
ABSTRACT

IYER, ASHWIN PRAKASH. Real Time Integration of Ultrasound-Imaging Derived Muscle Contractility
in Closed Loop Control of Functional Electrical Stimulation and a Powered Exoskeleton. (Under
the direction of Nitin Sharma).

Functional electrical stimulation (FES) is a potential rehabilitation intervention to assist or

correct impaired limb function in persons with neurological disorders such as stroke, spinal

cord injury (SCI), Parkinson’s Disease, Essential Tremor, etc. FES applies low-level periodic

electrical pulses to artificially activate motor neurons, which in turn produce desired muscle

contractions. When incorporated with closed-loop control algorithms, FES has the potential to

be used for complex tasks such as suppression of tremor in the upper limb (e.g., due to Essential

Tremor and Parkinson’s Disease) and walking and stair climbing in people with gait disorders

(e.g., due to stroke and SCI). However, achieving clinically acceptable FES performance is still

a challenge, mainly due to the factors such as the rapid onset of fatigue and the lack of sensors

that can continuously measure muscle tremoring frequency during FES. These factors severely

affect the ability to elicit long-lasting muscle contractions during walking or effectively achieve

tremor suppression. To increase the duration of desired FES performance, this dissertation’s

overarching goal is to enable new FES controllers that incorporate direct feedback of changes

in muscle contractility due to FES-induced fatigue or muscle displacement frequency due to

tremor in a distal limb. The additional muscle state measurements can be used as feedback to

optimally demand external assistance from a robotic exoskeleton and modulate FES dosage

during walking or cue FES onset or cessation times during tremor suppression.

Current FES approaches for walking assistance and tremor suppression lack the ability to

modulate FES dosage based on muscle state information. Indeed, surface electromyography

(sEMG) is a common sensing modality to non-invasively determine physiological muscle state.

However, it is difficult in practice to use sEMG with FES due to sEMG’s susceptibility to signal

interference from neighboring muscles, stimulation artifacts from FES, and the inability of

semg to distinguish contributions of individual muscles at a greater depth or within a large

muscle group. In recent years, ultrasound (US) imaging has emerged as a potential technique

for obtaining neuromuscular information about a targeted muscle. US provides a direct visual-

ization of the muscle contractions, but most US imaging-derived muscle contractility analysis

is performed offline. Real time US-imaging derived muscle contractility measures, if integrated

into closed-loop FES applications, may enhance FES performance.

The main goal of this dissertation is to integrate US imaging techniques in real-time FES

control algorithms. Real-time US imaging for FES control was investigated in two rehabilitation



applications: A) Standing and walking assistance for people with SCI and B) Tremor suppression

in people with Essential Tremor and Parkinson’s Disease. For Application A, real-time algorithms

that detect US imaging-derived muscle strain measures of FES-induced fatigue were designed

along with model predictive control that uses US imaging-derived muscle strain to (1) allocate

effort between FES and electric motors in a hybrid exoskeleton (combination of a powered

exoskeleton and FES) and (2) inform a model of spatially distributed asynchronous stimulation

(SDAS) to optimize muscle power output. The walking assistance based on US imaging feedback

was validated on people with SCI. For Application B, real-time algorithms that detect tissue

displacement of tremoring muscles were designed and incorporated into a tremor suppression

algorithm. The real-time US-based tremor detection and suppression algorithm was validated

on a person with Parkinson’s Disease.

This dissertation, for the first time, uses real-time US-derived measures in two different

FES applications. The experimental results show that the real-time US imaging-derived muscle

contractility measures can potentially provide feedback on muscle fatigue levels during FES of

the quadriceps muscles and measure tremor frequency in the distal limbs due to pathological

signals originating from the central nervous system. US imaging tools developed in this disser-

tation will likely impact the design of new FES algorithms that monitor muscle activity and

thus can potentially enhance FES performance for a longer duration.
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CHAPTER

1

INTRODUCTION

1.1 Background and Motivation

Functional electrical stimulation (FES) is a commonly prescribed assistive technology for

neurologically impaired individuals. FES induces active but arti�cial muscle contractions

[Marsolais and Kobetic (1987); Lynch and Popovic (2008); Chae et al. (2008) ] in muscles that have

been paralyzed due to various neuromuscular and neurological disorders such as spinal cord

injury (SCI), stroke, multiple sclerosis (MS), Parkinson's Disease (PD) and essential tremor (ET).

Without FES assistance, these impairments interfere with a person's ability to perform activities

of daily living. For example, people with SCI often experience paraplegia and weakness in their

lower extremities, which impacts their ability to walk or stand. Disorders such as stroke, MS,

PD and ET often induce tremors which cause a rhythmic, involuntary, oscillatory movement of

a body part. This can occur during rest or when holding a posture [Deuschl et al. (1998)]. In all

cases, tremors signi�cantly impact a person's ability to care for themselves, thus increasing the

reliance on care providers and prompting lifestyle changes [Miller et al. (2007) ].

FES has been used in control algorithms for limb tracking [Sharma et al. (2011); Sharma et al.

(2009); Alibeji et al. (2017)], restoration of walking [Granat et al. (1993); Hardin et al. (2007) ],

sitting to standing [Chizek et al. (1988); Donaldson and Yu (1998); Riener et al. (2000) ], and

upper limb rehabilitation [Hodkin et al. (2018); Sun et al. (2022) ]. FES also helps in suppression
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of tremors in persons with PD and ET [Freeman et al. (2015); Prochazka et al. (1992)] by applying

electrical currents above a motor threshold. FES-evoked co-contraction of antagonistic muscles

reduces distal limb oscillations caused by tremor [Popovi ć Maneski et al. (2011); Bo et al. (2014);

Grimaldi et al. (2011) ] Gallego et al. (2013). An agonist-antagonist muscle pair can also be

stimulated out of phase to suppress tremor [Puttaraksa et al. (2019); Gallego et al. (2015)].

However, challenges exist in developing long-lasting FES-based solutions for most applications

(limb tracking, walking, upper limb, tremor, etc.) due to 1) the rapid onset of muscle fatigue

and 2) the lack of sensors that can continuously measure muscles' tremoring frequency during

FES to can improve FES performance.

Current efforts to measure muscle fatigue include but are not limited to force measurements

from load cells or dynamometers [Vøllestad (1997)] and surface electromyography (sEMG)

[Viitasalo and Komi (1977); Sadoyama and Miyano (1981); Chesler and Durfee (1997); Cifrek

et al. (2009); Georgakis et al. (2003); Rogers and MacIsaac (2011); Mizrahi et al. (1994)]. While a

decay in isometric force generation is directly related to muscle fatigue, it is dif�cult to measure

the fatigue of individual muscles within a group such as the quadriceps. Further, it is dif�cult to

estimate force generation during dynamic muscle contractions, and most dynamometers are

not portable for real time control. While suitable to measure fatigue at the neuromuscular level,

sEMG has limitations in practical use such as sensitivity to electrode placement, cross talk

between neighboring muscles, inability to measure signals from deeply located muscles [Cifrek

et al. (2009)], and signal interference from electrical stimulation [Mandrile et al. (2003) ]. These

limitations may prohibit the maximization of FES dosage during therapy by not effectively

measuring the fatigue level of the stimulated muscle.

A majority of studies regarding the effectiveness of FES for tremor suppression utilize

kinematic measurements such as accelerometers, gyroscopes, motion capture systems, or

electromyography (EMG) as a sensing mechanism in control. Kinematic measurements are

effective at measuring the angular position and velocity of the human limb and can estimate

tremor frequency based on movement of the limb. However, this does not provide any informa-

tion about the stimulated muscles. The frequency estimated by kinematic sensors is based on a

net motion of the human limb rather than the physiological tremor frequency which is required

when performing out-of-phase stimulation. Similarly, when performing a limb tracking task,

the effect of fatigue, usually seen as a decrease in range of motion, might not be observed

because the goal of the controller is to ensure the limb follows a desired trajectory. Additionally,

kinematic sensors provide the net limb movement rather than information about individual

muscles. In this context, EMG can be used to determine precise muscle activation timings.

However, due to stimulation artifacts, it is dif�cult to stimulate and record muscle information

at the same time. Additionally, it is dif�cult to determine the signal of a speci�c muscle due to
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crosstalk from neighboring muscles. Thus, there is a desire to develop an alternate real-time

sensing mechanism that can obtain neuromuscular information for control of FES.

Recently, ultrasound (US) imaging has been used as a non-invasive sensing modality to

directly assess changes in muscle contractility [Witte et al. (2006) ], which may be used as an

index to monitor muscle functions [Kuno and Fukunaga (1995); Bouillard et al. (2011);Andonian

et al. (2016); Hides et al. (1998); Heckmatt et al. (1988) ]. US imaging is advantageous for a wide

variety of reasons. First, it has a relatively wide �eld of view (FOV) and has the capability

to collect 2-dimensional (2D) information on a targeted muscle in vivo . Additionally, unlike

electromyography (EMG) signals, US imaging is unaffected by interference from FES artifacts

and neighboring muscle activity. Further, in [Hodges et al. (2003)], US imaging was shown

to be a viable approach for detecting isometric muscle contractions, and in [Castellini et al.

