mode, we used the tlategaries of cyclic, impedance
like, and unstructured. During cyclic tasks, many controllers rely on gait events and gait
phase percentages to look up the corresponding biological mga#n{150], [151]

Thus, to create the control law during cyclic tasks, the stride averaged curves from the
training data (Phase 1 and Phase 2) were used to design a single mornierioptbé hip

and one for the knee in each of the cyclic activities. We accomplished this by first
segmenting the weigintormalized groundruth moment data by gait cycle, normalizing
time to percent cycle, and then averaging the curves across patidipaeach subtask.

We then averaged those subtask particHaaetaged curves across all the subtasks within
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a larger task group. This gives a single average biological moment profile that can be
applied to any task that is classified as belonging totdsk group. Although any real

time gait phase estimator will have associated errors in the estimate, we chose again to use
a bestcase model where we assume that we have perfect gait phase estimates when we

applied these splines to the real data.

During impedancdike tasks many controllers use spring and damper parameters
along with joint angles and joint velocities to compute the desired t¢26§lig27], [28].
To create our impedance control laws, we concatenated the erotimdweight
normalized joint moment data, joint angle data, and joint velocity data across training
participans and subtasks within each larger task group. We then used an optimizer
(fmincon in Matlab) to find the optimal spring stiffness and damping to minimize the error
between the impedandmsed estimate of net joint moment and the actual grsutid
values.This process was performed for each task group within the impetecategory
and was performeseparately for the hip and the knee. Although-tiead implementations
of this method would likely operate on joint angles and velocities from exoskeleton
encoders, which may not resemble the biological kinematics due to soft tissue deformation
and sensor noise, we again chose to use ahsstmodel where we provide the impedance
eqguation with the actual biological joint angles and velocities based oomuagpture and

inverse kinematics.

Becausestandardcontrol architectures have no methods for handlnghly

unstructuredhctivities,we did not computa baselinemethodfor the unstructured tasks

5.3.2 RealtimePerformance ofthe Joint Moment Estimator

89



Level Ground Walk

a e OQur Approach == Baseline e _ 2
Dl
* * * * x &
05 05 EIGW
— Z 4
j=d =
204 %0.4- £ 2
o ©1
< E 2
Z03 o 03F S x?
w 7] ="
%] = i i
202 ié ; = 0} ;.I. s ? Lift Weight
- 2 i < o
201 oAt = ETo
- x Z
0 ok = 2
b * * * * g§1
10 101 g<! .
0 20 40 60 80 100
08F e - e ok = = - % activity
* . 2 Tumn
& 06 - Losf  wm = L
o ) ETOh e
T 04 S04 A
= 2
02 02k § o
ggu._________,é’\\___’_
. . " oL . . L s X, e S
Cyclic Impedance-Like Unstructured Cyclic Impedance-Like Unstructured 02 04 0_-r5 ;3)8 1 1214
ime (s,
c Cyclic Activities Impedance-Like Activities Unstructured Activities
* * * * * * * * * *
06 — - - - =
;‘60‘5-
£
z 04
é 03
Z o2}
o
£ 01p
ok
d * * * * * * * * * * * * % *
06 — - = - = = = = - = = = = =
2 o5}
£
Z 04}
Y oo3fk
=
x 02F
8
c 01F
¥
oL
x> x x X X x = = c o T = o = = a ow o 0 a5 £ 5 = w5
i 3 5 333555 $ 2T 35 Es5238 8 88EEyELL3
= £ = 2 5 2 § 3 ° 3 § 5 2 2 g2c g 5§ PO00F S 336
T W T T W TW 4« @ o 4 % 2 2 3= L @ Q v £ O £
c o = @ @ . 0 o o o = O 2 £ 7] o B
3 % 2 £ £ F - £ 3 2§ " . g F 5 * g
EEERREE R E ; e £ 5 iy
T 2 s 8§ ~ ° ? & = 5
> = @ o
[ o~ L
| [}
=1
o

Figure 21 - Online joint moment estimation performance. (A) The resulting RMSE of
our joint moment estimator when deployed online (i.e., in the exoskeleton control
loop) is shown for the cyclic, impedancdike, and unstructured task groups (n=3).
The results of the baseline method, computed post hoc, are also shown. (B) The
resulting R? of our approach and the baseline method are shown. Each black square
depicts the intersubject mean; each colored box depicts the interquartile rangeach
horizontal line within the boxes depicts the intersubject median; each error bar
depicts the intersubject minimum and maximum. The resulting (C) hip RMSE and
(D) knee RMSE of our joint moment estimator is shown for each activity and is
compared tothe baseline method. The bars depict the intesubject mean, and the
error bars depict standard deviation. Asterisks indicate statistical significancep(<
0.05). (E) Representative timeseries plots are shown for each of the cyclic,
impedancelike, and unstructured tasks.
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During realtime testing, our approach outperformed the baseline for the hip and
knee in both the cyclic and impedadide activities and it maintained a similar accuracy
in the unstructured activitieg-igure 21a). For cyclic activities, our approach reduced
RMSE at the hip b¥.043 + 0.020 Nm/k@22.4 + 10.4%p = 0.0303)and at the knee by
0.070 £ 0.017 Nm/kd34.6 + 8.2%p = 3 x 108) as compared to the baseline method.
These results indicate that our apgmi captured the variability in joint moments across
users and possibly stride-stride variability within specific conditions since it
outperformed the static moment profile used in the baseline method. For impékiance
tasks, our approach reduced RM®ED.111 + 0.030 Nm/k@34.5 + 9.4%p = 8 x 1G7)
at the hip and b§.143 + 0.026 Nm/k{46.8 £+ 8.6%p = 3 x 1015)at the knee as compared
to the baseline method.his demonstrates that our approamtturately modeled the
nonlinear relationship betweg@int kinematics and moments beyontat can be captured
with an impedance approximation. For the unstructured tasks, our approach had similar
error to the cyclic and impedantike tasks with araverage hip RMSE of 0.154 + 0.016
Nm/kg andknee RMSE 00.127 + 0.016 Nm/kgAll of these results can also be seen in a

statistically significant increase irfRs well Figure21b).

These results are also confirmed on the task group I&igré 21c&d). Our
approach statistically improved hip RMSE for 10 tasks and knee RMSE for 14 tasks out of
the 19 tasks with a baselinéhe baseline method did not significantly outperfoour
approachon any of the activitieand the performance of our approach on the iddisi

unstructured tasks were not outside the range of the structured tasks.

The ability of our approach to significantly outperform the baseline method

represents a paradigm shift in exoskeleton control. While the accuracy of our approach was
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achieved ineattime onboard the exoskeleton, the baseline method was implemented after
the experiment with perfect gait phase estimation and activity recognition. In practice, the
reakttime versions of these systems have drdt], [172], [173], [174], [175], [176}vhich

would reduce the performance of the baseline method even furthejoi@umoment
estimator acted as a dynamic, ¢ngend highlevel estimator naturally adapg to changes

in theexoskeleton user and activity alsoprovided moreinsight into the underlying joint
momentsof the userthan the bestasepredictions based on activity recognitiolm.
addition to this performance on the structured activities, our control paradigm can estimate
joint moments accurately and operdteing unstructured tasks where current approaches
cannot provide assistancEhus, for the first time, exoskeleton systems can venture into

highly unstructured activities without loss in performance of the-lagal controler.

In comparison to currenitérature, our results performed similarly to other subject
independent moment estimators on the limited tasks that have previously been tested while
simultaneously giving similar performance across a wide range of other tasks. The only
joint moment estimt#on study that has reported performance across more than ambulation
modes is a physiedriven estimator by Wangt al that estimated moments with an
additional four noflocomotion tasks with performance of 0.85 Nm/kg at the hip and 0.37
Nm/kg at the kneeOur resultstfip RMSE 0.173Nm/kg andknee RMSE 0.14Am/kg)
substantially outperform this estimator. For only ambulation modes, Molieama.
reported offline RMSE results of 0.131 Nm/kg at the[a&)] and online of 0.142 Nm/kg
[19] while Hossairetalr e port ed a Pear sonoglltjovefowrd at i on

similar performance during these activitie:
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correlation of 0.896and our model was simultaneously estimating knee moments and

maintaining model performance across an additional 23 task groups

5.3.3 Novel Task Perfanance

As highlighted above, 19 of the 28 total tasks were used to train the final model
tested in this study. This left 9 tasks out of the training set that were then tested online in
our validation experiment with the results presented above. Thebtiasks were lunge,
stair ascent, declined walking, start and stop, medicine ball toss, step over, squat, curb, and
step up. Thus, these tasks were new to our controller. To further test the generalizability of
our controller, we designed eight new tasKah]e 6) that were completely novel (i.e.,
never tested during previous experiments). These tasks were designed to test the absolute
limits of the deep neural network controller and attempt to find edge cases where
performance mighdeteriorate. Three participants completed these eight tasks while
wearing the exoskeleton running our tagjnostic controller. The accuracy of our

estimator was then compared to the grotrath joint momentsKigure22).

