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Ankle exoskeletons are designed and personalized to enhance mobility in unimpaired adults and 

improve gait in individuals with motor impairments. Ankle exoskeletons are challenging to 

prescribe and optimize for an individual, resulting in inconsistent intervention outcomes. 

Quantifying and predicting changes in kinematics and muscle activity in response to varying 

exoskeleton properties may improve intervention outcomes, enhance mobility, and inform device 

design for individuals with diverse motor impairments. However, model-based approaches for 

understanding responses to ankle exoskeletons often rely on physiologically-detailed frameworks 

that require extensive experimental datasets to model heterogeneous physiology and motor 

control in individuals with motor impairments. To better understand responses to ankle 

exoskeletons across individuals with diverse physiology, the goal of this dissertation is to 

examine physiologically-detailed and non-physiological approaches to modeling and 



 

understanding responses to ankle exoskeletons in individuals with motor impairments and 

unimpaired adults.  

 

Cerebral palsy (CP) is one of the most common motor impairments among children and one of 

the largest groups who use ankle exoskeletons. Optimized powered and passive ankle 

exoskeletons have been shown to reduce the energetic demands of walking in children with CP. 

However, CP represents a heterogeneous population, with widely varying gait patterns. 

Understanding how heterogeneous kinematics and kinetics in CP alter exoskeletons impact on 

the energetic demands of walking could inform device design. Using subject-specific 

musculoskeletal simulations of walking with ankle exoskeletons, we found that idealized 

powered ankle exoskeletons reduced muscle demand in children with CP more than passive 

exoskeletons and that reductions in ankle plantarflexor demand drove overall muscle demand. 

However, walking speed and knee flexion angle impacted reductions in muscle demand. 

Powered ankle exoskeletons may, therefore, benefit children with CP, but may not provide 

benefits over optimized passive exoskeletons for all individuals.  

 

While musculoskeletal simulations provide a powerful platform to evaluate ‘what-if’ questions 

and probe complex systems, the underlying models often have normative assumptions about 

physiology and motor control that may limit their ability to accurately predict subject-specific 

responses to exoskeletons. Constructing dynamical models of walking with exoskeletons from 

data alone may enable exoskeleton responses to be predicted without detailed knowledge of an 

individual’s physiology. To test this theory, we built a passive ankle exoskeleton and collected 

extended treadmill walking data across four levels of dorsiflexion stiffness for 12 unimpaired 



 

adults. We developed three data-driven phase-varying models of each individual’s response to 

ankle exoskeleton torque and evaluated their predictive ability in unimpaired adults walking in 

bilateral ankle exoskeletons. We found that linear and nonlinear phase-varying models could 

accurately predict kinematic responses to torque but could not predict stride-to-stride variations 

in myoelectric responses. These models show promising potential to model responses to 

exoskeletons in individuals with motor impairments, though improving myoelectric predictions 

represents an exciting area of future research.  

 

While exoskeleton impacts on gait mechanics and energetics have been investigated, if and how 

an individual modulates their center-of-mass (COM) dynamics changes with ankle exoskeletons 

remains unclear. Quantifying changes in the whole-limb mechanisms describing COM dynamics 

with exoskeletons may identify characteristic sub-classes of responses to exoskeletons. We 

developed and identified template signatures – low-dimensional, physics-based representations 

of COM dynamics – during walking with and without passive ankle exoskeletons in 12 

unimpaired adults and one individual with post-stroke hemiparesis. We found that the template 

signatures were consistent across unimpaired adults and were robust to changes in exoskeleton 

dorsiflexion stiffness. Conversely, the template signatures post-stroke reflected the individual’s 

increased paretic-limb stiffness and changed in response to exoskeletons. This work suggests that 

unimpaired COM dynamics do not change with passive ankle exoskeletons, but that COM 

dynamics in individuals post-stroke may adapt to ankle exoskeletons. 

 

This dissertation contributed to our knowledge of how ankle exoskeleton properties impact 

muscle demand and COM dynamics during walking, and the potential of data-driven modeling 



 

frameworks to quantify and predict responses to ankle exoskeletons. This knowledge may inform 

exoskeleton design and prescription, potentially improving exoskeleton efficacy for individuals 

with motor impairments. The research in this dissertation added to an existing open-source 

dataset for musculoskeletal simulations of walking in children with CP and created a novel, 

open-source dataset containing long time-series of walking with passive ankle exoskeletons in 

unimpaired adults. This research lays the foundation for future work aimed at identifying 

mechanisms driving heterogeneous responses to exoskeletons or other assistive devices in 

individuals with motor impairments. 
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Chapter 1. INTRODUCTION 

Walking is a ubiquitous and efficient way for humans to interact with their physical and social 

environments. Augmenting walking capacity, therefore, improves our ability to interact with the 

world around us. While devices to assist walking function have existed for centuries [1], only in 

the last two decades has the vision of augmenting human walking capacity through wearable robots 

begun to be realized [2]. In particular, ankle exoskeletons have promising potential to augment 

unimpaired locomotion, as well as to assist and improve gait kinematics, and restore walking 

function following neurological injury [3, 4]. 

 

Since the 1960s, exoskeletons have been used in military and civilian applications, such as soldier 

augmentation, assisting manufacturing processes, or assisting locomotion and rehabilitation for 

individuals with motor impairments [3, 5-8]. While ankle exoskeletons have been used for decades 

to assist and improve walking in individuals with motor impairments (e.g. approximately 50% of 

children with cerebral palsy (CP) and stroke survivors) they have only recently received increased 

research attention for their ability to reduce the energetic demands of walking for unimpaired 

individuals and their potential as rehabilitative tools [3, 4, 9-19]. However, personalizing 

exoskeletons for individuals with motor impairments remains challenging. 

 

Our understanding of how ankle exoskeleton properties impact gait has exploded in the last decade. 

While much exoskeleton research to date focuses on reducing the energetic costs of walking, the 

next ten years will likely see the expansion of exoskeleton research beyond the laboratory and 

towards augmenting additional features of locomotion, such as stability and agility [2]. However, 

personalizing exoskeletons to assist walking or achieve clinical outcomes remains challenging. 
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This challenge is particularly apparent for individuals with motor impairments, who have unique 

physiology and motor control and exhibit variable responses to exoskeleton interventions [4, 20]. 

Advancing our understanding of ankle exoskeleton impacts on gait and developing methods to 

study exoskeleton impacts in heterogeneous populations will be critical to realizing the promise of 

these devices. 

 

Data-driven modeling is an emerging area of research in the biomechanics of locomotion and has 

the potential to advance exoskeleton personalization through understanding diverse responses to 

exoskeletons [21, 22]. From popular musculoskeletal simulations to black-box machine learning 

algorithms, data-driven models enable an individual’s dynamics, control, and sensing to be 

encoded from data. However, data-driven modeling is in its infancy in biomechanics. Drawing 

from research modeling a range of complex dynamical systems with similarities to human gait 

may enable a rich history of modeling work to provide novel insight into locomotion and the 

impacts of ankle exoskeletons on gait. 

 

1.1 FOCUS OF THE DISSERTATION 

This dissertation explores physiological, physics-based, and non-physiological modeling 

approaches to understanding and predicting changes in gait with ankle exoskeletons. Our premise 

was that data-driven models would provide insight into muscle, joint, and whole-body impacts of 

ankle exoskeletons during walking. To understand how gait mechanics altered ankle exoskeleton 

impacts on muscle demand, we created subject-specific musculoskeletal models of children with 

CP walking with passive and powered ankle exoskeletons (Chapter 3). We found powered ankle 

exoskeletons may reduce muscle demand more than passive exoskeletons in children with CP and 
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that knee flexion moments during walking were negatively associated with potential reductions in 

muscle demand with ankle exoskeletons. To determine if data-driven models grounded in 

dynamical systems theory could predict kinematic and myoelectric responses to ankle 

exoskeletons, we evaluated linear and nonlinear phase-varying models of response to exoskeleton 

torque Chapter 4. We found that linear phase-varying models could predict kinematic responses 

to torque but could not predict stride-to-stride variations in myoelectric responses, identifying an 

important area of future work. To understand if and how control of center-of-mass (COM) motion 

changes with ankle exoskeletons, we extended a novel data-driven modeling technique ([23]), to 

construct mechanistic walking models describing whole-leg contributions to COM motion 

(Chapter 5). We found that unimpaired control strategies were insensitive to exoskeletons, while 

one stroke survivor’s control changed in response to both the exoskeleton frame and dorsiflexion 

stiffness. The model development and analyses conducted in this dissertation provide a foundation 

for data-driven exoskeleton personalization for individuals with motor impairments and novel 

analytical and predictive tools for researchers studying the biomechanics of locomotion. 

 

1.2 SIGNIFICANCE 

The research conducted in this dissertation contributes to the biomechanics and neuromechanics 

communities by advancing our understanding of, and ability to predict, responses to ankle 

exoskeletons. Beyond ankle exoskeletons, the methods developed in this dissertation may be used 

to study other assistive devices, interventions, and user groups. Understanding the diverse factors 

contributing to changes in gait in response to ankle exoskeletons may improve exoskeleton 

efficacy for individuals with motor impairments, enhancing mobility and moving towards data-

driven exoskeleton prescription outside of the gait lab. Our ability to individualize ankle 
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exoskeletons has been limited by an inability to address uncertainty in physiology and motor 

control. The goal of this dissertation was to address this challenge by improving our understanding 

of responses to ankle exoskeletons using novel analytical and predictive tools. The primary 

contributions of this dissertation are: 

 

Identifying factors predicting exoskeleton impacts on muscle demand in children with CP: 

The potential of state-of-the-art powered and passive ankle exoskeletons to assist locomotion had 

not been evaluated in children with CP. We developed subject-specific musculoskeletal 

simulations of children with CP to evaluate the impacts of optimized passive and powered ankle 

exoskeletons on muscle demand. Prior studies had developed subject-specific models of children 

with CP [24] and unimpaired adults with exoskeletons [25]. We extended these works by 

implementing both powered and passive exoskeletons in simulation. While ankle exoskeleton 

impacts on gait in children with CP were known to be affected by kinematics [26], we were the 

first to identify kinematic and kinetic features that predicted exoskeleton impacts on muscle 

demand. The musculoskeletal models developed for this research expanded an existing open-

source dataset of children with CP and are freely available at https://simtk.org/projects/crouchgait. 

 

Extending phase-varying data-driven models to quantify response to ankle exoskeletons: 

Predicting responses to exoskeletons without extensive knowledge of physiology and motor 

control may facilitate data-driven exoskeleton prescription for individuals with motor 

impairments, but such tools have not been extended to gait with ankle exoskeletons. Prior studies 

used phase-varying models to predict perturbation responses and quantify the stability properties 

of gait [27, 28]. We extended this approach to predict responses to ankle exoskeletons and showed 
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that linear phase-varying dynamics could encode responses to passive ankle exoskeletons in 

unimpaired adults. We made all data collected for the research in Chapter 4 freely available at 

https://simtk.org/projects/ankleexopred. These data constitute rare, long time-series datasets that 

include joint kinematics, muscle activity, and ground reaction force data from four-minute trials 

of four exoskeleton stiffness levels for 12 unimpaired adults and 1 adult stroke survivor. The 

repository additionally includes scaled musculoskeletal models for each participant. As these 

methods may extend to other exoskeletons devices or prostheses, we also made all code needed to 

generate and analyze phase-varying models available in this repository.  

 

Quantifying the dynamical impacts of passive ankle exoskeletons: When studying and 

controlling ankle exoskeletons, understanding which phases of the gait cycle contain 

measurements that are useful for predicting responses to exoskeletons throughout the gait cycle 

may suggest control variables for state-based control of powered exoskeletons and inform studies 

of passive exoskeleton impacts on gait. Using phase-varying models, we showed that information 

from any initial posture improved predictions of kinematic responses to passive ankle exoskeletons 

only up to 20% of a stride in the future. While this threshold may vary with the device and 

population, our findings inform studies of the impacts of posture (e.g. joint angles at initial contact 

[29]) on responses to passive exoskeletons by providing a baseline threshold beyond which posture 

effects are unlikely to be identifiable. The code to conduct these analyses is also available at 

https://simtk.org/projects/ankleexopred.  

 

Extending sparse regression for hybrid systems to study ankle exoskeleton impacts on whole-

limb walking control: Developing subject-specific interpretable models of walking may identify 
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interindividual differences in strategies to achieve stable and efficient walking. This modeling 

approach is more flexible than existing approaches in biomechanics and may be extended to other 

assistive devices or interventions. While myriad interpretable, physics-based models of walking 

exist, only a single dynamical structure is typically selected to study gait [30-34]. We extended a 

physics-informed data-driven modeling algorithm, which automatically compares a large number 

of physics-based representations of system dynamics, to identify subject-specific walking 

dynamics with and without ankle exoskeletons [23]. 

 

Identifying the impacts of passive ankle exoskeletons on whole-limb control of walking: 

Understanding if and how strategies to control COM motion during walking change with ankle 

exoskeletons will guide investigation into neural and biomechanical mechanisms impacting 

responses to exoskeleton properties. We identified changes in physics-based representations of 

COM dynamics during walking with and without ankle exoskeletons in unimpaired adults and one 

stroke survivor. Prior work showed that ankle exoskeletons impacted gait mechanics and 

energetics ([9, 35]), as well as the changes in gait mechanics following neurological injury [36]. 

We extended this work by parameterizing changes in COM dynamics to determine if ankle 

exoskeletons altered the whole-limb mechanisms describing COM dynamics. We found that 

unimpaired adults maintain nearly invariant whole-limb control of COM motion in response to 

passive ankle exoskeletons, but that whole-limb control may be altered post-stroke and more 

sensitive to exoskeleton properties. These findings may explain observed changes in gait 

mechanics and motivate future investigation in a larger sample of individuals post-stroke. 
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1.3 DISSERTATION OVERVIEW 

This dissertation focuses on three research studies aimed at understanding and predicting responses 

to ankle exoskeleton properties. The studies are presented as self-contained articles, each 

addressing a unique challenge in understanding gait with ankle exoskeletons. Chapter 2 provides 

an overview of relevant background information for the remaining chapters. Chapter 3 uses 

musculoskeletal simulation to examine the potential impacts of powered and passive ankle 

exoskeletons on gait in children with CP (Rosenberg, et al., PLoS One, 2017). Chapter 4 developed 

and evaluated phase-varying models to predict kinematic and myoelectric responses to ankle 

exoskeletons (Rosenberg, et al., Journal of the Royal Society Interface, 2020). Chapter 5 extends 

a physics-informed data-driven modeling framework to quantify changes in the whole-limb 

mechanisms used to accelerate the COM with ankle exoskeletons in unimpaired adults and one 

individual with post-stroke hemiparesis (Rosenberg, et al., In preparation). Chapter 6 summarizes 

our important findings and presents interesting directions for future research. Note that the pronoun 

“we” is used throughout the dissertation to recognize the collaborative efforts that contributed to 

this research. The individual contributors to each study are listed at the start of each chapter. 
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Chapter 2. BACKGROUND 

2.1 ANKLE EXOSKELETONS DESIGN AND USER GROUPS 

While the goals of ankle exoskeleton interventions are highly individualized, most devices alter 

gait by applying rhythmic mechanical perturbations to the user’s ankle. Common ankle 

exoskeleton designs include a footplate, a hinged or solid ankle, and a cuff that surrounds the user’s 

shank (Figure 2.1) [4, 9, 17-19, 37, 38]. During walking, ankle exoskeletons apply resistive or 

assistive torques about the ankle joint, typically in the ankle’s flexion-extension plane. Altering 

the torque applied to the ankle is, therefore, the primary design objective for many ankle 

exoskeletons. In passive ankle exoskeletons, torque generation is a function of the user’s ankle 

angle in the exoskeleton and the device’s mechanical properties. Passive exoskeletons typically 

resist ankle dorsiflexion in early stance, assist ankle plantarflexion in mid- and late-stance, and 

resist ankle plantarflexion during swing [9, 39]. Exoskeleton stiffness influences the resistance to 

ankle flexion and is the most commonly-studied passive exoskeleton property, while the 

exoskeleton’s equilibrium (i.e., zero-torque) angle is also commonly tuned in clinical practice [9, 

29, 39-44]. Understanding how exoskeleton design parameters impact walking function, 

mechanics, and energetics is an active area of research [4, 9, 19, 20, 25, 37, 45-47]. However, as 

discussed in the next section, exoskeletons can have diverse and unintuitive impacts on gait. 
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Figure 2.1. Depiction of experimental passive ankle exoskeleton with linear springs in parallel 

with the shank. This design is similar to passive exoskeletons studied to reduce the metabolic 

demand of walking. Photograph by the University of Washington.   

 

 

Ankle-foot orthoses (AFOs) describe a type of exoskeleton used clinically to improve gait 

kinematics, spatiotemporal outcomes, and energetic efficiency during walking [4, 29, 48-51]. 

Mechanically, AFOs and exoskeletons are equivalent. Despite differences in some design features 

(e.g. AFOs are often a single piece of rigid thermoplastic), AFOs and ankle exoskeletons produce 

torques as described above. In this dissertation, we refer to all devices as ‘ankle exoskeletons’ (e.g. 

Chapter 4 & Chapter 5) unless specifically discussing devices with clinical implications, in which 

case, we use the term ‘AFO’ (e.g. Chapter 3). AFOs are often prescribed to individuals with motor 

impairments, such as those post-stroke or with CP.  In CP alone, which affects 2-3 of every 1000 
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live births, over 50% of children are candidates for AFO prescription, often to reduce excessive 

knee flexion during stance or toe-walking, which are energetically expensive gait patterns and can 

lead to joint pain later in life [49, 52-54]. AFOs are typically prescribed based on an individual’s 

physiology, nominal gait pattern, and personal goals [4, 26]. As will be discussed in Section 2.2.4, 

responses to AFO mechanical properties are highly variable and no gold-standard prescription 

protocol exists to personalize AFOs [4]. Much like the need for improved understanding of 

exoskeleton impacts on gait to advance state-of-the-art exoskeleton research and design, 

understanding why individuals with motor impairments exhibit heterogeneous responses to AFOs 

may improve AFO efficacy. 

 

2.2 HETEROGENEOUS RESPONSES TO ANKLE EXOSKELETONS 

Ankle exoskeletons impact many features of gait, including center-of-mass (COM) mechanics, 

joint mechanics, and muscle activity [9, 38, 55, 56]. Understanding exoskeleton impacts on these 

gait features is critical to informing exoskeleton design, as the features influence mobility, 

efficiency, and safety during walking. Particularly in individuals post-stroke or with CP, the 

impacts of ankle exoskeleton stiffness on gait are highly heterogeneous [4, 29]. In this section, 

we review normative ankle exoskeleton impacts on gait in unimpaired adults and heterogeneous 

impacts on gait in individuals with motor impairments. 

 

2.2.1 Center-of-mass mechanics 

The motion of the COM influences gait energetics and stability [57-61], making the control of 

COM motion fundamental to the task of walking. COM mechanics describe how gravity and the 

leg transfer energy to, and accelerate, the COM. Additionally, as will be discussed in Chapter 5, 
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COM mechanics are fundamental to simple models of locomotion. Understanding exoskeleton 

impacts on how each leg contributes to COM mechanics can provide insight into how stable and 

efficient walking is achieved.  

 

Ankle exoskeletons generally have small impacts on COM mechanics. For example, in unimpaired 

adults, Collins and colleagues (2015) found that passive exoskeletons increased biological COM 

power during mid-stance, and decreased power in late stance [9]. However, the exoskeleton 

mechanical power mirrored these changes, such that total (biological + exoskeleton) COM power 

was insensitive to ankle exoskeleton stiffness. Mooney and colleagues (2016) corroborated this 

work for powered exoskeletons, finding that COM power was similar between walking with and 

without exoskeletons [18]. However, unilateral ankle exoskeletons, as may be used by individuals 

with hemiplegia, had larger effects on COM power. Jackson and colleagues (2015) found that 

increasing torque in unilateral powered ankle exoskeletons decreased late stance contributions to 

COM power of the leg with an exoskeleton [45]. Their results suggest that the asymmetric impacts 

of a unilateral exoskeleton may alter coordination such that altered COM motion is preferable.  

 

COM mechanics appear more sensitive to ankle exoskeletons in individuals with motor 

impairments, compared to unimpaired adults. In individuals with unilateral impairments, Harper 

and colleagues (2014) showed that passive exoskeleton stiffness had small impacts on forward and 

mediolateral accelerations of the COM in both the exoskeleton-side limb and the no-exoskeleton 

limb [43]. Conversely, in individuals post-stroke, powered exoskeletons on the participants’ 

paretic limb exhibited highly variable effects on paretic limb contributions to COM propulsion and 

power [20]. Many participants relied more heavily on their non-paretic limb when walking with 
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the exoskeleton; a possible compensation strategy for the inability to use the exoskeleton for 

propulsion. High interindividual variability in COM-level responses to exoskeletons indicates a 

need to understand the diverse mechanisms driving responses.  

 

2.2.2 Joint mechanics 

Joint mechanics describe an individual’s biomechanical strategy to accelerate the COM and serve 

as outcomes for clinical exoskeleton interventions [4, 29, 39, 62]. While exoskeletons produce 

torques at the ankle, individuals may alter mechanics at the hip, knee, and ankle to achieve a 

desired walking pattern. Here, we describe exoskeleton impacts on joint kinematics, moments, and 

powers, all of which are impacted by ankle exoskeletons.  

 

Passive ankle exoskeleton stiffness typically has small impacts on joint kinematics. Increasing 

exoskeleton stiffness decreases peak ankle dorsiflexion angle during stance and swing, but has 

only small effects on knee and hip flexion in unimpaired adults [9, 42]. Children with CP exhibit 

more variable responses to exoskeleton stiffness, though increasing stiffness has been found to 

decreases peak knee flexion during stance [29]. For powered ankle exoskeletons in unimpaired 

adults, impacts on ankle and knee kinematics are larger in magnitude but similar in direction to 

passive exoskeletons [35]. Conversely, Lerner and colleagues (2019) found that a small sample of 

children with CP walking in powered ankle exoskeletons exhibited variable changes in ankle, knee, 

and hip kinematics, despite similar exoskeleton torque profiles [55]. For example, some 

participants increased ankle dorsiflexion while others decreased dorsiflexion. 
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Joint moments exhibit larger responses to exoskeleton stiffness than do kinematics. 

Unsurprisingly, passive ankle exoskeletons were found to reduce the biological ankle moment 

during push-off in unimpaired adults [9]. Additionally, the total ankle moment increased in 

midstance and the knee flexion moment increased in late stance, suggesting that exoskeleton 

stiffness may impact the relative contributions of ankle and knee moments to overall joint motion. 

The impacts of ankle exoskeleton stiffness on individuals with motor impairments are variable. In 

children with CP, passive ankle exoskeleton stiffness did not alter ankle, knee, or hip moments 

[29]. However, in adults with calf muscle weakness, exoskeleton stiffness increased the total ankle 

moment and decreased knee moments in late stance, suggesting changes in joint contributions to 

propulsion [44, 62]. Changes in ankle moments with powered exoskeletons resemble those of 

passive exoskeletons in unimpaired adults, with the total ankle moment increasing in mid-stance, 

but not in late-stance [18]. Despite kinematic differences, Lerner and colleagues (2019) found that 

powered exoskeletons consistently decreased biological ankle moments, though changes in total 

ankle, knee, and hip moments varied between participants. 

 

Joint power analysis provides particular insight into how joints are coordinated to achieve COM-

level mechanics and how exoskeletons alter coordination. In unimpaired adults, Collins and 

colleagues (2015) showed that increasing passive exoskeleton stiffness decreased ankle power and 

increased knee power during late stance [9]. Since COM power was unaffected by exoskeleton 

stiffness in this study, changes in ankle and knee moments reflect changes in the relative 

contributions of the knee and ankle to COM power. In children with CP and adults with 

neuromuscular impairments, increasing ankle exoskeleton stiffness has been found to decrease 

peak ankle push-off power [29, 44]. Powered exoskeletons have been shown to increase positive 
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ankle power and decrease positive hip power in both unimpaired adults [18] and children with CP 

[55]. The redistribution of power in the leg joints suggests that ankle exoskeletons may alter the 

preferred coordination patterns to support and propel the body.  

 

2.2.3 Muscle activity 

Muscle activity patterns encode an individual’s neuromuscular strategy to achieve joint moments 

and accelerate the COM during walking. Moreover, muscle activity is associated with both the 

energetic demands of walking and walking function in individuals with motor impairments [24, 

63-66]. Therefore, understanding exoskeleton impacts on muscle activity may inform exoskeleton 

design for rehabilitation and assistance during walking.   

 

In unimpaired adults, ankle exoskeleton properties have been found to primarily impact the ankle 

plantarflexor muscles. Collins and colleagues (2015) found that passive exoskeletons reduced 

soleus activity in early stance, and gastrocnemius activity in early and late stance [9]. For walking 

at a fixed speed, ankle exoskeletons reduced the biological ankle power required to maintain 

similar COM mechanics to walking without exoskeletons. Since COM power changes little with 

passive ankle exoskeletons, reductions in ankle plantarflexor activity are unsurprising [9]. Powered 

exoskeleton torque has similarly been found to reduced soleus activity in unimpaired adults, but 

to a greater degree than in passive exoskeletons [38, 45]. These studies showed that greater 

exoskeleton stiffness or torque tend to decrease soleus and gastrocnemius activity, though changes 

in activity may be highly individualized. In children with CP, Lerner and colleagues (2019) found 

that powered exoskeletons reduced gastrocnemius activity [55]. However, only five participants 

were evaluated and the magnitude and timing of reductions in gastrocnemius activity varied 
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between individuals. The connections between muscle activity, gait mechanics, and walking 

function make quantifying and predicting individualized changes in muscle activity with ankle 

exoskeletons critical to improving device efficacy for individuals with motor impairments. 

 

2.2.4 Heterogeneous responses to ankle exoskeletons 

Heterogeneous responses to exoskeletons make device personalization critical for using 

exoskeletons to assist and improve change in individuals with motor impairments and unimpaired 

adults. Exoskeleton personalization for individuals with motor impairments is particularly 

challenging due to the heterogeneity of responses to exoskeleton properties. For example, Ries and 

colleagues (2015) found that, while passive exoskeletons improved walking speed and step length 

in children with CP compared to barefoot walking, kinematic and spatiotemporal outcomes with 

exoskeletons were highly variable: ankle exoskeletons elicited clinically-meaningful 

improvements in joint kinematics in approximately 25% of the 378 children, while another 20% 

of children experienced clinically-meaningful degradations in kinematics [4]. Such heterogeneous 

responses highlight the importance of personalizing ankle exoskeleton properties for children with 

CP. Similarly, as noted in Section 2.2.2, individuals post-stroke and with CP also exhibit diverse 

responses to powered ankle exoskeletons at the COM, joint, and muscle levels [12, 20, 55]. Diverse 

responses to ankle exoskeletons are likely due to heterogeneous motor control and musculoskeletal 

physiology in individuals with motor impairments, though how specific impairments impact gait 

with exoskeletons remains unclear [4, 24, 67]. 