(2012); Akhlaghi et al. (2015); Sikdar et al. (2013)], US imaging was used as a method for motion

prediction in rehabilitation devices. Overall, US imaging is bene�cial because it concurrently

provides a direct visualization of the desired muscles and a variety of US-derived signals, such

as muscle thickness, pennation angle, and fascicle length, that can be used to analyze muscle

contractility both super�cially and at greater muscle depths. Our recent studies [Sheng et al.

(2019); Zhang et al. (2023); Sheng et al. (2021a)] highlight the potential use of US in control

of assistive devices. In Zhang et al. (2023), US echogenicity signals from ankle muscles were

fused with EMG to estimate muscle activation levels for use in an assist-as-needed controller

during treadmill walking tasks. [Sheng et al. (2019)] demonstrated axial strain derived from

US images can be used as a promising indicator of FES-induced muscle fatigue. US images

were captured during isometric muscle contractions generated by FES, and a strain tensor was

computed based on estimates of tissue motion in the captured images. [Sheng et al. (2021a)]

investigated in vivo continuous variation of muscle contractility at different stages over the

time course of the stimulation protocol. The correlation between the degraded contractility

and the varying force produced by a repeatedly stimulated muscle was derived and validated

on human participants, showing that US imaging can be a novel noninvasive sensing tool

to measure the internal muscle state. When combined with predictive mathematical models

of FES-induced force and fatigue, this will signi�cantly improve fatigue prediction. However,

these studies performed US imaging analysis of�ine, leaving much room to investigate the use

of US imaging in real-time muscle feedback.

1.2 Research Objective

The goal of this research is to integrate real-time US imaging biomarkers into control of FES

to 1) perform lower limb motions in conjunction with a hybrid exoskeleton and 2) detect and
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suppress tremor during afferent stimulation. The overall research is split into three main aims.

• Aim 1: Develop and test algorithms for optimal input allocation in a hybrid exoskeleton

using real-time US fatigue measurements.

As an alternative to FES, powered exoskeletons have been shown to be an effective

rehabilitation tool [Miller et al. (2016); Gorgey et al. (2017) ]. While useful in clinical

rehabilitation, these robotic devices usually passively move the user's limb, thereby

limiting the therapeutic and physiological bene�ts of FES [Andrews and Wheeler (1995);

Grif�n et al. (2009); Currier and Mann (1983) ]. Thus, augmenting robotic exoskeletons

with FES can potentially help users gain muscle strength while simultaneously receiving

assistance from the exoskeleton to overcome the effects of FES-induced fatigue [Del-Ama

et al. (2012); Del-Ama et al. (2014)]. This in turn could reduce the actuator size and power

consumption of the exoskeleton [Ha et al. (2012)].

One of the research questions in the control of the hybrid exoskeleton is how to coor-

dinate both FES and the powered exoskeleton during a lower limb activity. Recently,

proportional-integral-derivative control of an exoskeleton [Ha et al. (2015); Alouane et al.

(2019)] has been combined with muscle torque estimation [Ha et al. (2015)] and event-

based FES triggering [Alouane et al. (2019)] to coordinate FES and a hybrid exoskeleton.

In [Sheng et al. (2021b)], a switched control framework was designed to switch between

control modes that used motors only and motors with FES based on a muscle fatigue

level derived from a mathematical model. However, these control approaches do not

optimally distribute control between FES and the exoskeleton or resolve actuator redun-

dancy based on the muscle fatigue state. In this context, optimal control or dynamic

optimization is more suitable for cooperative control of a hybrid exoskeleton. [Kirsch

et al. (2017)] and [Bao et al. (2020)] used a model predictive control (MPC) approach

to regulate the knee joint and determined the optimal FES and motor torque dosage

based on a dynamic model (e.g., musculoskeletal model of a user). A major bene�t of this

control design is that it ensures state and input constraints, such as FES dosage limits,

are met. While promising, these MPC approaches use estimates of fatigue onset based

on a mathematical model [Riener et al. (1996)] which depends on an accurate initial

condition and person-speci�c parameters. This potentially leads to model inaccuracy

if a direct fatigue measurement is not available with which to update the model. This

inaccuracy could lead to applying an inappropriate FES dosage. Thus, a key to effective

shared control in a hybrid exoskeleton is to directly measure the muscle's fatigue state.

To address this challenge, this aim has two main objectives:

– Augment the fatigue model used in current MPC approaches with a US-derived
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fatigue measurement in real time.

– Implement and test the ability of the augmented fatigue model in an MPC scheme

to properly allocate effort between motors and FES during seated knee extension

and walking tasks.

• Aim 2: Utilize US imaging to create a spatially distributed asynchronous stimulation

model to be applied as an approach for fatigue mitigation and increased power output.

Various stimulation approaches have been studied to explore the mitigation of FES-

induced fatigue, such as designing optimal stimulation protocols [Doll et al. (2018) ],

�ne-tuning electrode placement to include power output [Botter et al. (2011); Gobbo et al.

(2014); Gorgey et al. (2009)], and analyzing the effect of parameters such as pulsewidth,

current, and frequency on fatigue [Deley et al. (2014); Dreibati et al. (2010) ].

To obtain both increased power and better fatigue resistance when using electrical stim-

ulation, an approach called spatially distributed asynchronous stimulation (SDAS) has

been proposed [Pournezam et al. (1988); Downey et al. (2014); Maleševi ć et al. (2010);

Laubacher et al. (2017)]. In this approach, multiple electrodes are used to stimulate in-

dividual muscles of the quadriceps, speci�cally, the Vastus Medialis (VM) and Vastus

Lateralis (VL) . Stimulation pulses are delivered to each electrode at a low frequency with

a phase delay, ensuring that the composite frequency matches the traditional approach.

The aforementioned studies have shown increased fatigue resistance and power output

in both dynamic and isometric settings on participants with and without disability.

While promising, these studies determine power output and fatigue resistance using

measurements from a load cell or dynamometer, which represents the net torque / force

from the quadriceps. Since SDAS targets individual muscle groups rather than the quadri-

ceps as a whole, it would be useful to have an indication of the fatigue rates of individual

muscles to inform control strategies. Further, for control of SDAS, it would also be bene�-

cial to have a dynamic model of force generation. [Ding et al. (2002a);Ding et al. (2002b) ]

presents dynamic models for force generation of the quadriceps based on muscle-speci�c

parameters and stimulation frequencies. However, these models do not account for stim-

ulation intensity or the force generated by using an SDAS approach in which multiple

electrodes are stimulated out of phase.

Thus, to enable real-time control using SDAS, the following objectives are achieved:

– Modify and validate the existing Hill-Huxley model, which is currently used for a

single electrode pair con�guration, to 1) represent a multi-electrode con�guration
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during SDAS and 2) account for both stimulation intensity and frequency as control

inputs.

– Incorporate US image-derived fatigue measures of the VL and VM into the aug-

mented Hill-Huxley model.

– Develop MPC-based SDAS schemes that utilize the modi�ed Hill-Huxley models to

achieve force tracking during isometric contractions and knee trajectory tracking in

a hybrid exoskeleton during walking.

• Aim 3: Characterize tremor using US imaging for tremor suppression via sensory

stimulation.

For tremor suppression in persons with ET and PD studies have suggested afferent muscle

�ber stimulation as a novel approach instead of traditional FES [Pascual-Valdunciel et al.

(2022); Dideriksen et al. (2017) ]. Muscles are stimulated at a high frequency (approx. 50-

300 Hz) at an intensity below the motor threshold (i.e., the intensity at which the muscle

begins to activate [Barroso et al. (2018); Heo et al. (2015); Heo et al. (2019); Heo et al.

(2018)]), in turn indirectly activating antagonistic muscles through spinal interneuron

pathways. One of the bene�ts of this strategy is the potential of avoiding FES-induced

fatigue as well as discomfort from the high-intensity stimulation required to generate

contractions. In general, studies have shown a tremor reduction rate of 40-60% with

afferent stimulation [Hao et al. (2017); Heo et al. (2015); Jitkritsadakul et al. (2015); Dosen

et al. (2014)]. Thus, there is a potential for incorporation of afferent stimulation into

real-time tremor suppression techniques. However, it is �rst essential to model and

characterize tremors in order to properly detect tremor onset and cue the timing of

tremor suppression.

Current methods for modeling, characterization, and classi�cation of tremor include

accelerometers, gyroscopes, motion capture systems, and EMG [Grimaldi and Manto

(2010); Rigas et al. (2012); Vaillancourt and Newell (2000); Matsumoto et al. (2012) ].

However, these sensing methods mainly assess the kinematics of the limb during the

onset of tremor and do not provide insight into the tremor at a neuromuscular level.

While EMG is an effective neuromuscular signal, due to stimulation artifacts, it is dif�cult

to detect and stimulate at the same time. Based on these drawbacks, there is a desire

to develop a real-time sensing mechanism that can obtain neuromuscular information

such a muscle position and velocity as a means to detect the onset of tremor. To develop

an ultrasound imaging-driven algorithm to suppress tremor, the following objectives

were achieved:
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– Develop a US imaging-derived metric that can characterize the frequency of tremor

in a distal limb.

– Determine a personalized optimal afferent stimulation frequency and test the effec-

tiveness of the stimulation frequency in a trigger-based control scheme that uses

the real-time US imaging-derived metric of tremor frequency to achieve tremor

suppression.