Table 6 - Activities for TestingExoskeletonPerformance onEntirely Novel Tasks

Task Description

Participants were instructed to place their hands on the
ground and step back into a push up posture. Then they

Burpees stepped forwartb return to standing. This was performed
times leading with the right leg and 3 with the left.
Participants were instructed to push a stationary rod

Cart Walk (simulating a heavy cart) while walking on the treadmill a
0.8 m/s for 20 secondsh@&y then performed the same tasl
while pulling on the rod and walking backward.

Crouch Walk Participants were instructed to walk on the treadmill at O.

m/s while in a crouched posture for 20 seconds.
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Table 6 (continued)

Dizzy Walk

Participants spun around for 10 seconds and then walke
and forth across the force plates until no longer showing
of dizziness.

Participants were instructed to walk a@d5° incline at 1.2

Steep Incline/Decline Walk (15°)m/s for 20 seconds. They then repeated this while walkir

Layup

Mountain Climbers

Split Walk

down the same decline.

Participants were instructed to run up to the force plates,
a single foot, and jump to maximum vertical height while
landing with botlfeet on the force plates. This was perfor
3 times for both right and left legs.

Participants were instructed to assume a fushosture anc
then alternate bringing each knee up toward their chest ¢
quickly as possible. Thiwas performed for 20 seconds.

Participants walked on a treadmill with the right leg belt ¢
1.6 m/s and the left leg belt at 0.8 m/s for 20 seconds. Tt
then repeated this task with the left belt at 1.6 m/s and th
right at 0.8 m/s.

In general, the estimator performed well for the 9 left out tasks as well as the

majority of the completely novel taskBigure 22a&b). However, three of the extreme

activities showed decreased estimator performafigae22c&d). For the layup task, R

remained within the distribution of the training tasks, but RMSE was much higher than the
other tasks. This indicates that the shape of the estimated moment curve approximated the

true joint moments; hoaver, the magnitude was not scaled correctly (as demonstrated in

Figure22e). For burpees and mountain climbers, botlaRl RMSE were worse than other

tasks.
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To explore the uniquenesd these novel tasks relative to the distribution of the

training set, we compared the grotingth joint moments across different tasks using two

metrics. 1) We computed the average peak joint moment for each task for both the hip and
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knee. We then averad the hip and the knee to give a magnitude score for each task. 2)
We also broke each task into its constituent subtasks (e.g., walking has several speeds, each
of which is a subtask) and created a reference table of kinetic profiles based on all of the
subtasks within the training data. We then usédoRcompare the joint moment profiles

from each of the subtasks (both those inside the training set and those outside) to each of
the profiles in the training data for both the hip and knee. The maxintwal iR for each

subtask (best match between shape in the training set and each task shape) was chosen (this
returned 1.0 for every task in the training set since it had a perfect match whereas those
outside the training set returned a score based on howarsitimey were to their best
matching subtask in the training set). These values were then averaged across subtasks

within each task group and across hip and knee to give a similarity score for each task.

These two metrics, a joint moment magnitude seoia kinetic similarity score,
were used to compare all of the task grolfgure22f). These results show that the areas
where the estimator performance decreased were on tasks at the extreme boundaries of the
tasks that wereested. For tasks where the joint moment magnitude was excessively higher
than any training data, the model had difficulty correctly scaling the estimated torque even
though the shape was accurate (as shown by a HiglutRalso high RMSE). For tasks
wherethe kinetic shape was substantially different from those tasks in the training data
(possibly due to the fact that both of these tasks involve using the hands for bodyweight
support), the model had difficulty accurately estimating moments. However, etrese
cases, the moment estimator remained stable and defaulted to low torque estimates that did
not I mpede t he Fkigure 228)s Thisneffece maynhawe algo been

compounded by the insole sensing breakdown when mogteoforce is transmitted
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through the ends of the toes, which is the case for both burpees and mountain climbers.
These results demonstrate the ability of our approach to handle completely novel tasks,
which is vital to exoskeleton performance in the sgafld. Even when confronted with

tasks at the extreme ranges of human movement, the controller remained stable without

hampering human movement.

5.4 User Outcomes Testing

To test our second hypothesis, we used both metabolic cost and positive joint work
toasess the assistance benefit to the user.
consumption but is limited to tasks that can be performed repetitively for an extended
period of time[44]. Lower limb positive joint work measures the summed mechanical
energy added by the ankle, knee, and hip, to accomplish a specific moyEnTgnthese
two metrics have been used to evaluate exoskeleton performance because they measure
aspects of the wuserdés energy expenditur e,
user effort[19]. When compared to the user wegrihe exoskeleton without assistance
(Zero Torque), the userds metabolic cost w;
tested conditions (p < 0.p3Relative reductions ramgl from 8.0%while lifting aweight
to 19.7% during inclined walking-{gure23a). While these are steady state activities, we
also performed a small analysis with a rigorous varying speed and slope task to examine
metabolic cost across timearying conditions These results demonstrate a 12.9%
reducton compared to the Zero Torque condition. Similarly, the posjoug work
performedby theu s elow&rdimbs was significantly lower for our approach than for the
Zero Torque condition for all tested conditions (p < 0.05). Relative reductions raaged fr

5.3% during stair ascent fib.7% duringransitions fronsitting to standng (Figure23c).
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These comparisons isolate the impact of our controller by directly comparing the effect of
the controller on or off, thus, demonstrgtimat our tastagnostic control paradigm is able

to provide useful assistance across a wide array of cyclic and impddantzesks. This is

the first exoskeleton controller without experimenter intervention to demonstrate such a

capability.
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Figure 23 - User outcome performance of our taskagnostic controller. (A) Metabolic
cost for three conditions (Exo On, No Exo, and Zero Torque) was measured for 4
different tasks across 9 users and normalized by body mass. The average comaeth
torque profile for the Exo On condition at the hip and knee is given below the human
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outcome measures. (B) An additional (N=3) analysis of metabolic cost was performed
during variable speed and variable slope walking and running. Each bar represents
the inter-subject mean and the error bars represent standard deviation. The exact
protocol of speed and incline is presented in the profiles below the human outcome
results. (C) Lowerlimb positive biological joint work is presented for the same three
conditions across 6 activities with the commanded torque presented below the human
outcomes. For (A) and (C) ach black square depicts the inteisubject mean; each
colored box depicts the interquartile range; each horizontal line within the boxes
depicts the inker-subject median; each error bar depicts the intersubject minimum
and maximum. Asterisks indicate statistical significanceff < 0.05).

In comparison to previous studies, awsults (14.3% reduction during level
walking and 13.7% reduction during runnjraye above or at the top range of previous
autonomous exoskeleton studies where metabolic reductions compared to an unpowered
or Zero Torque condition range from 12.2%.4% during level walking and 7.18:2%

during running25], [143], [178]

When comparedtthe user not wearing the exoskeleton, our appreigaificantly
reduced usér metabolic costvhile lifting aweight by 8.0 = 2.6%(= 0.0062) andvhile
running by 4.8 £ 5.1%p(= 0.0185) However, itsignificantly increased metabolic cost
during levelground walkingby 8.0 + 5.0%(p = 6 x 164). On varying speed and slope,
our approach resulted in a 1.6% decrease compared to not wearing the exoskeleton. Our
approach also reduced the userds | ower | im
condtions (p < 0.05)with no significant differences for stair ascent and stepping up on a
box. These results demonstrate that even with this early device our approach was able to
overcome the magsenalty for human users and augment human performance. Afthoug
metabolic cost increased for walking, it is important to constter relatively poor
performance of knee exoskeletons compared to other exoskeletons in reducing metabolic

cost during walking[179] and also the lack of literature examining hip and knee
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exoskeleton systems to compare agaiffig80]. Additional improvements in the
exoskeleton design, such as decreased wEi§B] and increased levels of assistance, as
well as further optimization of the continuous mapping to exoskeleton tfir4Qk [145],

[181] promise even further reductions. These results suggest that deployable exoskeletons
with the capability to effortlessly assist humans while handling the vigabnd

uncertainty of the realkorld may soon be a reality.

Our deep learning approach to exoskeleton control provides the firsigasktic
framework capable of seamlessly augmenting human effocbbgdinaing exoskeleton
assistance across jointsrthgst r uct ured and unstructured ta
internal physiological states rather than hureagineered gait parameterizations, control
i s given back to the wuser and the +#meoskel e
momens without user specific calibration. In a world where fluid natural movement is vital
to accomplishing goals in an ewenranging environment, this control framework could be
pivotal in addressing the diverse needs of manual laborers trying to be producthe
job site, elderly individuals attempting to exercise more, or even first responders saving
lives. We hope that by leveraging this control framework researchers can break outside

laboratory confines and stutiymanexoskeleton interaction ite wil d.