 

In summary, individuals respond to changes in ankle exoskeleton properties, such as stiffness, at 

the COM, joint, and muscle levels, which can impact gait energetics, stability, and mobility. 
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Therefore, predicting these complex, high-dimensional responses to exoskeletons is critical to 

eliciting desired exoskeleton outcomes. For individuals with motor impairments, interindividual 

differences in motor control and musculoskeletal physiology make exoskeleton personalization 

particularly challenging [4, 24, 67]. Developing methods to study and predict gait with ankle 

exoskeletons in individuals with diverse motor impairments may enable data-driven 

personalization of ankle exoskeletons. 

 

2.3 MODELING AND PREDICTING GAIT WITH ANKLE EXOSKELETONS 

Experimental and computational approaches for personalizing exoskeletons exist, though each has 

limitations for device personalization in individuals with motor impairments [19, 25, 26, 37, 68]. 

State-of-the-art experimental approaches, such as human-in-the-loop exoskeleton optimization, 

automatically probe different powered exoskeleton torque profiles in real-time to optimize control 

policies for an individual’s objectives [19]. While this model-free approach does not require 

knowledge of the user’s physiology, it does not provide insight into the exoskeleton-user dynamics 

and cannot predict responses to novel exoskeleton designs. Conversely, model-based predictions 

of human gait may provide insight into the underlying biological mechanisms governing responses 

to ankle exoskeletons and predict responses to un-tested exoskeleton designs. In this section, we 

discuss the powerful and limiting aspects of existing approaches to predicting responses to ankle 

exoskeletons. We then discuss alternative perspectives for modeling locomotion from data. Note 

that we specify three classes of locomotion models, whose nomenclature differs between research 

fields. We define the three classes as: 

▪ Physiological models: Physiologically-detailed models, such as musculoskeletal models, 

containing biologically-plausible geometry (skeleton), actuators (muscles), and controllers 



 

 

17 

(objective functions). These models may be tuned from data or use default population-

based normative parameter values. Examples include low-degree-of-freedom sagittal-

plane models [69]) and high-degree-of-freedom 3D models ([70]) 

▪ Physics-informed models: Models obeying physical laws and with physically-

interpretable structure, such as limbs and joints. While the force-producing elements in 

these models are not physiological, they have clear physical meaning. Examples include 

inverted pendula [71-74] and spring-loaded inverted pendula [30, 75-77]. Similar to 

physiological models, these physics-informed models may use default parameters to 

synthesize novel gait patterns. 

▪ Data-driven models: Non-physiological models whose structure may be motivated by the 

outcomes, available data, or the hypothesized dynamical structure of the system [78]. Data-

driven model parameters are estimated from data. While model structure may be 

interpretable, it is not constrained by physics. Examples include phase-varying models [79, 

80] and the broad set of models under the umbrella of machine learning [21, 26].  

 

2.3.1 Physiological models 

Since the 1950s, conceptual and mathematical models of locomotion have evolved from simple 

inverted pendula to high-dimensional biological models of walking, termed musculoskeletal 

models [70, 81-84]. In the context of ankle exoskeletons, musculoskeletal model-based forward 

and inverse simulations may be used to estimate the effects of different exoskeleton designs and 

torque profiles on muscle activity, energy costs of walking, and kinematics. For ankle 

exoskeletons, the primary benefits of modeling gait using musculoskeletal models include their 
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potential to examine responses to novel exoskeleton designs and to provide insight into the 

biomechanics of responses to exoskeletons.  

 

For example, Uchida and colleagues (2016) used musculoskeletal simulations to compare the 

potential impacts of powered ankle exoskeletons on metabolic rate in unimpaired adults during 

running, finding differences in the effectiveness of each exoskeleton design [25]. The authors 

identified the extent to which individual muscles’ energetics were altered by exoskeleton torque, 

providing insight into the expected impacts of different exoskeleton designs. Similarly, Bregman 

and colleagues (2011) used a lower-dimensional, physics-based model with torsional springs at 

the ankles to determine that an intermediate exoskeleton stiffness minimized the energetic demand 

during walking [85]. These results were later corroborated experimentally in unimpaired adults 

[9]. While computational models’ ability to perform ‘what-if’ predictions of responses to 

exoskeleton torque may enable predictions of general trends underlying gait with exoskeletons, 

predicting the responses of specific individuals remains challenging.  

 

The assumptions encoded in musculoskeletal models limit their ability to predict subject-specific 

responses to exoskeletons. Musculoskeletal models contain a large number of assumptions about 

physiology and motor control, typically based on normative datasets from unimpaired adults [70]. 

Simulation solutions are sensitive to violations of these assumptions, such as inaccurate 

musculotendon dynamics, as is the case for individuals with cerebral palsy [22, 67]. 

Musculoskeletal simulation-based predictions of muscle force are even sensitive to uncertainty in 

exoskeleton mechanical properties [40]. Although time- and resource-intensive, tuning 

musculotendon parameters or control policies from data may improve predictions of muscle 
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recruitment and kinematics during walking with exoskeletons and is an active area of research [22, 

86]. Modeling frameworks with fewer normative assumptions may enable subject-specific 

predictions of exoskeleton responses without extensive knowledge about an individual’s 

physiology. 

 

State-of-the-art physiological modeling frameworks, such as predictive simulations, have yet to be 

applied to walking with ankle exoskeletons for individuals with motor impairments. Predictive 

musculoskeletal simulations with flexible control laws to synthesize novel gait patterns and study 

the impacts of gait pathologies on motor function. Such models have been used to simulate the 

impacts of muscle weakness, prosthesis use, and impaired motor control [69, 83]. Unlike 

musculoskeletal simulations previously used to study ankle exoskeletons (e.g. [25, 40]), predictive 

simulations do not require experimental data, making them ideal for ‘what-if’ questions about 

locomotion. However, similar to tracking-based simulations, predictive musculoskeletal 

simulations are sensitive to initialization conditions and are sensitive to the accuracy of 

musculotendon parameters and motor control. Accurate subject-specific predictions may, 

therefore, require extensive experimental measurements to produce accurate predictions of 

responses to exoskeletons in individuals with motor impairments [22, 86]. 

 

2.3.2 Physics-informed models 

Physics-based mechanical models have a rich history in modeling locomotion but have rarely been 

applied to ankle exoskeletons [85].  Inverted pendula constitute the simplest walking models [71, 

87]. Prior research has increased the complexity of inverted pendula models, adding joints, springs, 

dampers, and actuators to understand fundamental aspects of gait [33, 34, 71, 84]. The simplicity 
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of mechanical models enables lumped-parameter approximations of complex structures, such as 

approximating the leg as a spring-mass-damper system. Simple models have been applied to 

evaluate leg stiffness and the mechanisms driving pathological gait patterns in children with 

cerebral palsy [88, 89]. These low-dimensional models are typically confined to a small and 

specific set of outcomes. 

 

One framework for selecting physics-based representations of walking was proposed by Full and 

colleagues in 1999 and is known as the Templates and Anchors modeling approach [33]. This 

framework begins with a generic mechanical “template” model that explains an observed 

phenomenon across species, experimental conditions, or tasks. The spring-loaded inverted 

pendulum (SLIP) is a common template that has been used to study, among other questions, control 

of leg impedance during running and stabilization strategies in cockroaches [27, 75]. Complexity 

may be added to the template to answer questions about specific mechanisms driving a system’s 

behavior, “anchoring” the model in a system’s biological structures. By first omitting 

physiological detail, templates encode an individual’s strategy to a accomplish task, such as 

walking, whereas anchors describe how joints and muscles are recruited to execute the strategy. 

Indeed, similar template models have been employed in human walking. Alexander (1995) and 

Davoodi and colleagues (2019) provided summaries of common walking models of varying 

complexity, such as inverted pendula, spring-loaded inverted pendula, and walkers with actuators 

[32, 71]. Similar models have elucidated the roles of transitions between single and double-limb 

support phases, walk-to-run transition speeds, and ankle push-off work [59, 73, 74]. Such 

mechanistic insights would be challenging to elucidate from biological models because multiple 

mechanical or neuromechanical factors may result in similar changes in gait. Therefore, template-
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based models may provide insight into changes in walking control with ankle exoskeletons, despite 

differences in physiology. However, if and how such physics-based walking models reflect 

changes in gait dynamics with ankle exoskeletons has not been investigated. 

 

 

2.3.3 Data-driven models of dynamical systems 

While physiological or physics-based mechanistic models provide insight into mechanisms 

impacting responses to ankle exoskeletons, non-physiological data-driven models, whose 

parameters are estimated from data, may generate accurate predictions of walking without 

population average-based assumptions about physiology. Unlike experimentally tuning the 

properties of an exoskeleton using optimization, data-driven models contain explicit input-output 

mappings that enable the prediction of responses to novel torque profiles. Unlike physiological 

models, data-driven models need not encode a large number of assumptions about the underlying 

system. Instead, data-driven models require few assumptions about the underlying system. 

Specifically, studies assume (1) the structure of the system’s dynamics (e.g. linear or nonlinear) 

and (2) that the measurements included as model inputs contain information needed to predict the 

outcomes of interest [27, 80, 90, 91]. Data-driven models may be interpreted to learn about a 

system’s dynamics (e.g. using Data-Driven Floquet Analysis [92]), but require large amounts of 

data to perform these analyses [27]. Note that myriad modeling frameworks for dynamical systems 

are available to biomechanics researchers and their application is beyond the scope of this 

dissertation [21, 69, 70, 83, 90, 93]. Rather, the research in this dissertation is distinct from many 

biomechanics studies using data-driven models in that we model gait with exoskeletons as a 
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subject-specific dynamical system, rather than a population-specific mapping between 

measurements and outcomes [21, 78].  

 

The dynamical systems approach to data-driven modeling reflects the rhythmic, high-dimensional, 

and nonlinear nature of human gait. Specifically, the dynamical systems perspective views gait as 

a first-order differential equation and uses time-series data to estimate the system’s dynamics [94]. 

Therefore, dynamical systems models encode how a system evolves in time, and are appropriate 

for representing the dynamics of individual systems (i.e. subject-specific models for human gait). 

Adopting this perspective for human locomotion provides access to a rich suite of analytical tools 

[78].  In particular, Floquet Theory has been used to model locomotion as a linear phase-varying 

system, in which the system’s dynamics describe the convergence of the system following small 

perturbations away from a nominal cycle (e.g. the average cycle) [27, 28, 80, 91, 94]. Note that 

many dynamical systems-based models of human gait use gait kinematics and center-of-mass 

motion [27, 28, 80]. However, any measurements relative to the system’s dynamics may be 

included in such a model. Chapter 4 extends the dynamical systems perspective on data-driven 

models to predict gait kinematics and muscle activity in response to ankle exoskeleton torque. 

 

Human gait need not be viewed as phase-varying. An alternative dynamical systems-based 

approach is to view gait as a hybrid system, in which the dynamics are piecewise continuous and 

the system’s evolution is well-described by low-dimensional dynamics. Hybrid regions in human 

gait are often defined by foot-ground contact configuration, such that walking has four distinct 

contact configurations: single- and double-limb support which define the times when one or both 

feet are on the ground, with the right or left leg leading [72, 95]. For example, Drnach and 
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colleagues (2019) used linear models and automated identification of hybrid dynamics to model 

responses to functional electrical stimulation [95]. The authors reported strong prediction accuracy 

of kinematic states and highlighted potential insights gained from examining the model’s structure. 

While hybrid dynamical systems theory has been developed most recently than that of continuous 

dynamical systems, formal mathematical tools exist to study hybrid systems [96].  

 

Data-driven dynamical systems models have two major limitations for studying human gait. 

Generating stable dynamical systems models of locomotion can require hundreds to thousands of 

gait cycles of data [27]. When data collection capacity is limited, reduced-order models may be 

useful for estimating locomotion dynamics that are robust to both sensor noise and stride-to-stride 

variations in gait [93, 97-99]. Second, the population-specific dynamical systems models are 

impractical due to the diversity of human gait, such that long time series must be collected for each 

individual. While subject-specific dynamical models should provide a higher-resolution picture of 

an individual’s gait dynamics, population-specific models would be more practical to implement 

in clinical settings. Nonetheless, dynamical systems models of human locomotion represent 

powerful tools to predict and study exoskeleton responses.   

 

When studying population-specific features of locomotion, descriptive and predictive data-driven 

models are more common than dynamical systems models in biomechanics research [21, 26, 90]. 

Such modeling frameworks do not synthesize the time evolution of gait, but rather describe 

characteristic patterns (descriptive) in data or encode time-invariant input-output relationships 

(predictive). Examples of descriptive models include muscle synergies, which describe 

characteristic muscle coordination patterns ([24, 100, 101]), or the Gait Deviation Index, which 
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used principal components analysis to identify archetypal kinematic coordination patterns during 

walking [102]. An example of a predictive modeling framework is that of Ries and colleagues 

(2015) who used a Random Forest algorithm to predict kinematic responses to different ankle 

exoskeleton designs in children with CP [26]. The authors used retrospective datasets consisting 

of ankle exoskeleton type, medical history, physical examination, and barefoot gait kinematics as 

model inputs. Such models are particularly useful when short time series or a large number of 

participants are available. However, adjusting for complex interindividual differences in gait 

remains challenging and may bias scientific findings, particularly in individuals with motor 

impairments.  

 

This dissertation adopts the perspective that subject-specific physiological, physics-based, and 

data-driven dynamical models of gait with ankle exoskeletons will provide substantial insight into 

how gait mechanics and control change with exoskeletons. The following chapters detail 

applications of each perspective to quantify and predict subject-specific responses to ankle 

exoskeletons. This dissertation provides a foundation for future investigation into mechanisms 

driving heterogeneous responses to exoskeletons and other assistive devices. The long-term goal 

of this work is to enhance mobility by providing researchers and clinicians with knowledge and 

tools to improve the efficacy of exoskeleton design across individuals with diverse physiology and 

motor capacity. 

 

 

  



 

 

25 

Chapter 3. SIMULATED IMPACTS OF ANKLE FOOT ORTHOSES ON MUSCLE 

DEMAND AND RECRUITMENT IN TYPICALLY-DEVELOPING 

CHILDREN AND CHILDREN WITH CEREBRAL PALSY AND CROUCH 

GAIT 
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ABSTRACT 

Passive ankle foot orthoses (AFOs) are often prescribed for children with cerebral palsy (CP) 

to assist locomotion, but predicting how specific device designs will impact energetic demand 

during gait remains challenging. Powered AFOs have been shown to reduce energy costs of 

walking in unimpaired adults more than passive AFOs, but have not been tested in children with 

CP. The goal of this study was to investigate the potential impact of powered and passive AFOs 

on muscle demand and recruitment in children with CP and crouch gait.  We simulated gait for 

nine children with crouch gait and three typically-developing children with powered and passive 

AFOs. For each AFO design, we computed reductions in muscle demand compared to unassisted 

gait. Powered AFOs reduced muscle demand 15-44% compared to unassisted walking, 1-14% 

more than passive AFOs. A slower walking speed was associated with smaller reductions in 

absolute muscle demand for all AFOs (r2=0.60-0.70). However, reductions in muscle demand were 

only moderately correlated with crouch severity (r2=0.40-0.43). The ankle plantarflexor muscles 

were most heavily impacted by the AFOs, with gastrocnemius recruitment decreasing 13-73% and 

correlating with increasing knee flexor moments (r2=0.29-0.91). These findings support the 

potential use of powered AFOs for children with crouch gait, and highlight how subject-specific 

kinematics and kinetics may influence muscle demand and recruitment to inform AFO design.  
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3.1 INTRODUCTION 

Crouch gait, characterized by excessive knee flexion during stance, is one of the most common 

gait patterns among individuals with cerebral palsy (CP) [54]. Children with CP expend 

significantly more energy to walk than their typically-developing (TD) peers [103], which can 

hinder participation in activities of daily life. Increased knee flexion during crouch gait increases 

the muscle force required to support and propel the body [104-106], contributing to increased 

energy costs [53]. While many treatments aim to improve crouch gait, ankle foot orthoses (AFOs) 

remain one of the most common interventions. AFOs are often prescribed for children with CP to 

improve gait kinematics, prevent bone deformities, and potentially reduce energy costs of walking 

[29, 48]. However, there are many different types of AFOs and their potential to reduce energy 

costs of walking remains unclear. 

 

Passive AFOs that resist ankle dorsiflexion are the most commonly prescribed orthoses for 

children with CP [4]. Solid, passive-elastic AFOs generate torque as a function of ankle kinematics 

and AFO properties. Two properties largely dictate the passive resistance from these AFOs: 

stiffness and equilibrium angle. Stiffness determines the resistance of the AFO to ankle 

dorsiflexion and has been shown to vary widely across passive AFO designs, with studies of CP 

reporting AFO stiffness ranging from 0.2–3.8 N∙m/deg [29, 107]. The AFO equilibrium angle 

(Figure 3.1) is defined as the angle between the AFO shank and footplate at which the AFO starts 

to generate torque. Displacement of the AFO ankle angle from the equilibrium angle produces a 

resistive torque proportional to the magnitude of the AFO’s angular displacement and the AFO 

stiffness. Orthotists often adjust these properties during AFO fabrication to customize passive 
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AFOs for children with CP [108]. Some new AFOs even let orthotists or therapists adjust the 

stiffness or other properties after fabrication [109]. 

 

 
Figure 3.1.  Musculoskeletal models with bilateral AFOs. The beginning of second double-limb 

support is shown for one typically-developing (TD) participant and one participant from each 

level of crouch severity. Mild (MI), moderate (MO) and severe (SE) crouch gait were defined 

by the minimum knee flexion angle during stance. AFO torque (τAFO) was determined by AFO 

stiffness and AFO angle (θAFO) for the passive AFOs, and by the OpenSim cost function for the 

powered AFOs. 

 

If designed properly, a passive AFO’s storage and release of mechanical energy can potentially 

reduce energetic demand during gait. Clinically-prescribed passive AFOs have been shown to 

reduce energy costs of walking in CP, with energy savings ranging from 6-9% compared to 

unassisted walking [48, 110]. Greater energetic savings have been observed using experimental 

AFOs. A recent study of 15 children with spastic CP tested three AFO stiffness levels and found 

that moderate stiffness AFOs generally provided the greatest reductions in energy costs: 11% 

reduction compared to unassisted walking [29]. However, predicting an individual’s response to 

different AFOs and identifying optimal AFO properties for each individual remains challenging 

[4, 29, 48, 111]. 
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Moving beyond passive AFOs, technological advances have motivated the use of powered AFOs, 

which use actuators, such as electric motors, to generate torques at the ankle for assistance or 

augmentation [16, 17, 56]. The power generated by these AFOs has the potential to surpass 

achievable energy storage and return of passive AFOs during gait. Further, powered AFOs provide 

the opportunity to customize the timing and magnitude of the ankle torque to each individual and 

different activities of daily life. Unlike passive AFOs, these devices generate controllable torques 

that are independent of ankle kinematics, giving them the potential to further reduce energy costs 

of walking. In unimpaired adults, powered AFOs that assist plantarflexion have been shown to 

reduce energy costs by up to 11% [17, 56], as compared to 7% with passive AFOs [9]. Powered 

AFOs have not been tested on individuals with CP. A potential disadvantage of powered AFOs is 

the additional device weight and complexity. Current models often weigh two to four times that 

of passive AFOs in adults, and may present a larger energetic challenge for children [9, 56]. While 

battery packs can be mounted at the waist, much of the device mass is located distally, on the foot 

and shank, which can significantly increase energy costs during walking [112]. Understanding the 

potential energy savings of powered AFOs during pathologic gait in CP can help inform design 

specifications for these devices. 

 

Experimental analyses of individuals’ responses to different AFO designs can be time-consuming 

and technically challenging. Measures of metabolic rate, such as oxygen consumption, are noisy 

and can be slow to stabilize, limiting the number of conditions that can be tested in a single session 

[113, 114]. Musculoskeletal simulation provides a tool to quickly perform “what-if” experiments, 

such as testing how different AFO designs impact muscle demand and recruitment. Recently, 

Uchida et al. [25] used simulation to investigate how powered lower-limb assistive devices may 
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impact metabolic rate in adults during running. Their findings suggest that massless, powered 

AFOs may reduce the metabolic power required for running by up to 26%. Hegarty et al. [40] 

recently combined musculoskeletal simulation and probabilistic methods to evaluate the sensitivity 

of muscle force estimates on passive AFO mechanical properties for two children with CP. The 

authors demonstrated that muscle force estimates were sensitive to both AFO stiffness and 

equilibrium angle, further motivating the need for novel methods to predict optimal passive AFO 

properties for a given individual.  

 

The goal of this research was to investigate the potential impact of powered and passive AFOs on 

muscle recruitment and energy costs of walking in TD children and children with crouch gait. We 

generated musculoskeletal simulations of children with CP and TD children, and evaluated the 

potential reduction in muscle force with passive and powered AFOs. We hypothesized that 

powered AFOs would provide greater reductions in muscle force than passive AFOs for both 

children with CP and TD peers. Understanding how AFOs can impact muscle demand and 

recruitment may motivate further investigation into the use of powered AFOs and inform AFO 

design for children with CP.  
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3.2 METHODS 

3.2.1 Participants 

To evaluate the potential impact of AFOs on muscle recruitment during gait, we used previously-

collected experimental kinematics and ground reaction force data from three TD children and nine 

children with diplegic CP and crouch gait (Table 3.1), which are available from a public data 

repository [115, 116].  These datasets were generated from motion analysis data originally 

collected at Gillette Children’s Specialty Healthcare (St. Paul, MN), and include one gait cycle of 

unassisted, barefoot overground walking for each participant at their self-selected speed. The 

participants with CP were grouped by minimum knee flexion angle (KFA) during stance, 

representing mild (MI; KFA 15˚-30˚), moderate (MO; KFA 30˚-50˚), and severe (SE; KFA >50˚) 

crouch gait. These datasets were previously used in simulations to evaluate muscle contributions 

to mass center accelerations and tibiofemoral forces during crouch gait [106, 117].  

 

 

Table 3.1. Characteristics of TD children and children with CP used in AFO simulations 

(average ± 1SD) 

 

N* 

Age 

(years) 

Height 

(m) 

Mass 

(kg) 

KFA** 

(deg) 

Typically-Developing  3 12 ± 2 1.4 ± 0.0 38 ± 5 2 ± 1 

Mild 3 9 ± 1 1.2 ± 0.1 24 ± 4 18 ± 3 

Moderate 3 11 ± 2 1.4 ± 0.1 43 ± 31 34 ± 2 

Severe 3 14 ± 2 1.6 ± 0.1 42 ± 8 64 ± 20 

*N, Number of participants in each group 

**KFA, Minimum knee flexion angle during stance 
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3.2.2 Musculoskeletal modeling 

To generate simulations of walking with and without AFOs, we used scaled musculoskeletal 

models from the original dataset. These models have 19 degrees of freedom and 92 musculotendon 

actuators, and were updated for compatibility with version 3.3 of OpenSim, an open-source 

musculoskeletal modeling program [70, 118]. We used inverse kinematics to generate joint angle 

trajectories by minimizing the tracking error between virtual and experimental marker trajectories. 

Average kinematic marker RMS error was 1.2 ± 0.2 cm and the maximum marker error was 2.8 ± 

0.8 cm [119]. A residual reduction algorithm was used to improve dynamic consistency and reduce 

the impact of modeling and experimental errors by making small adjustments to the torso mass 

center position and joint angles [120]. Peak residual forces were less than 5.0% of participants’ 

total ground reaction forces, and peak residual moments were less than 5.9% of participants’ 

external moments about the center of mass. Residual forces and moments were elevated in these 

simulations compared to best-practice values [119] due to a number of factors. In particular, arm 

and torso motion can have important impacts on gait in CP [121]. Arm motion in CP has been 

shown to contribute to center of mass acceleration more in children with CP compared to TD 

children [122]. Arm motion was not modeled due to a lack of arm markers during data collection 

and the torso was modeled as a rigid segment. Other soft tissue artifacts can also contribute to 

increased residual magnitudes, but we expect arm and torso modeling assumptions to be the 

primary contributors to residuals in these simulations.  

 

We estimated muscle forces over one gait cycle using OpenSim’s static optimization algorithm. 

Static optimization estimates muscle forces by minimizing the sum of squared muscle activations 

required to generate experimental kinematics and ground reaction forces at each time point [66]. 
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For each participant, we simulated unassisted walking and walking under four AFO conditions, 

using the same set of experimental kinematics and ground reaction forces (Figure 3.2). Although 

prior research has demonstrated that AFOs often produce important changes in kinematics for 

children with CP [4, 29, 48], changes in kinematics with existing AFOs are often small and variable 

between individuals [4, 29]. In this study, we aimed to understand the potential impact of AFOs 

on muscle demand, even if kinematics are unchanged. Thus, we assumed identical kinematics 

between barefoot and AFO conditions and evaluated the potential impact of AFOs on muscle force 

during walking. 

 

 
Figure 3.2.  Sagittal-plane joint kinematics and internal moments. Top: Ankle, knee and hip 

kinematics for gait in TD children and children with crouch gait. TD children walked with less 

ankle dorsiflexion and knee flexion during stance than those with crouch gait. Bottom: Ankle, 

knee and hip moments for gait in TD children and crouch gait. TD children generated larger 

peak plantarflexor moments and smaller peak knee extensor moments compared to crouch gait. 

Knee extensor moments increased with increasing crouch severity. 
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3.2.3 Quantification of muscle demand 

Our primary outcome measure was the sum of muscle forces in one leg, integrated over single-

limb support and second double-limb support, which we term leg impulse. Although this is not a 

direct measure of metabolic cost, the mechanical work rate of muscle is a major component of 

metabolic cost and is proportional to muscle force [65]. We analyzed leg impulse during single-

limb support and second double-limb support for each participant, which was the range that 

consistently had clean ground reaction force data across all participants. Simulations showed that 

85-92% of the AFOs’ impacts on muscle demand occurred during this portion of the gait cycle. 

This range is consistent with one experiment that reported that changes in active muscle volume 

during stance accounted for over 85% of the increase in metabolic rate when carrying different 

loads [123].  

 

Muscle force trajectories from static optimization were processed in MATLAB (MathWorks, Inc., 

Natick, MA). We interpolated the entire gait cycle to 1000 data points and analyzed only single-

limb support and second double-limb support. Muscle forces were normalized by each 

participant’s bodyweight (BW=mass∙gravity) and AFO torques were normalized by BW∙leg length 

[124]. For individual muscles, we defined scalar muscle impulse as the integral of a muscle’s force 

during single-limb support and second double-limb support. We computed muscle impulse for the 

soleus (SOL), gastrocnemius (GAS), tibialis anterior (TA), rectus femoris (RF), vasti (VAS), 

hamstrings (HAMS), gluteus maximus (GMAX), and iliopsoas (ILIO).  