1.3 Dissertation Outline and Contributions

This dissertation has three main chapters.

• Chapter 2: A real-time ultrasound fatigue algorithm using NVIDIA's CUDA architecture is

developed. The real-time measurements are then incorporated into an MPC framework

to perform a knee extension task ( n = 6, 2 SCI, 4 no disability). The fatigue measuring

performance of the real-time ultrasound algorithm is benchmarked with isometric torque

measurements from a dynamometer. The implementation of the MPC algorithm with

real-time ultrasound is then shown on walking experiments ( n = 4, 2 SCI, 2 no disability).

The contributions and key takeaways of this chapter are as follows:

– An adaptive speckle tracking algorithm to measure fatigue from a sequence of US

images was implemented in real time on a graphical processing unit (GPU) by using

NVIDIA's CUDA architecture

– The mathematical fatigue model used in current MPC approaches was augmented

with low-sampled fatigue measurements from US images and integrated into an

MPC approach to allocate effort between motors and FES during knee extension

and walking

– Results show that when real-time US-derived strain measurements indicate the

muscle fatigues, less effort is placed on FES, and more motor torque is used to guide

the desired motion.

• Chapter 3: In this chapter, a model is proposed which predicts the force generated by each

electrode in an SDAS setup. The model can account for stimulation intensity and include

fatigue updates from US. An experimental protocol is developed to identify and validate

the proposed model while also analyzing the fatigue rates of the VL and VM during

SDAS. Additionally, optimal control approaches are developed to perform force and joint

position tracking and show the implementation of the SDAS model in conjunction with
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a hybrid exoskeleton during a walking task. The contributions and key takeaways of this

chapter are as follows:

– Experimental results validated the proposed SDAS model that predicts the force

generated by each electrode during SDAS

– Fatigue analysis from US images of the VL and VM during SDAS indicate a high

correlation with fatigue dynamics in the proposed model

– Optimized stimulation intensities lead to increased power output and lower force

decay compared to the traditional stimulation approach and SDAS with constant

intensity

– SDAS can be used in a hybrid exoskeleton and results in lower effort from the motor

in comparison to the traditional stimulation approach.

• Chapter 4: A US image-driven approach to detect the onset of tremor based on frequency

is developed. US images, along with signals from EMG and IMU, are collected during

tremor and a frame-to-frame tissue displacement is extracted from US images of both

�exor and extensor muscles of the forearm. The real-time ef�cacy of tissue displacement-

based feedback during afferent stimulation is tested on one participant with Parkinson's

Disease. The contributions and key takeaways of this chapter are as follows:

– US imaging-derived tissue displacement of the �exor carpi radialis (FCR) and exten-

sor carpi radialis (ECR) during tremor is equally effective in predicting the frequency

of tremor as EMG and IMU measurements

– A preliminary frequency sweep on a participant with Parkinson's Disease indicates

that 100 and 200 Hz are optimal frequencies at which the most tremor suppression

occurred

– For the �rst time, real-time US imaging-based feedback was used as a cue to start

or stop stimulation in a participant with Parkinson's Disease.
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CHAPTER

2

REAL-TIME ULTRASOUND IMAGING OF A

HUMAN MUSCLE TO OPTIMIZE SHARED

CONTROL IN A HYBRID EXOSKELETON

2.1 Introduction

Recently, powered exoskeletons have emerged as a technology that can restore lower limb

mobility during functions such as sit-to-stand and walking [Miller et al. (2016) ]. While these

robotic devices are useful in clinical rehabilitation and enable the user to perform lower body

functions, the user does not obtain the therapeutic and physiological bene�ts of FES [Grif�n

et al. (2009)]. Potentially, robotic exoskeleton devices, when augmented with FES, can help

users achieve active muscle contractility while simultaneously receiving assistance from the

exoskeleton to overcome the effect of FES-induced muscle fatigue. The cooperative torque

assistance from FES also reduces the power requirement from the robotic exoskeleton and

potentially leads to portable, longer-lasting solutions [Del-Ama et al. (2014); Del-Ama et al.

(2012); Ha et al. (2012)]. A key to effective shared control in a hybrid exoskeleton is to directly

measure the muscle's fatigue state, update the fatigue model, and then use an optimal control

framework such as MPC to optimize and automate the distribution of inputs to FES and
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exoskeleton.

The main objective of this chapter is to evaluate a real-time US-based sensing technique

that has the capability of measuring FES-induced fatigue via changes in muscle contractility

and informing an MPC-based control allocation framework (Fig. 2.1). We designed an experi-

mental protocol to study the use of real-time fatigue measurements in an MPC framework to

track a continuous knee joint angle during seated knee �exion / extension and walking tasks on

participants with and without SCI. We simultaneously addressed the need for real-time state

measurements of fatigue by using a graphical processing unit (GPU)-based implementation of

the US imaging-driven adaptive speckle tracking algorithm in [Sheng et al. (2019)]. Further, we

compare the US-derived real-time fatigue measurements during FES-elicited muscle contrac-

tions with the fatigue measurements from a dynamometer to validate the former's real-time

accuracy. We also compare the performance of the MPC scheme with real-time US-based

measurements against the fatigue model alone to determine if inaccurate fatigue indication

causes under/ overstimulation of the quadriceps. Finally, because cooperative control between

FES and exoskeleton may reduce the torque requirement from the exoskeleton, we validate if

the exoskeleton torques are reduced upon the addition of FES when compared to a case when

only exoskeleton is used.

2.2 Objective 1: Augment the Fatigue Model Used in Current

MPC Approaches With a US-Derived Fatigue Measurement

in Real Time

2.2.1 Knee Extension Dynamic Modeling with Real-Time US-Derived Fa-

tigue Measurements

Our goal is to model and investigate cooperative control of a single degree of freedom leg

extension model during both knee extension and walking tasks. The leg extension dynamics

for a single degree of freedom musculoskeletal model are given as

J ¨� + � p (� , �� ) + G(� ) = � , (2.1)

where � , �� , ¨� 2 R represent the angular position, velocity, and acceleration of the knee joint,

J 2 R+ is the moment of inertia of the leg, and G(� ) = mg l sin(� + � e q) is a term that represents

the torque due to gravity where m 2 R+ is the mass of the lower leg, g is the gravitational

acceleration constant, and � e q 2 R+ is the equilibrium position of the lower leg with respect to
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Figure 2.1: Overview of proposed real-time ultrasound imaging technique for shared control.
Measuring US-derived strain changes during isometric contractions in real-time could lead
to more accurate allocation between FES and motors during shared control. As the muscle
fatigues, the hybrid exoskeleton should reduce the FES input while increasing motor usage.
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the vertical. � p is the passive torque of the knee joint and is modeled as

� p (� , �� ) = d1(� � � 0) + d2
�� + d3ed4� + d5ed6� , (2.2)

where � , �� are the anatomical knee joint angle and angular velocity de�ned as � = �= 2 � � �

� e q, �� = � �� and d i (i = 1,2, ...,6) 2 R are person-speci�c parameters. The total torque � 2 R is the

sum of torques generated from an electric motor and FES and is de�ned as � = u 1 + � ke , where

u 1 is the control input to the motor and � ke is the torque generated by FES. The FES-elicited

torque is modeled as

� ke = � (� , �� )� a , (2.3)

where � (� , �� ) = (c2� 2 + c1� + c0)(1 + c3
�� ) is a positive, bounded function that represents

nonlinear muscle torque-length / velocity dynamics, ci (i = 0,1, . . . ,3) 2 R are person-speci�c

parameters, and a 2 [0,1] is the muscle activation from FES. The activation is modeled as

�a =
u 2 � a

Ta
, (2.4)

where u 2 2 [0,1] is the normalized FES pulsewidth or current input, Ta 2 R+ is a muscle activa-

tion time constant, and � 2 [� min ,1] is the FES-induced muscle fatigue modeled as

�� = w f (� min � � )a + w r (1 � � )(1 � a ), (2.5)

where w f ,w r 2 R+ are the reciprocals of fatigue and recovery time constants Tf and Tr respec-

tively and � min 2 (0,1) is the person-speci�c minimum fatigue value. Based on the fatigue

model, when the muscle is rested, the fatigue level is 1, whereas when the muscle is completely

fatigued, the fatigue level is � min .

2.2.2 Fused Real-Time Ultrasound Fatigue Estimate

Our goal is to update the fatigue model in (2.5) with normalized strain measurements from US

images obtained at a lower sampling frequency than the exoskeleton controller. To achieve

this, we use a sampled-data-observer (SDO) structure to fuse each independent US-derived

strain measurement with the model de�ned as

�̂� = w f (� min � �̂ )a + w r (1 � �̂ )(1 � a ) + � �̃ (t k ), (2.6)

12



where �̂ is the estimated fatigue, a is the muscle activation from a normalized FES current

input, � 2 R+ is a positive gain, and

�̃ (t k ) = �̂ (t k ) � � (t k ), (2.7)

where � (t k ) is the normalized strain measurement obtained by US at time instant t k and � (t k )

is held constant until a subsequent measurement is available at t k +1 and the time between two

measurements is denoted as T .

