ABSTRACT

ALILI, ABBAS. Wearable Robotic Solutions for Enhanced Mobility and Balance for People with
Lower Limb Amputation. (Under the direction of Dr. He Huang).

Recent advancements in wearable lower-limb robotics have led to the development of
devices like powered exoskeletons and prosthetics, which enhance mobility and help restore
natural movement in individuals with lower-limb amputations. A key focus has been designing
control systems for these devices to replicate normal joint movements and forces, improving gait
performance for users. Control objectives for such devices are typically centered around three main
goals: (1) gait naturalness - improving loading symmetry, spatiotemporal parameters (such as step
length, time spent on each leg, gait phase duration), and joint angles during walking phases; (2)
gait efficiency - aimed at reducing metabolic rate and increasing walking speed; and (3) wearable
device responsiveness - emphasizing adaptability to the user's behavior and environment,
especially in direct EMG control, where precision under voluntary control is essential.

While many control objectives are quantifiable and mechanically achievable, they do not
fully capture the complexity of human-machine interaction. Two factors that have not been
extensively researched or integrated into robotic exoskeleton and prosthesis control are user
preference and gait balance. Allowing users to influence the control system based on their
preferences, and incorporating those preferences into the control architecture, can lead to a more
holistic understanding of user needs and guide the development of improved control systems.
Feedback from clinicians and recent surveys of lower-limb amputees indicate that gait balance and
stability are among the most desired features users seek access to. Unfortunately, current robotic
exoskeletons and prostheses do not prioritize gait balance as a primary control objective, relying

instead on users to manage it themselves.



To address this gap, this doctoral study aimed to incorporate user preferences into the
control architecture of a robotic knee prosthesis. We developed a novel tuning framework featuring
(1) a user-controlled interface for selecting preferred knee kinematics and (2) a reinforcement
learning-based algorithm to adjust prosthesis control parameters. We evaluated the framework's
performance and usability, investigating whether amputee users could identify and select preferred
control profiles. Results showed that users could consistently choose their preferred knee control
profile, and the framework effectively tuned 12 prosthesis control parameters to match these
preferences. A blind comparison study further confirmed users' ability to differentiate between
preferred and other profiles. This preference-driven framework revealed that gait balance is the
top priority for prosthesis users when selecting target knee kinematics for the RL auto-tuning
system.

With gait balance in mind, we developed a bilateral hip exoskeleton with admittance
control to modulate step width, which is crucial for enhancing mediolateral balance during
walking. This phase aimed to assess how step width responds to changes in the exoskeleton’s
control parameters. Results showed that step width significantly adjusted within four heel strikes
following a stiffness change for non-disabled individuals, while step length and gluteus medius
EMG activity remained unchanged. Additionally, we demonstrated how step width modulation
influences gait balance using common gait balance metrics.

Finally, we developed a novel control framework to accurately regulate the step width of
mediolaterally active robotic hip exoskeleton users. The framework utilized a reinforcement
learning-based approach to adaptively tune the PID controller, accounting for the hip and
exoskeleton dynamics to control step width. This control framework was tested with both non-

disabled and lower-limb amputee participants, showing accurate and robust step width control.



Through this work, we advanced the field of robotic prostheses and exoskeletons by
developing two distinct frameworks: one that integrates user needs into the control of robotic
prostheses, and another that provides accurate and robust step width control with a robotic hip

exoskeleton to enhance gait balance.
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CHAPTER 1
1.1 Background
1.1.1 Individuals with Lower Limb Amputation

Globally, more than 50 million individuals are affected by lower limb amputation [1], and
this figure is expected to double by 2025, driven by the rising prevalence of dysvascular diseases
and an aging population [2]. Losing a lower limb is a major health event that can greatly
compromise a person's mobility, balance, safety, and independence. It leads to a loss of walking
ability and hinders daily activities, while also posing significant psychological and social
challenges.

1.1.2 Robotic Knee Prosthesis

With technological advancements, robotic lower limb prostheses are becoming
increasingly accessible to amputees, offering devices capable of mimicking natural joint
movements and providing active support across a variety of tasks. These prostheses have shown
considerable potential in numerous areas, such as enhancing inter- and intra-joint coordination [3],
reducing energy expenditure [4], improving customization [5], [6], adapting to various terrains and
activities [7], and increasing resilience to disturbances [8].

Recent research efforts have centered on refining the mechanical design of powered
prosthetic limbs, with a focus on improving active force generation and transmission. Noteworthy
contributions in this area include works by Lenzi et al. (2018), Liu et al. (2012), and Azocar et al.
(2020) [9]-[11].

A widely used approach in prosthetic devices is the finite state machine impedance
controller (FSM-IC) [12], [13]. Research suggests that the human nervous system adjusts the

impedance of lower limb joints to maintain stable and robust movement across different terrains



[14], [15]. During locomotion, the gait cycle is divided into distinct phases, or states, of the finite
state machine. Engineers define the rules for transitioning between these states based on specific
criteria or sensor data, such as ground reaction forces or joint kinematics/kinetics. The FSM-IC
framework modulates prosthetic joints to achieve desired mechanics—whether in torque, position,
or impedance—according to the gait phase. These controllers are often equipped with multiple
locomotion modes to accommodate varying environments, such as stair and ramp ascent/descent,
or level-ground walking. Ongoing research is exploring ways to enhance these control methods by
integrating learning-based techniques and adaptive algorithms, aiming to better tailor prosthetic
assistance to individual users and improve their overall experience. This push for advanced control
systems seeks to align mechanical capabilities more closely with user needs, leading to more
intuitive and effective prosthetic solutions [16].

1.1.3 Robotic Exoskeletons

Powered lower-limb orthotic devices, or powered exoskeletons, are widely used in
rehabilitation and gait assistance. Significant research has focused on enhancing their performance,
particularly addressing the challenges of portability and safe user-environment interaction, with
control being a key factor [17].

There are two main types of exoskeletons for gait assistance: full mobilization and partial
assistance. Full mobilization exoskeletons, such as the ReWalk [18], are designed for individuals
with severe motor impairments, like spinal cord injuries. These devices generate all the necessary
movement torque and use simple position control, as they don't need to coordinate with voluntary
leg movements. Gait initiation is often triggered by upper body movements or buttons,

dramatically improving mobility for users with no independent gait.



Partial assistance exoskeletons, which are lighter, cater to individuals with less severe
impairments, such as those caused by aging, lower limb amputation, incomplete spinal cord
injuries, stroke, or neurodegenerative diseases. These devices also support healthy users by
enhancing endurance but require more sophisticated control due to the complex interaction with
the user. While their end goals differ, both rehabilitation and mobility-assistance devices share
many control techniques.

1.1.4 Preference Based Control and Gait Balance Improvement

Research over the past decades has focused on improving the mechatronic design and
control of wearable devices, resulting in lightweight, powerful, and untethered systems [19].
However, a universal set of objectives for guiding the design, control, and assessment of wearable
robotics remains elusive. Key design and control decisions, such as tuning control parameters or
selecting design features like mechanical stiffness, are critical for achieving desired biomechanical
or physiological effects. Metrics such as symmetry [20], range of motion [21], muscle activation
[22], joint loading [4], and metabolic rate [23] have commonly been used to assess these
technologies. Advances like human-in-the-loop optimization [24], which adjusts control
parameters to optimize outcomes such as metabolic rate, have emerged as promising solutions.

Recently, user preference has been proposed as a "meta-criterion" in device development,
allowing stakeholders to guide design based on individual needs, wants, and perceptions. This
approach aggregates feedback from users, who offer insights into both functional goals (e.g.,
speed, exertion) and subjective factors (e.g., comfort, stability), as well as clinicians, who
contribute their expertise.

Falling is a serious issue affecting millions, especially those with lower-limb amputations.

About one-third of older adults and half of people with limb amputations fall annually [25], often



leading to severe injury or even death, including among younger, active amputees [26]. The fear
of falling can also greatly reduce mobility and quality of life.

To mitigate these impacts, fall prevention has become a key research focus. Studies suggest
that supporting the hip joint for balance maintenance could effectively reduce falls. Humans use
three main strategies to maintain balance while walking: ankle torque to adjust center of pressure,
hip torque to control the center of mass, and foot placement to shift the base of support [27]. Since
hip torque and foot placement are controlled by the hip joint, a device providing hip torque could
enhance balance for individuals with limb amputations, offering broader applicability than ankle-
based interventions.

1.2 Significance

The proposed study introduces three innovative contributions aimed at incorporating
preference into the control of lower-limb robotic prostheses and providing a novel approach to
enhance the gait balance with the mediolaterally active hip exoskeleton for amputee population.

First work introduces a novel framework designed to facilitate user-preferred tuning for a
robotic knee prosthesis, addressing the critical need for personalized assistance in prosthesis
control. The framework combines a user-controlled interface (UCI) with a reinforcement learning-
based algorithm, enabling users to select preferred knee kinematics while the system automatically
tunes 12 control parameters to meet those preferences. Through user feedback and blinded
comparative studies, the framework demonstrated its ability to meet personalized preferences
accurately, with users consistently identifying their preferred knee profile. This approach
highlights the importance of integrating user preferences into prosthetic control and shows promise

for future applications in both clinical and home settings.



Next, using the framework developed in Aim One, we investigated the top priority for
lower-limb amputees, which was found to be gait balance. It led us to aim two. The significance
of this work lies in its exploration of how abduction/adduction assistance from a powered hip
exoskeleton can effectively modulate step width during walking, a critical factor in maintaining
mediolateral balance. By employing a novel admittance control system, the study demonstrates
that adjusting the stiffness in the exoskeleton's control can successfully increase or decrease step
width without affecting step length. This outcome highlights the potential for wearable robotic
systems to enhance balance and stability, particularly for individuals with compromised
sensorimotor function, such as lower limb amputees. The findings pave the way for further
development of hip exoskeletons that could proactively support gait stability, making it a
promising tool for both rehabilitation and balance assistance. We also showed the influence of hip
exoskeleton on mediolateral gait balance through modulation of the step width.