 



 

 

35 

3.2.4 AFO conditions 

An overview of our simulations and analysis pipeline can be found in Figure 3.3. We modeled the 

passive AFOs as massless, sagittal-plane, constant-stiffness torsional springs at the ankle joint, 

resisting only dorsiflexion, similar to some AFOs used in studies of children with CP and more 

advanced devices used to study optimal AFO stiffness in unimpaired adults [9, 29]. The passive 

AFO torque profile was determined by ankle kinematics, and two AFO properties: torsional 

stiffness and equilibrium angle (Figure 3.1, right). Equilibrium angle, θeq, was defined as the 

sagittal-plane angle between the AFO shank and footplate at which the AFO started generating 

torque. The passive AFO shank and footplate were fixed to the tibia and calcaneus of the model, 

respectively. The AFO angle, θAFO, was therefore equal to the sagittal-plane ankle angle throughout 

the gait cycle. The plantarflexor torque generated by AFOs, τAFO, was a linear function of 

equilibrium angle and ankle dorsiflexion angle (equation 3.1). We defined the optimal combination 

of AFO stiffness and equilibrium angle for each participant as that which minimized leg impulse.  

 

 
𝜏𝐴𝐹𝑂(𝑡) = { 

𝑘𝐴𝐹𝑂 ∙ (𝜃𝐴𝐹𝑂(𝑡) − 𝜃𝑒𝑞(𝑡)) 𝜃𝐴𝐹𝑂 ≥ 𝜃𝑒𝑞

0 𝜃𝐴𝐹𝑂 < 𝜃𝑒𝑞
 3.1 

 

To identify optimal passive AFO properties, we simulated gait using different combinations of 

AFO stiffness and equilibrium angle for each participant. We performed simulations in two 

iterations. The first iteration simulated a grid of 400 uniformly-distributed combinations of AFO 

stiffness and equilibrium angle. For the children in this study, we simulated a range of AFO 

stiffness from 0.0 N∙m/deg to 5.0 N∙m/deg. These values were determined from studies that tested 

AFO stiffness values ranging from 0.7-3.8 N∙m/deg for children with CP and 0.0-7.0 N∙m/deg for 

unimpaired adults [9, 29]. AFO equilibrium angles ranged from minimum to maximum ankle angle 
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during gait for each participant. We identified the combination of AFO properties from these 

simulations that minimized the leg impulse for each participant. We then determined the range of 

AFO properties around this point that resulted in less than a 5% increase in leg impulse, and 

simulated an additional 225 uniformly-distributed data points within this range. From these 

simulations, we defined the optimal AFO properties as the combination of AFO stiffness and 

equilibrium angle that minimized leg impulse for each participant. 

 

 
Figure 3.3.  Simulation pipeline and outcome measures. Leg (Lleg,j,k) and muscle (Li,k, Li,j) 

impulses were computed for all AFO conditions, including the baseline (Unassisted) condition. 

Subscripts i, j, k, denote the muscle, AFO condition, and mass, respectively. The muscle 

impulses used to compare between AFO conditions were computed from the beginning of 

single-limb support (tSS) to the start of swing (tSW). Muscle impulses for the mass analysis (black 

dotted line) were computed from tSW to initial contact at the start of the next gait cycle (tIC). 

Forces were normalized by bodyweight (BW). Leg impulse was computed for each participant’s 

leg that contained the single-limb support and second double-limb support gait phases. Change 

(ΔLi,j,k) and percent change (%ΔLi,j,k) in leg and muscle impulses were used to quantify changes 

in muscle demand between AFO conditions. Abbreviations: Lleg,i,j,k, Leg impulse for muscle i, 

AFO j, and mass k; SS, single-limb support phase; SW, swing phase; IC, initial contact; Δ, 

absolute change; %Δ, percent change. 
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We modeled the powered AFOs as additional sagittal-plane reserve actuators at the ankle joint. 

Unlike passive AFOs, the activation level of powered AFOs was included in and determined by 

the static optimization cost function. Static optimization identified the active AFO torque profile 

that minimized the sum of squared muscle activations during gait [125], and thus required only a 

single simulation per subject for each powered AFO design. We set the optimal torque of the 

powered AFOs to a value of 1 MN∙m, such that the AFO torque had a negligible impact on the 

static optimization cost function. This optimal torque is consistent with prior work examining the 

impact of exoskeletons on running energetics in unimpaired adults [25], and we found that our 

simulation results were insensitive to further increases in the AFO’s optimal torque. We simulated 

two powered AFO conditions: a bidirectional AFO, which generated both plantarflexor and 

dorsiflexor torques, and a unidirectional AFO, which generated only assistive plantarflexor 

torques. We have made all musculoskeletal models, including actuators and setup files available 

on (https://simtk.org/projects/crouchgait). 

 

To evaluate the impact of AFO mass, we simulated gait with AFOs with mass both with and 

without bidirectional actuation. We modeled each AFO as a shank piece and a footplate. The shank 

piece and footplate contained 66.6% and 33.3% of the AFO mass, respectively, which is consistent 

with experimental powered AFO designs [56]. AFO mass was increased incrementally from 0.0 

to 2.5% of each participant’s bodyweight (Figure 3.3). When AFO mass was larger than 2.5% of 

bodyweight, the peak and RMS residual forces from static optimization exceeded best-practice 

values [119], and were omitted from analysis. The foot-mounted hardware of recent powered 

AFOs weigh as little as 1.1 kg per foot [56]. Including the mass of a standard shoe, this would 
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result in a total mass of approximately 2kg at each foot for children, which corresponds to 2.5–

9.0% bodyweight for the children in this study. Commercial passive AFOs for children can weigh 

as little as 0.3 kg per foot, which, in combination with shoes, would be less than 5.0% of the mass 

of most children in this study.  

 

Each AFO condition was compared to simulations of unassisted gait and AFOs were applied 

bilaterally for all simulations. We computed reductions in leg and muscle impulses in each AFO 

condition as absolute and percent change relative to the unassisted walking condition for each 

participant. We compared outcomes between AFO conditions by computing absolute and percent 

changes in leg impulse and the impulse of individual muscles. To compare the impacts of AFOs 

between groups, we averaged changes in leg and muscle impulses across participants in each 

group. The sensitivity of leg impulse to AFO mass was determined as the slope of the linear-least 

squares curve fit between AFO mass and leg impulse. We performed linear regression to 

investigate whether participant-specific parameters identified from prior research impacted 

changes in leg impulse. Specifically, we tested peak and average sagittal-plane lower-limb 

kinematics [53, 126], joint moments [126], and nondimensionalized walking speed [103]. All 

predictors were computed for the leg analyzed for each participant and over the same portion of 

the gait cycle used to compute leg impulse. We iterated through each predictor-outcome pair using 

a robust fitting algorithm to reduce the influence of outliers.  

3.3 RESULTS 

3.3.1 Unassisted walking 

Crouch gait required more muscle force than gait in TD children during unassisted walking (Figure 

3.4). Leg impulse increased with crouch severity (r2=0.80, slope=0.06 xBW/deg, p<0.001). 
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Impulses in the SOL (r2=0.60, slope=0.01 xBW/deg, p<0.005), RF (r2=0.44, slope=0.004 

xBW/deg, p<0.001), GMAX (r2=0.84, slope=0.003 xBW/deg, p<0.001) and VAS (r2=0.92, 

slope=0.04 xBW/deg, p<0.001) increased with crouch severity, while GAS impulse decreased 

with increasing crouch (r2=0.47, slope=-0.004 xBW/deg, p<0.02). HAMS impulse was 

uncorrelated with crouch severity for these participants (r2<0.06).  

 

 

 
Figure 3.4.  Leg muscle force with each AFO condition compared to unassisted walking. Profiles 

are averaged across participants in each group. Top to bottom: Optimal passive AFO, 

unidirectional powered AFO, and bidirectional powered AFO. The integral of these curves 

represents the leg impulse. Reductions in leg muscle force occurred primarily during late stance 

(40-60% gait cycle) for the TD group, while crouch gait groups saw leg muscle force reduced 

throughout single-limb support and late stance (20-60% gait cycle).  Passive AFOs reduced leg 

muscle force less than unidirectional powered AFOs during early single-limb support for all 

groups, and throughout stance for the TD and moderate crouch groups. For some participants, 

passive and unidirectional powered AFO torque profiles were nearly identical, resulting in only 

small differences in leg muscle force with different AFOs. Reductions in leg muscle force were 

nearly identical for the unidirectional and bidirectional powered AFO conditions. Small 
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differences in leg muscle force between these conditions occurred during swing and 

corresponded to changes in tibialis anterior force due to dorsiflexion assistance in the 

bidirectional AFO. 

 

Passive AFOs that resisted dorsiflexion reduced muscle demand during gait for all participants, 

primarily during terminal stance for TD participants and throughout stance for crouch gait (Figure 

3.4). Compared to unassisted walking, leg impulse was reduced 15% in the TD group with passive 

AFOs, and 31, 17 and 21% in the mild, moderate and severe crouch groups, respectively (Figure 

3.5, Table 3.2)  Percent reduction in leg impulse was not correlated with crouch severity (r2<0.01), 

nor was it strongly correlated with any of the predictors selected from prior studies. However, the 

absolute reduction in leg impulse increased moderately with increasing crouch severity (r2=0.40, 

slope=0.01 xBW/deg, p<0.03), with gait in TD children having the smallest impulse reduction (0.5 

xBW). Nondimensional speed (r2=0.70, slope=-5.20 xBW, p<0.001) and average ankle angle 

(r2=0.70, slope=0.03 xBW/deg, p<0.001) were the strongest correlates with absolute reduction in 

leg impulse. Passive AFO torque profiles did not resemble net ankle moments for TD and moderate 

crouch gait (Figure 3.5, top). 
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3.3.2 Passive AFOs 

 
Figure 3.5.  AFO torque profiles, leg impulse for each AFO condition and predictors of 

reductions in leg and muscle impulses. Top: Net ankle moments determined by inverse dynamics 

and AFO torque profiles for gait in TD children and children with crouch gait. A positive 

moment corresponds to a plantarflexor torque. Bottom, left: Leg impulse magnitude increased 

with crouch severity. Bottom, center: Reduction in leg impulse was strongly correlated with 

nondimensional speed for all AFO conditions. Bottom, right: GAS impulse was most strongly 

correlated with peak knee flexor moment. GAS activity in one subject with severe crouch was 

estimated to be near-zero during stance, and was omitted from this figure.  Abbreviations: TD, 

typically-developing; MI, mild crouch; MO moderate crouch; SE; severe crouch; GAS, 

gastrocnemius muscle group. 

 

 

 

Table 3.2. Reduction in leg impulse versus unassisted gait, showing average absolute (xBW, ± 

SD) and percent change (± SD) in leg impulse. 

  Typically-

Developing Mild Moderate Severe 

Passive AFO 
0.5 ± 0.1 1.0 ± 0.4 0.8 ± 0.3 1.4 ± 0.7 

15 ± 5 % 31 ± 13 % 17 ± 7.8 % 21 ± 9 % 

Powered AFO, 

Unidirectional 

0.7 ± 0.1 1.2 ± 0.3 1.3 ± 0.2 1.5 ± 0.7 

12 ± 2 % 36 ± 11 % 27 ± 5 % 22 ± 9 % 

Powered AFO, 

Bidirectional 

0.8 ± 0.1 1.2 ± 0.3 1.3 ± 0.2 1.5 ± 0.7 

25 ± 2 % 36 ± 11 % 27 ± 5 % 22 ± 9 % 
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For individual muscles, only the ankle plantarflexors had a reduction in muscle impulse of more 

than 20% with passive AFOs compared to unassisted gait (Figure 3.6). Passive AFOs reduced 

GAS impulse by 34-69% and SOL impulse by 71-97%. Percent reduction in GAS impulse with 

passive AFOs decreased with increasing peak knee flexor moment (r2=0.50, slope=-98.0 

xBW/(N∙m/kg), p<0.02). TA impulse increased with passive AFOs for the TD, mild and moderate 

crouch groups (82-369%), but this change corresponded to only a 0.03-0.14 xBW absolute increase 

in impulse. Reductions in VAS (2-11%) and RF (1-18%) impulses largest for muscles not spanning 

the ankle, and were variable between groups with passive AFOs. 
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Figure 3.6.  Percent change in impulse of individual muscles across AFO conditions. The GAS 

and SOL were most impacted by all AFO conditions, with relatively small changes occurring in 

other muscles. Top: The TA impulse increased with passive AFOs to overcome the AFO’s 

stiffness and maintain ankle kinematics. The large percent increase in TA impulse for the 

optimized passive AFO corresponds to only a small absolute increase in TA impulse compared 

to unassisted gait. Middle: The unidirectional powered AFO had similar reductions in muscle 

impulses as the bidirectional AFO, except for the GAS. Bottom: Only the bidirectional powered 

AFO reduced TA impulse, but this corresponded to a smaller percent reduction in GAS impulse. 

Impulses in muscles spanning the knee and hip changed by less than 20%, with the VAS having 

the largest reductions in muscle demand within these groups. Abbreviations: GAS, 

gastrocnemius; SOL, soleus; TA, tibialis anterior; VAS, vasti; RF, rectus femoris; HAMS, 

biarticular hamstrings; GMAX, gluteus maximus; ILIO, iliopsoas. 
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The average AFO stiffness that produced the greatest reduction in leg impulse was 4.6 ± 1.4 

N∙m/deg for gait in TD children and 2.3 ± 1.4 N∙m/deg for crouch gait. Normalizing AFO stiffness 

by participant mass resulted in different optimal stiffness values in each CP group: 0.12 ± 0.04 

N∙m/(kg∙deg) for gait in TD children and 0.09 ± 0.06, 0.05 ± 0.02, and 0.05 ± 0.02 N∙m/(kg∙deg) 

for the mild, moderate, and severe crouch gait, respectively. The normalized passive AFO stiffness 

correlated most strongly with peak ankle plantarflexor moment (r2=0.75, slope=-0.11 deg-1, 

p<0.001). The AFO equilibrium angle that resulted in the largest reduction in leg impulse was 

largest for severe crouch (12.8 ± 7.3 deg) and smallest for gait in TD children (3.5 ± 5.6 deg). This 

angle increased (i.e., a more dorsiflexed equilibrium angle) as peak plantarflexion angle decreased 

(r2=0.88, slope=-0.4, p<0.001). 

 

3.3.3 Powered AFOs 

Unidirectional powered AFOs reduced leg impulse for all subjects, with an average reduction of 

23 ± 2% and 28 ± 10% compared to unassisted gait for the TD and crouch groups, respectively. 

This corresponds to a 10 ± 4% and 7 ± 5% greater reduction than passive AFOs for the TD and 

crouch groups, respectively. The largest reductions in leg impulse with the unidirectional powered 

AFO occurred during single-limb support for all groups, and throughout stance for the TD and 

moderate crouch groups (Figure 3.4). Large reductions in leg impulse with the unidirectional 

powered AFO represent the benefit of powered AFOs over passive AFOs of comparable design. 

However, the difference in leg impulse reductions between AFO designs was variable, with 

participants experiencing a 1% to 13% difference between powered and passive AFOs. Leg 

impulse reductions were smallest for participants whose passive AFO torque profiles most closely 
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matched their unidirectional powered AFO torque profiles. Minimum KFA during stance was 

moderately correlated with the absolute reduction in leg impulse (r2=0.41, slope=0.01 xBW/deg, 

p<0.03), but was not correlated to percent reduction in leg impulse (r2<0.07). Similar to passive 

AFOs, nondimensional speed (r2=0.60, slope=-4.21 xBW, p<0.004) was most strongly correlated 

with the absolute reduction in leg impulse.  

 

Walking with bidirectional powered AFOs reduced leg impulse similar to the unidirectional 

powered AFOs (Figure 3.5, Table 3.2). During gait in TD children, the average reduction in leg 

impulse was 25%, while leg impulse was reduced 36, 27 and 22% for mild, moderate and severe 

crouch groups, respectively, compared to unassisted walking (Table 3.2, Figure 3.5). Bidirectional 

powered AFOs assisted both ankle plantarflexion and dorsiflexion as much as needed, and thus 

returned the maximum achievable reductions in leg impulse from our simulations. However, 

dorsiflexion assistance corresponded to only a 1% greater reduction in leg impulse compared to 

the unidirectional AFOs. Regression results were nearly identical to the unidirectional AFO 

condition: Percent reductions in muscle demand were not correlated with crouch severity 

(r2<0.05), or any other pre-selected predictor. Participants with greater crouch severity had larger 

reductions in leg impulse: 0.8, 1.2, 1.3 and 1.5 xBW for gait in TD children and mild, moderate 

and severe crouch gait, respectively. Minimum KFA during stance was moderately correlated to 

these reductions (r2=0.43, slope=0.01 xBW/deg, p<0.03). Similar to the passive AFO, average 

ankle angle (r2=0.70, slope=0.03 xBW/deg, p<0.001) and nondimensional speed (r2=0.61, slope=-

4.20 xBW, p<0.003) were most strongly correlated to absolute reduction in leg impulse. Both 

bidirectional and unidirectional AFO torque profiles closely resembled net ankle moments for 
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crouch gait and more closely resembled net ankle moments compared to passive AFOs for gait in 

TD children (Figure 3.5, top). 

 

Similar to passive AFOs, the powered AFOs primarily reduced muscle demand in the ankle 

plantarflexors, with reductions in muscle impulse of more than 20% in only the GAS and SOL for 

both powered AFOs, as well as in the TA for the bidirectional AFO (Figure 3.6).  Unlike the 

passive AFO condition, SOL impulse reduction was similar for all crouch groups (97-98%) for 

both powered AFO conditions. The percent reduction in GAS impulse decreased with increasing 

peak knee flexor moment for the unidirectional AFOs (r2=0.91, slope=-225.0 %/(N∙m/kg), 

p<0.001) and bidirectional AFOs (r2=0.29, slope=-65.3 %/(N∙m/kg), p<0.1). Percent reductions in 

GAS impulse ranged from 25-84% for the unidirectional AFO condition, and 13-46% for the 

bidirectional AFO condition. The smaller reduction in GAS impulse with the bidirectional AFO 

compared to unidirectional AFOs was due to the bidirectional AFOs’ dorsiflexion assistance. By 

generating a dorsiflexor torque during swing, the bidirectional AFOs enabled the GAS to 

contribute to knee flexion moments more than during unassisted walking, reducing demand on the 

HAMS (Figure 3.6). Consequently, bidirectional assistance resulted in small reductions in both 

the TA and HAMS impulses in these simulations. Minimum KFA was correlated with the 

reduction in GAS impulse only for the unidirectional AFOs (r2=0.57, slope=-1.07 xBW/deg, 

p<0.01). TA impulse was reduced 53-91%, only when walking with bidirectional powered AFOs. 

Powered AFOs’ impacts on muscles spanning the knee and hip were similar to those of passive 

AFOs, with the VAS (2-13%) and RF (1-18%) muscles showing the largest reductions in impulse 

compared to unassisted gait. Although the change was small (<5.0%), the bidirectional AFO was 

the only device to reduce HAMS recruitment compared to unassisted gait. 
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Leg impulse increased with increasing AFO mass in all participants, but sensitivity to AFO mass 

decreased with increasing crouch severity. Leg impulse increased at a rate of 0.14, 0.18, 0.15, 0.10 

xBW/kgAFO for the gait in TD children, and mild, moderate and severe crouch groups, respectively 

(Table 3.3). Powered AFO actuation increased sensitivity to AFO mass by less than 0.03 

xBW/kgAFO compared to the unactuated AFO. Increases in muscle impulse due to AFO mass 

occurred primarily in the knee flexors and hip flexors during swing, but were not correlated with 

minimum KFA during stance. Hip flexor force increased in early swing, while knee flexor force 

increased most during mid and late swing.  

 

 

  

Table 3.3. Sensitivity of leg impulse to AFO mass (xBW/kgAFO). 

 Mass sensitivity (xBW/kgAFO)* 

 Unactuated Bidirectional 

Typically-Developing 0.14 ± 0.06 0.15 ± 0.06 

Mild 0.18 ± 0.05 0.21 ± 0.05 

Moderate 0.15 ± 0.10 0.17 ± 0.11 

Severe 0.10 ± 0.08 0.10 ± 0.09 

*Sensitivity is defined as the slope of the leg impulse vs. AFO mass curve. 
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3.4 DISCUSSION 

We simulated the effects of passive and powered AFOs on muscle demand and recruitment during 

walking in TD children and children with CP and crouch gait. We hypothesized that powered 

AFOs would reduce leg impulse more than passive AFOs. The simulation results supported this 

hypothesis, with leg impulse being reduced 1-15% more with powered AFOs than passive AFOs, 

supporting the potential use of powered AFOs as assistive devices for CP. Unlike passive AFOs, 

powered AFO torque profiles are independent of ankle kinematics which increases the ability to 

customize torque profiles to an individual’s gait pattern. We also found, as anticipated, that all 

AFO designs primarily impacted the ankle plantarflexor muscles; however, reductions in muscle 

impulse were only moderately correlated with crouch severity, emphasizing the diverse factors 

that influence an AFO’s impact on muscle demand, even among children with similar gait patterns. 

  

As idealized models of passive and powered AFOs, the results of this study provide an estimate of 

the potential of AFOs to reduce muscle demand during gait for children with CP independent of 

changes in kinematics. Prior studies with passive AFOs reported reductions in metabolic cost 

ranging from 6-10% [29, 48], though no prior studies have investigated the impact of powered 

AFOs on muscle demand in CP. In this study, we observed 10-41% reductions in leg impulse with 

AFOs, which is one of the primary contributors to metabolic cost of walking. However, there are 

other factors such as cardiovascular health or selective motor control which may influence 

reductions in metabolic cost beyond reductions in muscle demand. Our results suggest that 

appropriate tuning of AFO mechanical properties to an individual may optimize reductions in 

muscle demand for children with CP. Further, the results from this study highlight the importance 

of optimizing AFOs across multiple parameters to minimize muscle demand during walking. 
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Passive AFO optimization protocols have been proposed, but typically select between only a few 

different AFO stiffness values or designs [26, 127], possibly limiting the “optimality” of selected 

AFO properties.  

 

Identifying the optimal AFO properties for a given individual remains an open challenge, though 

musculoskeletal simulation may be used to inform subject-specific device design. Testing over 

many potential AFO tuning parameters is time and resource intensive, making simulation-based 

predictions of AFOs attractive. We found that absolute reductions in leg impulse with all AFO 

designs correlated most strongly with nondimensional speed, and that percent reductions in GAS 

impulse correlated most strongly with peak knee flexor moments. This highlights the importance 

of activity-level (walking speed) and mechanical-level (kinematics, kinetics) measurements in 

predicting the impacts of AFOs on gait in CP [128]. The complex interaction between mechanical 

and activity-level aspects of gait suggests that a multivariate approach to predicting AFO impacts 

on muscle demand and recruitment is necessary. A post-hoc multiple linear regression analysis 

found that a linear combination of lower-limb kinematics and joint moments was strongly 

correlated with both absolute and percent reductions in muscle demand. This is consistent with 

one study that found that a similar linear combination of mechanical-level measures explained 

89% of the variance in net metabolic cost during uphill walking in unimpaired adults [126]. While 

our regression analysis suggested that nondimensional speed may be a useful way to quantify the 

potential impact of AFOs on muscle demand if kinematic or kinetic data are unavailable, new 

methods are needed to evaluate the potential benefit of AFO designs. The simulation paradigm 

presented in this research may be used to help identify a near-optimal set of mechanical AFO 
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properties for an individual and potentially inform biofeedback or other training regimes to 

optimize muscle recruitment while walking with a new AFO. 

 

There were similarities in the optimal AFO properties predicted in our study and prior 

experimental results. The optimal passive AFO stiffness values predicted for the TD children were 

larger than a prior study that identified the passive AFO stiffness that most reduced metabolic costs 

in unimpaired adults (4.6 N∙m/deg vs 3.1 N∙m/deg [9]). Similarly, for crouch gait, our optimal 

stiffness of 2.3 N∙m/deg was slightly larger than a reported optimal of 1.6 N∙m/deg for passive 

AFOs that minimized energy costs of walking in CP [29], though this study evaluated three AFO 

stiffness conditions with a maximum stiffness of 3.8 N∙m/deg. These differences may be due in 

part to the instantaneous “adaptation” to AFOs that occurs during simulation, compared to slow 

and complex motor adaptation in human gait. Further, simulated AFO stiffness has been shown to 

alter the strain of elastic elements in the ankle plantarflexors, which leads to changes in metabolic 

power in these muscles during gait [37]. Consistent with our findings, this suggests that the 

comparatively simple musculotendon model used in static optimization may over-predict optimal 

AFO stiffness values. Passive AFO equilibrium angle is less studied than AFO stiffness [39], but 

correlated well with peak ankle plantarflexion angle. Thus, basing passive AFO equilibrium angle 

on ankle kinematics may generate a good initial guess prior to tuning AFOs to minimize muscular 

demand during gait. The range of optimal AFO properties found in this study emphasizes the 

importance of appropriate AFO actuator design and mechanical properties based on an individual’s 

gait pattern. 

 

Powered AFOs outperformed passive AFOs in this study and may be more effectively tuned to a 

specific individual. However, their use may not be justifiable if powered AFOs are too heavy. 
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Consider that our reported sensitivity of leg impulse to AFO mass (~0.1 xBW/kgAFO) was similar 

to the contribution of powered AFO dorsiflexion assistance to reductions in leg impulse (0.1-0.2 

xBW). This implies that the additional hardware required for powered dorsiflexion assistance 

would have to weigh less than 1kg to reduce leg impulses. Moreover, some participants received 

only a small (<3%) benefit of powered AFO assistance over passive assistance. Since powered 

AFOs can weigh four times as much as passive AFOs, the additional weight of powered actuation 

may not be justifiable if energetic savings is a primary objective [9, 56]. The small linear increase 

in muscle demand due to AFO mass applied to the foot and shank was qualitatively consistent with 

experimental studies of unimpaired walking that found that metabolic rate increased linearly with 

mass added to the foot and shank [112]. This suggests that results from small AFO masses may be 

extrapolated to masses larger than 2.5% of participants’ bodyweights. For example, our results 

suggest that the weight of powered AFOs [56] may increase leg impulse by 10% for a child with 

mild CP, which could eliminate the potential advantage of powered AFOs over passive AFOs in 

reducing muscle demand during walking. However, the sensitivity to AFO mass decreased as 

crouch severity increased, which may be explained by a reduced mass moment of inertia of the 

AFO mass about the hip and knee in the sagittal plane [129]. Thus, individuals with more severe 

crouch gait, whose limbs may have less rotational inertia with about the hip, may be less sensitive 

to mass added to the foot and shank. These results collectively suggest that AFO actuator design, 

mass, and mass distribution should all be considered and informed by an individual’s gait analysis. 