Theorem 1. The error between the the model in (2.5) and the augmented model in (2.6) asymp-

totically converges to zero if � is chosen as

2w r

3
< � < 2w r (2.8)

and the sampling time T between two consecutive US images measurements

2

2w r � �
l n (

� + 2w r

3� � 2w r
) > T. (2.9)

Proof. Choose a Lyapunov functional candidate as

V (t ) =
1

2
�̃ 2, (2.10)

where �̃ is the error between (2.5) and (2.6) de�ned as �̂ � � . Taking the derivative of V (t ) and

using the de�nitions of �̂� and �� gives

�V = �̃ ( �̂� � �� )

= �̃ (� w f �̂ a � w r �̂ + w r �̂ a + � �̃ (t k ) + w f � a + w r � � w r � a )

= �̃ (� w f a(�̂ � � ) � w r (�̂ � � ) + w r a(�̂ � � ) + � �̃ (t k ))

= � w f a �̃ 2 � w r �̃ 2 + w r a �̃ 2 + � �̃ (t k ).

(2.11)

Using the assumption that Tr � Tf (i.e., the muscle fatigues much faster than it recovers) and

Young's Inequality gives

�V � � (w f � w r )a �̃ 2 � w r �̃ 2 + �̃� �̃ (t k )

� � w r �̃ 2 + �̃� �̃ (t k )

� � w r �̃ 2 + 1
2 � �̃ 2 + 1

2 � �̃ (t k )2

= � (w r � �
2 )�̃ 2 + 1

2 � �̃ (t k )2.

(2.12)
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�V can be further bounded as
�V � � � V + � V (t k ), (2.13)

where � = w r � �
2 and � < 2w r . Multiplying both sides by e � t and integrating on [t k , t k +1] gives

V (t k +1) � [ �
� � �

� e � � T � e � � T ]V (t k )

= &V (t k )
(2.14)

where &= [ �
� � �

� e � � T � e � � T ]. Thus for any iteration k

V (t k ) � &k V (t 0). (2.15)

It is clear that, if & < 1, V (t k ) approaches zero as k increases .To �nd bounds on � that satisfy

& < 1, we note that � should satisfy � < 2w r and de�ne a variable �̄ such that � = 2w r � �̄ .

Rearranging the terms of &and plugging in �̄ gives

4w r � 2�̄

�̄
� 1+ e � ( �̄

2 )T (
4w r � 2�̄

�̄
+ 1). (2.16)

Further performing algebraic manipulation, we can get

2

�̄
l n (

4w r � �̄

4w r � 3�̄
) � T. (2.17)

Substituting � back into (2.17) gives

2

2w r � �
l n (

� + 2w r

3� � 2w r
) > T. (2.18)

Thus, if 2w r
3 < � � 2w r is satis�ed, and the sampling time between consecutive US measure-

ments satis�es (2.18), & < 1and the error between the augmented and nominal model converges

to zero.
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2.3 Objective 2: Implement and Test the Ability of the Aug-

mented Fatigue Model in an MPC Scheme to Properly Allo-

cate Effort Between Motors and FES During Seated Knee

Extension and Walking Tasks

2.3.1 MPC Framework

The goal of the MPC framework as previously shown in Sun et al. (2021) is to determine the

motor and FES inputs, u 1 and u 2, to track a desired joint angle trajectory � d (t ) 2 R. In this

framework, parameters for the nominal leg extension model without any disturbances are

denoted by x̄ , while x is a generalized state of the actual system. To achieve the goal of the

MPC, error terms e, r 2 R are de�ned as

e = � d � ¯�

r = �e + � e,
(2.19)

where � 2 R+ is a positive gain. An additional error, ex 2 R, is introduced as

ex = ā � ād , (2.20)

where ād is de�ned as ād = �̂ � 1(J̄� (q̈d + � �e) + L̄ � ), where J̄� , L̄ � are de�ned as J̄� = J
� and

L̄ � =
� p +G

� . From [Sun et al. (2021)], the closed loop error system becomes

J̄� �r = � �̂ ex �
ū 1

�
. (2.21)

Taking the time derivative of ex gives

�ex =
1

Ta
u 2 �

1

Ta
ā � �̄ad . (2.22)

Based on (2.22), the FES input, u 2, is then designed as u 2 = Ta (v + �̄ad + ā
T a + �̂ r ), where v (t ) 2 R

is the unknown control input to be determined by the MPC. By de�ning a nominal state x̄ 2 R3

as x̄ =
”

e r ex

—T
and control input ū 2 R2 as ū =

”
ū 1 v (t )

—T
, the error system in state

space form is given as

�̄x =

2

6
4

r � � e
1
J̄�

[� �̂ ex � ū1
� ]

�̂ r + v

3

7
5 = f (x̄ , ū ). (2.23)

15



The MPC framework determines the optimal ū by solving the optimization problem

min
ū

Z t k +T

t k

l (x̄ , ū )d t + V (x̄ (t k + T )) (2.24)

subject to:
�̄x = f (x̄ , ū )

�̂� = w f (� min � �̂ )ā + w r (1 � �̂ ) + � �̃ (t k )

x̄ (t k + T ) 2 
 T

ū 2 U

Ta �ad � 1 � Ta 
 r � Ta 
 2

(2.25)

where U is a set of control inputs that bounds ū , 
 r is a compact set de�ned in [Sun et al.

(2021)] and 
 T is a terminal region de�ned as

jj x̄ (t k + T )jj2 � 3

 2

1 + 
 2
2

k 2
s + k 2

, (2.26)

where 
 1, 
 2,ks,k 2 R+ are positive control gains. The running cost l (x ,u ) and terminal cost

V (x (t k + T )) are de�ned as

l (x ,u ) = x̄ T Q x̄ + ū T Rū

V (x (t k + T )) = 1
2e2 + 1

2 J̄� r 2 + 1
2e2

x ,
(2.27)

where Q 2 R3� 3 and R 2 R2� 2 are positive de�nite, symmetric matrices which can be designed

to emphasize speci�c aspects of the optimization problem in (2.24) (i.e., minimize joint angle

error, input to FES, etc). To account for disturbances between the measured states and the

states from the nominal model, a nonlinear feedback controller is designed as

u f = #(jj� jj)jj� jjsat(
�

" 1
) + $ sat(

�

� 1
) + �� , (2.28)

where " 1, � 2 R+ are control gains, $ is the upper bound of the disturbance w (t ) to the nominal

system, and � , � 2 R are terms that represent the error between the nominal and actual knee

joint angle and are de�ned as

� = ¯� � �

� = �� + � � ,
(2.29)

where � 2 R+ is a positive constant, � =
”

� �
—T

, and #(jj� jj) 2 R+ is a positive, monotonic,
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Table 2.1: Participant Demographics.

Participant Age Gender Injury Level
B1 26 M N/ A
B2 26 M N/ A
B3 27 M N/ A
B4 28 M N/ A
S1 52 M T10, incomplete
S2 60 M T7, complete

bounded function such that

Ñ = � p (� , �� ) � � p ( ¯� , �̄� ) + G(� ) � G( ¯� )

+ � ke ( ¯� , �̄� )ā �̂ � � ke (� , �� )a �̂ + � J� � � 2 J�

� #(jj� jj)jj� jj.

(2.30)

The total input that goes to the motor is then given as

u 1 = ū 1 + u f . (2.31)

[Sun et al. (2021)] further derives a terminal controller to guarantee recursive feasibility and

ensure that the control inputs of the original system stay within their constraints. The optimal

control problem in (2.24) was solved in real-time using a fast gradient projection algorithm

described in Englert et al. (2019). The overall implementation of the shared control framework

during the knee extension study is shown in Fig. 2.2.

2.3.2 Experimental Design

All experimental procedures performed in this study were approved by the Institutional Review

Board (IRB) at North Carolina State University (IRB approval #: 20553). Four participants

without disability and two participants with SCI were recruited to participate in this study. The

overall study was broken into two sections: continuous knee extension and walking. During

each section, the MPC framework for allocating FES and motor inputs was implemented with

and without ultrasound feedback. Details on each participant are shown in Table 2.1.
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Figure 2.2: Control framework of MPC with real-time US to perform knee extension tasks. A
sinusoidal knee �exion-extension motion was performed for two minutes using MPC, which
allocated FES and motors based on the US imaging-derived fatigue level. When the leg was
in the vertical position during the trajectory, a diagnostic FES pulse was delivered to obtain
a fatigue estimate. As the muscle fatigues due to continuous stimulation from FES, the MPC
should ensure that the FES dosage decreases and that the motor increases its contribution to
guarantee joint angle tracking performance.
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2.3.3 Real-Time GPU-Based Adaptive Speckle Tracking to Estimate Muscle

Fatigue

In [Sheng et al. (2019)], a speckle tracking algorithm to estimate fatigue during FES contractions

was developed that followed the following procedure:

1. Determine the displacement matrix in axial and lateral directions between consecutive

US images m and n at each spatial position (x , y ) in the region of interest (ROI) of US

images. The displacement is calculated as

dm ,n (x , y ) = argmax
u ,v

(
 (u ,v )) (2.32)

where 
 (x , y ) is the normalized cross-correlation given as


 (x , y ) =

P
Kx ,y

(fm (a ,b ) � f̄m )(fn (a + u ,b + v ) � f̄n ,u ,v )
Ç P

Kx ,y
(fm (a ,b ) � f̄m )2(fn (a + u ,b + v ) � f̄n ,u ,v )2

, (2.33)

where fn , fm are the envelopes of the delay-and-sum beamformed images for frames

m and n , (u ,v ) 2 Wu ,v are all points inside a search window of dimensions Wu � Wv ,

(a ,b ) 2 Kx ,y are all points inside a kernel of dimensions Kx � Ky , and f̄m , f̄n ,u ,v are mean

values of fm (a ,b ) and fn (a + u ,b + v ), respectively.