Lastly, we developed a novel framework that enables fine-tuning of an offline-trained
reinforcement learning (RL) policy with just a single real-time Human-In-The-Loop (HIL)
episode. The framework was designed to provide accurate step width control for users of hip
exoskeletons, including non-amputees and individuals with lower limb amputation who
experience hip muscle weakness. The control system was built to be robust, allowing users to
safely override the exoskeleton’s actions, when necessary, while maintaining stability even in the
presence of disturbances. Additionally, we demonstrated that this step width control did not
increase step width variability, ensuring that the system did not negatively impact balance during
walking.

This study is significant for advancing the personalization and effectiveness of lower-limb

robotic prostheses and exoskeletons by integrating user preferences and enhancing gait balance. It



introduces innovative control frameworks that enable precise step width modulation and
personalized prosthetic tuning, ensuring both improved mobility and stability for individuals with
lower limb amputation or hip muscle weakness. The work highlights the potential of incorporating
reinforcement learning and real-time user feedback to optimize device performance, making it a
promising approach for both rehabilitation and daily use, particularly in addressing balance
challenges.
1.3 Outline

The remainder of the dissertation is organized as follows. Chapter 2 introduces a
framework for user-preferred tuning of a robotic knee prosthesis, using a user-controlled interface
and reinforcement learning to automatically adjust control parameters based on user preferences.
This approach successfully meets individual needs, demonstrating the importance of
personalization in prosthetic control for clinical and home use. Chapter 3 explores how a powered
hip exoskeleton with abduction/adduction assistance can modulate step width to improve
mediolateral balance. The study highlights the potential of wearable robotics to enhance stability
for individuals with compromised sensorimotor function, paving the way for future developments
in gait stability support. Chapter 4 presents a framework for fine-tuning an offline-trained RL
policy with a single real-time Human-In-The-Loop (HIL) episode. This system provides accurate
step width control while allowing safe user overrides and maintaining stability, without increasing

step width variability or negatively impacting balance.



CHAPTER 2
Abbas Alili , Varun Nalam, Minhan Li, Ming Liu , Jing Feng, Jennie Si, and He Huang,
"A Novel Framework to Facilitate User Preferred Tuning for a Robotic Knee Prosthesis," in IEEE

Transactions on Neural Systems and Rehabilitation Engineering, vol. 31, pp. 895-903, 2023, doi:

10.1109/TNSRE.2023.3236217.

2.1 Introduction

Lower limb amputation causes permanent disability, impacting patients physically,
psychologically, and socially [28]. Advancing prosthetic technology is needed to enhance
individuals’ mobility and quality of life with lower limb amputation. One promising technology is
robotic prosthetic legs that are motorized and intelligently controlled. Compared to passive
alternatives that fail to replicate the behaviors of the healthy limb across various environments,
robotic prostheses showed many potential advantages [29], including increased range of motion
[30], enhanced stability and balance of wearers [31], [32], and ability to adapt to various terrains
[33], [34]. A frequently used control approach for robotic knee devices is a finite-state impedance
control (FSM-IC), which can reasonably simulate human limb behavior without complex
implementation [35]. Compared to trajectory-based control of robotic prosthesis devices FSM-IC
provides more compliance with the user along with flexibility during the operation [36], [37].
However, personalization of the controller’s impedance parameters (often over 9) is usually
needed and has been one of the main challenges for FSM-controlled prosthesis devices in practice
[38]. In the clinic, prosthetists will typically manually tune the parameters to obtain optimal
prosthesis control performance in assisting the user’s gait [39]. This procedure is highly subjective,

time inefficient, and non-standardized. To overcome the limitations of the manual tuning process



of control parameters, an autotuning approach using reinforcement learning (RL) has been
proposed by our group for robotic lower limb prostheses previously [6], [40]. The RL-based
automatic control method optimally tuned the impedance parameters of each gait phase to replicate
the normative profile (NP) of knee kinematics gained from the non-disabled population during gait
[41]. Further, this approach has been improved in terms of time efficiency and robustness of the
learned tuning policy [42]. The algorithm had been successfully validated with transfemoral (TF)
amputees using the robotic knee prosthesis while ensuring their safety. Although promising, one
open question is whether reproducing the normative profile of knee motion should be the tuning
goal that can satisfy the prosthesis user’s preference. Potentially, physiological changes in
amputees due to limb amputation and the dynamic difference between the robotic prosthesis and
biological limb may lead to different preferred knee kinematics rather than NP [43]. Thus,
consideration of the user preference might be important for personalizing the prosthesis control.
Studies showed that the lack of user input during the device selection, fitting time frame, and
changing user needs are among the main reasons for the prosthesis abandonment [44], [45]. In
addition, prosthetists make prosthesis control tuning decisions based on not only the observational
gait analysis but also the user’s preference and feedback in clinics [46], [47]. These insights signify
the importance of prosthesis user’s preference consideration in regard to prosthetic behavior.
Addressing user preference/satisfaction in wearable robot control optimization has recently
become an emerging topic in the research community. Predictive Entropy Search with Preferences
algorithm has been developed by Thatte et al. [48] in which user preference is incorporated by
pairwise comparisons of different controls. Tucker et al. [49] developed LineCoSpar to learn the
utility function via a pairwise comparison of user preferences. The idea was to learn six user-

preferred gait parameters of the lower body exoskeleton by considering the user’s feedback for



each posterior update. These approaches have finite forced choices from which users select their
most preferred behavior. Quesada et al. [50] studied the effect of ankle prosthesis push-off work
on the metabolic cost and user satisfaction. Transtibial amputees who participated in the study
demonstrated strong preferences over various levels of ankle push-off work despite not
experiencing decreased metabolic rates. More recently, approaches where users tune quasi-passive
ankle prosthesis stiffness [51] or torque profile of bilateral ankle exoskeleton [52] to find their
preferred device control parameters have been successfully demonstrated. These preference-based
approaches have been built upon successfully demonstrating perception of users to changes in
control parameters of their prosthetic and wearable devices [53]-[55]. These existing studies
enabled the researchers to understand the importance of users’ preferences in the wearable robot
control and also motivated us to include user preference in an FSM-IC control to further leverage
the FSM controller benefits. However, one challenge facing us is that the FSM-IC control includes
12 impedance control parameters [10], while all the existing, related studies only explored 1 to a
maximum of 6 control/action parameters in the wearable devices. Exploring this high-dimensional
device control space by the humans for maximal user preference is difficult, if possible, and has
never been demonstrated based on our knowledge. Other solutions that can reduce human
adjustable parameter space for FSM-IC controlled device is needed. To address this challenge and
enable the tuning of 12 knee prosthesis control parameters to meet the user’s preference while
ensuring user safety and minimizing human exertion, we proposed a novel hierarchical engineering
framework consisting of (1) our previously developed RL-based prosthesis tuning method [16]
and (2) a User Controlled Interface (UCI) [56]. The basic working mechanism was that the human
users can use the high-level UCI to determine their own preferred prosthesis knee kinematic

features in a 4-dimensional space by modifying control points which is then realized by the low-



level RL-based tuning algorithm adjusting all 12 impedance control parameters to meet the desired
kinematic features. Since our RL tuning algorithm was time-efficient and the learned prosthesis
tuning policy was robust across various kinematic profiles, this framework offered us a unique
opportunity to investigate the user’s preferences across various knee prosthesis control parameters.
Our pilot testing showed the design and feasibility of this engineering framework in adjusting
stance phase knee features [56]. In this study, we implemented and evaluated the framework that
can tune 12 prosthesis control impedance parameters to meet the user defined features in knee
kinematics across gait cycle. Since the perception of users to changes in robot behavior is essential
for these users to have a preference, we investigated if users can differentiate between the profile
they chose, the normative profile and a random profile to showcase the need for the current
framework. Finally, we investigated some potential biomechanical factors that could drive users
to choose one profile over the other. The results of this study may lead to a novel wearable robot
tuning framework that can personalize high-dimensional device control parameters to meet the
user’s preference in the future.
2.2 Methods

To achieve the aims of the study, the experiment was designed to evaluate the performance
of the framework, by helping users choose a preferred profile and perform comparison studies to
analyze users’ ability to differentiate different knee profiles. Ten participants, five non-disabled
(AB) and five with unilateral above-knee amputation (TF) participated in the study, with
demographics as listed in Table 1. All amputee participants were community ambulators (K3
activity level or higher) without significant secondary comorbidities, who regularly used
conventional passive prostheses and were active in daily life. The study was conducted with the

approval of the Institutional Review Board of the University of North Carolina at Chapel Hill, with
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all participants providing informed consent. The description of the autotuning framework,

experimental protocol, methodologies, and analysis are described below.