 

There are also other important factors that may limit achievable reductions in metabolic costs with 

AFOs for children with CP. In particular, children with CP have been shown to have less complex 

motor control strategies than their TD peers, which may limit their ability to adapt muscle 
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recruitment to AFOs [24, 130]. If muscle coordination is restricted to synergistic motor patterns, a 

child may not be able to modulate muscle activity and take advantage of the potential energy 

savings. Prior studies with varying AFO properties for children with CP have provided short 

training periods, which may also limit resulting changes in muscle activity and reductions in 

metabolic cost. The results of this study support the potential of passive and powered AFOs to 

reduce energy costs in CP, but highlight the need to evaluate changes in neuromuscular control 

and train appropriate changes in muscle recruitment with assistive devices. 

 

AFOs primarily impacted ankle plantarflexor activity and the results of this study demonstrate the 

complex and important role these muscles play during gait. Prior experimental studies of 

unimpaired adults have demonstrated a reduction in ankle plantarflexor activity with both passive 

and powered AFOs [9, 16, 18]. However, prior experimental studies have not investigated changes 

in plantarflexor muscle activity with AFOs in children with CP [29, 40, 48]. We found that 

reductions in GAS recruitment were not only important for ankle dynamics, but also correlated 

with peak knee flexor moments, which decreased with crouch severity [131]. This highlights the 

potential of AFOs to indirectly influence knee flexor moments. Reduced GAS recruitment with 

simulated AFOs also reduced the GAS’s contribution to knee flexor moments during stance, which 

in turn reduced the demand of the knee extensor muscles. This effect was reflected in reductions 

in VAS and RF impulses with all AFOs. Since the knee extensors are active during most of stance 

in crouch gait [106], a smaller knee flexor moment contribution of the GAS may also enable the 

knee extensor muscles to further extend the knee, possibly enabling a less crouched posture. We 

must acknowledge, however, that crouch gait can arise from myriad factors. Simply reducing knee 

extensor demand may not reduce crouch [132, 133]. For example, if short hamstrings contribute 
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to crouch, reduced demand on the knee extensors with AFOs may not improve crouch [134]. 

Conversely, if coactivation or spasticity influences crouch, altered muscle demand with AFOs may 

enable the quadriceps to more effectively extend the knee. These results may also inform future 

studies of myoelectric control of powered AFOs for children with CP. Myoelectric feedback 

control of powered AFOs typically uses SOL activation signals for control during unimpaired gait 

[16, 135]. Using GAS activation signals for feedback control of powered AFOs may enable 

children with crouch gait to better influence both knee and ankle dynamics. 

 

The results of this study should be taken in the context of the study’s limitations. Our inverse 

simulations were constrained by one set of experimental kinematics and kinetics for each 

individual to evaluate potential reductions in muscle demand independent of changes in gait 

pattern. In contrast, clinically-prescribed passive AFOs are often designed to alter gait kinematics, 

and powered AFOs have been shown to alter lower-limb joint moments compared to unassisted 

walking [16, 18]. For example, allowing powered AFOs to reduce extensor moments at the knee 

may enable greater simulated reductions in knee extensor impulse compared to unassisted gait. 

Predicting changes in gait after an intervention remains a grand challenge of biomechanics which 

may further enhance our ability to identify optimal, customized orthoses. Maintaining constant 

kinematics and kinetics across AFO conditions provides a reasonable method to evaluate potential 

energy savings of a wide range AFO designs, prior to experimentation [4, 25]. Also, we used 

OpenSim’s static optimization algorithm to estimate muscle activity, which does not model 

excitation-activation or tendon dynamics, both of which may influence muscle force during 

dynamic tasks [37, 136]. Conversely, OpenSim’s computed muscle control algorithm (CMC) 

[120] includes tendon dynamics, but over-predicts muscle forces [25, 40]. We compared these 
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algorithms and found that CMC predicted greater overall muscle activity, and our outcome 

measures and conclusions were insensitive to algorithm choice. Finally, bone deformities, 

contracture, and spasticity are common in CP and were not captured in our models. This dataset 

was originally selected to include participants with minimal bone deformities [137], but minimal 

information regarding muscle physiology and spasticity were available for these participants. 

Incorporating individual changes in muscle properties, such as contracture or weakness, may 

further improve the ability of these methods to predict optimal AFO design for a given individual. 

Future simulation-based orthosis optimizations may also want to consider maximum allowable 

reductions in muscle activity to help prevent atrophy or exacerbate muscle weakness. Even with 

more accurate subject-specific modeling and simulation methods, researchers should acknowledge 

the importance of patient feedback in the AFO prescription process. Device users provide 

important feedback that is not captured by musculoskeletal models, such as comfort or interactions 

of soft-tissue with the AFO. The simulation pipeline presented in this work can be used to 

complement clinician expertise and help customize AFO design for rehabilitation and performance 

goals. 

 

3.5 CONCLUSIONS 

Optimizing the design of powered or passive AFOs has the potential to reduce muscle demand and 

improve metabolic efficiency for children with CP, even without changes in an individual’s gait 

pattern. These changes are clinically important because children with CP have inefficient gait 

patterns compared to TD peers and optimizing AFOs to reduce energy costs may reduce fatigue 

and increase participation in daily life. Musculoskeletal simulation provides a platform to evaluate 

and test AFO designs and inform training by predicting optimal patterns of muscle recruitment. 
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Although crouch gait represents one of the most common gait pathologies in CP [54], many other 

common gait pathologies exist that could benefit from similar analyses. Further understanding of 

the role of concomitant impairments such as muscle weakness, spasticity, or contracture represent 

important areas for future investigation. To encourage expansion of musculoskeletal simulation to 

assistive device applications, we have made our simulations available for others to use and build 

upon (https://simtk.org/projects/crouchgait). Adaptation to and optimization of AFOs remain 

challenging topics [4, 135], and future work comparing predictions with experimental tests will 

further enhance these methods. This study informs future clinical design and prescription of AFOs 

for children with CP and motivates further investigation into powered AFOs as assistive devices 

for children with CP. 
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Chapter 4. PREDICTING WALKING RESPONSE TO ANKLE EXOSKELETONS USING 

DATA-DRIVEN MODELS 
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ABSTRACT 

Despite recent innovations in exoskeleton design and control, predicting subject-specific impacts 

of exoskeletons on gait remains challenging. We evaluated the ability of three classes of subject-

specific phase-varying models to predict kinematic and myoelectric responses to ankle 

exoskeletons during walking, without requiring prior knowledge of specific user characteristics. 

Each model – phase-varying (PV), linear phase-varying (LPV), and nonlinear phase-varying 

(NPV) – leveraged Floquet Theory to predict deviations from a nominal gait cycle due to 

exoskeleton torque, though the models differed in complexity and expected prediction accuracy. 

For twelve unimpaired adults walking with bilateral passive ankle exoskeletons, we predicted 

kinematics and muscle activity in response to three exoskeleton torque conditions. The LPV 

model’s predictions were more accurate than the PV model when predicting less than 12.5% of a 

stride in the future and explained 49–70% of the variance in hip, knee, and ankle kinematic 

responses to torque. The LPV model also predicted kinematic responses with similar accuracy to 

the more-complex NPV model. Myoelectric responses were challenging to predict with all models, 

explaining at most 10% of the variance in responses. This work highlights the potential of data-

driven phase-varying models to predict complex subject-specific responses to ankle exoskeletons 

and inform device design and control.  
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4.1 INTRODUCTION 

Ankle exoskeletons are used to improve kinematics and reduce the energetic demands of 

locomotion in unimpaired adults and individuals with neurologic injuries [9, 18, 29, 39, 55]. 

Customizing exoskeleton properties to improve an individual’s gait is challenging and accelerating 

the iterative experimental process of device optimization is an active area of research [19, 138]. 

Studies examining the effects of exoskeleton properties – sagittal-plane ankle stiffness or 

equilibrium ankle angle for passive exoskeletons and torque control laws for powered exoskeletons 

– on kinematics, motor control, and energetics have developed design and control principles to 

reduce the energetic demand of walking and improve the quality of gait [9, 19, 26, 38]. Predicting 

how an individual’s gait pattern responds to ankle exoskeletons across stance may inform 

exoskeleton design by enabling rapid evaluation of exoskeleton properties not tested 

experimentally. Additionally, for powered exoskeletons, which prescribe torque profiles using 

feedforward or feedback (e.g. kinematic or myoelectric) control laws, predicting responses over 

even 10–20% of a stride may improve tracking performance or transitions between control modes 

[16, 45, 55, 139]. However, predicting subject-specific responses to exoskeletons remains 

challenging for unimpaired individuals and those with motor impairments [4, 29, 45].  

 

Common physics-based models, including simple mechanical models and more physiologically-

detailed musculoskeletal models, use principles from physics and biology to analyze and predict 

exoskeleton impacts on gait. For example, one lower-limb mechanical walking model predicted 

that an intermediate stiffness in a passive exoskeleton would minimize the energy required to walk, 

a finding that was later observed experimentally in unimpaired adults [9, 85]. More 

physiologically-detailed musculoskeletal models have been used to predict the impacts of 
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exoskeleton design on muscle activity during walking in children with cerebral palsy and running 

in unimpaired adults [25, 140]. While these studies identified hypothetical relationships between 

kinematics and the myoelectric impacts of exoskeleton design parameters, their predictions were 

not evaluated against experimental data.  

 

Challenges to accurately predicting responses to ankle exoskeletons with physics-based models 

largely stem from uncertainty in adaptation, musculoskeletal physiology, and motor control, which 

vary between individuals and influence response to exoskeletons. While individuals explore 

different gait patterns to identify an energetically-optimal gait, exploration does not always occur 

spontaneously, resulting in sub-optimal gait patterns for some users [141]. Popular 

physiologically-detailed models of human gait typically assume instantaneous and optimal 

adaptation, which do not reflect how experience and exploration may influence responses to 

exoskeletons, possibly reducing the accuracy of predicted responses [22, 70]. Additionally, when 

specific measurement sets are unavailable for model parameter tuning, population-average based 

assumptions about musculoskeletal properties and motor control are required [24, 37, 67, 141]. 

However, musculoskeletal properties and motor control are highly uncertain for individuals with 

motor impairments, today’s most ubiquitous ankle exoskeleton users [22, 24, 67, 142]. 

Musculotendon dynamics and motor complexity are known to explain unintuitive exoskeleton 

impacts on gait energetics, suggesting that uncertain musculotendon parameters and motor control 

may limit the accuracy of predicted changes in gait with ankle exoskeletons [22, 37, 143]. 

Predictions of exoskeleton impacts on gait using physiological models, therefore, require accurate 

estimates of adaptation, musculotendon parameters, and motor control.  
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Conversely, data-driven approaches address uncertainty in user-exoskeleton dynamics by 

representing the system entirely from experimental data. For instance, human-in-the-loop 

optimization provides a model-free alternative to physics-based prediction of exoskeleton 

responses by automatically exploring different exoskeleton torque control strategies for an 

individual [19, 138]. This experimental approach requires no prior knowledge about the individual: 

optimization frameworks identify torque control laws that decrease metabolic rate relative to 

baseline for an individual using only respiratory data and exoskeleton torque measurements. 

However, experimental approaches to exoskeleton optimization require the optimal design to be 

tested, potentially making the search for optimal device parameters time-intensive. Alternatively, 

machine learning algorithms, such as the Random Forest Algorithm, have used retrospective gait 

analysis and clinical exam data to predict changes in joint kinematics in response to different ankle-

foot orthosis designs in children with cerebral palsy [26]. This study reported good classification 

accuracy, though predictions may not generalize to new orthosis designs. Unlike physiologically-

detailed or physics-based models, human-in-the-loop optimization and many machine learning 

models are challenging to interpret, limiting insight into how a specific individual’s physiology 

influences response to exoskeleton torque. A balance between physiologically-detailed and model-

free or black-box data-driven approaches may facilitate the prediction and analysis of responses to 

ankle exoskeletons without requiring extensive knowledge of an individual’s physiology.  

 

In this work, we investigated a subject-specific data-driven modeling framework – phase-varying 

models – that may fill the gap between physiologically-detailed model-based and model-free 

experimental approaches for predicting gait with exoskeletons. Phase-varying models typically 

have linear structure whose parameters are estimated from data, enabling both prediction and 
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analysis of gait with exoskeletons [27, 79]. Unlike physiologically-detailed models, phase-varying 

models do not require knowledge of the physics or control of the underlying system. Unlike 

experimental approaches, the model-based framework enables prediction of responses to untested 

exoskeleton designs or control laws.  

 

Phase-varying models leverage dynamical properties of stable gaits derived from Floquet Theory, 

which ensures that the convergence of a perturbed trajectory to a stable limit cycle may be locally 

approximated using time-varying linear maps [94]. Similar principles have been shown to 

generalize to limit cycles in non-smooth or hybrid systems, such as human walking [96]. 

Moreover, phase-varying modeling principles have been applied to biological systems, identifying 

linear phase-varying dynamics to investigate gait stability and predict changes in kinematics in 

response to perturbations [27, 79, 80, 97, 144]. Responses to ankle exoskeleton torques may be 

similarly defined as perturbations off an unperturbed (i.e. zero torque) gait cycle, suggesting that 

the principles of phase-varying models will generalize to walking with exoskeletons. To the best 

of our knowledge, phase-varying models have never been used to study walking with exoskeletons 

and the extent to which the principles underlying phase-varying models of locomotion generalize 

to walking with exoskeletons is unknown.  

 

To determine if phase-varying models represent useful predictive tools for locomotion with 

exoskeletons, the purpose of this research was to evaluate the ability of subject-specific phase-

varying models to predict kinematic and myoelectric responses to ankle exoskeleton torque during 

walking. We predicted responses to exoskeletons in unimpaired adults walking with passive ankle 

exoskeletons under multiple dorsiflexion stiffness conditions. We focused on three related classes 
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of phase-varying models with different structures, complexity, and expected prediction accuracies: 

a phase-varying (PV), a linear phase-varying (LPV), and a nonlinear phase-varying (NPV) model. 

Since passive exoskeletons typically elicit small changes in joint kinematics and muscle activity, 

we expected the validity of Floquet Theory for human gait to extend to gait with exoskeletons, 

indicating that the LPV model should accurately predict responses to passive exoskeleton torque 

[9, 27, 79, 80, 94]. We, therefore, hypothesized that the LPV models would predict kinematic and 

myoelectric responses to torque more accurately than the PV model and as accurately as the NPV 

model. To exemplify the potential utility of subject-specific phase-varying models in gait analysis 

with ankle exoskeletons, we show how varying the length of model prediction time horizon may 

inform measurement selection for exoskeleton design and control. To assess the viability of data-

driven phase-varying models in gait analysis settings, we evaluated the effect of limiting the size 

of the training dataset on prediction accuracy.  

 

4.2 METHODS 

4.2.1 Experimental protocol 

We collected kinematic and electromyographic (EMG) data from 12 unimpaired adults (6 female 

/ 6 male; age = 23.9 ± 1.8 years; height = 1.69 ± 0.10 m; mass = 66.5 ± 11.7 kg) during treadmill 

walking with bilateral passive ankle exoskeletons at a self-selected speed (Table 4.1). Each 

participant performed two sessions – practice and data collection – on separate days within a one-

week span.  
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In the first session, we modified the exoskeletons for fit and comfort and performed a 20-minute 

practice session.  We ensured that the appropriately sized footwear was selected, that the 

exoskeleton cuff was at a comfortable height, and any points of discomfort were adequately 

padded. Participants were instructed to stop if they experienced pain or modified their gait pattern 

to avoid discomfort. Each participant performed 20 minutes of walking practice under three 

exoskeleton stiffness conditions (K0, K1, K3), spanning the range of conditions used during data 

collection. Participants walked at three nondimensional speeds (0.35, 0.45, 0.55) and three 

cadences (100, 120, and 140 steps/minute), set by a metronome, for one minute each. The ordering 

of the speed and cadence conditions was (1) middle, (2) high, and (3) low. Nondimensional speed, 

𝑣, was defined as 𝑣 =
𝑣

√𝑔𝐿
, where v is the walking speed in meters/second, g is the gravitational 

constant, and L is the leg length measured from the lateral malleolus of the ankle to the anterior 

superior iliac spine point on the pelvis (Figure 4.1) [124]. Walking speeds during practice ranged 

from 0.88 m/s to 1.67 m/s. Following the practice session, each participant selected a preferred 

TABLE 4.1. ADULT ANKLE EXOSKELETON PARTICIPANT 

CHARACTERISTICS 

Subjects 

Gender 

(M/F) 

Age 

(years) 

Mass 

(kg) 

Height 

(m) 

Walking 

speed 

(m/s) 

P01 M 25 73.5 1.78 1.36 

P02 F 24 61.2 1.65 1.40 

P03 F 20 49.9 1.60 1.30 

P04 F 22 65.8 1.73 1.50 

P05 F 25 55.0 1.55 1.30 

P06 F 23 49.4 1.52 1.30 

P07 M 27 59.9 1.68 1.35 

P08 M 23 77.1 1.73 1.55 

P09 M 24 80.7 1.84 1.40 

P10 M 25 73.9 1.73 1.20 

P11 M 25 83.9 1.83 1.40 

P12 F 24 68.0 1.70 1.22 

M = male, F = female; kg = kilograms; m = meters; s = seconds 
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walking speed corresponding to a “pace that they could comfortably sustain for 60 minutes while 

walking with the exoskeletons.” Beginning at the intermediate nondimensional speed, the treadmill 

speed was changed according to the participant’s requests (faster/slower), until the participant 

identified a preferred speed. If a participant did not explore speeds above/below their selected 

speed, a second iteration was performed, beginning at a speed below/above the selected speed to 

encourage exploration of walking speeds during the selection process, which is known to influence 

gait pattern selection [145]. All participants selected walking speeds within the range of 

nondimensional speeds used during practice (0.40 ≤ 𝑣𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑 ≤ 0.53). Additional detail 

regarding experimental setup, input variable calculations, modeling algorithms, and statistical 

analyses can be found in Appendix A1. 
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Figure 4.1.  Left: A modified Helen Hayes marker set used in this study [146]. The depicted 

participant is facing forward. Dark blue markers were visible from an anterior view of the 

participant and were placed on bony landmarks on the body. Light blue markers were tracking 

markers and were also visible from an anterior view but were not placed on bony landmarks. 

Red markers were visible from a posterior view of the participant and were placed on bony 

landmarks. The distance L represents leg length. Right: A depiction of the exoskeleton 

components as listed in Eqn. 4.1. The exoskeleton torque, 𝜏𝑒𝑥𝑜, is determined by lpd, the 

distance between the proximal and distal moment arms, leq, the equilibrium length of the spring 

cable, the spring stiffness, ksp, and the moment arm vector between the spring insertion and the 

ankle joint, rma.  

Data were collected during the second session. We monitored changes in kinematics using a 

modified Helen-Hayes marker set [146] and a 10-camera motion capture system (Qualisys AB, 

Gothenburg, SE; Figure 4.1), and measured muscle activity using 14 wireless EMG sensors 

(Delsys Inc., Natick, USA). The EMG sensors were placed bilaterally on the soleus, medial 

gastrocnemius, tibialis anterior, vastus medialis, rectus femoris, lateral hamstrings, and gluteus 

medius following SENIAM guidelines [147]. Participants performed four randomized trials on a 

split-belt instrumented treadmill (Bertec Corp., Columbus, USA) at their self-selected speed under 

different exoskeleton conditions (Figure 4.2). Each trial included two-minutes of walking to adapt 

to the new exoskeleton condition and participants could rest as needed between trials. 

 

Unlike many clinical exoskeletons (ankle-foot orthoses), whose torque profiles are smooth 

functions of ankle angle, the passive exoskeletons used in this study generated ankle plantarflexion 

torques as a piecewise-linear function of the user’s ankle angle, and the exoskeleton’s neutral angle 

and rotational stiffness. The exoskeletons did not resist plantarflexion, similar to other 

experimental devices [9, 39]. The four exoskeleton conditions were set to sagittal-plane stiffness 

values: K0 (0 Nm/deg), K1 (1.17 Nm/deg), K2 (3.26 Nm/deg), and K3 (5.08 Nm/deg), a range 
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known to alter kinematics and myoelectric signals during gait (Figure 4.2) [9]. Participants walked 

for six minutes per trial, the last four of which were recorded, and could rest between trials.  

 

 
Figure 4.2.  Left box: Data were collected during treadmill walking with bilateral ankle 

exoskeletons that used linear springs to resist dorsiflexion. Increasing exoskeleton stiffness (K0–

K3) increased exoskeleton torque (𝜏𝑒𝑥𝑜, yellow). Right box: (1) Purple dashed arrows represent 

responses to exoskeleton torque, which were defined as deviations from the average zero-torque 

gait cycle (K0). (2) Response data from the training set were used to fit each model. Input 

variables included joint kinematics, muscle activity, their time derivatives, and exoskeleton 

torque. (3) Models were validated by predicting responses from the held-out torque condition 

using the models fit in (2). Right box (bottom): The three phase-varying models were fit and 

evaluated on the same training and validation sets.  

 

𝑀Δ,𝜙 = generic model function of prediction horizon and phase; X = experimental inputs; Y = 

experimental outputs; 𝑌̂ = predicted outputs; 𝜙 = phase; Δ = prediction horizon; A = linear 

function; f, g = nonlinear functions; 𝜃 = joint kinematics; 𝛼 = muscle activation; 𝜏𝑒𝑥𝑜 = 

exoskeleton torque. 

 

To compute linear EMG envelopes, we high-pass filtered the EMG data at 40 Hz, rectified the 

data, and low-pass filtered at 10 Hz [38]. Kinematic and EMG data were pre-processed using 

custom scripts in MATLAB (MathWorks, Natick, USA). The marker trajectories were low-pass 

filtered at 6 Hz using a zero-lag fourth-order Butterworth filter [18]. We computed joint kinematics 

by scaling a generic 29 degree-of-freedom skeletal model to each participant’s skeletal geometry 
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and body mass using the inverse kinematics algorithm in OpenSim 3.3 to convert marker 

trajectories into joint kinematics [70, 148]. First, we scaled a generic 29 degree-of-freedom skeletal 

model to each participant’s skeletal geometry [148]. The subtalar, metatarsophalangeal, wrist 

flexion, and wrist deviation degrees of freedom were locked. We ensured that root-mean-squared 

marker errors were less than 1 cm and maximum marker errors were less than 2 cm. Joint 

kinematics were then computed using OpenSim’s inverse kinematics algorithm. The inverse 

kinematics algorithm identifies joint angle trajectories to minimize error between model markers, 

which are fixed on rigid body segments of the model, and the experimental marker trajectories. 

The knee joint range of motion was increased to permit up to five degrees of hyperextension for 

participants who appeared to hyperextend their knee during walking. We evaluated model quality 

using experimental marker errors, in line with best-practices [119]. Root-mean-squared marker 

errors were less than 2 cm and maximum marker errors were less than 4 cm for each trial.  

4.2.2 Estimating exoskeleton torque profiles 

For a passive exoskeleton, the torque, τexo, depended approximately linearly on the user’s ankle 

kinematics, θankle, exoskeleton equilibrium angle, θeq, and exoskeleton’s rotational stiffness, kexo 

(equation 4.1) as: 

 
τexo(t) = {

−kexo(𝜃𝑎𝑛𝑘𝑙𝑒(𝑡) − 𝜃𝑒𝑞), 𝜃𝑎𝑛𝑘𝑙𝑒 ≥ 𝜃𝑒𝑞

0 𝜃𝑎𝑛𝑘𝑙𝑒 < 𝜃𝑒𝑞
 

4.1 

Unlike many clinical exoskeletons, whose torque profiles are smooth functions of ankle angle, 

torque in the exoskeletons used in this work were piecewise-smooth functions of ankle angle, 

providing plantarflexion assistance similar to other experimental devices (Figure 4.2) [9, 39].  
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The linear approximation in Eqn 4.1 was deemed sufficient based on calibration trials with pilot 

datasets, during which tension load cells (Omega Engineering, Norwalk, CT) were attached in 

series to each exoskeleton spring (equation 4.2). The measured torque from the load cell, 𝜏𝑒𝑥𝑜, 

was, 

 

  
τexo(t) = 𝑟ma(t) × [−𝑘𝑠𝑝(𝑙𝑝𝑑(𝑡) − 𝑙𝑒𝑞)], 4.2 

where lpd is the distance the proximal and distal spring attachment points, and leq is the equilibrium 

length of the spring cable, which we estimated by having the subject dorsiflex until they felt the 

spring engage with the exoskeleton raised off the ground. The spring stiffness is denoted by ksp. 

The cross product of the spring force vector and the vector between the moment arm at the distal 

end of the spring cable and the exoskeleton ankle joint, rma, defined the exoskeleton torque. 

Preliminary analyses showed small differences between torque profiles estimated from the 

nonlinear torque-ankle angle relationship (equation 4.2) and the linear relationship (equation 4.1) 

that we employed in our analysis. 

4.2.3 Gait phase and phase-varying models 

Unlike the typical gait cycle definition – the percentage of time between successive foot contact 

events – we used a gait phase based on kinematic posture, which we expected to improve 

predictions of a system’s response to perturbations from the exoskeletons [149]. Using a posture-

based gait phase groups kinematically-similar measurements at a specific phase, reducing variance 

in the data at any point in the cycle, and ensuring that similar postures across exoskeleton 

conditions were used during model fitting and prediction. Moreover, Floquet Theory ensures that 

phase is well-defined using any periodically-varying measurements [94]. We used the Phaser 

algorithm, which estimates a system’s phase using arbitrary input signals considered to be phase-
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locked, to generate gait phase estimates as a function of left and right leg hip flexion angles, similar 

to a phase variable proposed to control robotic prostheses [144, 149]. Following gait phase 

estimation, we modeled gait using three subject-specific models of response to exoskeletons: 

 

4.2.4 Phase-varying model 

The phase-varying (PV) model, 𝐹𝑝𝑣
𝑤 , was our simplest model and predicts outputs purely as a 

function of gait phase. Rather than taking exoskeleton torque as an input, PV model predictions 

are similar to guessing the average of the training data at a certain gait phase (Table 4.2) [144, 

150].  The PV model takes a phase estimate as an input and returns a prediction of the system’s 

outputs, 𝑌̂𝜙 ∈ ℝ𝑀, where M is the number of outputs. The PV model was parameterized using a 

seventh-order Fourier Series as a function of phase and served as a lower bound on prediction 

accuracy (equation. 4.3). 

 
𝐹𝑝𝑣

𝑤 =
1

2
𝑤0 + ∑ 𝑤2ℎ−1cos (hϕ)

7

ℎ=1

+ 𝑤2ℎsin (hϕ) (4.3) 

4.2.5 Linear phase-varying model 

The linear phase-varying (LPV) model is a discrete-time model that predicts system outputs at a 

future phase based on measurements at an initial phase (Table 4.2). For any phase, 𝜙, from 0-

100% of a stride and a prediction horizon, 𝛥, the LPV model estimates a map 𝐴𝜙,𝛥 ∈ ℝ𝑀×𝑁+1, 

from the initial phase to the final phase, where 𝑁 + 1 denotes the number of input variables (𝑁) 

plus a constant term. At 64 initial phases spaced equally over the gait cycle, we fit discrete maps 

between initial and final phases using weighted least-squares regression [27, 79, 80]. We weighted 
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each observation based on the proximity of its phase estimate to the prescribed initial phase using 

a Gaussian weighting scheme. For each prediction horizon, the LPV model was represented as a 

continuously phase-varying function, 𝐹𝐿𝑃𝑉,𝛥(𝜙) ≈ 𝐴𝜙,𝛥, parametrized by a Fourier Series. We 

expected the LPV model’s prediction accuracy to exceed that of the PV model [94].  