2. Spatially �lter dm ,n (x , y ) to account for tracking noise between each pair of frames. An

M � N pixel kernel was generated and centered around (x , y ). The median value of

dm ,n (x , y ) within the kernel was assigned to a �ltered displacement map d f (x , y ).

3. Accumulate the displacement with respect to the �rst image of the motion. The accumu-

lated displacement at frame n , de�ned as sn (x , y ), can be calculated as

sn (x , y ) = (xn , yn ) � (x0, y0), (2.34)

where

(xi , yi ) = (xn � 1, yn � 1) + dn � 1,n (x , y ). (2.35)

4. Calculate axial strain by applying a Savitzky-Golay �lter [Savitzky and Golay (1964)] on

the cumulative displacement in the direction of propagation of US images.

It is noted that the computation time of the normalized cross-correlation increases quadrat-

ically with the size of the kernel, search window, and ROI. Additionally, to estimate small tissue

motion between a set of US images, it is necessary to interpolate the US images to obtain a
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smaller lateral resolution, thus increasing the number of spatial locations at which the corre-

lation coef�cient is computed. To overcome these challenges, because 
 (x , y ) at each spatial

location is independent, the speckle tracking algorithm was implemented using a parallel

processing GPU framework in which each set of US images was loaded on a GPU and all values

of 
 (x , y ) were computed simultaneously [Sheng et al. (2022)].

When using the GPU implementation, the fatigue estimate between two consecutive images

is reduced from the time scale of minutes to < 1 second. To obtain a fatigue estimate for a

full isometric contraction, the frame-to-frame displacement is accumulated across the total

number of frames in the contraction. Thus, the total computation time is the time required

to calculate tissue motion between two frames multiplied by the number of frames in the

contraction. The �nal fatigue estimate is obtained by taking the gradient of the accumulated

displacement in the direction of US propagation, and its computation time is dependent on

the sizes of the kernel, search window, and region of interest, the interpolation factor, and the

contraction duration. The work�ow for the GPU-adapted speckle tracking algorithm is shown

in Fig. 2.3.

Since the fatigue measurement from US images is computed by accumulating displace-

ment across multiple frames, the sampling time of US fatigue measurements is much lower

than the control frequency of the exoskeleton. Additionally, each measurement is treated as

an independent sample that indicates the strain during an independent contraction along

with a noise component due to the tradeoff between robust speckle tracking parameters and

computation time. The SDO addresses these issues by fusing the fatigue model with each

measurement.

In our previous studies [Sheng et al. (2019); Sheng et al. (2021a)], US images were captured

during isometric contractions within a fatiguing protocol, and strain measurements were

computed of�ine, providing the capability of analyzing larger ROIs and prolonged muscle

contractions. To mimic these methods in a real-time exoskeleton control environment, we

designed a diagnostic stimulation protocol for both knee extension and walking tasks. The

diagnostic stimulation protocol consists of a one-second diagnostic pulse applied during

a period during the desired trajectory at which the knee joint has zero velocity to ensure a

quasi-isometric contraction. During the diagnostic pulse, the US system was delay-triggered to

collect raw radio frequency (RF) data at 1000 Hz and transfer the data to the GPU platform after

150 ms of stimulation to estimate the muscle response to FES after electromechanical delay. All

images were reconstructed by delay-and-sum beamforming, and the US speckle tracking was

implemented on the GPU. � (t k ), the fatigue at time t k in (2.7), was calculated by averaging the

strain at each pixel in the ROI and normalizing to the �rst contraction in the trial. The fatigue

measurement was then sent to the MPC via a data transfer protocol (UDP). The procedure can
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Figure 2.3: Parallel computation of an adaptive speckle tracking algorithm to measure real-
time strain changes. The displacements at each point in the region of interest (ROI, green
squares) between two US images are independent and can be computed simultaneously. US
images are loaded onto the GPU, and the tissue motion at each point is computed using in
parallel NVIDIA's CUDA architecture. The solid red squares highlight original tracking points,
with solid lines indicating the surrounding kernels in the original frame, while the blue squares
represent the displaced points in the tracking frame. In the tissue motion estimation map,
red highlights a positive strain (i.e., tension), while blue represents a negative strain (i.e.,
compression) in the direction of propagation of US.
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be summarized in the following steps:

1. Start diagnostic stimulation.

2. Trigger US system to collect US images.

3. Beamform images and perform speckle tracking of the image sequence.

4. Average strain map of the �nal image, normalize, and send to exoskeleton controller.

It is noted that in real-time, steps 1-4 provide a visualization of a partial muscle contraction

in comparison to the of�ine approach during which the whole muscle contraction can be

imaged. To image a longer contraction, the number of frames in step 2 can be increased, thus

increasing the computation time of a fatigue measurement.

2.3.4 Continuous Knee Extension

The framework and experimental setup for the continuous knee extension study is shown in

Fig. 2.4. Participants were seated in a lab-fabricated exoskeleton as seen in Fig. 2.4a with the

left knee joint actuated by an electric motor (Harmonic Drive LLC, MA, USA) and electrical

stimulation of the quadriceps achieved using a commercial stimulator (Rehastim 2, HASOMED

GmbH, Germany) which administered FES at a frequency of 33 Hz and a pulse width 300 µs

through adhesive electrode pads (PALS, 7.62 cm by 10.16 cm, Axelgaard Manufacturing Co.,

Ltd., USA). A clinical ultrasound linear transducer (L7.5SC Prodigy Probe, S-Sharp, Taiwan)

was placed longitudinally on the thigh and �xed by a customized probe holder to image the

targeted quadriceps muscle.

Participants went through an experimental protocol that consisted of two two-minute trials

(“fatigue” and “recovery”) during a seated knee extension as shown in Fig. 2.4b. The MPC with

real-time US updates was administered to track a desired trajectory, shown in Fig. 2.4b. The

goal of the fatigue trial was to test allocation when the fatigue was initialized at different values.

During the fatigue trial, because FES was being used for a two-minute duration, the quadriceps

would fatigue. The goal of the recovery trial was to determine allocation when the muscle

started at a fatigued state (i.e., during the recovery trial, the MPC should rely more on motors

to maintain the tracking performance than during the fatigue trial).

Before and after each trial, participants sat in a dynamometer (Biodex, Medical Systems, NY,

USA), and isometric torque measurements at the knee joint during a one-second stimulation

pulse were recorded as a benchmark for fatigue. In between the fatigue and recovery trials,

real-time US measurements were collected based on a diagnostic pulse for comparison with

the normalized isometric torque and for model re-initialization.
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(a)

(b)

Figure 2.4: (a) Experimental setup for the continuous knee extension using a lab-developed
exoskeleton. (b) Overview of experimental procedure when MPC with real-time US was used to
allocate FES and motors during a continuous knee extension task. Each participant performed
two continuous knee extension trials during which the MPC framework tracked a sinusoidal
trajectory for two minutes.
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Figure 2.5: Experimental setup while a participant with SCI was seated and after they per-
formed a sitting-to-standing task with assistance of the INDEGO exoskeleton, highlighting US
probe placement during the walking trials.

2.3.5 Overground Walking

The overall framework and experimental setup for the walking experiments is shown in Fig. 2.5

and Fig. 2.6. Two participants with no disability and two participants with SCI ( n = 4) donned

an INDEGO (Ekso Bionics, Ohio, USA) exoskeleton embedded with FES capabilities as seen

in Fig. 2.5 and performed four trials consisting of 20 steps (10 left, 10 right) in which the MPC

framework was used to track the left knee trajectory during the gait cycle. The linear transducer

used in the walking experiments (L7.0SC Prodigy Probe, S-Sharp, Taiwan) was oriented along

the same axis as the leg and secured using medical tape as seen in Fig. 2.5.

At the beginning of each trial, real-time US measurements were collected to initialize the

fatigue model for the subsequent trial. Additionally, the participant started each trial in a

seated position and performed a sit-to-stand task solely using a feedback controller before

performing the walking. The trajectories for the sit-to-stand task were designed based on a

virtual constraint method in [Molazadeh et al. (2021) ].