TABLEI
DETAILED INFORMATION OF THE SUBJECTS

Prosthesis  Height ~ Weight

Subject Sex Side (m) (ke) Age
ABO1 Female Right 1.86 81.6 23
ABO02 Male Left 1.87 68 21
ABO3 Male Left 1.93 70.3 25
AB04 Male Left 1.91 75.9 28
ABO5 Female Left 1.90 77.1 20
TFO1 Male Left 1.74 80 23
TF02 Male Left 1.74 68 42
TFO03 Male Left 1.70 68 67
TF04 Male Left 1.81 89 38
TF05 Male Left 1.79 72.5 22

2.2.1 Robotic Knee Prosthesis and User-Controlled Interface (UCI)

A powered robotic knee prosthesis [10] was used for the study. The device relied on a
slider-crank mechanism and a DC motor that provided up to 80 Nm of torque at the knee joint and
carbon fiber foot with a passive ankle joint. An FSM-IC framework [57] was implemented in the
robotic knee to imitate a gait. In this framework, level-ground walking was partitioned into four
distinctive gait phases or states: stance flexion (STF), stance extension (STE), swing flexion
(SWF), and swing extension (SWE). The control and signal flow architecture of the RL-based UCI
is shown in Fig. 1. Trained RL policy adjusts three FSM-IC parameters (stiffness, equilibrium
angle, and damping) defined for each gait phase according to the differences between measured
features and target features in the knee profile, referred to as the peak error and duration error [42].
The convergence criteria for the autotuning algorithm were to have the four control points (CP1 —
CP4) of the knee profile which were appropriate to prementioned gait phases to be within 2 degrees
spatially of the target control points and 2% temporally for 6 out of 10 consecutive impedance

updates. We integrated the User-Controlled Interface (UCI) into the autotuning architecture (Fig.

11



1.) that enabled users to interact with the robotic prosthesis by having them set their preferred

kinematics for the knee joint. Users were given a remote controller to modify (up and down) the

predefined magnitude of four control points corresponding to gait phases shown in Fig. 2(b). The

RL algorithm then tuned to this
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Figure.2.2. a) The experimental setup for the study. The robotic prosthesis worn by the transfemoral
subject is aligned and fit by a certified prosthetist. 43 light-retroreflective markers have been used for
full-body motion capture. b) User interface and an infrared remote control coupled with Arduino
Mega 2560 was used for remote profile modification.

2.2.2 Experimental Setup

The robotic prosthesis used in the experiment was developed for transfemoral amputees
Fig. 2(a). To simulate transfemoral amputee behavior in non-disabled populations, an adapter that
attaches to the knee while the folded intact limb was used. The powered prosthesis was aligned
and fit by a certified prosthetist for amputee users to ensure the comfort and safety of the users. A
motion capture system (VICON, Oxford, UK), consisting of 12 cameras sampled at 100 Hz, was
used for gait kinematics and kinetics measurement as participants walked on an instrumented

treadmill (Bertec Corp. Columbus, OH, USA). According to the Newington-Helen Hayes full-
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body gait model [58], we utilized 43 light-retroreflective markers placed on the participant’s head,
trunk, pelvis, and bilaterally on the thighs, shanks, and feet. Bilateral ground reaction forces
(GRFs) were recorded at a sampling rate of 1000Hz by an instrumented split-belt treadmill
synchronized with the motion capture system for biomechanical and inverse dynamic analysis to
evaluate gait behavior.
2.2.3 Experimental Protocol

The experiment duration was two consecutive days for each participant and was divided
into the following sessions: profile exploration and pairwise blinded profile comparison sessions.
In the first session, the users were fitted with the prosthesis, which was then tuned to simulate a
normative knee kinematic profile (NP). Then to familiarize the participants with how changing the
control point location affects the robot behavior, we let the participants explore different profiles
in which one of the four control point was changed while the rest were set to NP. They were first
instructed to move the first control point above its NP location by 3 degrees and the resulting
profile was tuned. Then they are instructed to move the control point below its NP location by 3
degrees and the tuning is performed. The process is then repeated for the remaining three control
points resulting in tuning of 8 profiles, two for each control point. It should be noted that each
control point has been tuned in isolation from the other three. To reduce fatigue, a 2-minute rest
was provided for each participant after every 2-minute interval of walking on the treadmill for
tuning trials. Upon completion of the tuning of the nine profiles (one NP and eight modified
profiles), subjects were then instructed to experience each of the profiles so that they understand
how moving the control point affects robot behavior. This was achieved by instructing the
participants to walk on the treadmill with the powered prosthesis replicating NP, +3 © and -3°

profile for each control point for 45 seconds. As a result, each participant walked in twelve 45
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seconds of treadmill walking bouts where NP profile repeated four times. At the end, the subjects
were also asked which of the three profiles they prefer for each control point, and their preference
was noted. Thus, at the end of these search trials, we were able to construct a starting point for
preferred knee joint profile according to participants’ preferences regarding each phase. For the
second session, the robotic prosthesis was fit to the user and was tuned again to replicate NP to
account for differences in socket fitting. Then the prosthesis was tuned to the constructed profile
acquired using the preferred control points’ locations from the previous day. This profile is
constructed by joining the selected control points using minimum jerk profiles. Once tuned, the
participant walked with this profile to verify if they were satisfied with it or if any adjustment was
needed. Any adjustments were then incorporated, and the resulting profile was tuned. Once the
participant was satisfied with the profile, the control parameters were saved as the person’s
preferred profile (PREF). Finally, in order to eliminate the random choice effects during the
blinded comparison session (detailed below), we tuned a profile called opposite profile (OPP).
OPP profile mirrored the preferred profile with respect to the NP, e.g., if a participant chose +3
for a CP1, then the OPP profile is tuned to -3° at that control point and vice versa. Once the three
profiles were tuned, 12 pairwise blinded comparisons (4 sets of each of the three pairs: NP vs.
PREF, NP vs. OPP, PREF vs. OPP) were held at the end of the second session. The goal was to
investigate if subjects can actually perceive the differences between profiles and have a preference
when they are blinded to the profile they are experiencing. To minimize the order effect, the order
of the pairwise comparisons and the order of the trials in the pairwise comparisons were
randomized for each participant. Each participant was asked to walk with both profiles in a pair
for 45 seconds without knowing which two profiles out of three they were experiencing. After

experiencing 45 seconds of walking for each profile, participants were asked about which of the
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two profiles they preferred for walking and if they could recognize them. The consistency of
preference and user’s ability to recognize profiles was then analyzed. They were allowed to skip
the recognition of any profile if it was truly hard for them to recognize (NP, PREF, or OPP)
2.2.4 Data Analysis and Evaluation Metrics

The proposed autotuning framework was evaluated by quantitative and qualitative aspects.
First, we quantified the performance of the RL-learned tuning policy by (1) the success rate in
meeting targeted knee kinematics (i.e., effectiveness) and (2) the duration needed to meet targets
(i.e., time efficiency) after the targeted knee profile was modified. In addition, we quantified UCI
usability by a qualitative survey with items adapted from the System Usability Scale [59],
consisting of 9 questions and the space for general feedback. To quantify the consistency of
participants’ perceptions about their chosen profile, the percentage of chosen profiles during the
blinded pairwise comparison was calculated. The aim was to provide insights about the choices of
profiles over each other (NP vs. PREF, NP vs. OPP, PREF vs. OPP). In addition, we quantified
the number of times when participants were able to recognize or mislabel the experienced profiles.
In addition to exploring the user’s perception on various profiles, some possible biomechanical
factors that could influence the subjects’ preference for a profile were analyzed. To that effect,
temporal and step length symmetry [60], and margin of stability [61] were analyzed. Joint
kinematics and kinetics were calculated using the conventional inverse dynamics approach with
the Plugin-Gait software (PiG, Vicon, Oxford, UK) [15], [62]-[64]. MATLAB 2020a was used to
obtain a symmetry and stability index for further data analysis. Thirty-five seconds of steady-state
gait data from the pairwise comparisons were analyzed for each profile to analyze these factors. A
fourth-order Butterworth filter smoothed GRF signals with a cutoff frequency of 25 Hz to reduce

noise while the marker positions were low-pass filtered by a fourth-order Butterworth filter with a
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cutoff frequency of 10 Hz. The data was then split into gait cycles using the GRF of each limb
with a threshold of 30 N. The average gait cycle data was then evaluated using (1) to evaluate

temporal and step length symmetry.

Sl = 2%

- (xi+xp)*0.5

*100% @2.1)

where SI — symmetry index, xi and x p are intact and prosthesis side parameter (i.e., step length or

stance time in this study). The value of SI = 0 indicates perfect symmetry. Dynamic margins of

stability measures were adapted from Hof et al. [65] based on the extrapolated center of mass
(XcoM) equation shown below:

XcoM =y + wlo 2.2)

Wy = \[% 2.3)

where y is the COM position in sagittal plane, y' is the COM velocity and ©0 is the angular

frequency of the approximated inverted pendulum estimated through (3), in which g is the

acceleration due to gravity, and 1 is the equivalent pendulum length, which was taken 1.34 times

the leg length in this study [66]. The dynamic margin of stability (MOS) was then defined as:

MOS = XcoM — BOS (2.4)

where BOS was the boundary of the base of support (i.e., the most anterior edge of the leading
foot). We further defined the anterior-posterior (AP) margin of stability (MOS AP) as the AP
distance between the XcoM and the toe marker of the leading foot. To determine significant
differences among compared biomechanics metrics, interparticipant mean and standard error for
each compared knee joint profile were calculated across all participants and the Friedman test was

performed accordingly.
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2.3 Results
2.3.1 Autotuning System Performance

Based on the criteria set for control tuning convergence mentioned in the methods, the RL-
learned tuning policy could achieve 100% successful rate to tune the prosthesis knee control
parameters to meet various target profiles chosen by different subjects, showcasing the robustness
of the algorithm. The time duration required to tune all tested prosthesis profiles among all
participants was 2.5+1.4 minutes. That means after each prosthesis targeted profile change (via
UCI), it took around 2-3 minutes of walking for RL to tune prosthesis control to reach the new
targeted knee motion. Fig. 3. (a) shows the representative convergent behavior of the RL auto-
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Figure. 2.3. a) Representative figure showing the spatial and temporal convergence of the RL
algorithm to tune the 12 control parameters of robotic prosthesis according to NP kinematics
provided. b) Number of tuning iterations needed to achieve the full convergence over three
profiles and all participants. One tuning iteration constitutes to four gait cycles.
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tuning algorithm for NP profile tuned for TFO5 whereas Fig. 3. (b) demonstrates the number of
iterations needed to tune all three profiles for all participants. It should be noted that each iteration
constitutes to four full gait cycles. Table Il summarizes the response of the participants to questions

TABLE II
UCI USABILITY SURVEY RESULTS

1. I found the UCI unnecessarily

7 3 - - -
complex.
2. Ithought the UCI was easy to _ _ 2 2 6
use.
3. Ithink that I would need
assistance tobe able to use the 3 3 2 1 1

UCL

4. 1 found the various functions in
the UCT were well integrated.