5.5 Conclusion

In this study, we show that using a deep learning framework that estimates internal
physiological state, we can provide exoskeleton assistance regardless of the performed
task, and the assistance provided results in a meaningful decreaseiné s ef f or t . W

that our approach significantly outperformed the theorebeat current control approach
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across all 19 tested tasks and was able to provide accurate assistance during additional
unstructured task©ur approach generalized wellrew tasks reflective of typical human
movement and when pushed to extreme tasks, our approach remained stable and provided
directionally-correct assistance. This demonstrates an ability to handle completely novel
tasks that humans might encounter in thed weorld which was previouslimpossible.
Furthermore, we found that our controll er
tasks and joint energetics on all six tested tasks as compared to wearing the exoskeleton
without assistanc&Ve also augmaed users beyond their normal performance without an
exoskeleton in two metabolic tasks and four energetics t&8gkdar results were found

for time-varying conditions.Our results demonstrate that estimating internal human
variables for exoskeleton cwal provides a unified strategy that can allow exoskeletons to

break laboratory confines and aid users in the real world.
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CHAPTER 6. A FRAMEWORK FOR BRID GING THE SIM -TO-
REAL GAP TO TRAIN DE PLOYABLE DATA -DRIVEN MODELS

FOR WEARABLE ROBOTS

6.1 Introduction

Increasinglyexoskeleton control is relying on dadaven methods with over 1500
research papers published in 2023 alone. Models are fit to sensor data to estimate all
different aspects of human activity, including parameters of human movement (such as
speed182], [183] gait phasg¢l5], [24], [170] gait statd168], locomotion mod¢167],

[184], joint angleq185], [186] and joint momentEL9], [156]), environmental conditions
(such as slop§l30], [183] or terrain[187], [188) and human response characteristics
(such as metabolic cofi89], [190] or preferencd191]). Deep learning methods, like
biological joint moment estimation, promise ugsatependent, taségnostic controllers
that are viable in the realorld [19] (also chapter % These datalriven models have
enabl ed breakthroughs in control that,

potential to improve aplity of life and augment human strength and endurfkjc§40].

These datariven models attempt to exploit patterns in the complexity of human
movement. As the relationships between variables become more complex, more data is
needed to discern the relevant paise Not only do these models require a substantial
amount of data for initial training, but recent work has shown that as data from additional

participants[19] or tasks(chapter5.2.3 are added, datdriven model performare
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continues to improve. Thus, to sustain continued growth and improvement, there is a need

for large datasets of higuality, devicespecific data.

Obtaining these datasets requires highly specialized equipment, many hours of
rigorous data collection, dnexpertise in appropriate labeling techniques. Thus, research
progress using these datdensive methods is impeded by limited access to-sfiee
art facilities and the shear méaours needed to collect enough mechanical and
physiological data. To fther compound this problem, the collected data are also often
highly specific to one device configuration. As device improvements result in shifting
sensor placement, changing sensor specifications, or adding novel sensors, previously
collected datasetsebome irrelevant and brametw data is required. Even beyond data
driven approaches, control engineers face this same challenge; beneficial hardware
upgrades often result in retuning the entire control approach. Thus, there remains a
dichotomy between thmsatiable need for specific, higjuality data and the short life

span and prohibitive barriers to obtaining that data.

Researchers have recognized the need for readily available data and in recent years,
there has been an increase in open source daf@sktsnan motior{chapter3.1.1). Most
readily-available data, however, is collected without an exoskeleton and, as noted above,
even data collected with a device is deviaed configuratiorspecific (chapter3.2). To
surmount this deviespecificity problem and generate data that are more similar to a
different device configuration, simulated sensors can be created and positioned to mimic
data from a real sensf8], [97], [165] However, these simulated sensors represent ideal
sensor signals that cannot capture the richness of real sensor inputd.i$hwmslear how

to bridge the sinto-real gap to benefit from this related simulated data.
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Other fields relying on deep learning have encountered similar barriers where the
correct label for a supervised algorithm is costly to obtain, but data frolatedreomain
may provide useful information if a method can be developed to exploit it. Efforts in
transfer learning have enabled the application of relevant data from various domains to
enhance performance on similar or related td4€®], [193] Domain adaptation, a
subfield of transfer learning, focuses on utilizing data from one domain in another where
the distribution of data ffers but the outcome objective remains the s§tfd]. While
the applications for domain adaptation algorithms have often been focused on computer
vision [194], time-series applications have recently garnered more attention, specifically
within the field of human activity recognitiogfd95]. Relevant work from this area has
shown that domain adaptation techniques can handle wearable sensor variability in sensor
location[195], [196], [197], [198] sensor typ§¢199], and user usadé97]. Much of this
work has focused on discovering a feature space, often through generative adversarial
network (GAN) approaches, that is shared between the source and target domains and
contains the relevant information for tnaig a classifier. However, with the emphasis on
classification, only a few studies have focused on generating ravséres sequences in
a new domaiifl97], [200] Generating timeeries sequences provides versatility emad

enable training of more powerful downstream models.

Nevertheless, these methods have still shown promise in human activity
recognition with wearable sensors, but much less work has been done to address the data
relevance and scarcity problem withireavable robotic devices. For lower limb devices,
broader transfer learning methods have been applied to enablksubject and inter

activity transfer of deep learning models, but with the constraints that 1) some subject or
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activity specific data exist®) the specific sensors remain the same, and 3) testing occurred
without a devicg201], [202], [203] A more direct approach to overcoming the scarcity of
data is to utilize GAN architectures, similar to those successfully used in domain
adaptation, to create synthetic datatfaming deep learning networks. But this work has
focused on dataset augmentation rather than translation to a new {@0d&if203. Kim

et al. demonstrated that GANs could be used for synthetic data creation within the able
bodied domaii205], but their translation to a new domain, the atepulomain, relied on
impedance parameters estimated through classic supervised appf@@éheshus, the
feasibility of integrating large opesource datasets directly into re¢mhe deployable

algorithms for exoskeleton control remains an unanswered question.

In this study, we present a framework for addressing data scarditglamance by
translating human movement data between the simulated sensor domain and a real sensor,
devicespecific domain. We propose considering the virtual biomechanical model domain
(for our case OpenSifd0], [31]) as a common shared domain across devices and datasets.
By creating simulated sensors based on models within this domain, we can create a bridge
between the réaensors on the device and this common domain into which we can bring
readily available opesource data as well as data from other devices. Using GANs
operating between unlabeled exoskeleton data in the real domain and general biomechanics
data without a exoskeleton in the simulated domain, our framework learns to perform
bidirectional translation of sensor data between the real and simulated sensor déf@ains.
propose measuring the usefulness of our translation by using a downstream deep learning
modeltrained on that translated data. The reason for this is twofold: first, direct translation

performance cannot be assessed due to the inability to collecm@tched samples
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between domains and second, the ultimate goal for this method is to enabig vhdeep
learning models for control. As our chosen downstream model to prove the efficacy of our
translation, we use a moment estimator that can estimatéimeajoint moments for
controlling a hip and knee exoskeleton similackapter 5 This control framework has
shown promise to augment human performance across tasks but relies on large training
datasets that make it an ideal candidate for our method where solving the data scarcity

problem could scale this ppach to further realorld relevance.

We hypothesize thaf WWhen the number of training tasks with labeled exoskeleton
data is limited (sermrsupervised), our framework will reduce joint moment estimation error
compared to using only the limited labeledoskeleton data.)2Vhen the number of
participants in the training set is limited (sesnpervised), our framework will result in
reduced moment estimation error compared to only using the limited labeled exoskeleton
data. 3. When labeled exoskeletortadeés completely unavailable (unsupervised), our
framework will generate models with lower joint moment estimation error than only using
a conventional model trained directly on simulated data. Our work tackles the costliness of
devicespecific data and st fleeting relevance by: 1) proposing the use of human
biomechanical models with simulated sensors as a universal domain for aggregating data
with and without a device; and 2) presenting a bidirectional domain adaptation network
that translates between shiniversal domain with readilgvailable data and the device
specific, real sensor domain. These contributions are vital for enabling universal access to

datadriven approaches within wearable robotics.