The timing and control of the exoskeleton was governed by a �nite state machine (FSM)

with four states: initial sit-to-stand, right half step, left step, and right step. The FSM started

by transitioning from sit-to-stand followed by a right half step, and it proceeded to alternate

between left step and right step for the entire 10 left step trial. Both full step states in the
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Figure 2.6: Framework for experiments where MPC with real-time US was used to perform
knee �exion / extension during a walking task. Each participant donned the exoskeleton and
performed four trials of 20 steps (10 left, 10 right) during which the MPC was used to control
knee �exion / extension on the left leg and a feedback controller was used on the right knee and
both hip joints.
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FSM were divided into the following three sub-states: swing leg hip and knee �exion along

with stance leg �exion / extension, swing leg knee extension, and stance leg hip extension. The

trajectory for each sub-state was designed using a third-order polynomial trajectory based on

the desired angles of hip and knee �exion and extension. The desired �exion and extension

angles for the hip and knee are highlighted in Fig. 2.6. The MPC algorithm was implemented on

the left knee during states 2-5 of the FSM, while the right knee and both hips were controlled

by a robust-integral-signum-error (RISE) controller [Xian et al. (2004)]. The RISE controller is

given by the control law

� = ke2 +

Z t

0

k � 2 + � sgn(e2) d s, (2.36)

with tracking errors e1, e2 de�ned as

e1 = � d � � (2.37)

e2 = �e1 + � 1e1, (2.38)

where k ,� 1,� 2 2 R+ are positive gains, � d (t ) 2 R is the desired trajectory, � (t ) 2 R is the joint

angle, and sgn() is a signum function. Similar to the knee extension experiments, US imaging-

based fatigue measurements were received during each left step based on images collected

during a diagnostic pulse to provide a quasi-isometric contraction while the left leg was in the

stance phase. The periods during which the quadriceps were stimulated by the MPC and by a

diagnostic FES pulse are in the �rst row of the desired trajectories in Fig. 2.6.

2.4 Experimental Results

2.4.1 Continuous Knee Extension Tracking and Actuator Allocation

The average root mean squared error (RMSE) between desired and actual trajectories for all

participants was 2.74 � 0.53 (mean � STD) and 2.67 � 0.41 degrees during the fatigue and

recovery trials, respectively. The average knee joint position, average motor and FES inputs,

and fatigue pro�le with US updates for a participant without disability during the fatigue trial

are shown in Fig. 2.7.

To determine a performance metric which highlights motor and FES usage, we computed

the time integral of motor torque and normalized FES for each knee extension cycle during the

fatigue and recovery trials for all participants (Fig. 2.8a). The average integral of normalized

FES during the fatigue and recovery trials was 0.38� 0.24 and 0.075� 0.056 s, respectively. The

average integral of motor torque during the fatigue and recovery trials was 14.60� 4.26 and

20.96� 5.11 Nm-s, respectively. A one-tailed t-test revealed a signi�cant difference in motor
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and FES inputs during the fatigue and recovery trial (one-tailed t-test, p = 0.004 for motors,

p = 0.009 for FES,� = 0.05).

Figure 2.7: Average joint angle, motor inputs, and knee extension FES inputs during the
fatigue trial across all participants and all �exion / extension cycles along with representative
fatigue measurements (B3, right). Real-time US-derived measurements were used to update
the model using a sampled-data-observer approach at each time instant that US-based fatigue
measurements were available (indicated by the red circles).

The experimental protocol was repeated using only the fatigue dynamic model in the

MPC. In this case, the initial condition for the recovery trial was re-initialized from normalized

isometric torque measurements. The average RMSE was 2.81� 0.60 and 2.78� 0.61 degrees

during the fatigue and recovery trials, respectively, when the MPC allocation relied only on the

fatigue model without US-derived fatigue updates. The RMSEs for each trial and participant are

shown in Table B.4. There is no signi�cant difference in RMSE in either the fatigue or recovery

trials when US is used as feedback compared to the fatigue model without US updates. The

average integral of normalized FES during the fatigue and recovery trials with only the fatigue

model was 0.43� 0.19 and 0.10� 0.07 s, respectively (one-tailed t-test, p < 0.001, � = 0.05), while

the average integral of motor torque during the fatigue and recovery trials was 13.48� 2.86
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(a)

(b)

Figure 2.8: (a) Integrals of average normalized FES and average motor torques across all knee
extension cycles for all participants (with no disability and with SCI) during the fatigue and
recovery trials. The integral of motor input increases during the recovery trial, while the FES
integral decreases, indicating that as the muscle fatigues the hybrid exoskeleton uses less
FES and more motor to perform the knee extension task. (b) Final fatigue indices with and
without US imaging-based feedback for the fatigue trial (left) and recovery trial (right) for both
participant groups.
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(a)

(b)

(c)

Figure 2.9: (a) Integral of total fatigue during the fatigue and recovery trials. For both groups,
the US measurements detect more fatigue (lower fatigue index) than just the fatigue model. (b)
Fatigue measurements based on decay in isometric torque during a diagnostic stimulation
pulse measured from a dynamometer and from US imaging after continuous knee extension
using MPC. The difference between fatigue measurements from US and isometric torque
measurements is less than .07 (7%) for all participants. (c) Fatigue measurements from the
dynamometer after the fatigue trial with real-time US measurements and shared control
compared to fatigue measurements from the dynamometer when a feedback controller using
only FES was used for continuous knee extension. The MPC with US measurements and shared
control results in less fatigue.
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and 18.21 � 1.85 Nm-s, respectively (one-tailed t-test, p = 0.001, � = 0.05). The integrals of

normalized FES and motor torques for each participant with and without ultrasound feedback

are shown in Supplementary Table B.4.

2.4.2 Real-time US Fatigue Measurements Compared to the Dynamic Model

We compared the fatigue values during the �nal �exion / extension cycle of fatigue and recovery

trials when US updates were used as feedback to using the model only. Due to the different

fatigue rates of people with and without disability, we grouped their fatigue values separately

(Fig. 2.8b). For the participants with no disability, the average fatigue value after the �nal cycle

of the fatigue trial with the model with US updates and with the model only was 0.69� 0.11 and

0.78� 0.05 (one-tailed t-test, p = 0.05� = 0.05), respectively. The average fatigue value after the

�nal cycle of the fatigue trial was 0.39� 0.01 and 0.46� 0.01 (one-tailed t-test, p = 0.02� = 0.05)

for the participant with SCI. For the participants with no disability, the average �nal fatigue

values after the �nal cycle of the recovery trial with the model with US updates and with the

model only were 0.55� 0.17 and 0.84� 0.03 (one-tailed t-test, p = 0.004, � = 0.05), respectively.

For the participant with SCI, the average fatigue value after the �nal cycle of the recovery trial

was 0.50� 0.02 and 0.90� 0.03 (one-tailed t-test, p = 0.003, � = 0.05). The �nal fatigue index for

each participant in each case is shown in Supplementary Table B.3.

We further compared the integral of the total fatigue index across both fatigue and recovery

trials with and without US updates (Fig 2.9a). For the participants with no disability, the average

integral of fatigue index was 172.45� 17.43 and 201.48� 5.47 s with US updates and with the

fatigue model only, respectively (one-tailed t-test, p = 0.004, � = 0.05). The average integral of

fatigue index was 144.8� 3.39 and 167.90� 2.97 s for the participant with SCI when US updates

and the fatigue model only were used, respectively (one-tailed t-test, p = 0.009,� = 0.05).

2.4.3 Benchmarking Real-Time US Measurements with Fatigue from a Dy-

namometer

It is seen in Fig. 2.7 that when a real-time ultrasound measurement is available, the SDO

described in (2.6) is used to update the model. The amplitude of the difference in fatigue

between the model update and the original model is determined by the discrepancy between

the model and measurement. However, it is unclear if the model or the measurement is closer

to the true fatigue of the muscle since the model is heavily dependent on system identi�cation

parameters and an accurate initial condition while the ultrasound measurement is susceptible

to variance and noise due to the discrete time points at which measurements are taken. To
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benchmark the ultrasound measurement, normalized strain values were collected after each

trial as described in the experimental procedure and compared to fatigue recorded by the

isometric torques (Fig. 2.9b). The average fatigue measurements taken from the US and the

dynamometer after the fatigue trial was 0.76� 0.14 and 0.76� 0.13, respectively, and the average

difference between fatigue measured from the dynamometer and real-time US was 0.03� .02.

We performed a one-tailed t-test which indicated no statistical difference between the fatigue

measured from real-time US and the dynamometer ( p = 0.5, � = 0.05). This indicates that

US-derived strain measurements can be used as an indicator of fatigue in real time.

2.4.4 Comparison of Shared Control to FES-only Control for Knee Extension

We conducted another isolated seated knee extension trial on all the participants with MPC to

control only FES with no motor contribution or US updates. In this case, the average fatigue

index measured from normalized isometric torque measurements was 0.59 � 0.07. In com-

parison, the MPC for shared motor and FES assistance yielded the average fatigue index as

0.76� 0.12 (one-tailed t-test, p = 0.01, � = 0.05) (Fig. 2.9c).

2.4.5 Shared control framework with real-time US measurements during

walking

To show the functionality of the walking framework, we computed the foot position of the left

leg using forward kinematics. The average vertical and horizontal foot position of all 40 steps

of the left leg controlled by the MPC with US measurements is shown in Fig. 2.10. A positive

horizontal position represents the foot being in front of the hip, and a positive vertical position

represents the foot being above the ground. Average horizontal and vertical foot placement of

the left foot during the walking experiment during which the knee joint was controlled using

MPC with US fatigue updates with a shaded standard deviation for all participants. The foot

position was calculated using forward kinematics from the left hip and knee joint angles. The

average RMSE in the horizontal direction between the desired and actual foot position across

all four trials of 10 steps was 0.14� 0.006, 0.12� 0.01, 0.26� 0.006, and 0.17� 0.008 meters for

the two participants with no disability and two participants with SCI, respectively. The average

RMSE in the vertical direction was 0.03� 0.002, 0.03� 0.004, 0.09� 0.01, and 0.06� 0.004meters,

respectively.The RMSE for each participant during each trial in the vertical and horizontal

positions is shown in Supplementary Table B.4.