5. Ithought there was too much
inconsistency in the interface.

6. 1would imagine that most
people would learn to use this - 2 - 5 3
interface very quickly.

7. 1found this interface very
cumbersome/awkward to use.

8. Ifelt very confident using this

. - - 1 6 3
interface.

9. Ineeded to learn a lot of things
before I could get going with 6 2 2 - -

this interface.

asked for the evaluation of the UCI usability. The number in each box denotes the number of
participants who gave the rating to the specific question. 7 out of 10 participants agree that the
UCI was easy to use and could be learned to use very quickly.
2.3.2 User Preferred Knee Profiles

Fig. 4. shows the preferred profiles for each of the participants along with the normative
profile as a comparison. Eight out of ten participants preferred the CP1 to be different from that of
NP, with 7 of them choosing a lower knee angle value. In comparison, 9 out of 10 participants
chose a different location for CP2, while only 5 and 7 subjects chose a different profile for CP3
and CP4 respectively. Looking into the preference, six participants (4 TFs) preferred to increase

the second control point (CP2) whereas three of them (1 TF) decided to decrease it. For the last
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control point, there were no particular trend. On an individual basis, four participants (AB02,
ABO3, TF03 and TF05) preferred to achieve a relatively flat trajectory for the stance phase with
similar values for CP1 and CP2. Additionally, four participants (AB03, AB05, TF02 and TF04)

preferred to increase the CP4 while decreasing the CP1. Overall, there was no particular profile

preference trend observed among all the participants.
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Figure 2.4. Preferred knee joint profiles for non-disabled (AB) and amputee (TF) participants are
shown along with normal knee joint profile. Control points are shown with red dots. Plots are

divided into four gait phases: stance flexion (STF), stance extension (STE), swing flexion (SWF),
and swing extension (SWE).

2.3.3 Pairwise Comparison Analysis

In accordance with the study’s aims, once the preferred profile was obtained, the

participants’ ability to consistently perceive different profiles and recognize their preferred profile
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was evaluated. The distribution of participants’ choices upon pairwise comparison of their
preferred profile, NP and OPP profiles is shown in Fig. 5. Participants chose the preferred profile
over the opposite profile almost in all comparison trials. Participants also chose the preferred
profile over NP 89% of the time. The choice rate of NP over OPP profile was 66%. The comparison
results suggests that users can physiologically differentiate between the profiles and have distinct
preferences. A confusion matrix based on profile recognition data combining all the subject
responses was developed and shown in Table III. It should be noted that the cases that participants
could not recognize the experienced profile are excluded from the calculation of the confusion
matrix. Since each subject experienced each individual profile (NP, PREF and OPP) 8 times during
the comparison tests, there were a total of 80 datapoints. Participants were able to recognize the

preferred profile with a 73.8% recognition rate. Around 18.8% of the tested preferred profile was

89%
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Figure 2.5. Pairwise profile choice results show the percentage of each chosen profile for all
10 participants. NP has shown with pink, PREF with blue and OPP with yellow color.

mislabeled as NP, and only 3.8% of the tested preferred profile was recognized as the opposite
profile. The opposite profile was correctly recognized in about 63.8% of cases. Most of the

confusion errors occurred between the opposite profile and NP. The comparison between Fig. 5.
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and Table III shows that even in cases where the profile wasn’t recognized, there was a preference

for PREF profile over other profiles.

2.3.4 Biomechanical Analysis

Lastly, we explored gait symmetry and balance index that may potentially be correlated

with the users’ preferences in prosthesis control. Only TF data is reported here. The interparticipant

TABLE III
PROFILE RECOGNITION CONFUSION MATRIX

True Profiles

NP PREF OPP
= NP 388% | 18.8% 28.8%
g
=¥
T | PREF | 163% | 73.8% 5%
=
g
g OPP 41.3% 3.8% 63.8%

mean and the standard error (SE) across participants for the stance time and step length symmetry

indexes across three knee joint profiles is shown in Fig. 6. along with similar measurements for

qé 22.2+1.4 217423 23.2£1.6
3
S on
]
E = A p=0.44
@n
= 5t ik -4.1%6.1 -2.4+5.8
By ~
e 5|
—
2@ -10r
3 p=0.81
»n
@ 0.42 0.3940.017 0.39+0.018 03940016
~ 047
= g
A~ 038t
< p=0.81
0.36 — ; ‘
NP PREF OPP

Figure 2.6. Red squares and blue error bars represent the TF interparticipant mean and standard
error (over eight trials) for each knee joint profile for (a) stance time (b), step length symmetry
indexes, and (c) margin of stability in the anterior-posterior direction. The p-value for each
compared metric is shown at the top of each graph.
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the margin of stability in anterior-posterior direction. The Friedman test across 5 TF participants
over 8 trials for each knee joint kinematics showed no significant differences for all three indexes
utilized (Fig. 6.).
2.4 Discussion

In this study, we demonstrated the function of UCI, hierarchically combined with the RL-
based prosthesis tuning algorithm, to tune 12 prosthesis control parameters that can be potentially
used to tune the kinematic behavior of the robot based on user’s preference. In addition, the study
showed that users can perceive different profile and given a choice, their chosen profile is generally
different from a normative profile, implying the need to consider user preference. Further,
understanding the user’s decision-making process in selecting preferred knee kinematics features
and the gait biomechanics associated with the user’s preference could provide additional insights
to the future development of controller and tuning algorithms that align with user preferences,
thereby leading to better technology adoption. Finally, some preliminary biomechanical analysis
has been performed to investigate if there is a specific factor that leads to users preferring one
profile over the other.
2.4.1 RL Based Autotuning Algorithm and UCI Framework

According to the results of the study, the RL-based autotuning algorithm demonstrated its
time efficiency and robustness of the learned prosthesis tuning policy across various kinematic
profiles. Without re-updating the tuning policy, when the knee kinematics profile changed, the
algorithm could tune the 12 control parameters in under 40 iterations for most subjects safely to
reach the new target profile. The ability of the algorithm to tune over the high-dimensional device
control space suggests the possible feasibility of the approach being deployed outside of the

laboratory settings to tune prosthesis control parameters according to target knee joint kinematics.
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In addition, participants’ responses to the UCI usability survey showed that the interface was easy
to use, and the users were confident when using the interface. However, the participants required
additional explanation of the meaning of the knee kinematics associated with their walking. This
could be addressed by developing a detailed video to explain gait and knee features in layman’s
terms prior to their UCI based tuning session.
2.4.2 Preferred Profile Analysis and User Preference

Results showed that the preferred knee motion curves were unique for each participant.
While replicating NP using a robotic prosthesis has been the current predominant approach, none
of the participants preferred the NP. Based on the profiles, while some participants preferred a
more rigid prosthetic during the stance phase, others preferred a more compliant approach by
having higher flexion of the knee before the heel strike that was immediately changed to a more
rigid extension. However, no explicit assertions were observed in user feedback, although some
users mentioned stability and lack of wobble as their driving factors, which could explain the
preference of stiffer prosthesis. This observation implied that users had a specific preference even
if they might not verbalize the specific qualities that they were looking for. It also highlighted the
importance of having an approach that can let the prosthesis users explore different possibilities of
prosthetic behavior. In addition, the profile exploration trials for this study have been performed
sequentially and there was no way for participants to assess how changing one control point
changes their perception of the others. Thus, our ongoing study aims to analyze the psychological
aspects that can drive prosthesis users’ choices during the extensive exploration of their
preferences while also considering the interdependent relationships between control points that
could affect profile perception [67], [68]. In most cases, participants successfully chose their

preferred knee profiles during the blind pairwise comparison session, supporting the assumption
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that participants were able to physiologically differentiate between the experienced profiles. In
addition, participants were able to recognize their preferred knee profile with moderate accuracy,
even with limited exposure. This observation implies that clinicians and robotic prosthesis
manufacturers could rely on the consistency of users’ opinions for tuning the prosthetic. Given the
effectiveness and time efficiency of our proposed framework to tune prosthesis control based on
user’s preference and the consistency in the user’s perceived preferences, our framework may be
potentially used by the prosthetists in clinics and even be transferred to home for prosthesis users.
In addition, all the sensing in the tuning algorithm being internal to the device makes it a possible
solution for clinics and home environment because extensive gait analysis instrumentation tools
are not easily available in such healthcare facilities. However, practical challenges related to the
hardware and safety need to be addressed before the system can be implemented at home. One of
our future works is to let prosthetists use the software and provide feedback on our design.
2.4.3 Biomechanical Analysis

Effects of user preferred prosthesis control on gait performance metrics related to gait
symmetry and stability were preliminarily examined. The main gait performance metrics chosen
for analysis were symmetry (stance time and step length) and balance (margin of stability). These
factors were chosen based on their impact on the amputee users. It has shown that gait asymmetry
causes long-term health conditions [69]. Further, the loss of somatosensory feedback and
proprioception results in reduced balance confidence [70]. Unfortunately, no clear and consistent
effect was observed across participants. The user preference was not clearly reflected in terms of
gait biomechanics metrics, explored in this study. Although the user verbally expressed that gait
stability was the factor in their reported reference, we did not observe consistent, large change of