 

4.2.6 Nonlinear phase-varying model 

While the LPV model should approximate nonlinearities in the dynamics of response to torque, 

we selected a nonlinear phase-varying (NPV) model that serves as an upper bound on prediction 

accuracy. Specifically, we used a three-layer feedforward neural network – a universal function 

approximator (Table 4.2) [151]. Neural networks are considered state-of-the-art predictors and are 

used in numerous domains, including image recognition and robotics [152]. The NPV model’s 

parameters were tuned for each prediction horizon and included phase as an input. We expected 

the NPV model’s prediction accuracy to meet or exceed that of the LPV model. 

 

TABLE 4.2. SUMMARY OF PHASE VARYING MODEL STRUCTURE AND EXPECTED PERFORMANCE 

Model Functional form 

Linear 

terms 

Nonlinear 

terms 

Expected 

prediction 

accuracy 

Phase-varying (PV) 𝑌̂𝜙 = 𝐹𝑃𝑉(𝜙) None Phase Low 

Linear phase-varying 

(LPV) 
𝑌̂𝜙+𝛥 = 𝐹𝐿𝑃𝑉,𝛥(𝜙)𝑋𝜙 Inputs Phase Moderate 

Nonlinear phase-varying 

(NPV) 
𝑌̂𝜙+𝛥 = 𝐺𝑁𝑃𝑉,𝛥(𝜙, 𝑋𝜙) None 

Phase 

Inputs 

Moderate-

High 

F = model functions parameterized by a Fourier Series; G = feedforward neural network model; 𝜙 = phase;  

𝛥 = prediction horizon; 𝑋 = inputs; 𝑌̂ = predicted outputs 
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4.3 INPUTS AND OUTPUT VARIABLES  

To reflect clinically-relevant measurements and the dynamics of the neuromusculoskeletal system, 

we selected input variables expected to encode musculoskeletal dynamics and motor control: 3D 

pelvis orientation and lower-limb and lumbar joint angles, processed EMG signals, and their time 

derivatives at an initial phase, 𝜙 [9, 29, 62]. We appended ten time-history exoskeleton torque 

samples per leg – uniformly distributed between the initial and final phases – to the inputs, 

resulting in N = 80 inputs [19, 45]. Our decision to use exoskeleton torque samples was motivated 

by Floquet Theory, according to which an individual’s posture at a future time is a linear function 

of their initial posture and the exoskeleton torque signal between initial and final times [94]. Model 

outputs (M = 20) included right and left leg sagittal-plane hip, knee and ankle kinematics, and 

EMG signals from each muscle at a future phase, 𝜙 + 𝛥, offset from the initial phase by prediction 

horizon 𝛥. While phase-varying models may also predict joint moments, we omitted prediction of 

kinetic outcomes due to the presence of sporadic poor force plate strikes for some gait cycles in 

our dataset. We modeled response to exoskeleton torque as the deviation from the unperturbed gait 

cycle (i.e. the zero-torque, K0 condition) by subtracting the phase-averaged zero-torque gait cycle 

from each exoskeleton condition [79, 80]. All data were de-meaned and scaled to unit variance of 

the training set. Additional detail regarding the selection of torque as model inputs and 

experimental ground reaction forces can be found in Appendix A2. 

 

We first computed each model’s ability to predict responses to torque within the range of 

exoskeleton stiffness levels used to train the models (interpolation) by training each model using 

the K0, K1 and K3 datasets and validating by predicting outputs from the held-out K2 dataset using 

inputs from the same dataset at an initial gait phase. While “what-if” predictions – predicting 
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responses to “untested” (held-out) torques using nominal kinematics and EMG from a “tested” 

condition (e.g. K0) – are needed to for predictions to inform passive exoskeleton design, we chose 

to predict using the held-out inputs to provide unambiguous interpretation of each model’s 

prediction accuracy. In “what-if” predictions, errors stem from both poor model fit and poor 

matches between the “tested” and “untested” input data at the initial phase. By instead predicting 

using “untested” inputs, our predictions errors reflect only the models’ fits to each participant’s 

dynamics and provide upper bounds on the potential accuracy of “what-if” predictions. We 

selected the K2 condition for validation in our experimental design because responses in this 

intermediate torque condition should be encoded by the K0, K1, and K3 conditions. During 

validation, experimental outputs from the K2 condition were compared to the corresponding model 

predictions.  

 

We quantified each model’s prediction accuracy using the relative remaining variance (RRV) of 

model predictions compared to the held-out experimental data [27]. The RRV is calculated as the 

ratio of the variances of the prediction error and the experimental data. An RRV value of zero 

implies a perfect prediction, while unity RRV values can be achieved by predicting the mean of 

the validation data. Since we de-meaned the data and predicted deviations from the zero-torque 

condition, RRV values below unity indicate that predictions are more accurate than guessing 

constant (e.g. zero) response to exoskeleton torque. We computed RRV values for each output 

using a bootstrapping procedure with 200 iterations [27]. We computed RRV values for each 

model over the entire validation time series of approximately 240 strides. During analysis, the right 

and left leg RRV values for each output variable were averaged, as we expected nearly symmetric 

responses from our unimpaired participants. 
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We evaluated the LPV and NPV models’ prediction accuracies for the K2 condition over a range 

of prediction horizons, in increments of 6.25% (1/16th of a stride), between 6.25 and 100% of a 

gait cycle. When optimizing exoskeleton torque profiles, predicting responses using measurements 

at an initial phase (e.g. initial contact of the foot with the ground) to achieve a desired outcome at 

some final phase may be of interest, such as improving midstance knee kinematics in children with 

cerebral palsy [29, 39]. However, as the prediction horizon increases, coherence between 

measurements at initial and final phases decreases due to nonlinearities in musculoskeletal 

dynamics, resulting in prediction accuracies reducing to those of the average prediction (i.e. the 

PV model), rather than a stride-specific prediction [62, 153, 154]. Identifying the maximum 

prediction horizon at which initial measurements improve predictions at a final phase may inform 

exoskeleton control laws or design criteria. Therefore, we identified the largest prediction horizon 

lengths at which RRV values were significantly less than those of the PV model, which were 

constant across prediction horizons. 

 

The amount of data required to accurately predict response to exoskeletons will restrict the settings 

in which phase-varying models are practical, such as in clinical gait analysis where datasets 

typically contain only a few gait cycles [26, 29]. We quantified the impact of training set size on 

prediction accuracy by determining the amount of training data needed for prediction accuracies 

of the K2 condition to approach to their values when models were fit using the entire training set 

(RRVfull). We iteratively reduced the training set size by 10% of the full size (approximately 24 

strides per exoskeleton condition), removing data from the end of each torque condition in the 
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training set, providing a range of 24-240 strides of training data per condition. For all training set 

sizes, we evaluated models using the full-length validation set.  

 

To test each model’s generalizability across a range of exoskeleton torque conditions, we 

separately predicted responses to torque in the K1, K2, and K3 datasets, termed held-out conditions, 

at a 12.5% stride prediction horizon (1/8th of a stride). Predictions over these conditions evaluated 

both the models’ ability to interpolate (K1 and K2) and extrapolate (K3) responses to exoskeleton 

torques included in the training set. For each held-out condition (K1, K2, or K3), we trained the 

models using kinematic, EMG, and exoskeleton torque inputs from the zero-torque (K0) condition 

and the two non-zero-torque exoskeleton conditions not held out for validation. We evaluated each 

model by predicting output variables from the held-out exoskeleton condition using input data at 

an initial gait phase in the same condition. We compared prediction accuracies across held-out 

conditions.  

 

To compare differences in performance across the three models, we identified differences in the 

models’ prediction accuracies using repeated-measures analysis of variance tests at a significance 

level of α = 0.05. When significant differences between models emerged, we identified pair-wise 

differences between models using post-hoc paired t-tests (α = 0.05) and a Holm-Sidak step-down 

correction for multiple comparisons [38, 155]. We report percent reductions in RRV values 

compared to the PV model and percent differences between the LPV and NPV models.   

4.4 RESULTS 

The ankle exoskeletons had the largest impact on ankle kinematics, smaller impacts on knee and 

hip kinematics, and variable impacts on muscle activity (Figure 4.3). Compared to the K0 
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condition, the peak ankle dorsiflexion angle during single-limb support decreased significantly in 

the K2 (36.7%) and K3 (40.0%) conditions (p < 0.020). Average integrated EMG increased slightly, 

but not significantly in the hamstrings and tibialis anterior (p > 0.066) in the K2 and K3 conditions 

compared to the K0 condition. 

 
Figure 4.3.  Top:  Average kinematic (left) and EMG (right) data for one participant who 

exhibited large, repeatable responses to exoskeleton torque and high model prediction 

accuracies (P03). Black lines show the zero-torque condition (K0) that was subtracted from all 

conditions to reflect responses to exoskeleton torque. Bottom: Average (±1SD) kinematic and 

myoelectric responses for all participants in each torque condition. Brackets denote significant 

differences between exoskeleton conditions according to post-hoc paired t-tests (α = 0.05) and 

a Holm-Sidak step-down correction. Thin gray lines represent individual legs. 

 

When validating on the held-out K2 condition, all three models predicted kinematic but not 

myoelectric responses to exoskeleton torque (Figure 4.4, dashed lines). At a prediction horizon of 

Δ = 12.5% of a stride, the LPV model’s prediction accuracy at the ankle – where the largest 

responses to torque were observed – was 41.6 ± 16.0% more accurate than the PV model (p < 

0.001) but not the NPV model (p = 0.130; Figure 4.5;  Table 4.3). Similarly, the LPV model’s 

prediction accuracy at the hip was 41.7 ± 12.7% better than the PV model (p < 0.001). However, 

as prediction horizon increased, the average LPV and NPV model prediction accuracies of all 
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outputs except the ankle approached those of the PV model. Changes in knee and hip kinematics 

were predicted more accurately than the baseline PV model for prediction horizons shorter than Δ 

= 18.75% of a stride (p < 0.001) in the LPV model and Δ = 12.5% of a stride (p < 0.001) in the 

NPV model (Figure 4.6). At the ankle, the LPV model predicted kinematics 29.1–60.0% more 

accurately than the PV model for all prediction horizons (p < 0.001). The NPV model’s predictions 

were significantly more accurate than those of the PV model for all prediction horizons except 

25.0% and 75.5–81.3% of a stride (p < 0.001). 
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Figure 4.4. Kinematic and myoelectric experimental (black) and predicted (colors) responses 

to torque for one participant who exhibited large responses to the exoskeletons (P03). 

Predictions are shown for a prediction horizon of 12.5% of a stride for the PV (green), LPV 

(orange), and NPV (purple) models. The three held-out conditions are denoted with solid (K1), 

dashed (K2), and dotted (K3) lines. Lines represent the average (±1SD; shaded region) data and 

predictions over all gait cycles in the corresponding validation dataset. The experimental data 

show that the K2 and K3 responses to torque were more similar to each other than to the K1 

response. The PV model predictions were similar across held-out conditions, while the LPV 

and NPV models scaled with exoskeleton torque. Full joint trajectories may be reproduced by 

rescaling and adding the average unperturbed gait cycle to the predictions. All comparisons 

used paired t-tests (α = 0.05) with a Holm-Sidak step-down correction for multiple 

comparisons. 

 

 

Figure 4.5.  Average (±1SD) prediction accuracies for all participants and held-out conditions 

at a prediction horizon of 12.5% of a stride. Gray dots represent individual legs. Colored 

brackets denote statistically significant differences between held-out conditions for each 

model. Black horizontal bars denote significant differences between models across all three 

(solid) or two (dashed) held-out conditions. The large variance in the LPV model’s predictions 

of rectus femoris and gastrocnemius responses in the held-out K3 condition were due to bad 

predictions (RRV > 2) in a small number of legs. All comparisons used paired t-tests (α = 

0.05) with a Holm-Sidak step-down correction for multiple comparisons. 

 

Predictions of myoelectric responses were poor (RRV ≈ 1.00) across all muscles and models, 

except at the shortest prediction horizon (Δ = 6.25%). At the shortest prediction horizon, both the 

LPV and NPV models’ predictions for the hamstrings, rectus femoris, and gastrocnemius were 

10.7–15.0% more accurate than those of the PV model (p < 0.001; Figure 4.6). 
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Figure 4.6.  Prediction accuracy decreased with increasing prediction horizon. The PV model’s 

predictions (green) were constant across prediction horizons. Horizontal bars denote predictions 

that were significantly more accurate than the PV model. The LPV (top; orange) and NPV 

(bottom; purple) models’ prediction accuracies approached nearly constant values for prediction 

horizons beyond 25.0% of a stride for kinematic responses and 6.25% of a stride for myoelectric 

responses. The LPV and NPV models’ predictions of ankle kinematics remained more accurate 

 

TABLE 4.3. AVERAGE (± 1SD) RRV VALUES FOR KINEMATIC AND MYOELECTRIC PREDICTIONS AT 

A 12.5% PREDICTION HORIZON. 

Output PV LPV NPV 

Ankle angle†‡ 0.50 ± 0.14 0.30 ± 0.14 0.33 ± 0.14 

Knee angle†‡ 0.62 ± 0.24 0.45 ± 0.20 0.41 ± 0.19 

Hip angle†‡ 0.77 ± 0.15 0.44 ± 0.13 0.51 ± 0.12 

Tibialis anterior 0.90 ± 0.08 0.97 ± 0.28 0.95 ± 0.15 

Soleus 0.86 ± 0.21 1.02 ± 0.66 1.04 ± 0.64 

Gastrocnemius 0.89 ± 0.12 0.91 ± 0.16 0.93 ± 0.19 

Vastus medialis 0.92 ± 0.12 0.93 ± 0.15 0.98 ± 0.20 

Rectus femoris 0.87 ± 0.21 0.91 ± 0.38 0.94 ± 0.42 

Lateral hamstrings 0.93 ± 0.08 0.91 ± 0.13 0.93 ± 0.12 

Gluteus medius 0.95 ± 0.08 0.96 ± 0.10 0.98 ± 0.10 

LPV = Linear phase-varying model; NPV = Nonlinear phase-varying model; PV = Phase-

varying model 

† Significant difference in prediction accuracy between the PV and LPV models 

‡ Significant difference in prediction accuracy between the PV and NPV models 

 



 

 

79 

than PV model predictions across almost all prediction horizons, while knee and hip kinematic 

predictions were similar to those of the PV model beyond 25.0% of a stride.  
 

The LPV and NPV models’ prediction accuracies improved with increasing training set size. As 

expected, the PV model’s prediction accuracy was nearly constant across training set sizes (p > 

0.005; Figure 4.7). For a prediction horizon of Δ = 12.5% of a stride, the LPV model’s hip (RRV 

= 0.81) and knee (RRV = 0.78) prediction accuracies were significantly worse than RRVfull when 

using less than 50 strides of training data per exoskeleton condition (p < 0.001). Similarly, the 

NPV model’s hip and knee prediction accuracies approached RRVfull with approximately 50 

strides of training data per condition (p < 0.001). The LPV model required more data – up to 150 

strides per condition – for prediction accuracies to approach RRVfull at the ankle, gastrocnemius, 

and tibialis anterior (p < 0.001), though predictions were only 0.02–0.05 RRV points greater than 

RRVfull with 75 strides of training data per condition. The NPV model’s myoelectric prediction 

accuracies approached RRVfull, in 25–75 strides of training data per condition (p < 0.001; Figure 

4.7).  
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Figure 4.7. Average (±1SD; shaded region) prediction accuracy of kinematic (left) and 

myoelectric (right) outputs for the PV (green), LPV (orange), and NPV (purple) models over 

training set sizes ranging from 24 to 240 cycles (RRVfull). Prediction accuracies were reported at 

a 12.5% stride prediction horizon. Orange (LPV) and purple (NPV) horizontal bars denote the 

training set sizes that yielded significantly worse predictions than those of the full training set. 

The PV model’s prediction accuracies were not significantly different from RRVfull at any 

training set size. 

 

When validating on the held-out K1, K2, and K3 conditions, the LPV and NPV model predictions 

reflected experimental changes in response between conditions (Figure 4.4). For all models at a 

12.5% stride prediction horizon, predictions of responses in the held-out K1 condition 

(interpolation) were 0.10–0.28 RRV points at the ankle and 0.04–0.09 points in the hamstrings less 

accurate than predictions of the K2 or K3 datasets (p < 0.001). Conversely, no statistical differences 

in prediction accuracies of the held-out K2 (interpolation) and K3 (extrapolation) conditions were 
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identified (Figure 4.5). Improvements in kinematic prediction accuracy of the LPV model 

compared to the PV model were identified across the held-out K1, K2, and K3 conditions (p < 

0.001). Differences between the NPV and PV models’ kinematic prediction accuracies in the held-

out K1 condition did not reach significance at the knee or ankle. 

 

4.5 DISCUSSION 

We evaluated the ability of subject-specific phase-varying models to predict kinematic and 

myoelectric responses to ankle exoskeleton torques during treadmill walking. When predicting 

across three exoskeleton torque conditions, both linear and nonlinear models predicted kinematic 

responses to exoskeletons without knowledge of the specific user’s physiological characteristics, 

supporting their potential utility as predictive tools for exoskeleton design and control. To our 

knowledge, this is the first study to predict kinematic and myoelectric responses to ankle 

exoskeletons using phase-varying models. Consistent with Floquet Theory and prior models of 

human locomotion, LPV models appear appropriate for predicting responses to exoskeleton torque 

over short prediction horizons, evidenced by its similar prediction accuracy to the more complex 

NPV model and improved prediction accuracy over the less complex PV model [27, 79, 80, 94].  

 

The small and variable responses to exoskeleton torque exhibited by the unimpaired adults in this 

work highlight the challenge of altering kinematics with passive ankle exoskeletons. We found 

that even stiff exoskeletons (K3 = 5.08 Nm/deg) only altered ankle kinematics on average by six 

degrees and integrated muscle activity by 14%. These small changes may correspond to larger 

changes in joint powers or metabolic demands and indicate that the present study is a rigorous test 

case [9, 18, 29, 143]. Despite small changes in gait, the LPV model’s predictions explained more 



 

 

82 

of the variance in kinematic responses to exoskeletons than the PV model, regardless of whether 

predictions interpolated (K1 and K2) or extrapolated (K3) relative to the training set. The LPV 

model’s ability to predict kinematics within and slightly beyond the available training data 

supports its potential utility for predicting responses to untested exoskeleton designs or control 

laws. However, predictions of the held-out K1 condition highlight the importance of selecting 

experimental conditions that encode complex responses to torque.  

 

Our hypothesis that the LPV model would predict kinematic and myoelectric responses more 

accurately than the PV model and as accurately as the NPV model was partially supported. The 

LPV model’s kinematic and myoelectric predictions were more accurate than those of the PV 

model only for prediction horizons less than 18.75% and 6.25% of a stride, respectively, but the 

LPV and NPV models exhibited similar prediction accuracies across prediction horizons. The LPV 

and NPV models’ similar predictions support research demonstrating that nonlinear spring-loaded 

inverted pendula (SLIPs) have similar predictive accuracy to linear models of human movement 

[27]. Compared to a nonlinear SLIP, the NPV model’s feedforward neural network imposed fewer 

restrictions on model structure and enabling greater differences in prediction accuracy compared 

to a linear model. Therefore, the similarity of LPV and NPV model predictions supports the 

extension of Floquet Theory to gait with exoskeletons and indicates that, for rhythmic locomotion 

at a constant speed over level ground, linear phase-varying models have sufficiently complex 

structure to predict kinematic responses to exoskeletons [27, 79, 80, 94]. 

 

We observed comparable kinematic prediction accuracy to studies using physics-based and data-

driven models of locomotion. Maus et al. evaluated multiple models’ abilities to predict center-of-
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mass height during running and reported accuracies ranging from RRV ≈ 0.15 at a 15% prediction 

horizon to RRV ≈ 0.85 beyond an 80% stride prediction horizon, for an exemplary participant 

[27]. Within a similar range of prediction horizons, the LPV model predicted kinematics across 

participants with average accuracies ranging from (0.30 < RRV < 0.45) at a 12.5% prediction 

horizon and (0.34 < RRV < 0.77) at an 81.3% prediction horizon. Similarly, Drnach et al. [95] 

used a hybrid linear model to predict response to functional electrical stimulation, reporting 

median RRV values (transformed from a fitness score) ranging from approximately 0.11-1.04. 

However, the average unperturbed gait cycle was not subtracted from the data before computing 

the fitness score in [95]. The average unperturbed cycle accounts for a substantial portion of the 

variance in the perturbed signals, providing a less conservative prediction accuracy statistic than 

the RRV presented here. For example, if the unperturbed cycle had not been subtracted from the 

data in the present study, the LPV model’s ankle predictions for one participant who exhibited 

large responses to torque would be RRV = 0.08 rather than the more conservative 0.21 reported. 

Comparable prediction accuracies to prior work indicate that phase-varying models are potentially 

useful predictive tools for locomotion with ankle exoskeletons and may have similar predictive 

power to physics-based models of locomotion.  

 

The convergence of LPV and NPV models’ prediction accuracies to an approximately constant 

value at large prediction horizons (e.g. RRVLPV ≈ 0.70 for knee kinematics at Δ > 25.0% of a 

stride) may be useful when selecting measurements for device design or control. The LPV and 

NPV models’ kinematic prediction accuracies decreased rapidly from 6.25% to 18.75% stride 

prediction horizons, before reaching an approximately constant value. Ankle predictions remained 

better than those of the PV model across prediction horizons. Higher prediction accuracy at the 
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ankle was unsurprising due to large responses to exoskeletons and the ankle’s direct piecewise-

linear relationship to passive exoskeleton torque. Since we trained on multiple exoskeleton 

conditions, the dynamics predicting future ankle kinematics are higher-dimensional than the 

simple exoskeleton torque-ankle angle relationship, suggesting that accurate predictions of ankle 

kinematics over large prediction horizons are likely for powered exoskeletons as well.  Unlike the 

ankle, hip and knee kinematics were indirectly impacted by exoskeleton torque and their RRV 

values approached those of the PV model for prediction horizons above 18.75% of a stride. This 

result indicates that stride-specific initial posture and exoskeleton torque were predictive of 

indirect exoskeleton impacts on kinematics only for short prediction horizons. At large prediction 

horizons, measurements at an initial phase did not, on average, improve predictions of future 

posture. However, some participants’ hip and knee kinematics were predicted up to 0.30 RRV 

points more accurately by the LPV and NPV models than the PV model across prediction horizons, 

suggesting that the prediction horizon at which stride-specific measurements no longer improve 

predicted responses to exoskeletons depends on the magnitude of the individual’s response.  The 

LPV and NPV models’ accurate predictions over short prediction horizons make them primarily 

useful for exoskeleton control [16, 139]. For individuals that exhibit large responses to 

exoskeletons, however, LPV model-based predictions over stance may inform passive exoskeleton 

parameter selection. Guided adaptation and extended practice sessions [9, 141] or powered ankle 

exoskeletons [18, 19] may elicit larger responses than those observed in this study and increase 

the maximum prediction horizons at which measurements at an initial posture improve predicted 

responses to torque, potentially expanding the settings in which model predictions are useful. 
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A major limitation of all three models was their inability to predict myoelectric responses. The 

LPV and NPV models predicted myoelectric signals more accurately than the PV model only for 

the shortest prediction horizon (Δ = 6.25%). While exoskeleton torque and stiffness are known to 

impact average plantarflexor activity, we found that the average unperturbed gait cycle accounted 

for only 30-60% of the variance in the K2 data, compared to 60-95% in kinematic signals [9, 38, 

45]. Consequently, poor prediction accuracy may be partially attributed to small changes in muscle 

activity between the exoskeleton conditions. Alternatively, kinematic and myoelectric input 

variables may fail to encode nonlinear musculotendon dynamics, which are impacted by ankle 

exoskeletons, between the initial and final phases [37, 153]. Studies predicting muscle activity 

using physiologically-detailed models accounted for 60-99% of the variance in myoelectric 

signals, though they evaluated predictions on unperturbed walking conditions only [76, 156]. Still, 

the difference in prediction accuracy between the phase-varying models and physiologically-

detailed models indicates that encoding musculotendon dynamics in the input variables is likely 

needed to improve myoelectric predictions for data-driven phase-varying models and represents 

an interesting area of future research. 

 

Another limitation of subject-specific data-driven models, compared to physiologically-detailed 

models, is the amount of training data required to predict changes in gait with exoskeletons, which 

impacts models’ utility in settings where minimizing data collection duration is critical to 

mitigating physical and logistical burdens on participants and families, such as in clinical gait 

laboratories. Improvements in prediction accuracy of the LPV and NPV models were small beyond 

75–100 strides of training data per exoskeleton condition. The LPV model required more training 

data at the ankle, but a similar amount at the hip and knee to that used by Drnach et al., who trained 
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a hybrid linear model using 45 seconds of data across two experimental conditions [95]. For 

unimpaired, steady-state locomotion, data-driven linear models appear to require 75–125 strides 

of training data per condition, which supports their feasibility only in gait analysis settings with 

treadmills or long walkways [19, 138]. Additional dimensionality reduction, such as via sparse 

regression, may reduce the LPV model’s complexity and demand for training data [27, 97, 157]. 

However, when only one training condition or a few strides are collected, as is standard in clinical 

gait analysis, phase-varying model predictions will be poor and physiologically-detailed or 

population-specific models may generate more accurate predictions [22, 26, 76, 156].  

 

Subject-specific data-driven phase-varying models of gait with exoskeletons have benefits and 

limitations compared to predictive musculoskeletal models. While we investigated only a specific 

subset of phase-varying models, we showed that this class of model can predict kinematic 

responses to exoskeletons without detailed knowledge of the physiological and neuromuscular 

factors influencing responses to exoskeletons. Conversely, uncertainty in the mechanisms driving 

complex responses to exoskeletons may limit physiologically-detailed models’ accuracy [4, 143]. 

While predictive musculoskeletal models may generate “what-if” predictions without 

experimental data, data may be needed to specify initial postures and tune subject-specific 

parameters. Phase-varying models can similarly perform subject-specific “what-if” predictions 

when application-specific training data are available. Unlike physiologically-detail models, this 

and prior work exemplify phase-varying models’ ability to take arbitrary measurements as inputs, 

enabling their application using a range of experimental resources [27, 79, 97]. Extending data-

driven predictions to “what-if” scenarios and improving predicted myoelectric responses to 

exoskeletons, combined with analytical tools for phase-varying systems(e.g. [97]), may facilitate 
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prediction and analysis of individualized exoskeleton impacts on gait mechanics and motor 

control. 