6.2 Methods
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6.2.1 Algorithm Design

For our approach, we considthree separate sources of data each with a different
level of accessibility in terms of costliness to collect, and each lying within the simulated
domain, the real sensor domain, or across beidu(e 24). The first source igeneric
human biomechanics data collected without an exoskeleton which represents data that is
readily available from open source biomechanics datasets. It is therefore the least costly to
obtain, but also lies solely within the simulated domain. The skesouarce is unlabeled
exoskeleton data which represents data collected from a human user wearing a specific
target device, but without any need for external measuring equipment or a deployed
controller. This data is relatively easy to obtain as a usersimpty wear the device while
performing different activities without any assistance being provided. This data lies solely
in the real domain. The third source is labeled exoskeleton data which represents data
collected from a user wearing the exoskeletdriie motion capture and ground reaction
forces are being measured. This is the most costly data to collect because it requires a gait
lab with instrumented floors and motion capture. However, from this source we can obtain
information from both the realnd simulated sensor domains that is time synched and
therefore easy to use to create a translation between the two domains. Our framework uses
previously undeutilized data from the first two less costly sources to reduce the need for
the third costly dat source, which is traditionally the only source utilized for deployed

machine learning algorithnj49], [170].
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Figure 24 - Our strategy for replacing costly devicespecific datawith less costly data
uses the biomechanical modeling domain with simulated sensors as a universal
domain for aggregating data. To utilize this data, we propose a network that performs
domain adaptation to translate simulated sensors into any specific dee domain
based on unlabeled data from that device. This translated data can be used to train
downstream deep learning models (for our case a moment estimator) that are
deployable in realtime on a device. Labeled devicspecific data can still be used hiu
are not necessary.

To achieve realime deployable models for exoskeleton control, we propose-a two
part approach. First, we tackle the domain adaptation problem by training translator
networks through several GANs to convert between the real and schdamains. For
translation, we have access to many unpaired samples from the simulated domain (human
biomechanics datasets) and the real domain (unlabeled exoskeleton data). Thus, while there
is no direct timepointby-time-point comparison for conventiah supervised training,
these unpaired samples can be used for domain adaptation. This is all we have access to in
the unsupervised case. In the ssopervised case, we have limited access to paired

samples from both the real and simulated domain (lale{edkeleton data). These data
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allow a more direct comparison across real and simulated domains; however, this pairing
doesnot perfectly represent our target tr
source comes from a person wearing an exoskelgdteneas our target translation is from
simulated data without an exoskeleton present. Thus, while this paired data captures the
noise characteristics of real sensors and any orientation differences between the simulated

and real sensors, itfailstocapte t he wuser ds kinematic chang
itself (whether from human adaptation to assistance or the exoskeleton mass and range of
motion constraints). Those changes are something we desire the translator to learn. Thus,
these data provide few samples with labels that partially constrain, although imperfectly,

the translation

Second, using this translator, we translate data from generic human biomechanics
datasets (the common shared domain) into the real domain. Because this datarmmame fro
datasets that contain inverse dynamics, the appropriate joint moment labels associated with
the data are available. These paired data samples (translated sensor data and joint moment
labels) can now be used to train a moment estimator that can opesatiednadata from
the real device. If we have access to some real device data with joint moment labels (semi

supervised case), these can also be added in the training set for the moment estimator.

6.2.2 Network Details

The sensor translation portion of the netvaombines two GANs that either
generate data in the real sensor domain conditioned on data from the simulated domain or
vice versa. Each GAN consists of a UNet style translator as the generator and a

convolutional neural network (CNN) as the discriminatéor the translator, we tested



several styles including encodeecoder designs, variational autoencoders, and self
attention networks as well as different architectures including recurrent networks (long
short term memory network), convolutional networkgemporal convolution),
convolutionalrecurrent networks (often used in human activity recognj26i], [208)),

and teansformer networks. The UNet architect{289] performed best when considering
training time and translation performance on labeled exoskeleton data and has also been
shown to effectively translate IMU signals for use in human activity recogftid)j. The
discriminator is based on the discriminator in&ral.[211] altered to use 1D rather than

2D convolution and was chosen by comparing performance across several types of
discriminators including different types of convolutional discriminators (based on

networks in[129], [211], [212), recurrent discriminators, and UNet style discriminators.

These two GANs are set up bidirectionally, following a CycleGANn&aork
[213]. Results from imag&anslation and human activity recognition have demonstrated
that this bidirectional translation increases performance by encouraging minimal
information loss across the cycle as well as forcing the translations to be inverses of each
other[200], [211], [213] For moment estimation, a temporal convolutional network (TCN)
archtecture was selected based on its succeskadpter dandchapter 5as well as[18],
[19]. Because of the bidirectional nature of the translation, the moment estimator could be
trained to operate based on simulated data or based on real d&and/that training the
moment estimator on the real side outperformed the moment estimator on the simulated
side. Because of this and the added benefit of only requiring one model to be deployed in

reaktime, all results are based on a moment estimedored with data converted into the
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real domain. The networks are depictefigure25 along with the flow of data necessary

to compute the training loss as described below.

Simulated Sensor Domain ( iscriminator Sim (CNN)
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Figure 25 - Bidirectional domain adaptation is accomplished through two pairs of
translator and discriminator networks that function as generative adversarial
networks (GANS) in both simulated and real domains. The forward pass of data is
pictured by the arrows with the color indicating the original data source The outline
colors depict the portions of the forward pass that contribute to different components
of the loss function including: supervised loss, cycle loss, GAN loss, identity loss, and
moment loss.The red dashed lines inttate labeled exoskeleton data that is only
available for the semisupervised caseThe final fifth network, the moment estimator,

is trained along with the other components but is the only portion required at run
time for deployment on the device.

Severalcomponents are incorporated in the loss function of the network based on

the available information.

6.2.2.1 Supervised Loss

In the semisupervised case, sensors can be simulated using the body segment

positions and velocities at the same location as the realrsefi$is creates matched data
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that can be used as part of the translator network loss. Data from the simulated domain (
can be compared with data from the real domaipthat is translated using the appropriate
translator (Yo ). To compute reconstruction loss, we used mean squared error (MSE)
normalized by sensor modality. Thus, each sensor modalgy tfggh acceleration or
shank angular velocity) was weighted equally in reconstruction, but the individual vector
components (e.g. thigh x acceleration or thigh y acceleration) were weighted by the
maximum value across all components of that modalitis &hsures that ofixis signals

do not get oveemphasized in reconstruction. Reconstruction loss for theécsieal and

the realto-sim translatas were weighted equally as summarize@quation?.

S )

6.2.2.2 Cycle Consistency Loss

Due to the bidiredbnal translation, sensor data from the simulated dontain (
when passed through both the gwmrreal translator ‘%o ) and then the redb-sim
translator (Yo ) should return data that matches the original data. To compute the
reconstuction loss for these signals, the same sensor normalized MSE metric as above and
the loss fromi Q& i Q& d Qand fromi Q& d Q& i 'Qavas equally weighted as

summarized in equatidh
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6.2.2.3 GAN Loss

The least squares objective wdmsen as the loss function for the GAN portion of
the network. This approach lends stability to training by providing more gradient
information to the generatdl14] and has been used successfully for human activity
recognition[211]. Thus, the goal of the discriminator is to minimize mean squared error
between the outputf the discriminator and the correct classification (1 for data from the

same domain, O for data translated from another domain) as shown in egdiatiol®s

I ED 0°YOD Yo & ht 0°YO®D & fp 4

i EOD 0°YOD Yo & ht 0°Y®D & Ip (5)

The goal of the translator is to produce outputs that appear to come from the true
data distribution. Thus, the objective for the translator is to minimize the mean squared
error bet ween the discri mi mgeat af rachisvingcd as si f
classification that it comes from the original domain (1 represents data that appears to come
from the same domain). Again, the loss from both the sim and real sides are weighted

equally as in equatiodand thegoal is to minimize the loss.
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6.2.2.4 ldentity Loss

Some image based techniques like CycleGAN have used an additional component
of the loss function that ensures data from one domain passed through the translator to that
same domain returns itself (e.g. data from the simulated dotaiwlien passed through
the realto-sim translator (Yo ) should produce the original datf)13], [215] This
regularized color for these images. When testing the unsspdrease, we found that a
similar loss helped to constrain the translators and stabilize convergence. Again, the sensor
normalized MSE was used to compare the data, and sim and real sides were equally

weighted as in equation

S @)

6.2.2.5 Moment Loss

The final component of the framevikpthe moment estimatod (O ), is trained to
take real data and estimate the usero6s biol
of the network consist of translated data from biomechanics datasets in the simulated
domain (Yo & ) with their respective labelsd) and in the sersupervised case any

available labeled real exoskeleton daba) (ith respective moment label® . MSE was
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used as the metric to measure error between ground truth joint momentsraategstiom

the model. Thus, the objective for the moment estimator can be summarized in eguation