AP gait Margin of Stability for preferred control, compared to the other two control settings. This
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was potentially because the human’s perceived walking instability is more sensitive than the
measured balance metrics, as also observed in our previous study [71]. Another limitation was we
only explored one stability index. Potential biomechanical variables that are more sensitive to
balance instability than MOS should be considered, which could be a potential future work.
2.5 Conclusion

The study showed the feasibility of a novel hierarchical autotuning framework that can
effectively and efficiently tune 12 robotic knee prosthesis control parameters to meet the user’s
preference while ensuring their safety. In addition, with the advantage of the utilized framework
for selecting preferred prosthesis control, we showed that prosthetic knee users could consistently
distinguish between different profiles tuned using the interface and displayed consistency in
preference between these profiles. These results, although from a limited number of study
participants, suggested that our framework has the potential to enable prosthesis users or clinicians
to integrate the user’s own perceptions and preferences into a prosthesis tuning procedure,
simplified by the RL-based tuning algorithm. It should be noted that the preference studies include
able bodied individuals, since the focus was on investigating if they can physiologically
differentiate the different profiles. So, we cannot make any behavioral assertions on specific
choices for the profiles. Furthermore, the preliminary gait biomechanical analysis showed that user
preference was not clearly reflected in terms of the gait biomechanics metrics that we explored in
this study. Due to the limited sample size (5 TF participants) and biomechanical metrics explored,
additional biomechanical research is needed to understand the association of user preference with
the gait performance measures. Beyond the limitations discussed in the Discussion section, we
also identified several other limitations and future work. Our experiments were conducted in a

short timeframe. Further research is needed to answer the question about the consistency of
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preference over a longer timeframe. In addition, the explored gait performance measures were all
only related to gait kinematics in this work. Computing the joint kinematics or monitoring EMG
signals in the biomechanical analysis is needed in the future. Our study allowed changes only at
control points that are fixed in gait phase for the participants to tune their prosthesis knee profile.
In the future, we aim to provide participants a continuous knee feature space to explore when
tuning the self-selected prosthesis control. Finally, one unexplored path that has the potential to
further reduce the tuning time would be to investigate the sensitivity of users to different control
points. Identifying the sensitivity to changes in each control point and how changes in one control
point affect perception of other control points could inform the design of future preference-based
tuning such as the angular resolution and the number of control points. The successful investigation
of such kind of sensitivity could further accelerate exploration and ensure people with amputation

can personalize their prosthetic behavior with ease and efficiency.
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CHAPTER 3
A. Alili, A. Fleming, V. Nalam, M. Liu, J. Dean and H. Huang, "Abduction/Adduction
Assistance From Powered Hip Exoskeleton Enables Modulation of User Step Width During
Walking," in IEEE Transactions on Biomedical Engineering, vol. 71, no. 1, pp. 334-342, Jan. 2024,

doi: 10.1109/TBME.2023.3301444.

3.1 Introduction

Human walking is one of the most critical activities toward independence in daily life.
However, bipedal walking is an inherently unstable activity [72]. To overcome that instability
humans need to continuously control their balance in mediolateral (ML) and anteroposterior (AP)
directions to achieve smooth and stable walking [73]. It has been demonstrated that individuals
can maintain balance during walking against perturbations in the AP direction largely via passive
dynamics of the human body, while active motor control is required for managing the perturbations
occurring in the ML direction [74], [75]. When sensorimotor integration or muscle strength is
disrupted, as observed in older adults, post-stroke patients, or people with multiple sclerosis, the
ability to maintain mediolateral stability is usually negatively impacted [76], [77]. Loss of balance
in the ML direction can lead to falls and serious injuries [78], [79]. Therefore, interventions or
technologies that can address balance control in ML direction in walking are needed. People
maintain balance in the ML direction during gait via several strategies [80], including active
control of step width [81]. Rankin et al. [82] previously demonstrated that step width behavior
during walking is likely the result of sensorimotor integration of stance leg position relative to the
position of the center of mass on a step-by-step basis. It has also been shown that individuals

primarily use the hip joint to modulate step width during gait, where the gluteus medius (GM)
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muscle activation is the most correlated to step-by-step behavior [83], [84]. In that way, hip joints
can also influence the center of mass position and velocity to achieve a stable gait [85]. Humans
also modify their step width behavior under various contexts that challenge balance to reduce the
risk of falls. For example, individuals increase their step width when larger gait perturbations are
expected to happen [86]. Increasing step width also alleviates the consequence of imprecise
previous foot placement (i.e., step width) during gait [75]. Impairment to any of these components
of step width modulation (e.g., GM weakness, impaired sensorimotor integration) hinders step
width modulation as a feasible resource for individuals to maintain ML balance during walking
[87]. Poor gait stability in several populations has been linked to changes in step width behavior.
Older adults tend to walk with wider and more variable steps [85]. Similarly, individuals with
lower limb amputation or post-stroke patients exhibit a gait with larger step width compared to
non-disabled peers [88]-[91]. It has been postulated that this behavior is a result of poorer
sensorimotor integration, where individuals after stroke fail to accurately integrate the position of
their stance limb and pelvis to then place their swing foot appropriately [92]. Despite increased
metabolic cost [93], [94], these populations prefer to walk with wider steps, implying the
prioritization of stability and balance during the gait. This relationship between step width
behavior and gait stability among several populations makes modulation of step width a potential
target for assistive or rehabilitative systems to improve balance. Various engineering systems have
been developed to control the step width for clinical populations for study of balance control
mechanisms or rehabilitation purposes. External, lateral stabilization tools have been developed
by different groups to investigate step width and its variability [85], [95]. Pennycott et al. [96]
decreased individuals’ step width by a robot-driven gait orthosis aimed to be used for balance

rehabilitation of neurologically impaired people. Heitkamp et al. [97] directly modulated foot
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placement of post-stroke patients during gait through a cable-actuated force-field to investigate the
potential assistive and rehabilitative effects. They demonstrated success in improving step-by-step
foot placement using an assistive force-field for guided foot placement in post-stroke patients.
Additionally, by using a resistive force field (i.e., moving patients’ foot placement away from the
appropriate location) participants improved step width behavior once the force-field was removed.
These efforts have demonstrated the potential to successfully modulate step width behavior;
however, these immobile test beds are limited in their potential for use outside of the laboratory.
Another emerging technology to assist walking balance is wearable robotic powered exoskeletons
[98]. Since hip joints are important for gait stability [80], [84], several hip exoskeleton systems
have recently been developed and tested. Monaco et al. [99] designed a novel control algorithm
governing active flexion/extension hip exoskeleton to prevent elderly people and transfemoral
amputees from falling after perturbations. A unified active control framework of 2-DOF hip
exoskeleton acting in AP direction has been proposed by Qiu et al. [100] for both walking and
balance assistance. They were able to show that the proposed system was able to mitigate push
and pull perturbations. Contrary to hip exoskeletons acting in the AP direction, there are a very
limited number of hip exoskeletons available that demonstrated balance assistance in the ML
direction during the gait. Zhang et al. [101], [102] showed the feasibility of the proposed 4-DOF
hip exoskeleton that reacts to standing balance perturbations and produces a compliant guidance
force. Chiu et al. [103] developed a bilateral hip exoskeleton emulator to further investigate
potential ways to assist users’ behavior during walking or perturbation recovery. Although
exciting, the goal of these studies was to use hip exoskeleton control to reactively assist to the
recovery of walking stability after perturbations in gait. There have been limited number of studies

to explore the potential of wearable robots to proactively assist the modulation of step width in
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natural strides for improved ML balance in regular walking. Thus, many research questions exist
before enabling proactive step width manipulation via a hip exoskeleton, e.g., what should be the
exoskeleton control and configuration? How do human wearers respond to the exoskeleton’s
action? The objective of this study is to address these knowledge gaps before developing closed-
loop control of wearable robots to enable step width regulation. In this study, we presented an
active hip exoskeleton that powers hip abduction/adduction bilaterally via admittance control. By
adjusting admittance control parameters during natural walking, we investigated the human step
width response to our active hip exoskeleton. We showed success of our powered ML hip
exoskeleton and control in increasing and decreasing the step width during walking without
causing a change of step length in healthy individuals. In addition, we examined the activity of hip
abductors (i.e., the gluteus medius) to understand the human’s hip ML control efforts in changing
of step width in the experiments. The results of this study implied the promise of using an active
abduction/adduction hip exoskeleton and admittance control parameter change to modulate step
width in natural strides. The outcome also informs the high-level control design of hip exoskeleton
that can regulate the step width for proactive gait balance interventions in the future for individuals
with balance deficits.
3.2 Methods
3.2.1 Participants

Ten non-disabled, neurologically intact adults (6 males, 4 females; age = 25.2 + 4.6 years;
mass = 70.8 £ 11.6 kg; height = 1.72 + 0.06 m; mean + s.d.) participated in this study. The study
was conducted with the approval of the Institutional Review Board of the University of North

Carolina at Chapel Hill (133028), with all participants providing informed consent.