4.6 CONCLUSIONS 

To our knowledge, this is the first study to predict subject-specific responses to ankle exoskeletons 

using phase-varying models. Without making assumptions about individual physiology or motor 

control, an LPV model predicted short-time kinematic responses to bilateral passive ankle 

exoskeletons, though predicting myoelectric responses remains challenging. Results support the 

utility of LPV models for studying and predicting response to exoskeleton torque. Improving data-

driven models and experimental protocols to study and predict myoelectric responses to 

exoskeletons represents an important direction for future research. Modeling responses to 

exoskeletons or other assistive devices using a phase-varying perspective has the potential to 

inform exoskeleton design for a range of user groups.



 

Chapter 5. QUANTIFYING TEMPLATE SIGNATURES OF CENTER-OF-MASS 

MOTION DURING WALKING WITH ANKLE EXOSKELETONS  
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ABSTRACT 

Ankle exoskeletons are used to assist walking and improve gait mechanics. However, 

interindividual differences in physiology and motor control make predicting subject-specific 

changes in gait with ankle exoskeletons challenging, limiting device efficacy across individuals 

with diverse physiology. Understanding and predicting variable responses to ankle exoskeletons 

may first require understanding how task-level variables, such as whole-limb control of center-of-

mass (COM) motion changes with exoskeletons. We evaluated the subject-specific impacts of 

ankle exoskeletons on whole-limb (COM) control in unimpaired adults and one stroke survivor 

with hemiparesis while walking in shoes-only and with passive ankle exoskeletons. We used a 

novel data-driven modeling algorithm, Hybrid-SINDy, to select from a library of candidate 

mechanisms those that best encoded each individual’s COM accelerations. Consistent with 

literature on the dynamics of walking, Hybrid-SINDy selected spring-loaded inverted pendulum 

mechanisms (leg stiffness and leg length) throughout stance in all participants, while sagittal- and 

frontal-plane rotary stiffness mechanisms were selected in 40-50% of participants. In unimpaired 

adults, template signatures did not change with the addition of the exoskeleton (p > 0.13). 

Conversely, in our stroke participant, paretic leg stiffness increased by 11% with the addition of 

the exoskeleton frame, while both paretic and non-paretic limb rotary stiffness increased by 11% 

with the addition of exoskeleton stiffness. These results suggest that unimpaired individuals 

maintain whole-limb COM dynamics when walking with passive ankle exoskeletons, while 

individuals with motor impairments may alter COM dynamics to maintain stable or efficient gait. 

Further, we showed that common reduced-order representations of walking dynamics may be 

constructed from data using a library of candidate mechanisms, which may accelerate the rate of 

discovery of mechanisms driving diverse responses to ankle exoskeletons.  
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5.1 INTRODUCTION 

Ankle exoskeletons are prescribed and designed to improve walking function and gait mechanics, 

with individuals with cerebral palsy and stroke being the most common ankle exoskeleton users 

[4, 20, 29]. While commonly prescribed ankle exoskeletons are passive devices, customized 

powered ankle exoskeletons have recently shown promise to further improve walking function and 

muscle coordination in both unimpaired adults and individuals with motor impairments [9, 12, 17, 

19, 20, 55]. However, changes in gait in response to ankle exoskeletons are highly variable, 

especially for individuals with motor impairments, making customization critical to improving 

device efficacy. For example, ankle exoskeletons have highly variable impacts on gait mechanics, 

walking speed, step length, and the energetic cost of walking in adults post-stroke and children 

with cerebral palsy [4, 20, 29, 55]. Understanding the mechanisms that drive variable responses to 

ankle exoskeletons may enable clinicians and designers to personalize exoskeletons without 

requiring extensive experimental tuning. 

 

Variable responses to ankle exoskeletons may stem form inter-individual differences in musculoskeletal 

physiology and motor control [4, 20, 22, 24, 64]. Human gait is the product of high-dimensional, nonlinear 

interactions between the neural and biomechanical systems. Small differences in physiology or control may 

have large impacts on baseline gait and exoskeleton responses [158]. These complex interactions make 

identifying the mechanisms driving an individual’s response to exoskeletons particularly challenging. For 

example, Ries and colleagues (2014) used a Random Forest algorithm to predict changes in gait kinematics 

with passive ankle exoskeletons using kinematic and clinical exam measurements from over 300 children 

with cerebral palsy [26]. Despite the large dataset, the algorithm explained only 19-28% of the variance in 

kinematic responses to exoskeletons. Not only does significant variance remain unexplained by these 

models, but the specific gait features that may predict or dictate an individual’s response remains unclear.  
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Recent advances in computing power and neuromusculoskeletal simulation has enabled 

investigations into mechanisms driving exoskeleton responses [25, 37, 140, 143] and altered gait 

patterns following neurological injury [22, 83]. For example, musculotendon fascicle length and 

Achilles tendon compliance have been shown to impact energetic responses to powered [143] and 

passive [37] ankle exoskeletons. While this approach shows promise in identifying mechanisms 

driving exoskeleton responses, neuromusculoskeletal models must be extensively tuned to encode 

the unique physiology of individuals with motor impairments [22, 86, 159]. Due to these models’ 

complexity, similar solutions may be achieved using different model properties, especially for a 

single walking condition [158]. Consequently, identifying mechanisms driving exoskeleton 

responses may benefit from first understanding how the parameters of less complex models impact 

exoskeleton responses. 

 

A potential solution to this challenge may be found in early models of locomotion. These models 

focused on how task-level goals, such as moving the center-of-mass (COM) stably and efficiently, 

are achieved during locomotion [72, 75, 160-162]. By ignoring physiological detail, this approach 

enables the investigation of fundamental characteristics of human gait despite uncertainty in the 

biological mechanisms describing COM accelerations. For example, modeling the leg as an 

inverted pendulum during stance has been widely used to describe and study COM motion and 

energetics during walking [71, 87, 161]. Contemporary musculoskeletal models used to study the 

function of biological mechanisms emerged from these simple mechanical representations of gait. 
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To study locomotion at the task level, Full & Kodistchek (1999) proposed the notion of using 

template models of locomotion to quantify strategies employed to achieve task-level goals, such 

as controlling the COM during walking [33]. The authors suggested that template models could 

provide a foundation upon which physiological detail may be added to study specific biological 

mechanisms impacting gait. Templates models satisfy task objectives by applying forces on the 

COM using lumped-parameter mechanisms, which often span the entire leg [32, 33, 74, 160, 162-

165]. Each mechanism within a template, therefore, encodes a hypothesis about how neural and 

biomechanical subsystems interact to achieve task-level objectives, such as using leg spring 

mechanisms to encode whole-limb strategies for achieving the double-hump ground reaction 

forces (GRFs) during walking [76]. Consequently, the dynamics describing whole-limb control of 

COM motion may be characterized by two main features of a template model’s dynamics:  

 

1. Template structure defines mechanisms that are critical to capturing the magnitude and timing of COM 

accelerations. 

2. Template parameters describe how mechanisms are regulated to accelerate the COM. 

 

Template models’ structure and parameters during walking have provided numerous influential 

insights into strategies to control the COM. For example, simple inverted pendulum templates with 

rigid legs have been used to study COM energetics and the transition from walking to running [74, 

160], as well as strategies for energetically-efficient COM accelerations [59, 87, 166] and lateral 

stabilization [162, 167]. Alternative template structures, such as the bipedal spring-loaded inverted 

pendulum (SLIP) and its variants have been used to improve predictions of GRFs in the sagittal 

plane and study COM stabilization strategies across different speeds [32, 164, 165, 168]. 

Extensions of the bipedal inverted pendulum and SLIP templates include additional leg damping 
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elements, rotary springs, or curved feet and have been used to study quantify differences in COM 

dynamics in individuals with motor impairments [88, 163, 169, 170]. Additionally, template 

models have shown that whole-limb contributions to COM motion may be altered following 

neurological injury, which may be described by changes in both template structure and parameters 

[88, 169]. Therefore, template structure and parameters may be individualized. To emphasize the 

subject-specific nature of template dynamics, we denote an individual’s unique template structure 

and parameters as their template signature.  

 

Understanding how whole-limb COM dynamics – described by template signatures – change with 

exoskeletons may provide targets for future investigations into biological mechanisms driving 

exoskeleton responses. To our knowledge, template signatures have never been used to study 

changes in whole-limb dynamics in response to ankle exoskeletons or other assistive devices.  

Consequently, our ability to select mechanisms to include in the signatures based on prior literature 

is limited. Further, heterogeneous responses to exoskeletons in individuals with motor 

impairments suggests that template signature structures and their changes with exoskeletons may 

not be fixed across individuals. 

 

Recent advances in data-driven modeling and machine learning have introduced new algorithms 

to flexibly identify and select dynamics from data in rhythmic systems [23, 93, 157]. Hybrid-

SINDy (SINDy: Sparse identification of nonlinear dynamics; [157]) is a germane approach for 

identifying template signatures in that the algorithm identifies sparse, nonlinear dynamics in hybrid 

systems from time-series data [23]. Importantly, Hybrid-SINDy identifies a large number of 

candidate dynamical models (e.g. template signatures) from an arbitrary library of possible 

mechanisms. The algorithm then uses information criteria to provide levels of support for each 
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candidate model and selects models that are both sparse and highly representative of the system 

[171].  

 

The purpose of this study was to identify changes in whole-limb COM dynamics in response to 

ankle exoskeletons and evaluate the how neurological injuries may alter whole-limb dynamics in 

response to exoskeletons. We used the Hybrid-SINDy algorithm to identify template signatures 

explaining COM accelerations during walking in unimpaired adults and how those signatures 

changed with hinged and stiff ankle exoskeletons. We hypothesized that ankle exoskeletons would 

primarily increase limb stiffness. Additionally, to examine the potential of template signatures to 

encode changes in COM dynamics in response to ankle exoskeletons in individuals with 

neurological injuries, we present a case study comparing the template signatures in an individual 

with post-stroke hemiparesis. To our knowledge, this work is the first to employ physics-informed 

data-driven modeling techniques to select low-dimensional, interpretable, representations of 

whole-limb COM dynamics with ankle exoskeletons. 

5.2 METHODS 

5.2.1 Data collection 

We collected data from twelve unimpaired adults (6M/6F; age = 23.9 ± 1.8 years; height = 1.69 ± 

0.10 m; mass = 66.5 ± 11.7 kg) and one stroke survivor with lower-limb hemiparesis (sex not 

disclosed; age = 24; height = 1.70 m; mass = 68.0 kg). Participants walked on an instrumented 

split-belt treadmill (Bertec Corp., Columbus, USA) in shoes-only and with bilateral passive ankle 

exoskeletons that resisted ankle dorsiflexion (Figure 5.1). A detailed description of the 

experimental protocol and data preprocessing can be found in [172]. Briefly, participants 
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completed a practice session consisting of 30 minutes of walking with the exoskeletons and 

selected their preferred walking speed. Data were collected in a follow-up visit, during which 

participants walked at their self-selected speed for six minutes per condition, the last four of which 

were recorded. To mitigate fatigue, the stroke participant walked under the same protocol, but for 

only four minutes per condition, the last three of which were recorded.  

 

We collected kinematic marker trajectories using retroreflective markers and a ten-camera motion 

capture system (Qualisys AB, Gothenburg, SE) and recorded ground reaction forces (GRFs). We 

preprocessed kinematic and kinetic data, and estimated body segment kinematics using OpenSim 

3.3 [70, 148]. We used OpenSim’s Body Kinematics algorithm to estimate the COM and foot 

positions in the for three conditions: walking in shoes-only, zero stiffness (K0) exoskeletons, and 

high stiffness (KH = 5.1 Nm/deg) exoskeletons. This study was approved by the University of 

Washington Institutional Review Board (#47744) and all participants provided informed consent 

prior to the training session. 
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Figure 5.1. Top: Two-dimensional depictions of the simulated SLIP (left) and human walking 

conditions (right). The simulated SLIP had leg springs and dampers, as well as foot masses. 

Participants walked on a treadmill in shoes-only and in ankle exoskeletons under zero-stiffness 

(K0) and high-stiffness (KH) conditions. The pink phase portrait shows the leg angle and angular 

velocity relative to vertical, which was used as a phase variable to cluster kinematically-similar 

measurements. Colors denote gait phases corresponding to the four foot-contact configurations: 

first and second double-limb support, single-limb support, and swing. Bottom: Time-series 

measurements of COM position, velocity, and acceleration for the simulated SLIP (left) and an 

exemplary unimpaired adult participant (right). For the simulated SLIP, the shaded regions show 

±1SD over the stride. For human walking, 3D COM states (middle) and leg states (right) are 

shown for the three exoskeleton conditions: shoes-only walking (solid lines), zero-stiffness 

exoskeleton walking (K0; dashed lines), and high-stiffness exoskeleton walking (KH; dotted 

lines). The leg length and velocity, and sagittal- and frontal-plane leg angles determined leg 

forcing, while COM position and leg length determined the direction of forcing. 
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5.2.2 Estimating template signatures with Hybrid-SINDy 

To identify mechanisms describing COM acceleration, we used the Hybrid-SINDy algorithm to 

identify template signatures with and without ankle exoskeletons. In this section, we briefly 

describe the SINDy and Hybrid-SINDy algorithms in the context template signatures. We refer 

the readers to [157] and [23] for detailed descriptions of these algorithms. Consider the continuous-

time system with n=3 outputs: 

 

𝑑2

𝑑𝑡2
𝒒(𝑡) = 𝒒̈(𝑡) = 𝑓(𝒒(𝑡), 𝒒̇(𝑡)), 

 

𝒒(𝑡) = [𝒙(𝑡) 𝒚(𝑡) 𝒛(𝑡)], 

5.1 

 

where time is denoted by 𝑡 ∈ ℝ𝑚×1, and 𝑞(𝑡) and 𝑞̇(𝑡) represent COM positions and velocities 

relative to the feet in ℝ𝑚×𝑛, respectively, in the anterior-posterior (𝑥), vertical (𝑦), and 

mediolateral (𝑧) directions. The system dynamics are described by 𝑓(𝑞(𝑡), 𝑞̇(𝑡)) and predict COM 

accelerations, 𝑞̈(𝑡). We assume that only a small number of terms in 𝑓(𝑞(𝑡), 𝑞̇(𝑡)) describe most 

of the system’s behavior. We omit the time notation in the remaining sections.  

 

5.2.2.1 Sparse Identification of Nonlinear Dynamics (SINDy) 

The SINDy algorithm ([157]) is a powerful system identification tool that recovers sparse 

nonlinear dynamics from a library of candidate dynamics terms. The dynamics library may consist 

arbitrary nonlinear functions the system measurements. Adopting the notation from [23], we can 

rewrite the dynamics in equation 5.1 as: 

 𝒒̈ = 𝚯(𝒒, 𝒒̇)𝚵 , 5.2 
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where 𝚵 ∈ ℝ𝑝×𝑛, is a linear map from nonlinear transformations of system measurements, Θ(𝑞, 𝑞̇), 

to COM accelerations, 𝑞̈. The function Θ ∈ ℝ𝑚×𝑝 defines a library of dynamics terms encoding 

mechanisms that may describe COM accelerations. Therefore, the coefficients in 𝚵 represent 

template signatures parameters, while Θ encodes template signature structure.  We included 𝑝 =

14 terms in the function library, described in a later section. The SINDy algorithm promotes 

sparsity using sequential least-squares regression with hard thresholding, with the threshold 

defined by the sparsity parameter, 𝜆 (equation 5.3). This thresholding approach penalizes the zero-

norm of Ξ and solves [23]: 

 min
Ξ

|| 𝚯(𝒒, 𝒒̇)𝚵 − 𝒒̈||2 + 𝜆‖𝚵‖0, 5.3 

5.2.2.2 Hybrid-SINDy 

Hybrid-SINDy extends SINDy in two important ways. First Hybrid-SINDy uses clustering of the 

training data to generalize SINDy to hybrid systems. Applying SINDy to clusters of walking data 

enables unique dynamics to be identified in each hybrid regime defined by contact configuration 

(i.e. single- and double-limb support) [34, 72, 74]. Second, Hybrid-SINDy identifies multiple sets 

of system dynamics of different sparsity by sweeping a range of sparsity thresholds (𝜆) and uses 

information theory to automatically select the dynamics that best describe the system. This 

technique enables competing hypotheses about which mechanisms in a template signature best 

describe COM acceleration to be rapidly and systematically compared. For example, Mangan and 

colleagues (2019) showed that Hybrid-SINDy correctly selected both compression and flight 

dynamics of a spring-mass hopper using a function library defined by a polynomial expansion of 

the mass position and velocity [23]. 
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5.2.3 Applying Hybrid-SINDy to walking 

We applied the Hybrid-SINDy algorithm to human gait using the following steps for each 

participant and walking condition (Figure 5.2). Note that we modified the Hybrid-SINDy 

algorithm to evaluate the ability to reconstruct COM accelerations, rather than positions or 

velocities, use fixed contact configuration-based hybrid regimes during model selection, and use 

multi-model inference to select a single template signature when multiple signatures represent the 

data similarly well (Step 5). Our algorithm used the following steps: 

1. Clustering: For each sample in the training set, we created data clusters consisting of the 800 

nearest neighbors to the samples and identified the centroid of each cluster. This cluster size 

spanned approximately 7.4% of a stride, shorter than double-limb support. We used the right 

leg angle and angular velocity with respect to vertical as our clustering parameters. These 

variables were selected as thigh kinematics have been previously used as a phase variable to 

identify similar lower-limb kinematic postures [149].  

2. Model estimation: For each cluster, we used SINDy to estimate template signatures, mapping 

the function library, 𝚯(𝒒, 𝒒̇) to COM accelerations, 𝑞̈. We identified multiple signatures per 

cluster by sweeping 40 sparsity threshold values (𝜆), ranging from the largest to smallest 

coefficients in the full-dimensional template signature. Each signature within a cluster had 

unique dimensionality (i.e., number of non-zero terms). Typically, only 5-15 unique signatures 

were identified per cluster. 

3. Model evaluation: Using held-out data, we evaluated the ability of each template signature to 

reconstruct COM accelerations in the anterior-posterior, vertical, and mediolateral directions. 

We computed the average reconstruction error compared to the observations for 120 gait 

phases, 𝜙, spanning 0-100% of a stride (equation 5.4).  
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 errorϕ = |𝚯(𝒒, 𝒒̇)𝚵 − 𝐪̈|𝜙 5.4 

 

4. Model selection:  We selected template signatures based on two criteria: First, we discarded 

signatures that were identified in less than 1% of training clusters (36 clusters). Frequently 

identified template signatures are more likely to be robust to measurement noise or stride-to-

stride variability, making them better representations of an individual’s gait.  

 

Second, for each hybrid regime, we selected the frequently-occurring template signatures that 

had the highest likelihood of being the correct signature describing COM accelerations 

according to the Akaike Information Criterion (AIC) [171, 173]. The AIC is widely used to 

compare candidate hypotheses about a system – template signatures, in our case – according 

to their number of free parameters and log-likelihood [171]. The AIC favors parsimonious, but 

highly-representative dynamics, which is ideal for identifying simple mechanistic dynamics of 

gait, such as template signatures. Like Mangan and colleagues (2019), we used the AIC 

corrected for finite sample sizes (AICc) and compared signatures according to their relative 

AICc score (Δ𝑗 = 𝐴𝐼𝐶𝑐𝑗 − 𝐴𝐼𝐶𝑐𝑚𝑖𝑛 for signature j) [23, 171]. The relative AICc score ensures 

that the best model, according to the AICc, has a score of Δ𝑗 = 0, and all other models have 

higher scores. Burnham and Anderson (2004) remarked that models with Δ𝑗 ≤ 2 have 

substantial support, while Δ𝑗 > 7 have low support [171]. We adopted a more generous 

threshold of [23] and selected template signatures with Δ𝑗 ≤ 3. We consider all signatures 

satisfying this criterion to be plausible template signatures for the participant and walking 

condition.  
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5. Multi-model inference: Unlike the spring-mass hopping model used in [23], we did not expect 

a single template signature to be selected as plausible in each hybrid regime for human walking. 

To construct a single template signature in each hybrid regime, we computed a weighted-

average model using Akaike weights, 𝜔𝑗, where j is the jth plausible model in a hybrid regime 

[171]. Akaike weights are computed as 

 𝜔𝑗 =
exp (−

Δ𝑗

2
)

∑ exp (−
𝛥𝑟

2 )𝑅
𝑟=1

, 5.5 

 

where exp (−
𝛥𝑗

2
) defines the likelihood of the jth template signature given the observations 

[171]. Therefore, this approach weights each signature based on its likelihood relative to the 

other plausible signatures. This procedure produced four weighted average template signatures 

corresponding to right and left leg single- and double-limb support phases.  

6. Uncertainty estimation: To evaluate the robustness of the final template signatures to noise and 

stride-to-stride variations in the data, we performed 200 bootstrapped estimates of template 

signatures parameters using the data in the corresponding hybrid regimes. The template 

signatures were characterized by the mean and standard deviation of the bootstrapped 

parameters. The template signatures from this step were used during analysis. 
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Figure 5.2. The Hybrid-SINDy algorithm, applied to a simulated 3D-SLIP walking model.  (a) 

COM and foot measurements from the simulated SLIP were used to approximate nonlinear SLIP 

states, 𝚯(𝒒, 𝒒̇), as shown in the equation and the SLIP diagram. Variables can be found in Table 

5.1. (b) We used leg kinematics to cluster the data (gray). The colors denote clusters that were 

each in a different gait regime (e.g., single- or double-limb support). (c) Example models from 

two clusters are shown. For each cluster, multiple models of different complexity were 

identified. (d) Each model was evaluated in the hybrid regime containing the cluster centroid. 

The top plot shows measured (gray) and predicted COM accelerations (pink) using one model 

in single-limb support (purple). The lower plot shows the prediction error, which was large 

outside of single-limb support. Error in this regime was used to compute AICc scores for each 

model. In each hybrid regime, frequently-identified models with low relative AICc (Δ𝐴𝐼𝐶𝑐) 

were considered plausible. (e) Top: Ground-truth (gray) and identified (colors) template 

signatures in each hybrid regime. The reported errors are percent errors compared to the ground-

truth signatures. Bottom: Average (±1SD) observed (gray) and predicted (colors) COM 

accelerations for the simulated SLIP. Colors denote each hybrid regime. The rightmost plot 

shows the average percent error in the estimated coefficients during single-limb support and 

swing as measurement noise (𝜂) increased. Green lines denote the approximate noise level of 

marker-based motion capture. 
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5.2.4 Template signatures mechanisms and dynamics 

To model COM anterior-posterior (𝑥̈), vertical (𝑦̈), and mediolateral (𝑧̈) accelerations during 

walking, we selected the following candidate mechanisms bilaterally based on prior literature 

(Table 5.1):  

• Rigid legs, which reflected pendular gait in stance [34, 71, 74, 162, 166, 174]. Pendular gait is 

energetically passive and reflects kinetic and potential energy transfer during walking [175]. 

However, pendular walking lacks a double-limb support phase and cannot explain GRFs [163].   

• Leg springs ([32, 76, 163-165]) and dampers ([170]) that produced force along the leg. Leg 

springs are commonly used to model walking and running and represent energetically-

conservative gait while enabling a double-limb support phase. Leg dampers are less common, 

but have been used to reflect the non-conservative nature of human gait [170].   

• Rotary springs ([32, 163]) and dampers in the sagittal and frontal planes, which enable forcing 

transverse to the leg axis. For example, Antoniak and colleagues (2018) showed that the 

addition of a rotary springs helped explain anterior-posterior GRFs in a sagittal-plane bipedal 

SLIP [163]. We did not identify rotary damping elements in prior literature, but include them 

as a potential mechanism. 

The dynamics of a three-dimensional bipedal SLIP augmented with damping and rotary 

mechanisms may be written as  

 

𝑀(𝒒̈ − 𝒈) = ∑ ( −[𝑘𝐿(𝐿 − 𝐿0) + 𝑐𝐿̇]
𝒒

𝐿
 − [𝑘𝑠𝜃 + 𝑐𝑠𝜃̇]

𝒒

𝐿𝑠
2

𝑗=𝑅,𝐿

− [𝑘𝑓𝜙 + 𝑐𝑓𝜙̇]
𝒒

𝐿𝑓
2)

𝑗

,  

5.6 
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where M is the system mess, 𝒈 is the gravity vector, 𝜙 describes the traverse-plane leg angle, and 

𝜃 describes the leg angle from vertical in the direction defined by 𝜙. The summation represents 

total force generated by the right and left legs on the COM. The left-most brackets contain 

mechanisms that impart forces radially along the leg: 𝑘𝐿 is the leg stiffness, 𝐿 is the instantaneous 

leg length, 𝐿0 is the leg resting length, 𝑐𝐿 is the leg damping, 𝐿̇ is the instantaneous leg velocity. 

Note that we describe 𝐿0 as leg length for clarity. The middle bracket contains mechanisms that 

impart rotary forces transverse to the leg axis in the sagittal plane: 𝑘𝑠 is the sagittal-plane rotary 

stiffness and 𝑐𝑠 is the sagittal-plane damping, and 𝐿𝑠 denotes the leg projection in the sagittal plane. 

Analogously in the right-most brackets, 𝑘𝑓 and  𝑐𝑓 represent the frontal-plane rotary stiffness and 

damping, respectively, and 𝐿𝑓 denotes the leg projection in the frontal plane.  

 

5.2.5 Nondimensional template mechanisms 

To account for interindividual differences in walking speed and body size, we nondimensionalized 

the template signatures prior to analysis as follows (Table 5.1): Leg stiffness was multiplied by leg 

length measured during quiet standing (𝐿𝑏𝑖𝑜) and divided by mass-times-gravity ([23, 75, 163]). 

Leg resting length was normalized by the measured leg length [163, 170]. Damping was converted 

to a damping ratio (Kim 2011). Rotary stiffness divided by the measured leg length, mass, and 

gravity and rotary damping was converted to a damping ratio [163]. The nondimensional leg, 

sagittal-plane, and frontal-plane stiffness mechanisms are denoted by 𝜅𝐿 , 𝜅𝑠, and 𝜅𝑓, respectively. 

The nondimensional leg, sagittal-plane, and frontal-plane damping mechanisms are denoted by 

𝜁𝐿 , 𝜁𝑠, and 𝜁, respectively. Nondimensional leg length is denoted 𝐿̃0. We can rewrite equation 5.6 
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as a linear combination of our nondimensional coefficients and nonlinear transformations of our 

states: 

 𝑀(𝒒̈ − 𝒈) = [𝜅𝐿 𝜅𝐿𝐿̃0 𝜁𝐿 𝜅𝑠 𝜁𝑠 𝜅𝑓 𝜁𝑓]j 𝚯(𝒒, 𝒒̇),      𝑗 = {𝑅, 𝐿} 5.7 

 

The nonlinear function 𝚯(𝒒, 𝒒̇) represents our function library, which contained transformations 

of our system states corresponding to each mechanism described in equation 5.6 for the left and 

right limbs, totaling p=14 terms. The COM position and velocity relative to the feet were used to 

compute leg lengths and lengthening velocities, sagittal-plane leg angles and angular velocities 

relative to vertical, and frontal-plane leg angles and angular velocities relative to vertical.  