To highlight the fatigue-based allocation during the walking task, we plotted the integrals

of FES and motor inputs for each step across all 40 steps against the fatigue index of each step
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derived from real-time US measurements along with a linear regression trend line (Fig. 2.11).

The results show that as the fatigue index decreases (i.e., there is more fatigue), the integral of

normalized FES decreases while the integral of motor torques increases.

We additionally compared the integral of normalized FES during the swing phase of the

1st step of each trial with the integral of normalized FES during the swing phase of the 10th

step (Fig. 2.12) as well as the integral of motor torque during the swing phase of the 1st and

10th steps for participants with and without disability. The average integrals of normalized FES

and motor torques during the swing phase of the 1st and 10th steps for participants with and

without disability are shown in Table 2.2. The individual integrals of normalized FES inputs and

motor torques with and without US feedback during the 1st and 10th steps for all participants

are shown in Supplementary Tables B.5, B.6, B.7, and B.8.

Table 2.2: Average integrals of motor torque and normalized FES during the swing phase while
using shared control with real-time US fatigue updates.

Participant Category Integral of Input Step 1 Step 10 p -value

SCI
FES (s) 1.47� 0.19 1.22� 0.99 0.004

Motor (Nm-s) 6.44� 3.16 12.20� 5.32 0.002

No Disability
FES (s) 1.71� 0.17 1.46� 0.09 0.001

Motor (Nm-s) 3.94� 0.91 5.53� 1.25 0.006

Table 2.3: Average fatigue index during the 10th step when using shared control with and
without US updates.

Participant Category Model Only Model with US update p -value
SCI 0.81� 0.008 0.75� 0.07 0.002

No Disability 0.82� 0.004 0.75� 0.07 0.02

The experimental protocol was repeated on all four participants with the MPC relying on

only fatigue dynamics instead of US feedback. The fatigue indices for all participants at each

step with US updates compared to the model only are shown in B.1 and Supplementary Table

B.9 . We compared the �nal fatigue index during the 10th step of each trial when US was used

to update the model and when only the model was used in the MPC framework (Fig. 2.13).

The average fatigue indices during the 10th step are shown in Table 2.3. We also compared the
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Figure 2.10: Average horizontal and vertical foot placement of the left foot during the walking
experiment in which the knee joint was controlled using MPC with US fatigue updates with a
shaded standard deviation for all participants. The foot position was calculated using forward
kinematics from the left hip and knee joint angles.
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Figure 2.11: Integrals of FES and motor torque for each step plotted against the fatigue index
measured from US images along with a linear regression trend line. As fatigue increases (i.e.,
the fatigue index decreases), the total integral of FES decreases, while the integral of motor
torque increases.
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Figure 2.12: Integrals of FES and motor inputs during the 1st and 10th steps of each trial and
integrals of FES and motor inputs after the 10th step of each trial with and without US feedback.

Figure 2.13: Fatigue index during the 10th step of each trial for participants with and without
disability when walking with MPC which uses the fatigue model with US updates and with
MPC which uses the model only.
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Figure 2.14: Mean and standard deviation of knee motor torques when using the RISE con-
troller and when using MPC during the swing phase to perform a walking task.

Table 2.4: Average integrals of motor torque and normalized FES during the swing phase of
the 10th step while using shared control with real-time US fatigue updates.

Participant Category Integral of Input Model Only Model with US updates p -value

SCI
FES (s) 1.48� 0.08 1.22� 0.99 < 0.001

Motor (Nm-s) 8.21� 1.72 12.20� 5.32 0.038

No Disability
FES (s) 1.58� 0.06 1.46� 0.09 0.03

Motor (Nm-s) 3.64� 2.60 5.53� 1.25 0.006
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integrals of normalized FES and motor torque during the swing phase of the 10th step with and

without US feedback (Fig. 2.12). The average integrals of normalized FES and motor torques

during the swing phase of the 10th step with and without US updates are shown in Table 2.4.

Finally, to verify the reduced power consumption of motors when using shared control, we

compared the knee motor torques from the feedback controller on the right knee to the motor

torques computed from the MPC as seen in Fig. 2.14. Mean and standard deviation of knee

motor torques when using the RISE controller and MPC during the swing phase to perform a

walking task. The average integral of motor torque across the swing phase with the feedback

controller and with MPC was 34.71 � 16.88 and 9.83 � 11.62 Nm-s, respectively (one-tailed

t-test, p = 0.03, � = 0.05).

2.4.6 Comparison of Walking with Shared and FES-only control

We additionally compared the shared control MPC framework with US measurements to an

FES-only walking framework in which there was no motor assistance at the left knee joint.

Participant S2 (injury level T-10) participated in two trials of 20 steps (10 left, 10 right). The fused

fatigue measurements from US and the fatigue model during the �rst trial for both FES-only

and shared control frameworks are shown in Fig. 2.15. The integrals of fatigue index across the

walking duration of two trials are 67.26� 2.96 and 77.32� 2.86 seconds respectively when using

FES-only and shared control, respectively. This indicates that US-derived fatigue measures

are higher (i.e., there is less fatigue) in the case of shared control when compared to FES-only

control for one participant with SCI. This highlights that using an exoskeleton along with FES

can induce less fatigue due to lower FES dosage and will likely improve fatigue resistance over

an extended time compared to the FES-only case.

2.5 Discussion

We demonstrate using US imaging-derived strain measures in real-time with MPC to allocate

inputs between FES and motors at the knee joint in a hybrid exoskeleton for both a continuous

knee extension task and a walking task. The results of this study show that real-time US can be

used as a biomarker for fatigue measurements in closed-loop MPC algorithms. Speci�cally,

real-time fatigue measurements from US imaging and from a dynamometer differed by less

than 7% for all participants (Fig. 2.9b).

FES-induced fatigue leads to a sharp decay in force generation by the stimulated muscle,

which can be observed as a reduction in kinematic joint angle when performing dynamic tasks

such as continuous knee extension and walking. In the presence of closed-loop control, the
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Figure 2.15: Fatigue index at each walking step during the �rst walking trial based on fused
US-model fatigue measurements for both the shared control and FES-only frameworks.

goal of which is to track a prescribed trajectory, the kinematic angle decay is not observable.

Additionally, since current state-of-the-art fatigue indicators such as dynamometers, load cells,

and sEMG are either dif�cult to incorporate into exoskeleton design, suffer from stimulation

artifact interference, or do not directly indicate muscle fatigue state, there is a need for an

alternative fatigue indicator. Based on the results from this study, direct fatigue measurement

can be accomplished using US imaging.

The incorporation of US into the MPC algorithm was accomplished via a SDO to account

for 1) the low sampling rate of US-based fatigue measurements due to memory limitations on

the GPU as well as a tradeoff between measurement accuracy and speed and 2) mismatches

between the fatigue differential model and real-time measurements. It is noted that the propa-

gation of fatigue dynamics is highly dependent on fatigue and recovery time constants and a

known initial condition. At the beginning of any periodic long-term FES task, it is assumed that

the fatigue initial condition is 1 (no fatigue) since the muscle starts at a rested state, but any

mismatch in time constants or initial condition will cause a discrepancy in the fatigue model.

In contrast, the US-derived fatigue measurement detects unmodeled residual fatigue levels

based on tissue motion. The SDO generates a continuous fatigue estimate that re-initializes

whenever a fatigue measurement becomes available.

The MPC algorithm with real-time US measurements was also effective at performing knee

�exion and extension during a walking task while allocating motor and FES. As seen in Fig. 2.11,

as the fatigue level increases, the integral of FES input during the swing phase trends negatively
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(i.e., as the muscle fatigues, less FES is used, and the motor torque contributes more effort)

similar to Fig. 2.8a, where the integral of motor inputs increases while the integral of normalized

FES decreases during the recovery trial of the continuous knee extension experiments. This is

further highlighted by the decrease in FES inputs between the 1st and 10th steps of each trial

Fig. 2.12. Thus, the MPC with real-time US can adapt FES inputs based on fatigue level during

a walking task.

Additionally, from the comparison of the fatigue level at the 10th step for all participants

when using MPC with US feedback to the fatigue level at the 10th step when the MPC relied only

on the model, it is seen that the �nal fatigue value from the US is lower (i.e., the muscle is more

fatigued) than when the MPC relied only on the model (Fig. 2.13). This is consistent with the

continuous knee extension study (Fig. 2.8b). Further, Fig. 2.12 shows the integral of FES during

the 10th step for all trials when the MPC relies on US compared to when the MPC relies only on

the model, and it is seen that the MPC with US feedback uses less FES than the MPC with only

the model. Thus, the MPC scheme can detect more fatigue when US updates are included than

when relying only on the model. Simultaneously, it reduces the FES dosage and maintains good

tracking performance of the knee joint. Thus, including real-time US in the MPC framework

will lead to less overstimulation and could enable muscle recovery over extended periods of use.

In addition to the therapeutic bene�t of FES, another bene�t when using MPC during walking

is that the knee motors require less power than a traditional feedback controller, as seen in Fig.

2.14. The lower power requirement has implications in exoskeleton hardware design and has

the potential to enable the use of more lightweight motors.