~ ~ ( )
U“ “Y‘Q‘) lO (L)“ I [L)’ U“ “Yld‘) !O "Y() (L)“ | [A)’

Because a portion of the moment estimation loss is contingent upon the-reiat
translator (Yo ), this loss can also be backpropagated through the translator and can be

used as a component of the trangl&dss. This is summarized in equati@n

O 0YBDO Yo & o 9

6.2.2.6 Total Loss

The total loss for the translator portion of the network can be computtgk as
weighted sum of the above loss components. In the-separvised case, we tested using
the moment loss (equation 8) with both a moment estimator operating on simulated data as
well as the moment estimator on the real side, but we found that accid-aog sthmprove.
Therefore, due to training time considerations, the moment loss for the translator was
removed from the loss function for the sesupervised case. Thus, the total loss for the
semisupervised case can be written in terms of equaflip8s6 and7. The objective is

shown in equatioiO where the weights (

) are hyperparameters to

tune.
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In the ursupervised case, there is no data to compute a supervised loss, thus the total loss
for the translator can be written in terms of equat®Gs 7, and9. The objective is shown

in equationll where the weights (

) are hyperparameters to tune.

i ED 0 o)) D
(13

6.2.3 Training Data

In training our framework, we chose to estimate hip and knee moments in keeping
with chapter 5For exoskeleton sensors, we chose to use purely kinematic sensors on the
thigh and shank. Tus, our sensor suite consisted of a hip and knee encoder (angle and
velocity) and a thigh and shank inertial measurement unit (IMU). This mimics the most
basic set of mechanical sensors easily available to a hip/knee exoskeleton without placing

sensors oside the device.

For each source of data, we used an egmence dataset that we published. The
generic human biomechanics data is highlighted in ch&tefThis data includes joint
angles, joint moments, and simulated irmeasurement units (IMUs) on each segment
for 12 participants performing 28 cyclic and noytlic groups of tasks. We used the

inverse kinematics data from the hip and knee for simulating encoders, inverse dynamics

11¢



data from hip and knee for the joinbment labels, and simulated, locatimatched IMU

data for the thigh and shank to match IMUs on our hip and knee exoskeleton.

The exoskeleton data came from chapte@r This dataset includes several phases
of collection with22 different participants. For our unlabeled real exoskeleton data, we
used sensor data collected from the hip and knee exoskeleton while the participant
performed tasks without the exoskeleton providing assistance. Because of the data
collection method, ata with an unactuated exoskeleton was only available for the first 10
subjects (labeled phase 1 in that dataset). We used the real IMU data for the thigh and shank
(OpenIMU, Tewksbury, MA) and encoder data from the hip and knééafor AK80-9s,
Nanchang,China). In the sersupervised case, we included data from the first 15
participants for certain tasks which included 1) data where assistance was not provided
(first 10 participants labeled phase one), 2) data where assistance was provided based on
heurstic controllers (first 10 participants labeled phase one), and 3) data where assistance
was provided based on a preliminary model (participantsSliabeled phase two). These
latter five subjects formed the internal test set for efolkvalidation beause they were
the closest representation of what a real time deployed model would encounter. For the
semisupervised case, the same exoskeleton sensors were used as the unlabeled data with
their associated joint moment labels. Simulated sensors thateddtase used in the no
exoskeleton dataset were created from the inverse kinematics on the exoskeleton data for

use in supervised, sendoanslation training.

We used the final participants from this dataset to form our true test set (participants
labekd phase 3). Although this dataset includes 10 participants, 2 were removed because

they had participated in the original study without an exoskeleton and thus were in the
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training data. These final 8 subjects were used to evaluate performance and thak the
exoskeleton data with the same sensors used in training was passed through the moment

estimator and the accuracy of the estimated moments was assessed.

6.2.4 Assessing théoint MomentEstimationPerformance of thélodel

We assessed the estimator perforogamsing root mean squared error between the
model estimated moments and the actual ground truth joint moments calculated using
inverse dynamics from OpenSim. We then averaged the RMSE as wefl awdRs

subtasks within the larger 28 task groups and #ueoss tested participants.

To provide suitable comparisons to demonstrate the performance of our algorithm,
we present the results in terms of a fmste model (our goal being to achieve accuracies
similar to this model) and a current approach basélme represents training with limited
data and without domain adaptation). To construct thedasst comparison, we trained a
moment estimator using all of the training tasks and subjects, thus replicating the results of
chapter 5but without insoles or a foot IMU and using all 28 tasks for training. Although
it would be theoretically possible given a significantly larger set of no exoskeleton data to
achieve higher accuracies with our method than thisdasst, ar no exoskeleton dataset
was not larger. For the semsupervised case, the current approach baseline consisted of
training a moment estimator in the same way as thechsstbut with only the same limited
number of tasks and limited number of particigahit we gave to our own approach. For
the unsupervised case, no labeled exoskeletomdestiased in our approach so the current

approach baseline was trained only with simulated data (10 participants and 28 tasks).
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To report our results, we computed fyercent increase in error for our algorithm
and for the current approach baseline with respect to thechsstmodel as seen in

equationl2.

YOO YO W

P Q¢ i WEYiD Yo =
& 0l i0 NS

prm (12

The value of this percent increase expresses how far the approach is away from the best

case and thpercentages can be compared between our approach and the baseline.

6.2.5 Architecture anddptimization

To optimize the different networks, we ran preliminary tests to choose the general
architecture and then performed Bayesian optimization using a-pkigbrmance
computing cluster to select the hyperparameters for the network. We initialized the UNet
translator based on hyperparameters presenf@d®and then further optimized relevant
parameters around moment estimation RMSE for the hip with all tasks and participants
included (due to log run times this was limited to 30 iterations). The chosen network
architecture for the UNet translator as well as the optimization search space are given in
Table7. We also found that using linear upsampling rather than tramspos/olution
increased the performance of our final model. For the discriminator, we selected some
hyperparameters based on Adapt[dtl] and then chose specific hyperparameters based
on the constraints of the UNet (such as an input sequence length of 256). The optimized

hyperparamets from clapter5.2.4Table5 were selected for the moment estimator.



Table 7 - Hyperparameter Optimization of the UNet Translator

Hyperparameter Search Space Selected Value
Sequence Length 32, 64, 128, 256 256*
Depth 2,3,4,5 4
Kernel Size
(Convolution) 23,45 S
Dropout [0.0, 0.3] 0.0
FSize - 32
Kernel Size i 5
(Pooling)

* Further optimization after the fact revealed amded benefit froi
increasing to the next power of two, 512

Once the individual networks were in place, we again used Bayesian
hyperparameter optimization to determine the hyperparameters for the network as a whole
(including loss function weighting pareeters from equatioridandl1as well as learning
rates and training schedules). The objective for optimization was moment estimation error
in terms of RMSE. For the seraupervised case, initial tests showed that 4 tasks appeared
to be an inflection point where additional tasks contributed less to performance, thus the
optimization was based on four included tasks following the optimal task order in chapter
5.2.3 For the unsupervised case, a similar procedure was followed but no labeled tasks
were included. The bounds of the optimization as well as the selected hyperparameters are

given inTable8. Both optimizationsvere stopped after 75 iterations.
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Table 8 - Hyperparameter Optimization of our Complete Network

Search Space  Selected Value Search Space Selected Value

Hyperparameter (Semk (Semi . :
Supervised) Supervised) (Unsupervised(Unsupeavised)
— [0, 2] 0.68 [0, 2] 0.90
- [0, 2] 4.9e3 - 1
- [0, 2] 0.31 [0, 2] 1.86
_ - 0 [0, 2] 1.21
Learning Rate 5e5,1e4,5e 5e5,1e45e
(Translator) 4,1e3 Sed 4,1e3 le4
Learning Rate 5e5,1e4,5e 5e4 5e5,1e4,5e led
(Discriminator) 4,1e3 4,1e3
Learning Rate 5e5,1e4,5e 163 5e5,1e4,5e 5ad
(Moment Est.) 4,1e3 4,1e3
Discriminator
Training Schedul 1,5,10 1 1,5,10 1
(Epochs)
Moment
. Estimator 4 5 10,15,20 0 0,5,10,15,20 20
raining Start
(Epochs)

All models were trained until the RMSE on a {eftt validation subject stopped
improving (with a patience of 25 used to determine when this occurred). Early stopping
was faind to be important given the volatility of the GAN networks over epochs. Once
training was stopped, a new previously unseen subject with all 28 tasks formed the testing
set. Thus, for the 15 participants (from Phase 1 and 2) reserved for training and
hypeparameter tuning, 13 participants were used as a training set, 1 as a validation

participant to determine the early stopping criterion, and 1 was used as a testing participant.
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To determine hyperparameters that were best across multiple participansgdivgfald
cross validation leaving out participants from Phase 2. Thus, the validation and testing
participants were always chosen from Phase 2 data and each participant was used as the

testing participant once.