 

Table 5.1. List of template signature terms. 

Term Symbol 

Nondimensional 

form 

Leg stiffness 𝜅𝐿 
𝑘𝐿𝐿𝑏𝑖𝑜

𝑀𝑔
 

Leg resting length 𝐿̃0 𝐿0/𝐿𝑏𝑖𝑜 

Leg damping 𝜁𝐿 
𝑐𝐿

2√𝑘𝐿𝑀 
 

Sagittal-plane 

rotary stiffness 
𝜅𝑠 

𝑘𝑠

𝑀𝑔𝐿𝑏𝑖𝑜
 

Sagittal-plane 

rotary damping 
𝜁𝑠 

𝑐𝑠

√𝜅𝑠𝑀𝐿𝑏𝑖𝑜
2

 

Frontal-plane rotary 

stiffness 
𝜅𝑓 

𝑘𝑓

𝑀𝑔𝐿𝑏𝑖𝑜
 

Frontal-plane rotary 

damping 
𝜁𝑓 

𝑐𝑓

√𝜅𝑓𝑀𝐿𝑏𝑖𝑜
2

 

𝑐𝐿=leg damping; 𝑐𝑠=sagittal-plane rotary 

damping; 𝑐𝑓=sagittal-plane rotary damping; g = 

gravitational acceleration; 𝑘𝐿=leg stiffness; 

𝑘𝑠=sagittal-plane rotary stiffness; 𝑘𝑓=sagittal-

plane rotary stiffness;  𝐿𝑏𝑖𝑜 biological leg length; 

𝑀 = body mass 
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5.2.6 Evaluating subject-specific template signatures 

To evaluate the ability of the Hybrid-SINDy algorithm to identify walking dynamics we first tested 

the algorithm using surrogate data of a simulated bipedal SLIP walker with known dynamics 

(Figure 5.1 & Figure 5.2) [76]. The bipedal SLIP had asymmetric leg stiffness and damping, and 

masses representing the pelvis (M = 56 kg) and feet (Mf = 7 kg) to simulate a full gait cycle (Table 

5.2). For simplicity, we omitted rotary mechanisms from the SLIP dynamics, but used the same 

function library described above. To emulate the human-subjects datasets, we simulated 120 gait 

cycles from randomly perturbed initial conditions with an average initial velocity of 1.20 m/s. We 

identified template signatures using Hybrid-SINDy as described above and evaluated algorithm 

performance according to the number of correctly-selected mechanisms and the accuracy of 

estimated coefficients. To evaluate the impact of sensor noise on algorithm performance, we added 

Gaussian noise (𝜂 = 0, 1𝑒 − 1, 1𝑒 − 2, … ,1𝑒 − 5 mm) to the position measurements. 

 

Table 5.2. Bipedal SLIP normalized simulation parameters. 

Term 

[Right leg, Left leg] 

DS1 SS DS2 SW 

𝜅𝐿 [10.8, 9.1] 
[25.1, 

18.82] 

[9.03, 

10.68] 
[36.6,25.3] 

𝐿̃0 [1.0, 1.0] [1.0, 0.7] [1.0, 1.0] [0.7, 0.7] 

𝜁 
[0.04, -

0.07] 

[-0.03, -

0.04] 
[0, 0] 

[-0.40, -

0.57] 

𝜅𝑠 0 0 0 0 

𝜁𝑠 0 0 0 0 

𝜅𝑓 0 0 0 0 

𝜁𝑓 0 0 0 0 

 

We estimated unique template signatures that predicted COM accelerations using the Hybrid-

SINDy algorithm for each participant and ankle exoskeleton condition. For training, 90 seconds 

of data (10800 samples) were used for clustering. We identified clusters near samples in the first 
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30 seconds (3600 samples) of the training data. An additional 30 seconds of held-out data were 

used for model evaluation and selection. 

5.2.7 Evaluating template signatures 

5.2.7.1 Are COM dynamics consistent across unimpaired adults? 

To evaluated the extent to which a common set of mechanisms described COM accelerations in 

unimpaired adults, we analyzed the proportion of participants for whom each template signature 

coefficient was identified. Signature terms that are frequently identified represent mechanisms that 

are important for describing COM dynamics across individuals, while infrequently identified 

signature terms mechanisms describe individual-specific COM acceleration strategies.  

 

5.2.7.2 Do unimpaired COM dynamics change with ankle exoskeletons? 

To evaluate whether the structure of unimpaired COM dynamics during shoes-only walking 

generalized to walking with ankle exoskeletons, we evaluated the plausibility of the shoe-walking 

template signature structures to reconstruct COM accelerations in the K0, and KH conditions. We 

tested this condition by estimating template signature parameters for the K0 and KH conditions 

while enforcing the shoes-only template signature structure. We then computed the relative AICc 

(Δ𝐴𝐼𝐶𝑐) scores between these signatures and those selected specifically for the K0 and KH 

conditions. We used one-sample paired t-tests (α = 0.05) to determine if shoes-only template 

signatures were less plausible (i.e., Δ𝐴𝐼𝐶𝑐 ≥ 3) than signature structures selected for the K0 and 

KH conditions.  

 

Similarly, to evaluate how the parameters of COM dynamics changed with ankle exoskeleton, we 

compared template signature coefficients between the K0 and Shoe conditions, and between the 
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KH and K0 conditions.  We compared exoskeleton coefficients using paired two-sample t-tests with 

Holm-Sidak step-down corrections for multiple comparisons (α = 0.05) [155]. Because template 

signature coefficients may change when signature structure changes, we enforced the template 

signatures structure from the shoes-only condition, described above. Significant differences in 

signature coefficients would indicate how template signatures were impacted by ankle exoskeleton 

mass (K0-Shoe) and stiffness (KH-Shoe). 

 

5.2.7.3 How are COM dynamics affected post-stroke? 

To evaluate if COM dynamics may be altered post-stroke, we first computed the percent difference 

in the non-paretic and paretic limb template signature parameters during shoes-only walking in 

one individual with post-stroke hemiparesis. To evaluate if changes in COM dynamics in response 

to ankle exoskeletons may be altered post-stroke, we computed percent changes in template 

signatures coefficients for the K0 condition compared to shoes-only walking and the KH condition, 

compared to the K0 condition. 

5.3 RESULTS 

5.3.1 Hybrid-SINDy identified hybrid walking dynamics of a simulated SLIP 

The Hybrid-SINDy algorithm correctly identified template signatures in a simulated SLIP during 

single-limb support (Figure 5.2). Specifically, for our SLIP model, we would expect Hybrid-

SINDy to identify non-zero leg stiffness (𝜅𝐿), resting length (𝐿̃), and damping (𝜁𝐿) terms only – 

consistent with the dynamics of the system. In the noise-free condition, 86% of terms were 

correctly selected and only one term, leg damping in first double-limb support, was incorrectly 

selected. The incorrect term was selected in first double-limb support. Both double-limb support 
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regimes were very short in the simulated SLIP: 1.3% and 4.6% of samples in first and second 

double-limb support – smaller than the 7.4% of the training data comprised by each cluster. 

Consequently, all clusters with centroids in the double-limb support regimes consistent of samples 

originating from both double- and single-limb support dynamics. Hybrid-SINDy incorrectly 

omitted only damping terms, which had small coefficients (Table 5.2). Without measurement 

noise, in single-limb support and swing, coefficients selected by Hybrid-SINDy were within 2% 

of the ground truth values, while there were errors up to 306% in double-limb support. When we 

introduced measurement noise with a standard deviation of 1 mm – similar to that of our motion 

capture system – Hybrid-SINDy correctly selected only 63% of mechanisms, entirely due to 

decreased accuracy in double-limb support. Template signatures coefficients were estimated with 

an average error of less than 29% in single-limb support and swing. For sufficiently large hybrid 

regimes, such as single-limb support, Hybrid-SINDy was still able to estimate large coefficients 

(i.e., leg stiffness and resting length) with less than 1% error. 

 

5.3.2 Shoes-only template signatures highlighted common and subject-specific COM 

mechanisms 

Data from human walking with shoes-only demonstrated SLIP-like COM dynamics across 

unimpaired participants. In both double-limb and single-limb support, SLIP mechanisms – leg 

stiffness and leg length – were selected in 96-100% of limbs (Figure 5.3). Template signatures 

were similar between legs (p > 0.01; αSidak = 0.002). Template signatures varied more during 

double-limb support: Rotary stiffness terms were selected in 58-67% of limbs in the first double-

limb support and 83-95% of limbs during second double-limb support. Except for sagittal-plane 

damping, damping terms were selected in less than 20% of limbs. As expected during swing, when 
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the limb is not expected to contribute to COM motion, no terms were selected. We omit the swing 

regime from remaining analyses. 

 

 

Figure 5.3. The percentage of unimpaired limbs (24 limbs) whose template signatures contained 

each mechanism in each hybrid regime. Colors denote the different hybrid regimes. Mechanisms 

selected in a larger percentage of legs suggest common representations of COM dynamics, while 

less frequently-selected mechanisms reflect individual specific features of COM dynamics. 

 

For each participant, template signatures were robust to stride-to-stride variations in single-limb 

support. During single-limb support, stiffness and leg length exhibited coefficients of variation 

(CVs) less than 0.021 ± 0.015. In both double-limb support phases, CVs of stiffness and sagittal-



 

 

111 

plane rotary damping, which were selected in 30-50% of signatures, ranged from 0.11 – 0.26.  Less 

frequently selected mechanisms in double-limb support – leg damping and frontal-plane damping 

– were highly variable, with CVs ranging from 0.082 – 0.442. Across participants, template 

signature parameters varied (Figure 5.4; top). Single-limb support leg length was most consistent 

across unimpaired participants (CV = 0.03), while leg stiffness was more variable (CV = 0.28). 

Interindividual variability in double-limb support leg and rotary stiffness were larger (CV = 0.43 

– 1.94). Despite this variability, template signatures reconstructed participants’ COM accelerations 

well, 32-85% of the variance in 3D COM accelerations (Figure 5.4; bottom).  

 

 

Figure 5.4. Nondimensional template signatures (top) and reconstructed COM accelerations 

(bottom) for shoes-only walking in each hybrid regime. Top: Bars denote the average template 

signature (+1SD) in single- and double-limb support. The small circles represent individual 

limbs. The number of circles in each bar differs based on the number of limbs for which each 

mechanism was selected. Note that we omitted mechanisms that were selected in less than 25% 

of participants. The dashed lines truncate large terms for clarity. Bottom: Experimental and 

predicted COM accelerations from the test dataset of an exemplary unimpaired participant in 

the anterior-posterior (left), vertical (center), and mediolateral (right) directions. The gray dots 
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denote the experimental accelerations, while the colors correspond to the predicted accelerations 

in each hybrid regime. Hybrid regimes are defined based on right leg contact configuration. 

 

5.3.3 Template signatures did not change with ankle exoskeletons in unimpaired adults 

Template signatures did not change significantly when walking with ankle exoskeletons among 

unimpaired adults. First, the shoes-only template signatures were plausible representations of 

COM dynamics with ankle exoskeletons, according to the AICc. Compared to the template 

signatures selected from K0 and KH data, the shoes-only template signature structures were not 

significantly less plausible in the K0 (Δ𝐴𝐼𝐶𝑐 = 0.2 ± 0.7; p = 0.93) and KH  (Δ𝐴𝐼𝐶𝑐 = 0.7 ± 2.9; p 

= 0.24) conditions (Figure 5.5). Shoe template signatures were less consistently plausible for the 

K0 or KH conditions during double-limb support, with relative AICc scores ranging from -118 ≤

Δ𝐴𝐼𝐶𝑐 < 220, though the median relative AICc scores were less than three. Therefore, to compare 

signature coefficients between exoskeleton conditions, we constrained each participant’s template 

signatures to that selected in the shoes-only condition. Using this approach, we did not identify 

any differences in template signature coefficients between walking in shoes-only and the K0 or KH 

conditions. (p > 0.05). Specifically, we found that neither ankle exoskeleton mass and frame (K0) 

nor stiffness (KH) had a significant impact on limb stiffness in any gait phase (p > 0.13; Figure 

5.5).  
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Figure 5.5. (a) Relative AICc (Δ𝐴𝐼𝐶𝑐) between template signatures identified specifically for 

the K0 and KH conditions and signatures constrained to the shoes-only signature structures. 

Positive Δ𝐴𝐼𝐶𝑐 values indicate that shoes-only signature structures were less plausible than 

those identified specifically for each condition. Δ𝐴𝐼𝐶𝑐 scores are shown for single-limb support 

(left) and double-limb support (right). Δ𝐴𝐼𝐶𝑐 ≤ 3 (green lines) denote plausible shoe template 
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signature structures. For double-limb support, large Δ𝐴𝐼𝐶𝑐 scores are truncated at Δ𝐴𝐼𝐶𝑐 =
±75 for clarity. (b) Template signatures of walking in shoes only (solid bars), zero-stiffness 

(𝐾0; slashed bars) exoskeletons, and high-stiffness exoskeletons (𝐾𝐻; dotted bars) during single 

and double-limb support. Each row corresponds to one hybrid regime, with colors matching 

those in all other figures. Bars represent the average (+1SD) template signature. Leg stiffness 

(𝜅𝐿) is included on a separate subplot for clarity. The shoes-only condition matches that ofFigure 

5.4. The large variability in leg length during double-limb support is due one limb with a high 

resting length. 

 

5.3.4 Template signatures reflected a stroke survivor’s impairment  

During shoes-only walking in the participant with post-stroke hemiparesis, template signatures 

were symmetric between the paretic and non-paretic limbs during single-limb support, consisting 

of only leg stiffness and resting length. During first double-limb support, leg damping and rotary 

stiffness were selected in only the paretic limb, while in second double-limb support both paretic 

and non-paretic rotary stiffness mechanisms were selected by the Hybrid-SINDy algorithm (Figure 

5.6). In first double-limb support, the stroke survivor’s non-paretic limb was 62% stiffer and had 

a 27% shorter leg length than the paretic limb. During single-limb support, the stroke survivor’s 

paretic limb was 31% stiffer and had a 3% shorter leg length than the non-paretic limb. Conversely, 

during second double-limb support, the non-paretic leg stiffness was only 20% of the paretic leg 

stiffness.  
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Figure 5.6. Non-paretic (colored bars) and paretic (whited bars) template signatures for one 

individual with post-stroke hemiparesis. This participant’s template signatures differed in the 

paretic and non-paretic limbs in double-limb support, as shown by the zero-values for non-

paretic sagittal-plane rotary stiffness in first double-limb support (top row) and the leg damping 

and frontal-plane stiffness in double-limb support (third row). 

 

5.3.5  Template signatures changed with ankle exoskeletons for a stroke survivor 

The exoskeleton mass and frame primarily impacted paretic leg stiffness and non-paretic leg rotary 

stiffness. Compared to walking in shoes only, the paretic leg stiffness was 11% greater in the zero-

stiffness (K0) exoskeleton condition in single-limb support and over twice as stiff in double-limb 

support (Figure 5.7; slashed bars). Responses to the K0 exoskeleton condition were asymmetric, 

with the non-paretic leg being 3% less stiff in the K0 condition than the shoes-only condition in 

single-limb support, while sagittal-plane stiffness was 41% larger in second double-limb support. 
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Conversely, exoskeleton stiffness had small impacts on paretic template signatures. In the high-

stiffness (KH) exoskeleton condition, single-limb support paretic leg stiffness was only 1% larger 

than in the K0 condition (Figure 5.7; dotted bars). Both paretic and non-paretic leg rotary stiffness 

were 11% greater in second double limb support than in the K0 condition. Non-paretic leg stiffness 

reduced by 49% compared to zero-stiffness exoskeletons in single-limb support. 

 

 

Figure 5.7. Template signatures of a stroke survivor walking in the shoes-only (clear bars), zero-

stiffness (𝐾0; slashed bars), and high-stiffness (𝐾𝐻; dotted bars) ankle exoskeleton conditions 

for the non-paretic (left) and paretic (right) limbs. Bars represent the average template signatures 

over 200 bootstrapped model fitting iterations. Colors correspond to each hybrid regime. 
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5.4 DISCUSSION 

5.4.1 Template signatures provide insight into changes in whole-limb COM dynamics in 

response to ankle exoskeletons 

We evaluated the impacts of passive ankle exoskeletons on subject-specific whole-limb COM 

dynamics – described by template signatures – using a recently-developed data-driven modeling 

framework, Hybrid-SINDy. To our knowledge, this is the first study to parameterize the impacts 

of ankle exoskeletons on whole-limb COM dynamics. Contrary to our hypothesis, leg stiffness did 

not change in response to ankle exoskeleton mass (K0 condition) or stiffness (KH condition) in 

unimpaired adults. Further, template signatures identified for shoe walking were plausible 

representations of COM dynamics when walking with ankle exoskeletons. These results suggest 

that unimpaired strategies to accelerate the COM during walking are unaffected by passive ankle 

exoskeletons, despite changes in gait kinematics and muscle activity [172]. Since template 

signatures are impacted by the biological limb and the exoskeleton, this finding suggests that 

biological dynamics may be modulated to maintain similar COM dynamics in response to 

exoskeletons. Conversely, if biological dynamics were insensitive to ankle exoskeletons, we would 

expect template signatures to change with ankle exoskeletons. This explanation is consistent with 

work by Collins and colleagues (2015), who observed small changes in total COM power with 

passive exoskeletons compared to walking in shoes-only, but larger changes in biological 

contributions to COM power [9]. Our results suggest that these small changes in COM power are 

accompanied by only small changes in COM dynamics for unimpaired adults. As COM motion is 

task-relevant during walking, this result implies that task-level strategies to accelerate the COM 
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may largely be maintained when walking with ankle exoskeletons, while joint or muscle-level 

control may change in response to exoskeletons [9, 37, 38, 172]. 

 

Conversely, in one individual post-stroke, ankle exoskeletons impacted whole-limb COM 

dynamics. The addition of exoskeleton mass and frame (K0) increased paretic limb sagittal-plane 

rotary stiffness in first double-limb support and leg stiffness in single-limb and second double-

limb support. Increased paretic-limb stiffness is likely due to the exoskeleton frame restricting 

ankle inversion, which the participant noted during data collection. As the participant’s paretic 

ankle was severely affected, restricting frontal-plane ankle motion may result in increased leg 

stiffness by enabling the less affected knee and hip to produce greater moments during stance. 

The latter possibility is supported by observations that exoskeleton stiffness alters leg power 

during hopping in unimpaired adults [176]. This result emphasizes the importance of quantifying 

the impacts of other ankle exoskeleton properties, such as restriction to frontal-plane ankle 

motion, in explaining exoskeleton impacts on gait following neurological injury. For example, 

Ries and colleagues (2015) observed that rigid ankle exoskeletons increased walking speed more 

than passive-elastic exoskeletons prescribed to children with diplegic cerebral palsy [4]. Passive-

elastic exoskeletons are typically less stiff than rigid exoskeletons and do not restrict ankle 

inversion, which may influence walking speed for individuals with severely impaired ankles.  

 

The insensitivity of the paretic limb template signatures to exoskeleton stiffness during single-limb 

support suggests that, for this individual, exoskeleton stiffness did not alter body weight support 

strategies in this gait regime [63]. One explanation for this may be that the participant appeared to 

walk with a more pendular gait in the paretic limb, such that exoskeleton stiffness did not further 
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increase leg stiffness. Conversely, during double-limb support, paretic-limb sagittal- and frontal-

plane rotary stiffness were larger than those of the zero-stiffness condition. Restricted ankle 

dorsiflexion due to exoskeleton stiffness in terminal stance may enable increased propulsive force 

in the paretic limb, which could alter rotary mechanism contributions to gait. Additionally, the 

ankle plantarflexors accelerate the COM laterally, such that increased force-generating capacity in 

the paretic limb may contribute to frontal-plane motion as well [177, 178]. For this participant, 

changes in only rotary dynamics suggest that the individual’s strategy to support the COM was 

maintained, while strategies to propel and stabilize the COM changed in response to exoskeleton 

stiffness. While these impacts likely vary between individuals post-stroke [20], our results 

highlight potential differences in the impacts of exoskeleton frame and stiffness on whole-limb 

COM dynamics that can be described using template signatures. 

 

5.4.2 Template signatures quantify interindividual and inter-limb differences in whole-limb 

contributions to COM acceleration 

Both unimpaired and post-stroke template signatures highlighted inter-individual and inter-limb 

differences in COM dynamics. While SLIP mechanisms described COM accelerations in all 

unimpaired limbs, rotary mechanisms were plausible in only 50% of limbs during double-limb 

support. The uniform selection of SLIP mechanisms from data is consistent with common 

template walking models and suggests that elastic legs are important mechanisms for describing 

COM accelerations during walking across individuals [71, 76, 161, 164, 165]. Our observation 

that rotary mechanisms were not critical to reconstructing COM accelerations for all individuals 

aligns with their less frequent application in template walking models [32, 163]. Note that each 

template signature mechanism describes characteristic coordination patterns between leg 
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kinematics and COM accelerations. It is possible SLIP mechanisms describe coordination 

patterns necessary for efficient walking, while rotary mechanisms describe coordination patterns 

that have smaller, more individualized impacts on gait. Determining if these characteristic 

patterns are associated with biological control and exoskeleton responses represent important 

areas of future research.   

 

Parameterizing whole-limb COM dynamics using template signatures also revealed compensation 

strategies post-stroke. Consistent with template-based studies in children with cerebral palsy, the 

stroke participant’s paretic limb was stiffer than the nonparetic limb in single- and second double-

limb support [88, 169]. Increased paretic leg stiffness may reflect a more pendular gait post-stroke 

and increased co-contraction [64]. In first double-limb support, sagittal-plane rotary stiffness and 

damping mechanisms suggest altered braking during loading response, consistent with 

experimental observations that the paretic-limb does greater negative work than the non-paretic 

limb during loading response in individuals post-stroke [36]. These results serve to highlight the 

functional interpretation of template signatures during walking and the importance of personalized 

parameterizations of whole-limb COM dynamics. 

 

5.4.3 Innovation & insights of Hybrid-SINDy for human walking 

Our use of the Hybrid-SINDy algorithm ([23]) provides two primary contributions to locomotion 

research. First, by automatically identifying and comparing different representations of COM 

dynamics, our approach rapidly compares many competing hypotheses about human locomotion. 

To our knowledge, only one other study in bipedal locomotion has taken a similar approach [31]. 

The authors performed a multi-layer optimization to select human-like template dynamics for 
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walking robot controllers. Our approach extends their work by permitting many plausible 

representations of walking to be analyzed for an individual. This approach acknowledges 

uncertainty and redundancy in human locomotion, and the existence of multiple plausible 

template signatures may inform future experimental designs to better distinguish between 

candidate mechanisms describing gait. Second, our use of information criteria to select plausible 

template signatures may be particularly beneficial when studying mechanisms contributing to 

locomotion. By favoring parsimonious representations of gait, the AICc selected SLIP 

mechanisms to describe gait across individuals and rotary stiffness as individual-specific 

descriptions of walking [171, 173]. If applied to higher-dimensional physiologically-detailed 

dynamics, both Hybrid-SINDy and information criteria alone may, for example, be useful in 

ranking candidate biological mechanisms explaining pathological gait [22, 83]. 

 

Since data-driven models may be sensitive to measurement noise and (inevitably) incorrect model 

dynamics, we used a simulated SLIP to evaluate the extent to which Hybrid-SINDy correctly 

identified template signatures during walking. The Hybrid-SINDy algorithm performed as 

expected in the noise-free condition, accurately identifying single-limb support and swing 

dynamics, with the exception of small damping terms. Terms with small contributions to system 

behavior, such as damping in this study, may be omitted by the AICc in favor of parsimony [171, 

173]. A theoretical implication exemplified by this result is that the Hybrid-SINDy algorithm will 

not always select the true system dynamics but will select terms critical to describing salient 

behavior. Therefore, sound experimental design in is critical to identifying walking mechanisms 

from data. For example, alternative gait patterns that induce large leg velocities may result in 

damping terms being correctly selected by Hybrid-SINDy. Poor signature predictions during 
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double limb support highlight the importance of selecting cluster sizes smaller than the smallest 

hybrid regime, consistent with conclusions from Mangan and colleagues[23]. For human walking, 

we ensured that the cluster size (800 samples; 7.4% of training samples) was smaller than the 

amount training data in double-limb support (~10-12% of training samples). When measurement 

noise was approximately equal to that observed in motion capture (𝜂 = 1 𝑚𝑚), simulated SLIP 

template signatures during single-limb support and swing were within 29% of ground truth values, 

though error was less than 3% in most terms. Based on the simulated SLIP’s robustness to noise 

during single-limb support, we expect that the structure and coefficients of template signatures 

identified by Hybrid-SINDy for human walking likely encode meaningful information about COM 

dynamics. This expectation is supported by low variability in the bootstrapped dynamics of human 

template signatures, indicating their robustness to stride-to-stride variations in the measurements.    

5.4.4 Challenges and limitations 

This study has a number of limitations that motivate future data-driven modeling studies in 

human locomotion. First, human gait dynamics are continuously phase-varying rather than 

hybrid, such that template signature parameters varied between clusters within a single hybrid 

regime. To address this challenge, we modified the model selection procedure to evaluate models 

within pre-defined hybrid regimes, making it more consistent with hybrid template models of 

human walking [23, 76, 163, 164]. Second, we evaluated only a subset of mechanisms describing 

whole-limb COM dynamics, which may not encode all important features of human gait. 

However, we chose a broad class of physically-meaningful mechanisms from literature ([75, 76, 

163-165, 170]) that should motivate future studies using larger mechanism libraries describing 

COM dynamics. For example, our approach may be extended to include elements describing 

assistive devices or joint-level mechanisms [85]. Finally, we had a limited sample size in 
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unimpaired adults, which may have masked exoskeleton impacts on unimpaired gait. 

Particularly, rotary stiffness appeared to increase slightly with exoskeletons but did not reach 

significance. Similarly, our post-stroke case study only provides a proof of concept highlighting 

the potential of ankle exoskeletons to elicit changes in COM dynamics. Evaluating template 

signatures on larger unimpaired and post-stroke cohorts may provide additional insight into how 

whole-limb COM dynamics change with ankle exoskeletons.   