While the MPC with real-time US was shown to be effective at performing a walking task and

the results indicate that the FES dosage and motor torque are allocated based on the perceived

fatigue level, it is seen that there are certain outliers in Fig. 2.11. This is because the goal of the

MPC algorithm is to track a desired knee joint trajectory based on a leg extension model in

(2.1), which does not account for forces such as ground reaction forces which may be present

during walking but not seated leg extension. Additional challenges arise with participants with

SCI, such as limitations of the range of motion and the weakened strength of non-stimulated

muscles such as hamstrings, ankle dorsi�exors, and plantar �exors. Further, desired trajectories

from the �nite state machine were designed individually as time-based third-order polynomial

trajectories, leaving the possibility for coordination mismatch. One potential solution would

be to consider a holistic walking model which includes trunk, hip, and knee dynamics as well

as the ground reaction forces and to design the trajectories based on virtual constraints.

The presented results show promise in using real-time US imaging as a fatigue biomarker

in a hybrid exoskeleton. However, there are further limitations that should be addressed prior

to full-scale implementation of US imaging-based fatigue detection as a clinical rehabilitation
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technique. First, there is a tradeoff between real-time US computation time and measurement

accuracy. The computation time using the GPU can be decreased by reducing the size of the

region of interest of the quadriceps, size of the search window, kernel size, and duration of the

FES-induced diagnostic contraction. Decreasing each of these parameters has the potential

to lead to additional noise in the real-time US measurement, which could be corrected by

parameters of the SDO. An alternative option is to tune the size of the ROI, kernel, and search

window or adjust median �lter parameters to track more precise displacements. This usually

involves increasing the size of the ROI to track a larger region of the muscle as well as the size

of the kernel and search window and would increase the sampling time, causing the MPC

scheme to rely on fatigue from the model for a longer duration. Another challenge and potential

problem for future research is developing a US imaging system that is easy to don and doff and

that is more portable compared to the current US platform, which requires a GPU, monitor,

and desktop setup. In our current experimental protocol, during the walking experiments,

the US platform was wheeled with the participant as they walked in the exoskeleton, which

creates a challenge of ensuring the probe does not slip from the quadriceps during each step.

Developing a wearable US system that can detect real-time fatigue is the potential next step in

clinical implementation.

2.6 Summary

Overall, this study established a real-time US fatigue algorithm which can be used in con-

junction with an MPC algorithm to allocate FES and motors in a hybrid exoskeleton based

on the user's muscle fatigue level. The real-time fatigue measurements were benchmarked

with isometric torque measurements from a dynamometer and implemented in real-time to

perform continuous leg extension as well as a walking task on a commercial exoskeleton. The

implications of this study can be expanded to perform other functional rehabilitation tasks

besides walking to improve the overall quality of life of people with SCI.
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CHAPTER

3

ULTRASOUND IMAGING-DERIVED

FATIGUE MEASURES DURING SPATIALLY

DISTRIBUTED ASYNCHRONOUS

STIMULATION TO OPTIMIZE MUSCLE

POWER OUTPUT

3.1 Introduction

Spatially distributed asynchronous stimulation (SDAS) is an approach commonly used to

increase fatigue resistance and power output of the quadriceps [Downey et al. (2014); Laubacher

et al. (2019)]. Unlike the traditional FES approach in which two electrodes are placed on the

quadriceps, during SDAS, multiple electrodes are distributed either to increase activated muscle

mass by placing electrodes on synergistic muscles [Decker et al. (2010);Popovic and Malesevic

(2009);Malešević et al. (2010)] or increase the number of activated muscle �bers within the

same muscle by placing multiple electrodes on a single muscle belly [Laubacher et al. (2017);
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Bergquist et al. (2017); Sayenko et al. (2014); Nguyen et al. (2011)]. In either scenario, distributing

electrodes results in an increased number of motor units being activated and thus generates

more power [Laubacher et al. (2017)]. Thus, there is a desire to develop closed-loop control

approaches to modulate stimulation intensity to each distributed electrode.

The main objective of this chapter is to propose and validate a modi�ed Hill-Huxley model

which accounts for stimulation intensity and predicts the force at each electrode during SDAS.

Additionally, we would like to incorporate US-derived fatigue measurements of the VL and

VM into the augmented model and develop MPC approaches that can determines the optimal

stimulation current intensity required to 1) generate a desired force and 2) track a desired knee

trajectory during dynamic motions during SDAS.

3.2 Objective 1: Modify and Validate the Existing Hill-Huxley

Model to an SDAS Con�guration While Accounting for Stim-

ulation Intensity

3.2.1 Hill-Huxley Force Model for Traditional FES

In [Ding et al. (2002a)], a Hill-Huxley dynamic model of isometric force generation during

traditional stimulation with two electrodes is given as

d CN
d t = 1

� c

P n
i =1 Ri e

(�
t � t i
� c

) � CN
� c

Ri = 1+ (R0 � 1)e(�
t i � t i � 1

� c
)

(3.1)

d F

d t
= A

CN

Km + CN
�

F

� 1 + � 2
CN

Km +CN

(3.2)

where CN represents the calcium dynamics of the muscle, t i is the time of i t h stimulation pulse,

n is the number of stimuli in the pulse train before time instant t , A is a scaling factor driven

by its own dynamics given by
d A

d t
= �

A � A0

� f a t
+ � F, (3.3)

� 1 and � 2 are time constants, Km represents the sensitivity of force generation calcium dynam-

ics, R0 is a term which determines the magnitude of activation based on successive stimulation

pulses, and F is the force generated. The model in (3.1) and (3.2) accounts for stimulation

frequency for a single set of electrodes and does not account for stimulation amplitude or the

force generated by each electrode during an SDAS con�guration.
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3.2.2 Modi�ed Model for SDAS Con�guration with Stimulation Intensity

Inputs

To develop closed-loop control methods which modulate stimulation intensity during SDAS,

we propose a modi�ed model to predict the force at each electrode j in a SDAS setup as

d Fj

d t
= Ap

C̄N j

Kmp + C̄N j

�
Fj

� 1p + � 2p

C̄N j

Kmp +C̄N j

(3.4)

where C̄N j is de�ned as

C̄N j
= u j CN j

(3.5)

to account for stimulation intensity where u j is the normalized stimulation intensity (current

or pulsewidth) between user-speci�c threshold and saturation. The force generated in (3.4) is

dependent on parameters Ap ,Kmp , � 1p , � 2p ,R0p , where the subscript p represents the speci�c

muscle (VL or VM ) targeted by electrode j . Additionally, each electrode j has its own calcium

dynamics based on (3.1) due to the phase delay in the SDAS setup. The modi�ed model in (3.4)

can be scaled in dimension to match the number of electrodes targeting each muscle. The total

force generated is a sum of the individual forces of each muscle and is computed as

F =
Nv lX

j v l =1

Fj v l +
Nv mX

j v m =1

Fj v m , (3.6)

where Nv m and Nv l are the number of electrodes targeting the VL and VM respectively. The

dynamics for Av m and Av l are given as

�Av m = �
Av m � A0v m

� f a t v m

+ � v m Fv m , (3.7)

and
�Av l = �

Av l � A0v l

� f a t v l

+ � v l Fv l m . (3.8)

Given a set of pre-calculated calcium dynamics for each electrode for both the VL and VM from

(3.1) based on known frequencies during the SDAS setup, the dynamics can be de�ned in a

generalized state space form as

�x = f (x ,u ), (3.9)

where u is a vector of all the control inputs. The state vector x 2 RN is de�ned as

x =
”

F T
v m Av m F T

v l Av l

—T
, (3.10)
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where N = Nv l + Nv m + 2 and Fv m 2 RNv l and Fv m 2 RNv m are vectors containing the forces that

each electrode contributes to the total force of each muscle.

3.2.3 Experimental Methods To Validate Proposed Model

The experiments in this study aim at validating the model in (3.4) as well as analyzing individual

fatigue rates of the VL and VM using US-derived measurements and incorporating them into

the model. Four participants (2 SCI, 2 without disabilities) were recruited to participate in �ve

experimental sessions in which they were seated in a dynamometer (Biodex, Medical Systems,

NY, USA) to measure isometric torque output. When the participant was seated, the lower leg

was suspended and secured to the dynamometer at an approximately 90 degree angle using a

knee attachment. To characterize force production of the quadriceps, the measured torque

was converted to force based on the length between the center of rotation of the knee and the

point at which the knee attachment was secured to the leg. All protocols were approved by the

Institutional Review Board (IRB) at North Carolina State University. Details on each participant

are shown in Table 3.1. All protocols were repeated on both legs of all participants for a total of

n = 8.

Table 3.1: Participant Demographics.

Participant Age Gender Injury Level
B1 20 F N/ A
B2 26 F N/ A
S1 52 M T10, incomplete
S2 50 M T7, complete

3.2.4 Stimulation Procedures

At the beginning of the �rst session, saturation and threshold current amplitudes for each

participant were determined by increasing current in 2mA increments between 20mA and

70mA (or the maximum current level at which the participant was comfortable) and recording

the force production of the quadriceps. The threshold was de�ned as the minimum current

amplitude at which a noticeable force was measured. The saturation was de�ned as the current

at which the measured force no longer increased. For the rest of the study, all stimulation
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