31



3.2.2 Equipment: ML Hip Exoskeleton

A fully powered and compliant 2-DOF robotic ML hip exoskeleton developed by
Neuromuscular Rehabilitation Engineering Laboratory (NREL) was used in this study [104].
During the design process, we utilized a modular motor design and employed a low-level
admittance control mechanism. The device was equipped with two brushless EC flat motors
(Maxon, USA) acting on a hip in the frontal plane (Fig. 1(a)). Passive hinges enabled free
movement of the legs in the sagittal plane. The exoskeleton system uses a harmonic gearbox (CSD-
20-100-2A-GR-SP674, Harmonic Drive, MA, USA) providing a 100:1 transmission ratio. The hip
exoskeleton can produce an output torque of 34 N-m, and a peak torque of 57 N-m. The hip
abduction/adduction angle was measured by the encoder (Maxon, USA) attached to the motor. The
interaction arm connecting the actuator to the limb. The hip exoskeleton was worn around the waist
and fastened to the thighs of the participants through cloth cuffs as shown in Fig. 3.1(a).
3.2.3 Admittance Controller for Hip Exoskeleton Actuators

To ensure safe physical human-exoskeleton interaction, we used admittance control [105]
for each actuator to power hip abduction/adduction, as shown in Fig. 3.1(b). Admittance
controllers used virtual impedance parameters, such stiffness (K), damping (B), equilibrium angle
(Beq), and inertia (M) to model the dynamics of human-exoskeleton system. Admittance control,
according to the observed interaction torque (7;,¢), determines the angular velocity reference
signal for the low-level controller to produce required motor torque. (1) describes the dynamics
for interaction torque T;,:(t), where O represents the measured exoskeleton hip
abduction/adduction angle, and " 0(t) and "0(t) are its derivatives standing for motor velocity and
acceleration respectively:

Tine(£) = MO() + BO(t) + K[0() — 6] (3.1)
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The control was implemented on a real-time PC using EtherCat (TwinCAT 3.1) protocol
executing at 1000 Hz.

In this study, we used two parameters of the admittance controllers (K and 6,) to study
the human step width response to different exoskeleton mechanics. M and B were fixed at 0.2 and
0.3 values respectively. The equilibrium angle was utilized to define the direction of the applied
torques in terms of abduction or adduction of the hip joint as shown in Fig. 1b. We aimed to explore
a large range of step-width behavior, both in the abduction and adduction directions, thus we
selected an equilibrium angle beyond the widest (6,4 45) and narrowest (84 44) ML hip joint
excursions that shown in literature [106]. Therefore, we opted to use double the reference value
(~7°) to ensure that the necessary torque would be applied for both increasing and decreasing the
step width of hip exoskeleton users. Once these angles were established, they were set to a constant

value (15°) for the whole gait cycle to systematically investigate various stiffness values.

Velocity
Controller

Velocity Feedback

Interaction Force

Load Cell &
Moment Arm

®)

Figure 3.1. (a) The ML Hip Exoskeleton applied abduction/adduction torque during the whole gait cycle.
Participants were instructed to walk comfortably. (b) Admittance control diagram used to assure safe human-
device interaction. The equilibrium angle parameter is used to define the direction of the applied torque
according to modulated stiffness values.
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Essentially, we modified different stiffness coefficient (K) for either direction to produce different
interaction behavior.

When K is equal to zero, i.e., zero impedance (ZI) mode, the ML hip exoskeleton aims to
match the hip joint movement of the human wearer without any extra torque applied. When
stiffness K increases, the abduction/adduction torque applied in the direction of the predefined
equilibrium angle increases.

3.2.4 Experimental Setup

A motion capture system (VICON, Oxford, U.K.), consisting of 12 cameras sampled at
100 Hz, was used to track foot positions while participants walked on an instrumented treadmill
(Bertec Corp. Columbus, OH, USA). As shown in Fig. 1(a), participants wore a safety harness
attached to an overhead rail, which did not provide body weight support. Twelve light-
retroreflective markers were placed on the participant’s feet (the second toe calcaneus, first and
fifth metatarsals, lateral and medial malleolus, and heel of each foot). Ground reaction forces
(GRFs) were recorded at a sampling rate of 1000Hz by an instrumented split-belt treadmill
synchronized with the motion capture system to detect the gait events. Detected gait events were
visually inspected during the processing of the data to avoid missing heel strikes and toe offs. It
has been demonstrated that the gluteus medius (GM) muscles play a crucial role in modulating
step width [107], [108] when humans voluntarily adjust their step width. Additionally, these
muscle groups exhibit the highest level of activity during ML foot placement [84]. These findings
served as the foundation for our investigation into the behavior of GM muscles. Thus,
electromyographic (EMG) signals of the GM muscles during the treadmill walking was measured

bilaterally by bipolar surface electrodes (Motion Lab Systems, Louisiana, USA) sampled at
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1000Hz. SENIAM [109] guidelines were used for the placement of the electrodes after cleaning
the skin surface with alcohol.
3.2.5 Experimental Protocol

We investigated the effects of the active torque application of the hip exoskeleton in the
abduction/adduction direction for the entire gait cycle on human’s step width. The decision to
apply abduction/adduction torque throughout the entire gait cycle was based on research findings
that demonstrated the role of the GM in controlling step width both in stance and swing phases.
The experiment was carried out in one day and divided into three sessions: acclimation, abduction
assistance, and adduction assistance. To ensure efficient human-device interaction, first, all
participants were asked to walk on the treadmill while the hip exoskeleton was in a zero impedance
(Z1) mode at their self-selected walking speed. The self-selected walking speed was determined
by gradually increasing the treadmill speed in increments of 0.1 m/s until the participant verbally
confirms that it was their preferred speed. The participant’s self-selected treadmill speed was set
constant throughout all sessions to avoid any impact of walking speed on step width [110]. We
allowed participants to acclimate walking with the hip exoskeleton in the ZI mode for 2 walking
trials (3 minutes each). Then participants were asked to walk for three trials, wearing the device,
for both abduction and adduction assistance conditions. Each abduction or adduction walking trial
was 5.5 minutes long with the ZI mode control for the first thirty seconds. In each trial, participants
experienced 5 levels of stiffness K: 0, 20, 40, 60, and 80 N-m/rad. We applied each stiffness level
for 1 minute of the walking trial for both left and right joints and randomized the order of K levels
for each individual trial. Ultimately, each participant experienced the same level of K three times
for each of the abduction or adduction assistance sessions. These levels of K were chosen

empirically based on pilot study work.
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3.2.6 Data Processing, Evaluation Metrics, and Statistics

The marker positions were low-pass filtered by a fourth-order Butterworth filter with a
cutoff frequency of 10 Hz. GRF signals were low-pass filtered with a cutoff frequency of 25 Hz.
Heel strike events were identified using the GRF of each limb with a threshold of 30 N [111]. We
computed step width and step length based on maker positions. The step width was calculated as
a mediolateral distance between heel markers at each heel strike [107]. Similarly, step length was
defined as an anteroposterior distance between heel markers at each heel strike. Only the last 40
seconds of the step width data relevant to each K level was analyzed for the steady-state behavior
to avoid the transient effects.

The calculation of linear correlation coefficient (Pearson’s r) is conducted using JMP,
Version 17.0.0 (SAS Institute Inc., USA). The data used for the analysis consists of the averaged
steady state step width values for all participants across the modulated stiffness values. We were
also interested in investigating how quickly humans react to the K change when this change led to
significant step width modification. First, we selected the K changes that led to significant step
width adjustment. To quantify how quick is the human reaction, we defined the reactive strike
number right after a K change using Cusum Control Chart (CuSum) method [112], [113]. Using
cusum function in MATLAB (MathWorks, USA) allowed us to identify the first strike that shows
the significant shift of mean from the step width derived from the strikes before K change. The
number of these identified strikes after the K change was defined as the reactive strike number.
The details about cusum algorithm and its implementation is shown in Appendix. To evaluate
muscle activity, we computed the EMG envelope of bilateral GM. EMG envelope was obtained
by filtering raw EMG signals with a high-pass filter (cutoff at 20Hz, 4th order), followed by

rectification and low-pass filtering (cutoff at S0Hz, 4th order). We then segmented EMG for both
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the left and right GM based on the timing of left and right heel strikes. We normalized EMG
envelope in time for each gait cycle (heel strike to heel strike of the same limb). To compare EMG
activity across participants, we normalized EMG data based on our zero-impedance condition.
Specifically, we averaged EMG data from all zero impedance trials for a given participant and
took the maximum value from this averaged data for each limb muscle. We then divided all EMG
data by this maximum value for each muscle and repeated this procedure for each participant [114].
We evaluated the participants’ level of effort in hip abduction/adduction control during the stance
phase by integrating EMG activity of GM muscles from 0-40% of the gait cycle [107]. In this
study we focused on the analysis of the stance phase GM EMG activity because GM activity is the
highest in stance phase for pelvic stabilization [82], [115]. We averaged the integrated EMG
activity for the last 40 gait cycles from each impedance condition. We then averaged this number
across the repetitions of impedance conditions so that each condition contained one averaged value
for each participant and used later for statistical analysis. For the abduction and adduction
assistance sessions, we performed one-way repeated measures ANOVA to determine if K-levels
significantly influenced the step width or stance phase GM activity. p values less than 0.05 were
interpreted as significant for all analyses. Post-hoc Tukey tests were performed if ANOVA
analysis showed significance.
3.3 Results
3.3.1 Step Width and Step Length with a Steady K Value

Fig. 2 shows the influence of stiffness K of active hip exoskeleton abduction or adduction
assistance on step width and step length. In average participants walked with wider steps during
the abduction assistance session due to the applied abduction torque to both limbs over the whole

gait cycle (Fig. 2(a)). The step width increased almost linearly (Pearson’s r = 0.665, p < 0.001)
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Step Width (cm)

with the stiffness K in abduction assistance before saturation reached with K = 60 Nm/rad (i.e.,
participants produced the maximum step width). One-way ANOV A showed that change of K value
in hip abduction significantly influences step width across participants, compared to ZI mode (p <
0.001). Furthermore, post-hoc Tukey tests showed that the average step width relevant to K = 20
condition was significantly smaller than the K = 60 and K = 80 levels (p < 0.001). Nevertheless,
the calculated step length results did not show any statistical significance for various values of K,
as shown