 

5.4.5 Extensions and applications 

Integrating principles from biomechanics and neuromechanics with state-of-the-art interpretable 

data-driven modeling techniques may accelerate discovery in mechanisms underlying diverse 

movement patterns in human locomotion and opens exciting new research avenues. Broadly, these 

methods may be applied to any intervention or walking condition and may inform the design of 

prosthetic limbs and other assistive devices. A natural extension of this work is to investigate the 

impacts of powered exoskeletons on whole-limb COM dynamics. Changes in gait kinematics and 

kinetics with our passive ankle exoskeletons were small compared to changes in elicited by 

powered exoskeletons and individuals may exhibit larger changes in COM dynamics in response 

to different exoskeleton control strategies [18, 45, 172].  As powered exoskeleton research 

transitions focus from reducing metabolic demand to assisting other locomotion objectives, such 

as stability or agility, understanding changes in whole-limb control with exoskeletons may provide 

insight into how individuals use exoskeletons to achieve these task-level goals [2]. Further, 

quantifying changes in whole-limb COM dynamics with exoskeletons may improve our 

understanding of the diverse responses to exoskeletons observed in individuals with motor 

impairments [4, 20, 29]. For example, McCain and colleagues (2019) identified limb orientation 
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as a potential mechanism impacting the conversion of exoskeleton torque to forward propulsion 

post-stroke [20]. Our results suggest that characterizing altered coordination between leg 

orientation and ground reaction forces (e.g., using template signature mechanisms) with 

exoskeletons may unveil sub-classes of responses to exoskeletons, enabling the identification of 

device control strategies to assist individuals in each sub-class. Finally, anchoring template 

signatures in physiological detail may reveal biological mechanisms that characterize responses to 

exoskeletons or other assistive devices [33]. Template models of human walking are rarely 

anchored in physiological detail [32] and doing so represents an exciting area of future research. 

 

5.5 CONCLUSIONS 

We quantified changes in subject-specific whole-limb COM dynamics in response to passive ankle 

exoskeletons using a novel physics-informed data-driven modeling framework, Hybrid-SINDy. 

Hybrid-SINDy successfully constructed characteristic template signatures during walking by 

identifying salient mechanisms describing an individual’s COM accelerations. Unimpaired adults 

maintained nearly invariant COM dynamics with ankle exoskeletons, while exoskeletons altered 

COM dynamics in an individual post-stroke. These findings provide insight into task-level control 

of walking with ankle exoskeletons and extend a powerful data-driven modeling tool to human 

locomotion. 
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Chapter 6. CONCLUSION 

6.1 SUMMARY 

The goal of this dissertation was to improve our understanding of responses to ankle exoskeletons. 

This dissertation was the first to use subject-specific physiologically-detailed models to study 

ankle exoskeleton impacts on gait in children with cerebral palsy and to use phase-varying and 

sparse hybrid dynamics modeling frameworks to predict and study subject-specific responses to 

ankle exoskeletons. Moreover, this work was the first to study changes in task-level control of 

walking with ankle exoskeletons using physics-informed data-driven models that automatically 

compared competing hypotheses about control with ankle exoskeletons. The results of this work 

contributed to our knowledge of how gait mechanics alter ankle exoskeleton impacts on gait, and 

how individuals adapt their mechanics and task-level control in response to ankle exoskeletons. 

Additionally, this work contributed to our understanding of how data-driven models of locomotion 

may be applied to study and predict gait with ankle exoskeletons, which may be extended to other 

assistive devices, such as prostheses. The data and code from this work were made freely available.  

The work from Chapter 3 contributed additional analyses and simulations to an existing repository 

of crouch gait simulations, available at (https://simtk.org/projects/crouchgait). The data and code 

from Chapter 4, used to generate phase-varying models of walking with ankle exoskeletons is 

available at (https://simtk.org/projects/ankleexopred). By extending state-of-the-art data-driven 

modeling techniques to study gait with ankle exoskeletons, this work provides a foundation for 

future research into the mechanisms influencing heterogeneous responses to ankle exoskeletons, 

informing device design and prescription. 
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The first objective of this work used musculoskeletal simulation to predict subject-specific changes 

in muscle demand with passive and powered ankle exoskeletons (Chapter 3). This work showed 

that powered ankle exoskeletons had the potential to reduce muscle demand more than optimized 

passive ankle exoskeletons in children with cerebral palsy and that knee flexion moments were 

associated with reductions in demand on the biarticular plantarflexor muscles. However, small 

reductions in muscle demand with powered ankle exoskeletons compared to passive ankle 

exoskeletons for some individuals highlighted the importance of identifying individuals for whom 

powered ankle exoskeletons are likely to benefit over less-expensive passive exoskeletons. 

 

The second objective of this dissertation was to develop predictive data-driven models of responses 

to ankle exoskeletons. In Chapter 4, we showed that subject-specific linear and nonlinear phase-

varying models could predict kinematic responses to exoskeleton torque without knowledge or 

assumptions about the individual’s physiology or control. We also identified prediction horizons 

beyond which kinematic posture could not predict stride-specific responses to exoskeleton torque, 

potentially informing control policies for powered exoskeletons. However, predicting cycle-to-

cycle variability in myoelectric responses to torque was more challenging, suggesting that 

measurements beyond kinematics and myoelectric signals may be needed to predict myoelectric 

responses to torque. 

 

The final objective of this dissertation was to quantify changes in COM dynamics in response to 

ankle exoskeletons. In Chapter 5, we extended the Hybrid-SINDy algorithm to show that low-

dimensional template signatures of COM dynamics were consistent across unimpaired adults and 

reflected asymmetrical contributions of a stroke survivor’s paretic and non-paretic legs to COM 
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acceleration. While unimpaired template signatures were robust to passive exoskeleton stiffness, 

the stroke survivor’s signatures changed with ankle exoskeleton stiffness, suggesting that 

individuals post-stroke may alter their whole-limb strategy for walking with ankle exoskeletons. 

 

By evaluating and predicting ankle exoskeleton impacts using physiological, data-driven, and 

physics-based modeling frameworks, the research in this dissertation provided insight into muscle-

, joint-, and task (COM)-level features of gait with exoskeletons. Specifically, this research 

contributed to our understanding of (1) how gait mechanics may alter ankle exoskeleton impacts 

on muscle demand, (2) the potential of subject-specific responses to ankle exoskeletons to be 

quantified using tools grounded in dynamical systems theory, and (3) how individuals alter task-

level control of walking in response to ankle exoskeletons. In a short, this work tells the story:  

While ankle exoskeleton impacts on muscle demand are likely altered by gait 

mechanics, changes in muscle activity remain challenging to predict from 

kinematic and myoelectric measurements. Changes in task-level control with 

passive exoskeletons are unlikely to contribute to variable myoelectric 

responses in unimpaired adults but may help explain characteristic responses 

in individuals with motor impairments.  

Further, this research introduced novel data-driven modeling tools to ankle exoskeleton research. 

The knowledge and tools that this work contributes to the biomechanics and ankle exoskeleton 

research communities provide a foundation for future studies aiming to identify mechanisms 

driving diverse responses to exoskeletons or other assistive devices in individuals with 

neurological injuries.  

 

6.2 FUTURE WORK 

The work constituting this dissertation created a foundation for the application of data-driven 

models to predict and understanding diverse responses to ankle exoskeletons and other 
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interventions. The results of these studies suggest exciting future research directions in human 

movement, combining first-principles in biomechanics and neuromechanics, data-driven 

modeling, and experimental design to understand gait pathology and assistive device use. The 

following sections outline important avenues of future work that may expand our understanding 

of the mechanisms driving responses to assistive devices and inform innovations in assistive or 

rehabilitative device design: 

 

Understanding pathological task-level control and responses to ankle exoskeletons 

Identifying sub-classes of task-level control and their relationship to impaired muscle 

coordination may help identify candidates for ankle exoskeleton interventions and provide targets 

of rehabilitation treatments. 

 

• Are template signatures associated with functional impairments in individuals with motor 

impairments? 

As we showed in Chapter 5, parameterizing whole-limb control of COM motion may elucidate 

differences in task-level control of walking without requiring knowledge of an individual’s unique 

physiology. Our post-stroke case study in which we showed that template signatures may reflected 

altered paretic limb contributions to COM accelerations post-stroke. If and how these signatures 

vary between individuals remains unclear. The methodology from Chapter 5 may be extended to 

individuals post-stroke with different levels of walking function. If template signatures are 

associated with post-stroke walking function, the signatures may serve as intervention targets or 

help stratify individuals (e.g. into responder and non-responder groups for a particular treatment). 

 

• Do individuals with similar template signatures exhibit similar responses to ankle exoskeletons? 
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Identifying whole-limb mechanisms associated with characteristic responses to ankle exoskeletons 

could enable the prediction of intervention responses based only on baseline (i.e., no exoskeleton) 

walking data. Extending the methodology from Chapter 5 to datasets with larger perturbations, 

such as powered exoskeletons or passive exoskeletons with larger differences in mechanical 

properties, may enable diverse kinematic, kinetic, or myoelectric responses to ankle exoskeletons 

to be associated with features of baseline template signatures. Identifying template signature 

features that are highly predictive of exoskeleton responses provide whole-limb targets that could 

be anchored in physiological detail to identify biological mechanisms driving exoskeleton 

responses. 

 

• Does altered motor control predict whole-limb COM dynamics in individuals with motor 

impairments? 

Understanding the relationships between mechanisms describing COM dynamics and muscle 

coordination – a primary impairment in stroke and cerebral palsy – could provide a principled 

foundation for novel interventions, such as biofeedback training, to target muscle coordination. 

Identifying sub-features of interpretable data-driven models of COM dynamics that are associated 

with muscle coordination post-stroke or in CP may suggest whole-limb mechanisms that, when 

altered by intervention may also alter motor control. 

 

Advancing data-driven modeling in human biomechanics 

Data-driven models have the potential to accelerate the rate of discovery in biomechanics but must 

operate within the constraints of experimental measurements and protocols. 
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• Can we combine experimental design and data-driven models to rapidly test hypotheses about 

mechanisms driving heterogeneous responses to ankle exoskeletons? 

Testing hypotheses about mechanisms influencing intervention responses in biomechanics is a 

slow and expensive process, and single experimental protocols may lack sufficient information to 

identify one hypothesis as more plausible than all others. Automatically designing experimental 

protocols that compare competing hypotheses about mechanisms driving intervention responses 

may accelerate the rate of discovery in biomechanics. For example, information theory can be used 

to compared data-driven models – each encoding a mechanistic hypothesis – and identify 

experimental conditions that may better distinguish between competing models [179]. The 

perturbations could then be applied by a real-time experimental framework, such as biofeedback. 

 

• What data are needed to encode responses to ankle exoskeletons? 

As we showed in Chapter 4, the available measurements may be insufficient to capture the 

dynamics of response using data-driven models, such as those explaining stride-to-stride 

variability in myoelectric responses. Identifying measurement sets that improve predictions of 

kinematic, kinetic, and myoelectric responses to ankle exoskeletons may guide further 

investigation into non-biomechanical factors influencing ankle exoskeleton responses and inform 

measurement selection for real-time control of robotic exoskeletons. A dataset with many different 

measurement modalities expected to encode responses (e.g. motion capture, muscle activity, 

ultrasound, heart rate) could be used in combination with sparse regression and model selection, 

such as that employed in Chapter 5, to identify plausible low-dimensional measurement sets that 

predict responses to ankle exoskeletons. 

 

Bringing ankle exoskeleton optimization research back to the real world 
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Laboratory-based ankle exoskeleton optimization may be sub-optimal for use in daily life. 

Rethinking our definition of optimality may improve the effectiveness of ankle exoskeleton 

assistance. 

 

• How sub-optimal is an optimized ankle exoskeleton in real life? i.e., Over what range of gait 

patterns are optimal ankle exoskeleton properties actually optimal? 

Ankle exoskeleton properties are typically tuned at a single walking speed, while humans – 

children especially – move over a range of speeds and with varying kinematics. Ankle 

exoskeletons optimized at a fixed speed may, therefore, be sub-optimal at faster or slower speeds. 

Predictive neuromusculoskeletal models could be used to simulate walking with ankle 

exoskeletons at different speeds to estimate the increase in the energetic cost of transport for 

walking at speeds above or below the cost-minimizing speed. Large increases in energetic costs at 

speeds that are sub-optimal for the ankle exoskeletons would suggest that “optimized” ankle 

exoskeletons may discourage diversity in movement patterns in daily activity. 

 

• Do responses to ankle exoskeletons differ during transient events (e.g. accelerating, turning, 

stopping) compared to steady-state walking? 

Ankle exoskeleton properties are typically tuned and studied at a steady walking speed. However, 

much of walking is transient: individuals start, stop, and turn frequently throughout the day. Along 

with the data collected in Chapter 4, we collected overground steady walking and accelerations 

from quiet standing. Investigating differences in the impacts of ankle exoskeleton stiffness on 

kinematics, muscle activity, and gait energetics between steady walking and accelerations may 

indicate if ankle exoskeletons optimized for steady walking should be expected to have similar 

impacts on gait across tasks of daily living.   
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The long-term goal of this dissertation and the future work described above is to improve 

exoskeletons’ ability to enhance mobility for individuals with motor impairments. The coming 

decades of biomechanics and exoskeleton research will see the integration of data-driven modeling 

techniques and advanced experimental methods, with state-of-the-art exoskeletons gaining 

ubiquity and emerging from the gait lab into the real world. The proposed research avenues 

represent exciting opportunities to accelerate researchers towards this promising future, connecting 

models to experiments to daily life. Enhancing mobility can change an individual’s life, and 

embracing state-of-the-art computational and experimental tools can help enhance mobility for 

individuals with diverse physiology and locomotor capacity. 
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APPENDIX A: CHAPTER 4 SUPPLEMENTARY MATERIAL 

 

A1. SUPPLEMENTAL S1 – EXPERIMENTAL PROTOCOL AND METHODOLOGICAL 

DETAILS 

 

This document provides additional details of the experimental setup and additional information to 

facilitate replication of our work. The following sections discuss: 

I. Experimental setup 

II. Computing joint kinematics, and estimating exoskeleton torque 

III. Model algorithms and explanations of the processing pipeline  

IV. Additional information on prediction accuracy evaluation 
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A1.1 Experimental setup 

A1.1.1 Marker and electromyography recordings 

We used a modified Helen Hayes marker set for motion capture and placed electromyography 

(EMG) sensors (Delsys Inc, Natick USA) according to SENIAM guidelines [146, 147]. The EMG 

sensors were placed bilaterally on the gluteus medius, rectus femoris, vastus medialis, biceps 

femoris, medial gastrocnemius, soleus, and tibialis anterior. Marker trajectories were collected 

using a 10-camera infrared motion capture system (Qualisys AB, Göteborg, SE). Participants 

walked on an instrumented split-belt treadmill (Bertec Inc, Columbus OH) and were instructed to 

walk naturally. Marker trajectories were sampled at 120Hz and EMG data were sampled at 

2000Hz. All data were downsampled to 120Hz before exporting for processing and analysis. 

 

A1.2 Data preprocessing 

A1.2.1 Computing joint kinematics 

Marker trajectories were low-pass filtered at 6 Hz using a fourth-order zero-lag Butterworth filter. 

We converted marker trajectories to joint kinematics using OpenSim 3.3 [70]. First, we scaled a 

generic 29 degree-of-freedom skeletal model to each participant’s skeletal geometry [148]. The 

subtalar, metatarsophalangeal, wrist flexion, and wrist deviation degrees of freedom were locked. 

We ensured that root-mean-squared marker errors were less than 1 cm and maximum marker errors 

were less than 2 cm. Joint kinematics were then computed using OpenSim’s inverse kinematics 

algorithm. The inverse kinematics algorithm identifies joint angle trajectories to minimize error 

between model markers, which are fixed on rigid body segments of the model, and the 

experimental marker trajectories. The knee joint range of motion was increased to permit up to 

five degrees of hyperextension for participants who appeared to hyperextend their knee during 
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walking. We evaluated model quality using experimental marker errors, in line with best-practices 

[119]. Root-mean-squared marker errors were less than 2 cm and maximum marker errors were 

less than 4 cm for each trial.  

 

A1.2.2 Estimating exoskeleton torque profiles 

For a passive exoskeleton, the torque, τexo, depended approximately linearly on the user’s ankle 

kinematics, θankle, exoskeleton equilibrium angle, θeq, and exoskeleton’s rotational stiffness, kexo 

(equation A1.1) as: 

 

 
τexo(t) = {

−kexo(𝜃𝑎𝑛𝑘𝑙𝑒(𝑡) − 𝜃𝑒𝑞), 𝜃𝑎𝑛𝑘𝑙𝑒 ≥ 𝜃𝑒𝑞

0 𝜃𝑎𝑛𝑘𝑙𝑒 < 𝜃𝑒𝑞
 

(A1.1) 

 

Unlike many clinical exoskeletons, whose torque profiles are smooth functions of ankle angle, 

torque in the exoskeletons used in this work were piecewise-smooth functions of ankle angle, 

providing plantarflexion assistance similar to other experimental devices (Figure 4.2) [9, 39].  

 

The linear approximation in Eqn A1.2 was deemed sufficient based on calibration trials with pilot 

datasets, during which tension load cells (Omega Engineering, Norwalk, CT) were attached in 

series to each exoskeleton spring (equation A1.2). The measured torque from the load cell, 𝜏𝑒𝑥𝑜, 

was, 

 

 

  
τexo(t) = 𝑟ma(t) × [−𝑘𝑠𝑝(𝑙𝑝𝑑(𝑡) − 𝑙𝑒𝑞)], (A1.2) 
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where lpd is the distance the proximal and distal spring attachment points, and leq is the equilibrium 

length of the spring cable, which we estimated by having the subject dorsiflex until they felt the 

spring engage with the exoskeleton raised off the ground. The spring stiffness is denoted by ksp. 

The cross product of the spring force vector and the vector between the moment arm at the distal 

end of the spring cable and the exoskeleton ankle joint, rma, defined the exoskeleton torque. 

Preliminary analyses showed small differences between torque profiles estimated from the 

nonlinear torque-ankle angle relationship (equation A1.2) and the linear relationship (equation 

A1.1) that we employed in our analysis. 

 

A1.3 Phase-varying model algorithms 

We used hip flexion angles of the right and left limbs as phase variable inputs to the Phaser 

algorithm [144], which is similar to [149]. Phase estimates were used as the variable in the Fourier 

series representation of the phase-varying (PV) and linear phase-varying (LPV) models to cluster 

subsets of the time series data when fitting the LPV model and as inputs to the nonlinear phase-

varying (NPV) model. We denoted phase as ϕ ∈ ℝT, where T denotes the number of samples in 

the training set. Each model had N = 20 outputs. The LPV and NPV models used the same M = 

80 inputs, though the NPV model also took phase as an input.  

 

A1.3.1 Phase-varying model 

The PV model, 𝐹𝑝𝑣
𝑤 , is purely a function of phase and was represented in this work using a Fourier 

Series of order H=7 (equation. A1.3). The Fourier Series was parameterized by matrix coefficients 

𝑤𝑗 , 𝑗 ∈ {1,2, … ,2𝐻}, which were fit using a least-squares approximation of each trajectory.  
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𝐹𝑝𝑣
𝑤 =

1

2
𝑤0 + ∑ 𝑤2ℎ−1cos (hϕ)

𝐻

ℎ=1

+ ∑ 𝑤2ℎsin (hϕ)

𝐻

ℎ=1

 

 

(A1.3) 

 

A1.3.2 Linear phase-varying model 

The LPV model is linear with respect to the inputs, 𝑋(𝜙), but nonlinear with respect to phase and 

has the form 𝑋(𝜙 + Δ) = 𝐴𝜙,𝛥𝑋(𝜙), where 𝛥 denotes the lookahead window length. The LPV 

takes in a phase, 𝜙, and returns affine matrices 𝐴𝜙,𝛥 ∈ ℝ𝑁×𝑀+1. For 64 phases over the cycle, we 

fit discrete maps 𝐴𝜙𝑙,𝛥: 𝑋(𝜙𝑙) → 𝑋(𝜙𝑙 + 𝛥) using a weighted least-squares regression with a 

Gaussian weighting scheme to penalize samples based on proximity to the phase 𝜙𝑙. To generate 

a continuous representation of the 64 discrete maps, 𝐹𝐿𝑃𝑉,𝛥
𝑤 , we parameterized each element of the 

maps using a seventh-order Fourier Series as a function of phase (equation. A1.3). We used the 

same least-squares approximation as with the PV model. This fitting procedure was repeated 

independently for each lookahead window.  

 

A1.3.3 Nonlinear phase-varying model 

The NPV model used a fully-connected three-layer feedforward neural network to represent the 

response to torque. The model’s hidden layer was 128 units wide – greater than the number of 

inputs to avoid enforcing a reduced-order representation of the input-output relationships – and 

used a softsign activation function [151, 180]. The NPV took the 80 inputs plus phase to predict 

the same 20 outputs as the PV and LPV models. We implemented the NPV model in the Keras 

Python framework, using RMSprop gradient descent. The NPV model’s hyperparameters included 

interconnection weights and biases.  
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A1.4 Evaluating model prediction accuracy 

A1.4.1 Relative Remaining Variance 

The Relative Remaining Variance (RRV) outcome used in this study is defined as 

 
𝑅𝑅𝑉 =

𝑣𝑎𝑟(𝑌 − 𝑌̂)

𝑣𝑎𝑟(𝑌)
,    (A1.4) 

 0 < 𝑅𝑅𝑉 < ∞ (A1.5) 

where var denotes the variance in the each output,  𝑌 denotes the test data, and 𝑌̂ denotes the 

predicted outputs. In this work  𝑌, 𝑌̂ ∈ ℝ𝑇×20, with ten outputs for each leg. We bootstrapped 

RRV values 200 times for each output and reported the average RRV values for each output.  
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A2. SUPPLEMENTAL S2 – PREDICTING WALKING RESPONSE TO ANKLE 

EXOSKELETONS USING DATA-DRIVEN MODELS  

 

This document provides additional theory and results supporting modeling decisions. The 

following sections discuss: 

V. Exoskeleton stiffness and torque profiles as inputs to the phase-varying models 

VI. Ground reaction force data and predicting joint dynamics 

VII. Individual responses to varying prediction horizon  
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A2.1 Exoskeleton stiffness and torque profiles as inputs to phase-varying models 

We used passive exoskeleton torque profiles, rather than stiffness as inputs to our linear and 

nonlinear phase-varying models. We discretized torque profiles between the initial and final phases 

(10 samples per leg) as inputs to the model. However, based on our fitting procedure – using 

multiple exoskeleton conditions to fit a single model – the models do not simply predict ankle 

angle purely as a function of torque. 

 

As noted in the main manuscript, using stiffness rather than torque as a model input is possible, 

but lacks physical or theoretical basis, whereas torque represents the mechanical interaction 

between the exoskeleton and the user. Our decision to use exoskeleton torque samples was driven 

by the theoretical support that the future state of a discrete-time linear model, such as the linear 

phase-varying (LPV) model, is a linear function of the initial state and the entire input history 

between initial and final times [181]. Similar theory supports stiffness being insufficient as an 

input variable to the LPV model: While torque is a linear function of stiffness and ankle 

kinematics, ankle kinematics are a nonlinear function of phase, indicating that using stiffness as a 

model input is not equivalent to using torque as an input. However, since the nonlinear phase-

varying (NPV) model may use nonlinear functions of stiffness, it is possible that using stiffness as 

an input would generate similarly accurate predictions to the torque-based NPV model.  

 

We compared the prediction accuracy of stiffness-based LPV and NPV models to torque-based 

models using the K2 validation condition. The torque inputs used ten time-history samples per leg, 

while the stiffness condition used a single constant stiffness value per exoskeleton condition as an 

input. We expected prediction accuracies to be lower in the stiffness-based models, due to 
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theoretical support against stiffness as an input and the added information in the torque samples. 

Indeed, The LPV model’s predictions using the stiffness input were 0.16 ± 0.13 RRV points worse 

than with torque inputs at the ankle (p < 0.001) according to paired t-tests with Holm-Sidak 

correction for multiple comparisons at a significance level of α = 0.05 (Figure A2.1) [155].  The 

NPV model was more sensitive to input type than the LPV model and its predictions were worse 

at the hip (0.19 ± 0.19 RRV points), knee (0.37 ± 0.21 RRV points), and ankle (0.41 ± 0.16 RRV 

points) when using stiffness as an input (all p < 0.001), compared to using torque inputs. The 

reduced prediction accuracy in the stiffness-based LPV and NPVs model does not support the use 

of stiffness as an input variable to phase-varying models.  

  

Figure A2.1.  A comparison of prediction accuracies for stiffness (triangles) and torque (circles) inputs 

in the K2 validation condition. Averages (±1SD) are shown for the LPV and NPV models. The PV 

model shows the average (±1SD) as a solid line (shaded region). The PV (green) model was agnostic 

to inputs and was constant across input conditions. Brackets denote significant differences between 

torque and stiffness prediction accuracies according to paired t-tests with Holm-Sidak correction for 

multiple comparisons at a significance level of α = 0.05. 
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A2.2 Ground reaction force data and predicting joint dynamics 

Data-driven phase-varying models can accept arbitrary input and output variables, which makes 

predicting GRFs or joint moments an interesting area of future research. Our dataset was 

inappropriate for predicting dynamic variables for two reasons: 

 

1. Some participants frequently stepped on both belts of the split-belt treadmill with one foot, 

causing incorrect estimates of the center of pressure and GRFs corresponding to each leg. 

Sporadic inaccuracies in the GRF and center of pressure data may result in model fits and 

predictions being highly sensitive to which gait cycles are included in the training and 

validation datasets. 

 

2. Changes in GRFs between exoskeleton conditions were small (Figure A2.2). Although we 

observed statistical differences (p < 0.05; paired t-tests) for the anterior-posterior and 

vertical GRFs, the differences between conditions were small: (Cohen’s d < 0.20) for all 

GRF directions, and frequently less than 0.05 [182]. Moreover, the zero-stiffness baseline 

exoskeleton condition accounted for 99% [97.5%, 99.4%] (median [IQR]) of the variance 

across all GRF signals. Consequently, the LPV or NPV models’ predictions would at most 

account for an additional three percent of the variance in the GRF data. 
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Figure A2.2.  Exemplary average ground reaction force across the four exoskeleton conditions data 

for one participant (P03) that exhibited a large kinematic response to ankle exoskeletons. The signals 

represent the data averaged over all gait cycles of each condition. Other participants’ ground reaction 

force data exhibited similar or smaller changes between exoskeleton conditions. 
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A2.3 Individual responses to varying prediction horizon 

While average model predictions approached those of the PV model at large prediction horizons, 

the LPV and NPV models explained some of the variance in participants’ gait kinematics (Figure 

A2.3) and muscle activity (Figure A2.4) or prediction horizons spanning the entire gait cycle.  

 

 

  

Figure A2.3.  Change in relative remaining variance (RRV) of the LPV model compared to 

the PV model across prediction horizons for each participant’s kinematic responses to torque 

in the K2 validation condition. The RRV values were averaged across legs. An RRV value < 

0 implies that the prediction is better than guessing the average response at each gait phase 

(i.e. the PV model). 
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Figure A2.4.  Change in relative remaining variance (RRV) of the LPV model compared to 

the PV model across prediction horizons for each participant’s myoelectric responses to 

torque in the K2 validation condition. The RRV values were averaged across legs. An RRV 

value < 0 implies that the prediction is better than guessing the average response at each 

gait phase (i.e. the PV model). 

 

 