To determine the specific tasks that woblel included for our senrsupervised

approach, we used a forward task selection algorithm similar to that used in &haer

To seed the optimization, we chose the task that, when used by itself during training,
resulted inthe lowest RMSE error across all tasks. From there, tasks were added
sequentially by selecting the task that when added to training set resulted in the greatest
decrease in RMSE across all tasks other than itself with respect to the previous iteration.
The RMSE differences were averaged between hip and knee. Because the tasks for the
current approach baseline had already been optimized in chah&mwe continued to use

that set of tasks for the current approach baseline.

To determine the number of participants to include for the -seipeérvised
approach, we folded across all of the participants to determine the benefit of adding an
average participant. We first added participants from phase 2 and then phase 1, but the
performance was always assessed ondettparticipants from phase 2 in keeping with the

task optimization.

6.2.6 Statistical Analyses

All statistical analyses were performed in MATLAB (MathWorks, Natick, MA)

using a significance level af = 0.05.
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For the task andasticipant performance sweeps, significance was assessed by
controlling the false rate of discovery (q < 0.05) across model conditions (our approach
versus the current approach baseline) where percent RMSE increase compared to the best
case was the depemdeariablg133]. We assessed the significance of our approach versus
the current approach baseline with eacdthealdtask or participant and used the false rate of
discovery to control the family wise error rate across all comparisons (9 comparisons for

the task case and 13 for the participant case).

For the final offline testing set, we assessed significance usiirgdpttests
between the current approach baseline and our approach at the hip and separately at the
knee. Percent RMSE increase compared to thecasstwas the dependent variable which
was averaged across task groups. The independent variable wasodet type;

participants were the fixed effect.

6.3 Results

6.3.1 Optimization Results

To optimize the tasks included in our sesupervised approach, we sequentially
added labeled tasks based on the average hip and knee generalization score; a score which
measures dw well each additional task improved moment estimation on the other tasks.
This is shown irFigure26a. Optimization was stopped at nine tasks because there was no
longer a statistically detectable difference between our appanakctne bestase baseline.

Figure 4b shows the corresponding RMSE across all tasks averaged between hip and knee
for each task addition. RMSE continues decreasing because including a task reduced the

error on that particular task even if generalizati@hrbt improve. Using this optimized
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set of tasks as well as the previously optimized task set for the baseline, we compared our
approach to the optimized baseline with limited tasks. This is presented as a percentage
error increase compared to a beasemodel (with access to all the tasks) for both the hip
and kneeFigure 26c&d. For all tested task inclusions, our approach statistically

outperformed the baseline approach trained with its own optimized tasks.
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Figure 26 - Task optimization and performance on limited labeled tasks in the
training set. (a) After seeding the optimization with the initial task that resulted in the
lowest RMSE across all tasks, tasks were sequentially added based on maximizhng
generalization score to other tasks. The corresponding RMSE for both the unselected
and selected tasks is shown in (b). Standard deviation across the five test participants
for each circle are omitted for visual clarity. Using this optimized task setthe
performance of our approach using limited data with domain adaptation at the hip
(c) and knee (d) can be compared to a baseline moment estimator with limited data
and without domain adaptation. The comparison is made in terms of the increase in
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RMSE compared to a bestcase with access to all labeled data. Error bars represent
the standard deviation across five crosfolded left-out participants. Statistical
significance was determined by controlling the false rate of discovery (q < 0.05) across
all nine comparisons.

While additional tasks continue to improve moment estimation, the goal of this
work was to demonstrate high performance on a minimal task set. Thus, we chose four
tasks based on the plateau in the generalization score as ségur@R6a. The resulting
percentage increase from the besse model at four tasks was 12.0+3.8% at the hip and
13.6+£6.9% at the knee (compared to the baseline of 37.9+4.4% at the hip and 44.8+6.1%
at the knee). For future analyses we choskmit both the baseline and our approach to
include only labeled exoskeleton data from four optimized tasks in the training set. The
optimized tasks for our approach were: calisthenics, jump in place, level ground walk, and
twister. The optimized tasksr the baseline approach were: level ground walk, standing

poses, calisthenics, and push & pull recovery based on clapier

In addition to limiting the tasks accessible to the sgapiervised baseline and our
approach, w also considered how few participants were necessary for the labeled training
set. By folding across lefiut participants, we assessed the average performance benefit of
adding additional participants. The performance of the baseline approach versus our
approach for the hip and knee are presenteigare 27 in terms of percent increase
compared to a besase model with all participants and all tasks. Regardless of the number
of participants included, our approach statisticallperformed the baseline approach.
Only the four optimized tasks were included for each participant; thus, the datapoints with

13 participants correspond to the datapoints at four tasks in the task optimization.
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Figure 27 - Sweep of estimator performance across limited participants included
within the labeled training set. By crossfolding across participants, we assessed the
average RMSE for our approach and the baseline for the hip (a) and knee (b) when
sequentially increasingthe number of labeled participants included in the training
set. Based on the task optimization only the four optimized tasks were included for
each participant. Results are presented with respect to a besase model with access
to labeled data from alltasks and all participants. Error bars represent the standard
deviation across five crosgolded, left-out participants. Statistical significance was
determined by controlling the false rate of discovery (q < 0.05) across all 13
comparisons.

As with the tak optimization, labeled data for additional participants continued to
improve model performance, but with decreasing effect. To select the number of labeled
participants to include for the semsupervised models, we averaged the hip and knee
RMSE for ourapproach and found the number of participants needed to reach 5% of the
RMSE with all 13 participants. This occurred at four participants with a percent increase
in RMSE compared to the bestse of 13.7+5.2% at the hip and 19.7+9.7% at the knee
(comparedo the baseline of 42.5+8.5% at the hip and 55.6+12.1% at the knee). Thus, for
all future analyses, sersupervised models include labeled data for four participants

performing four tasks.

6.3.2 Performance on the Offline Testing Set
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After the optimizations toedect the semsupervised limitations, models trained
using the baseline approach, our approach, and thedssimodel were tested on a true
testing set of eight novel participants performing all 28 tasks. For thessivised case,
our approach (peent increase in RMSE compared to the foese of 11.3% at the hip and
20.3% at the knee) significantly outperformed the baseline approach (percent increase in
RMSE compared to the besase of 35.5% at the hip and 45.3% at the knee) as seen in
Figure 28a&b (p < 0.01). For the unsupervised case, our approach (percent increase in
RMSE compared to the besase of 19.9% at the hip and 44.4% at the knee) significantly
outperformed the baseline approach (percent increase in RMSE eahtpaine bestase
of 49.5% at the hip and 60.3% at the knee) as se€igure 28d&e (p < 0.01).Figure
28c&f presents a comparison between the baseline and our approach for both the semi
supervised andnsupervised cases in terms &f Rach point on the scatter plot represents
one of the 28 tasks where higher numbers at the hip and the knee (closer to the upper right
hand corner) indicate a better match between the estimate and the ground truth joint

moment.
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Figure 28- Offline model performance for moment estimators trained with translated
sensors. For the semsupervised case, the performance of our approach versus the
baseline is presented for the hip (a) and knee (b) inrt@s of percent increase in RMSE
compared to the bestcase model. Parallel results are presented for the unsupervised
case at the hip (d) and knee (e). Averages are first taken across all 28 activities and
then across participants. Error bars represent thestandard deviation across eight
participants. The R? between ground truth joint moment and estimate for each of the
28 tasks at the hip and knee are presented for the semupervised case (c) and
unsupervised case (f). Each point represents the average ass eight participants but
error bars were omitted for visual clarity.

6.4 Discussion

These results demonstrate that by leveraging our novel domain adaptation strategy
to exploit data from the biomechanics domain without an exoskeleton, we can create high
performing methods for control with only limited or even no access to dayeeific,

labeled data. While these results are framed within the context of joint moment estimation

12¢



for taskagnostic control, the downstream performance of models trained witiateh

data shows that the sensor translation is able to take data without an exoskeleton and
replicate characteristics of exoskeleton data in such a way that the downstream models
within the real exoskeleton data domain can beneficially use that newrtaainified
framework for incorporating data from many different sources has the potential to open
new possibilities within device control by creating a large dataset for improving current
algorithmic techniques as well as potentially enabling new mamgplkex deep learning

algorithms.