When the stiffness K of hip exoskeleton, acting in the adduction direction, increased, in
average participants walked with narrower steps over the whole gait cycle as shown in Fig. 2(b).
Due to the limited range of step width for human to walk with narrow width (compared to the
range when walking wider), the step width hit the saturation value (smallest step width that human
can walk comfortably) when K was only 20. Therefore, the step width did not reduce significantly
when K was greater than 20. Nevertheless, statistical analysis revealed that, in comparison to

walking in ZI mode (K = 0), in average participants walked with narrower steps with a stiffness
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Figure 3.2. Influence of stiffness K of hip exoskeleton abduction (blue) and adduction (red) assistance on
step width and step length. (a) Step width increased across K levels for abduction assistance mode. (b) Step
width decreased across K levels for adduction assistance mode. (c) Step length did not change for the hip
exoskeleton assistance regardless the assistance direction and applied stiffness. The data points represent the
mean and error bars show the standard error mean, and asterisks (*) indicate significant (p<0.05) results of

post-hoc tests.
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value set more than zero (p < 0.03). Finally, similar to the step width increase session results,
participants did not change their step length significantly for different stiffness K, as shown in Fig.
2(c)(red error bars).in Fig. 2(c)(blue error bars).
3.3.2 Transient Step Width Behavior

Fig. 3 shows the transient behavior of the participants in terms of the step width change at
the moment of a stiffness change. Stiffness values were modified at the 20th heel strike in the
figure. Normalized and averaged step width data across participants were shown for both
abduction (Fig. 3(a)) and adduction (Fig. 3(b)) assistance when the stiffness K was changed from
ZImode (K =0). As in Fig. 3, the step width reaction ocurred almost immediately after the stiffness
changed. Using the CuSum method discussed in Appendix A, we quantified number of reactive
heel strikes when stiffness K changed from 0 to other studied levels (Fig. 4). In general, when
stiffness K increased from the zero, it only took less or equal to 4 strikes in the transient reaction
for step width to reach steady state value. Note that we only focused on the stiffness change from
K = 0 because the step width showed significant difference in steady state when K increased from
0 in this study (Fig. 2(a) and (b)).
3.3.3 GM EMG Activity

The GM activity did not vary significantly with abduction and adduction assistance over
changed stiffness levels for both limbs. Fig. 5 shows the averaged pattern of the gluteus medius
activity for all participants during abduction or adduction assistance. Only the left side is shown
as an example. Table I summarizes bilateral integrated GM during the stance phase. Both results
showed that no significant change of GM activation pattern was identified across studied K-Level

conditions for either abduction or adduction assistance.
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3.4 Discussion

In this study, we presented a novel way to modulate human step width during normal
walking via a hip exoskeleton, powering abduction/adduction by admittance control. Our hip
exoskeleton application is fundamentally different from existing exoskeleton design and control.
The vast majority of existing exoskeletons have been focused on assisting sagittal plane motions

for cyclic stepping [99], [116]-[118], while ML balance is ensured by human users (e.g., using
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Figure 3.5. Modulated step width did not influence the activity of the gluteus medius. The average pattern
of left leg GM for (a) abduction and (b) adduction assistance modes are plotted from heel-strike to heel-

strike across all participants.

crutches) [119]. Although very limited studies have tried to use exoskeletons to react to a balance
perturbation (i.e., control after a perturbation occurs), to our knowledge, no wearable robot
approach yet exists to proactively modulate the step width for enhanced ML walking stability.
Hence, in this study, we not only presented a new configuration and control of a bilateral hip
exoskeleton, potentially for proactive ML balance augmentation, but also contributed new
knowledge that adjusting the stiffness in the abduction/adduction admittance control of a hip
exoskeleton can successfully modulate the human user’s step width without influencing the step
length during normal walking. This result implies that stiffness tuning can be a viable option for
controlling step width, instead of relying on torque-tracking approaches that require a high-level
torque reference command. In this study, we examined how humans respond to varied hip
exoskeleton control parameters applied in ML direction. We observed an almost linear trend
between altered stiffness and average step width for abduction until the step width reached a limit.

Such a linear response in step width enables design of simple, linear controllers for closed-loop
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TABLEI
RESULTS OF NORMALIZED STANCE PHASE GM EMG

ACTIVITY
Abduction Adduction
session session
. stance phase K stance phase K
Limb K norm.pGM effect norm.pGM effect
activity activity
mean  +SE mean  +SE
Left 0 0.49 0.03 0.5 0.04
20  0.47 0.03 _ 0.52 0.03 _
40 046  0.03 (1)’ g5 052 004 {)’ 99
60 047 0.03 : 0.51 0.04 ’
80 046  0.03 0.53 0.03
Right 0 0.51 0.03 0.5 0.04
20  0.49 0.04 _ 0.54  0.04 _
40 048  0.04 5’ gg 053 004 {,’ 08
60  0.49 0.04 : 0.52 0.04 ’
80 0.48 0.04 0.54  0.04

control of human step width via adjusting stiffness in admittance control during walking in the
future [120]. Given that hip abduction/adduction assistance did not change the step length, the
saturation of the step width was likely due to the biomechanical limits for participants to increase
or decrease the step width with invariant step length during normal walking. Nevertheless, for
adduction sessions, we did not clearly observe the linear relationship between stiffness K and step
width. This is likely because the adjusting step of K-value (i.e., 20 Nm/rad) was too large while
the biomechanical limit for reduced step width was small. A higher resolution of K-value change
(e.g., increasing K by 5 Nm/rad increments) could potentially be used to further explore whether
the control stiffness and step width maintains a linear relationship within the step width limit for
hip adduction assistance. Finally, the average step length of the hip exoskeleton users did not
change for either abduction or adduction assistance at various K levels, supporting previous studies
that suggest independence between anterior-posterior and mediolateral foot placements [81].
These results suggest that separate controllers can be designed for 4 DOF hip exoskeletons
controlling step width and length independently. Another factor that makes our presented approach

for augmenting ML balance practical is that we did not observe gait disruptions (i.e., trips or use
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of handlebars) among all participants during change of exoskeleton control K, even when the K
value changed significantly (see supplementary video for reference). Such human response
implied that we can adjust stiffness K during normal walking to achieve step width modulation
safely. Participants smoothly adapted to the change in K and stabilized at the new step width within
4 strikes for both the abduction and adduction sessions. This response time may be inadequate to
enable precise strike-to-strike step width control (or foot placement), which might be needed when
walking on irregular ground surfaces, e.g., a rocky trail. Nevertheless, the response time is
sufficient to proactively regulate the step width for enhanced ML balance during walking exercise.
However, in this study, we only considered using stiffness K to change the step width. In addition,
K value change is applied to the entire gait cycle. Further research is needed to understand if the
ML hip exoskeleton can change step width within a single step by adjusting other admittance
control values (such as equilibrium position), changing stiffness K only during a certain phase of
the gait, or using closed-loop feedback control. The activity of GM during the abduction assistance
indicated that increases in step width behavior were primarily due to changes in exoskeleton
assistance level rather than changes in participant behavior. A previous study has demonstrated
that volitional increases in step width are primarily generated by increased GM activity during the
stance phase [107]. Nevertheless, our result indicated that, despite increased step width, GM
activity did not change. This finding suggests that ML hip exoskeletons can provide assistive
support for step width increase without imposing additional demand on the GM muscles. It also
shows that ML hip exoskeleton’s abduction assistance can be used with minimal resistance from
non-disabled users. For the adduction assistance mode, GM activity did not change either.
However, research showed that non-disabled individuals walking with narrower steps decreases

EMG of GM . This finding suggests that hip exoskeleton users may resist narrowed step width.
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This is potentially caused by perceived threat to their balance due to reduced base of support in
ML direction and potential tripping by their own limb. To further investigate the cause of this
resistive response to exoskeleton abduction torque, we might need to systematically examine the
human user’s subjective response on the sense of efforts and balance confidence. The presented
hip exoskeleton, control, and human response may lead to many exciting applications. First, our
exoskeleton design and study results could likely be utilized to enhance ML balance control in
populations with declined sensorimotor functions or hip muscle weaknesses, such as post-stroke
patients [121], older adults [122], or individuals with transfemoral amputations [123], [124]. It is
essential to emphasize that the structure of our hip exoskeleton enables the implementation of
alternative control schemes, offering flexibility in adjusting control parameters and their timing.
Additionally, the capability to control the motors unilaterally presents a potential opportunity to
address the asymmetrical gait observed in certain populations mentioned earlier. Our hip
exoskeleton may also be used as an assistive or therapeutic device during their gait training in
clinics or home in the future to address their walking balance. The proposed hip exoskeleton and
control can be employed as a research platform to study ML balance control mechanisms. As a
research tool, it can be used to further study the connection between step width modulation and
balance to better comprehend the neuromechanical aspects of motion control during walking [125]
inside or outside of the lab environments. These will be our future research directions. Finally,
besides the limitations and future research discussed above, other limitations were also identified
in our presented study. First, we carried out the study on a treadmill with a fixed speed and lab
environment. It would be interesting to test the human response when walking speed varies or over
level ground. In addition, the research focuses on human response in step width, step length, and

GM activity only, we did not measure other biomechanics parameters in gait, such kinematics and
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kinetics of knee and ankle. Further investigations are required to test additional muscle groups, in
addition to the gluteus medius, to determine whether compensation by other muscle groups has
occurred or not. More systematic analysis of human biomechanics while using our hip
exoskeletons is needed in the future.
3.5 Conclusion

In this study, we successfully demonstrated the ability of our hip exoskeleton and its
admittance control acting in the mediolateral direction to modulate step width in non-disabled
participants. We showed that the step width of the users can be directly modulated by changing
the admittance control parameters, namely stiffness K, once the added torque direction (either
abduction or adduction) was defined by fixing the equilibrium angle (6eq) in the controller. After
the stiffness K increased from zero to a studied value, we found that human participants started to
react immediately after a K change and showed significant step width change within 4 strikes. In
addition, besides the change of step width, the immediate stiffness change did not disrupt the gait
and step length. When examining the activity of bilateral gluteus medius, which plays an important
role for ML stability in gait, we found the activity does not show significant difference regardless
of the level of stiffness value (and therefore torque applied). This observation indicated that the
increase in step width was caused mainly by the exoskeleton rather than human efforts. This study
outcome may pave a new way for designing closed-loop control of step width and foot placement

in ML directions via our hip exoskeleton for assistive or rehabilitation purposes in the future.
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CHAPTER 4
A. Alili, V. Nalam, Joshua R. Tacca, M. Liu, J. Si and H. Huang, Towards Advancing
Mediolateral Balance by Hip Exoskeletons: A Reinforcement Learning-Based Approach for

Proactive Step Width Control" in IEEE Transactions on Robotics, to be submitted

4.1 Introduction

Over the past two decades, numerous researchers have developed lower-limb
exoskeletons for rehabilitation purposes and assistance with daily activities [126], [127]. Most
exoskeletons, whether research prototypes or commercial devices, primarily provide power in
the sagittal plane to facilitate cyclic steps during locomotion. However, these devices often
overlook the requirement for mediolateral (ML) balance [119]. For instance, exoskeleton users
with balance challenges will need to use crutches or canes to maintain balance in an upright
posture.