The statistically significant performance of our approach across task additions
demonstrates the flexibility of this approach to improve performance on different size
datasets. This sweep provides a potential-lgpkablefor the number of tasks needed to
reach a predefined performance accuracy. This also confirms our first hypothesis that with
limited tasks our approach could significantly outperform the baseline method trained with
limited data. In general, there is adeaff between the number of labeled tasks and the
corresponding estimator performance with diminishing returns as the number of included
tasks increases. However, our approach makes that difference much less pronounced,
making it feasible to train with fafewer tasks. The task generalization optimization
performed here provides an example of the most important types of tasks for training this
framework. Although the exact optimized tasks differ from those of the baseline, similar
trends appear (level grodnwvalk and calisthenics are included in both) emphasizing a

diverse set of tasks that covers the extremes of human movement.



The sweep across participants reveals a similar trend as the task sweep. Including
additional labeled participants improves mogetformance but again with decreasing
benefit with each additional participant. Including four participants of labeled data
achieved moment estimation error within 5% of including all 13 participants; therefore, it
is feasible to collect fewer participarand still achieve comparable results. This confirms
our second hypothesis that our approach would achieve improved estimator performance
on limited participants compared to simply using the baseline method with limited labeled

data.

While the participanand task sweeps involved testing on ateft subject that was
unseen in the training process, aggregate decisions such as hyperparameters were made
based on performance on those participants. Thus, the performance of our models on the
truly novel partigpant set further confirms our first two hypotheses: our approach
outperforms the baseline approach with limited tasks and participants. Additionally, when
compared to the beshse model with access to all of the labeled data, our approach,
operating withonly 5.1% of the labeled data (525 thousand labels versus 10.3 million
labels), only incurred between 1@0% increase in moment estimation RMSE at the hip

and knee.

The results for the unsupervised model on the true testing set demonstrate the
superiorperformance of our training approach compared to only simulated sensors. This
demonstrates the benefits of making use of unlabeled exoskeleton data to facilitate the
translation from simulated to real sensors. Although using no labeled data did incur
additonal error compared to the bestse model, the performance still remained within 20

- 45% of the bestase moment estimation RMSE at the hip and knee. These results
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demonstrate the potential for controls engineers without access to a gait lab totbe able
utilize control architectures which would otherwise have been impossible. Because the
framework presented here performs sensor translation first and then downstream moment
estimation, this same framework could potentially be applied to many diffepg of
datadriven models beyond joint moment estimation, and thus enable faster development

and broader use of these powerful techniques.

While we have argued that this framework provides a solution to the data relevance
and scarcity problem, this is nibe only area where these domain adaptation strategies are
relevant. Our task optimization results as well as those from clapt8demonstrate that
having data from a specific activity continues improving ahteen approehes for that
specific activity weven if the additional
activities. Thus, if researchers and designers want to add additional functionality for a
specific task (e.g. a golf swing) currently they would have tlecbéxoskeleton data with
that specific task. However, with the framework presented here, this data could come from
an opersource biomechanics dataset without incurring data collection costs. Additionally,
although we used data without an exoskeletortriining, data from a different device
could be translated into the biomechanical modeling domain and then utilized to train a
completely different device. Furthermore, this approach could be a valuable tool for
creating models for unique populationgsldifficult to collect large participant datasets of
movement for elderly individuals or for those with impaired mobility while wearing a
device, but some datasets without a device are readily avdRalble [217], [218] Again,
our framework could potentially make use of those datasets for use on new devices targeted

toward these populations.
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This studyhas several limitations. First, we did not perform a formal analysis of
the minimal quantity of unlabeled data necessary for training these models. Future work
could explore both the minimal set of tasks and participants necessary as well as the
benefitsaccrued by including additional unlabeled data during training. Second, only IMUs
and encoders were used in translation. Future work could explore the ability of this
framework to translate other sensing modalities. Third we performed initial optimization
of individual network hyperparameters on a netwoyknetwork basis; however,
additional gain could potentially be found by optimizing those hyperparameters within the

context of the entire network.

6.5 Conclusion

In this chapter, we present a framework thaims the biomechanical modeling
domain as a universal domain for aggregating data and then simulating different device
based sensor configurations. We then present the development and optimization of a deep
domain adaptation network capable of translatiata from simulated sensors within that
biomechanical modeling domain into the devspecific, real sensor domain. These
translated signals can then be used for training downstream deep learning models. Using
this network, we trained models using limitaxd no labeled data from the target device
domain. These models incurred only small additional estimation error compared to a best
case model with a complete labeled dataset from the target device, and significantly
outperformed models trained without ddmadaptation. These results demonstrate a
method to overcome the data scarcity and relevance problem to scateidatanethods

to reatworld usability.
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CHAPTER 7. DEEP DOMAIN ADAPTATI ON ENABLES REAL -
TIME EXOSKELETON CON TROL WITHOUT COSTLY DATA

COLLECTION

7.1 Introd uction

As highlighted inchapter 6 datadriven models have radically transformed our
ability to assess and respond to human movement through wearable robotic devices, thus
promising reaworld benefits in augmentaticand rehabilitation. But with the proliferation
of these methods, the need for desspecific, highquality data grows and with it the
attendant resource and personnel costs that make procuring this data prdib@jvin
the previous chapter, | proposed a framework to overcome the data scarcity problem by
using simulated sensors drawn from biomechanical models as a untensah from
which we can translate data for use in desgpecific contexts. We developed and
optimized a deep domain adaptation network (using UNet and CNN architectures) that
utilizes large biomechanics datasets and unlabeled data from a device te ce=ty,
devicespecific, labeled data. This translation still enables high accuracy on downstream

datadriven models.

While this represents a pivotal step toward making deep learning models more
accessible and scalable for exoskeleton control, it & tottest these models in the loop
on an exoskeleton to verify that they can achieve the desired performance. Previous work

has shown that often offline models often do not perform as well daR®. Closing the
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loop on machine learning models for control is vital because errors at one moment in time

can propagate to further errors in the fufi@21].

Due to these conaes, we deployed the models fratmapter 6n a realtime control
loop for a hip and knee exoskeleton (N=8). We hypothesized that our models (both
supervised and unsupervised) trained with our domain adaptation frakneweaold
outperform their counterpart models without domain adaptation when deployed-in real
time. Based on the success of the moment estimators in Mokhab [19], we also
hypothesized that results from our online deployed models would resulmitarsi
performance to our offline results. This work is important because it validates the
usefulness of this translation strategy by deploying models irtinealthat are trained
from translated data. This further validated our approach to enabling saliaecess to

deep learning estimators for wearable robotic devices.

7.2 Methods

To validate performance during reahe experiments, we chose three of the
models used during offline testing (and developedhiapter § to deploy as part of the
control for the reatime system. For the seraupervised case, we chose to deploy both the
current approach baseline and our approach irtiraal Based on the results from chapter
6.3.], four tasks ad four participants were selected for use in the labeled training set. The
specific four tasks were based on their respective optimal task ranking. For the
unsupervised case, we deployed a model trained with our deep domain adaptation

approach. Although & attempted to deploy the current approach baseline model for this
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case, the model accuracy with only simulated data was so poor that the controller was not

stable for real time deployment (s&ppendix CFigure37).

7.2.1 Exoskeleton Bvice

To deploy the models in rediime, we used the autonomous hip and knee
exoskeleton developed by X, the moonshot factory, and detailed in chahteDue to
the fact that the moment estimators are directly-tiesd depoyable, no additional
computational loss was incurred by running our models in comparison to our previous
work. As detailed in chapteb.2.1, a main single board computer (Raspberry Pi,
Cambridge, UK) handled the 1/O for thewice as well as data logging while a separate co
processor handled deep learning inference (NVIDIA Jetson Nano, Santa Clara, CA). All
experimenter interaction was handled through an offboard laptop connectalfitéia
network hosted by the onboard microgessor. The device as well as the mechatronics are

pictured inFigure29a.

a Control b Cyclic Impedance-like Unstructured
f(ML Co-Processor Level Ground Walk @ Jump Across Calisthenics ®
— Inclined Walk Jump In Place Cut
& s \{Mlcroprocessor' Declined Walk Lift & Place Weight Curb
Stair Ascent Lunge Meander
Actuation Stair Descent Medicine Ball Toss Push & Pull Recovery ®
Hip Actuator Run Sit & Stand Start & Stop
Backward Walk Squat Step Over
25Ib Loaded Walk Standing Poses ® Turn
Toe & Heel Walk Step Up Twister

Tug of War

- '; Knee Actuator
R y ® Labeled Training for Baseline (Semi-Supervised)
C y Labeled Training for Our Approach (Semi-Supervised)

Real-Time Tested Tasks

Figure 29 - Realtime testing methods. (a) The autonomous hip and knee exoskeleton
used in this study relies on sensing fromneoders at the hip and knee and inertial
measurement units (IMUs) on the thigh and shank. This information is passed to a
microprocessor and then on to an onboard machine learning (ML) cprocessor for
real-time inference. Those commands are then sent toctaators that provide
assistance bilaterally at the hip and knee. (b) Models that included labeled
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exoskeleton data (serrsupervised) included four tasks each. Seven of the rei@ine
tested tasks were selected to be novel to both approaches while the éighevel
ground walking, was part of the semisupervised training set. Unlabeled exoskeleton
data and biomechanics datasets included all tasks.

7.2.2 Experimental Protocol and Data Processing

We performed a similar protocol to that used to collect the trairatay(dee chapter
3.2) with a paired down task list. Eight participants (4 male, 4 female, age: 23.0 + 3.8 years,
height: 173.4 £ 2.6 cm, body mass: 68.2 + 10.7 kg) performed eight tasks with three
different controllers. Infornek consent was obtained for each participant under Georgia
Institute of Technology IRB protocol H21184. The tasks were split between the three larger
task categories used ahapter 5with seven outside of the labeléining set for both
models in the sersupervised case as seerrigure2%. These tasks were: medicine ball
toss (15lb center, right, left), cutting (left & right, fast & slow);tsistand (short and tall
chair, with and witout armrests), starting & stopping, stair ascent (slow, normal, fast),
stair descent (slow, normal, fast), and walking backward (0.6 m/s, 0.8 m/s, 1.0 m/s). More
details on the protocol for each task can be foundhiapter3.1.2.2Table 3. We also
included one task that was in the training set for both-sepervised models: level ground
walking (0.6 m/s, 1.2 m/s, 1.8 m/s, and shuffle). The order of the models was randomized
for each participant; alasks were performed with a single model before switching models.
During each task, exoskeleton data for the encoders (hip and knee) and IMUs (thigh and
shank) were recorded as well as the estimated joint moment from the current model. Motion

capture datavere recorded at 200 Hz and ground reaction forces at 1000 Hz.
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Data processing was performed in a similar mannahtapter 3where subject
specific models were fit to each participant standing in a static posex®bleeleton mass
was then added for the actuators at their respective joints and the additional mass at the
torso. Inverse kinematics matched the model to the measured motion capture locations and
inverse dynamics were then calculated based on the greantion forces. An activity
flag was computed to determine when the activity was occurring and thentaised
determinghe section$or assessag model performance. Ground truth joint moments were
filtered before being compared to the riale estimated-urther details on biomechanical

processing and analysis can be foundhapter3.1.2and3.2.1.4

7.2.3 Assessing Redime Performance

To assess the reine model performance, we captured the jointment estimates
and then poshoc aligned those estimates with the ground truth moment labelsteepiter
5. We did not deploy the besaise model in redime but instead ran the collected sensor
signals through th bestcase model podtoc thus allowing a more fair comparison of
performance. We did this individually for the data from each model; thus, thedsest
mod el performance is unique to each spec
unsupervised baselimeodel trained only on simulated data could not be run intireal
due to instability at the hip. Thus, to provide a fair comparison we took themeatiata
when running our approach in the unsupervised case and gave that as model inputs to the

unsupevised case baseline.



As in chapter6.3, we present several of our results relative to the ¢t model
with access to all of the training data using equat®ftom that chapterOthe results are
presented in terms of the shape similarity between the ground truth joint moments and the

estimates as measured b¥ R

7.2.4 Statistical Analysis

For realtime testing, comparisons between the current approach baseline and our
approach were perfora with paired-tests separately at the hip and the knee and for the
supervised and unsupervised cases. Tests were performed with percent RMSE increase
compared to the bestase as the dependent variable. The independent variable was the
model type and péicipants were the fixed effect. To assess offline versus online
performance, separate two samplests with assumed equal variance were performed for
each deployed model at each joint to determine if running the model tinneahad
statistically sigificant impact on performance. To assess the statistical significance for
each individual task with Ras the dependent variable, we controlled the false rate of
discovery to account for the number of comparisons between model types (3 models were
run in reaktime) and number of tasks (8 performed in the-tiea¢ validation). Thus,
controlling for all 24 comparisons. Tests were performed withsRhe dependent variable
separately for each model type with offline versus online as the independent vaiable
also compared the average performance across all tasks directly between the three models
that were run in redime using a onavay analysis of variance (ANOVA) test with
participants as the fixed effect. This was followed up by Bonferroni multiplgpadsons

tests between model types.
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7.3 Results

When these models were tested inteak while providing assistance to the user,
the model trained with our seraupervised approach (percent increase in RMSE compared
to the bestase model of 11.0+6.4% atethip and 19.5+9.6% at the knee) significantly
outperformed the model trained with the baseline method (percent increase in RMSE
compared to the bestise model of 37.5+£10.5% at the hip and 48.3+19.0% at the knee) at
the hip (p < 0.01) and the knee (p 0DI1) as shown irFFigure 30a&b. The final
performance of our sersupervised approach was 0.19+0.01 Nm/kg RMSE and 0.71+0.04
R? at the hip and 0.16+0.02 Nm/kg RMSE and 0.75+0.64aRthe knee. For the
unsupervised case, our appbgpercent increase in RMSE compared to the-duest
model of 25.6+13.9% at the hip and 32.91£6.7% at the knee) significantly outperformed the
baseline approach (percent increase in RMSE compared to theabesmodel of
63.4+24.8% at the hip and 54.63% at the knee) at both the hip and knee (p < 0.01) as
seen irFigure30c&d. The final performance of our unsupervised approach was 0.21+0.01
Nm/kg RMSE and 0.68+0.04°Rt the hip and 0.18+0.01 Nm/kg RMSE and 0.71+0.03 R

at theknee.
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Figure 30 - Realtime model performance for moment estimators trained on
translated data. For the semisupervised case, the performance of the deployed
models for our approach versus the baseline is presented for the hip) @nd knee (b)

in terms of percent increase in RMSE compared to a bestase model (computed post
hoc). Similar results are presented for the unsupervised case at the hip (d) and knee
(e); however, the unsupervised baseline model was also run offline, pbsic due to
real-time controller instability. Averages are first taken across all eight tested tasks
and then across participants. Error bars represent the standard deviation across eight
participants.

For the three models that were deployed in-ti@a¢, results can be broken down
into each specific task. These are presented in term$lwétReen the ground truth joint
moments and the estimates kigure 31. The tasks are separated between cyclic,
impedancdike, and unstructuredctivities to demonstrate the performance across all

categories. While the first seven tasks were novel tasks not included in theupemiised
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baseline, level ground walking was part of the labeled data accessible to both of the semi

supervised modeldut not the unsupervised model.
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Figure 31 - Reakttime deployed model performance broken down into specific tasks.
The individual performance of each deployed model on each task is presented for the
hip (a) and the knee (b). Tasksre segmented into four categories. Three are based
on the category of activity: cyclic, impedancdike, and unstructured; the fourth
comes from the fact that level ground walking was one of the tasks for which the semi
supervised models had access to gmd truth labels during training while the
unsupervised model did not. Error bars represent the standard deviation across eight
participants. Statistical significance was assessed using the false rate of discovery (q
< 0.05) to account for all 24 comparises.

To further compare the difference across the thredirealmodels in a single test,
a oneway ANOVA was used and found statistical differences between the threareal
models for R at the hip (F = 27.63, p < 0.01) and at the knee (F = 14.40,Qi Follow
up pairwise multiple comparison tests with Bonferroni correction showed a statistically

significantly higher Rfor our semisupervised approach over the seampervised baseline
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(p < 0.01), our unsupervised approach over the-sepervisedaseline (p = 0.012), and
our semisupervised approach over our unsupervised approach (p = 0.035). At the knee,
statistically significant improvements ir Riere found for our sersupervised approach
over the semsupervised baseline (p < 0.01) and ounisgupervised approach over our

unsupervised approach (p = 0.011).

Figure 32 shows representative tinseries plots from a single cycle of each type
of activity. Because each activity is performed individually with each modegrthend
truth joint moments are not the same for each repetition of the maneuver. To provide the
best comparisons, these specific strides were selected such that the ground truth moments
matched as closely as possible (by optimizing the strides that balbvilest RMSE

between ground truth joint moments).
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Figure 32 - Time series comparison of deployed models. Representative tiraeries
plots are shown for each category of activity with the ground truth moment in black
and the reattime joint moment estimate in color. Stair ascent is representative of
cyclic tasks (a), medicine ball toss of impedandie activities (b), and the outside leg
for a single stride in cutting for unstructured tasks (c). To facilitate comparison,
individu al cycles were chosen by finding strides where the ground truth moments
were similar.

To compare the performance between offline and online, we matched the tasks from
the offline analysis in chapté.3.2to those tasks chosdar the realtime experiment.
Figure 33 shows the comparison for each réale deployed model for both the hip and

the knee in terms of Fbetween estimate and ground truth joint moment.
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