Recently, there has been growing interest in developing exoskeletons that support balance
during walking, particularly in the mediolateral (ML) direction. This is because maintaining ML
balance requires more intricate active motor control, as the frontal plane poses greater challenges
to stability [128][129]. Based on human biomechanics, Reimann et al. [80] demonstrated that the
central nervous system primarily employs several key control strategies to ensure walking
stability. Two strategies are directly related to lower limb joints. The first is the lateral ankle
strategy, which manages small shifts in the center of pressure (CoP) to make relatively minor
adjustments to balance during walking. From a wearable technology perspective, we are unaware
of research attempts to improve ML balance using ankle exoskeletons due to the challenge of

designing these devices without adding excessive distal weight. The second strategy is the
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stepping strategy, which involves step width control in the ML direction and relies on the
function of the hip joints. This strategy is considered as the primary method for maintaining ML
balance during gait. This approach involves modulating the relationship between the ML
position of the Center of Mass (CoM) and the Base of Support (BoS) to prevent instability during
the single-limb support phase [130], achievable through step width adjustments [131] [82]. In
addition, a study has showed that step width modulation directly influences ML balance by
affecting frontal-plane external moments and whole-body angular momentum [132].

Since the hip joints play a crucial role in ML gait stability [80], [133] and adding weight
close to the center of mass minimizes destabilizing effects, designing hip exoskeletons to
facilitate ML balance is a more practical approach. As a result, emerging research efforts have
begun designing hip exoskeletons that can power hip abduction/adduction to address ML balance
control in recent years. Often, four degree-of-freedom (DOF) hip exoskeletons powered by series
elastic motor [102] [134], cable-driven emulator [135], quasi-direct drive actuators [136], or
harmonic gear driven actuators with active torque feedback with admittance control capabilities
was designed [137]. Recent two studies [135] [136] applied on-off torque control (i.e., square
wave) to 4-DOF hip exoskeletons to examine their effects on foot stepping in the frontal and
sagittal planes following a balance perturbation.

These studies, however, did not use the balance related measures as feedback to perform
closed-loop control. Very few have utilized the extrapolated center of mass (XCoM) as a metric
to receive the balance feedback in both anteroposterior (AP) and ML direction to control the
robotic exoskeleton [101], [134]. Wang et al. [134] used position control as the low-level control,
while Zhang et al. [102] used admittance control. For both studies, the authors monitored the

XCoM in ML direction. When it is outside of the bound after a perturbation, the control of hip
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abduction and adduction will be activated and continuously regulate XCoM back in the stability
bound.

All of this prior research, however, focuses on reactive approaches that intervene in the
ML balance of exoskeleton users only after a shift in balance is detected, typically in response to
perturbations. However, such solutions can be abrupt, jerky and address only the effects, not the
causes, of balance loss. In contrast, proactive approaches aim to continuously adjust gait
behavior to enhance the underlying mechanisms of balance, thereby improving overall walking
stability and helping users to maintain balance against perturbations. The proactive approach
may be a more effective path toward achieving continuous ML balance control. Additionally,
studies aimed at improving ML balance with hip exoskeletons have mainly been conducted on a
limited number of non-disabled participants as a proof of concept. Using hip exoskeletons to
facilitate ML balance would be more appealing and useful to individuals with a hip weakness or
impairment, including individuals with lower-limb amputations [138], post-stroke patients [139],
or older adults [130]. For example, a transfemoral amputation leads reduced biomechanical
function of biarticular muscles across the thigh and lead to weakened hip joint on the amputated
side. They face unique challenges in maintaining ML balance and increase their vulnerability to
ML instability [140].

Given the gaps in the field, our research goal has been to develop a modular hip
exoskeleton and a control framework capable of proactively assisting the primary ML balancing
strategy during walking. Unlike conventional exoskeletons, which primarily address AP stability
or add ML support as a secondary feature, we developed a bilateral ML hip exoskeleton and
validated its ability to deliver the torque necessary for step width alteration [137]. We found an

approximate linear relationship between hip abduction/adduction stiffness adjustment and step
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width, which is consistent with the conclusion of a prior biomechanical study [141]. That means
we can model the human and exoskeleton acting on it as a linear system and potentially design a
simple linear control, such as PID, to control the step width in a closed loop, as shown in our
feasibility study on one non-disabled participant [ 142]. However, several key challenges still
remain. (1) How to design the hip exoskeleton control in the frontal plane to control the step
width accurately without losing the human-like step-to-step variability in walking? (2) How can
the control adapt individual variations, particularly in users with motor deficits? This is because
the model of the relationship between hip impedance and step width is not generalizable across
individuals. The PID control parameters must be personalized. (3) How can we make step width
control setup time efficient and practical for clinical use? That is to say, the amount of time
required for personalizing the controller with human-in-the-loop cannot be too long. (4) Can the
proposed adaptive controller be applied to diverse populations?

We addressed these challenges in this study by proposing a novel reinforcement learning
(RL)-based optimal adaptive control (Fig. 1) for a hip exoskeleton (powered in ML direction) to
control step width. The control has 3 levels. The low-level admittance control ensures human
safety and allows step width variability in walking. The middle level control is the closed-loop
PID control. By assuming our system is linear we employed a linear controller to continuously
adjust hip stiffness to control step width in a whole gait cycle. The high-level control is RL that
adaptively tunes PID gains, assuring accurate step width control. The high-level controller was
implemented as a hybrid offline-online learning. The offline learning generates close to optimal
policy based on the approximated linear model. The online learning finetunes the policy, if
needed, with human-in the loop (HIL) optimization. The hybrid learning improves the time

efficiency and reduces human effort in finding the robust PID tuning policy. Finally, the learning
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policy was directly deployed to adapt PID control parameters continuously to produce desired
step width in walking.

By integrating insights in biomechanics and human-exoskeleton interactions, application-
specific hardware, and a novel optimal adaptive exoskeleton control framework, we validate our
novel system to show that proactively controls step width accurately without losing natural human
variability in walking is feasible in both able-bodied individuals and those with lower limb
amputations, who requires hip assistances and ML balance support. The key contributions of this
study are: 1) a novel system enabling precise, proactive step width control in both non-disabled
individuals and individuals with lower limb amputations, which to our knowledge has not been
demonstrated previously; 2) a control framework that permits safe user overrides and interactions
and exhibits robustness to external disturbances; 3) an effective learning paradigm that required
only a single real-time HIL episode to fine-tune the offline-trained RL policy; and 4) a new
evidence that step width control in hip exoskeleton users does not increase step width variability,

confirming the absence of adverse balance interventions.
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Figure 4.1. Step width control framework consisting of two phases: Offline Training of the RL Agent
and Online Testing. The RL agent is trained offline based on the 2nd-order state-space human-
exoskeleton model. The performance of the trained agent is then adapted in real-world settings to control
the step width of robotic hip exoskeleton users.

4.2 Methods
4.2.1 ML Hip Exoskeleton and Control Implementation

A 2-DOF powered and compliant robotic hip exoskeleton, developed by the
Neuromuscular Rehabilitation Engineering Laboratory (NREL) [137], was used in this study. The
design incorporated a modular motor controlled by an admittance controller. The device featured
two Maxon brushless EC flat motors (Taunton, MA, USA) operating in the frontal plane, with
passive hinges allowing sagittal plane movement. It included a harmonic gearbox (CSD-20-100-
2A-GR-SP674, Harmonic Drive) with a 100:1 transmission ratio, delivering 34 Nm of torque and
up to 57 Nm at peak. Hip abduction/adduction angles were measured by a Maxon encoder, and
interaction torque was captured via a load cell on the actuator arm. The exoskeleton was secured

around the waist and thighs using cuffs.
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To ensure safe and compliant interaction between the exoskeleton and the user, we applied
admittance control [105] to power hip abduction/adduction. The admittance controllers used
virtual impedance parameters—stiffness (K), damping (B), equilibrium angle (6,,), and inertia
(M )—to model the human-exoskeleton dynamics. Based on the observed interaction torque (7;,¢),
admittance control determined the angular velocity reference for the low-level controller to
generate the necessary motor torque, following the dynamics in Equation 1. Real-time control was
executed via EtherCAT (TwinCAT 3.1) at 1000 Hz.

Tine(t) = MO(t) + BO(t) + K[O(t) — Oq] (5.1)

The equilibrium angle (6,,) was held at +15° for the entire experiment. It allowed for an
increase in step width by setting positive stiffness values, while decreasing it by applying negative
values [143]. We used the stiffness (K) parameter to control step width throughout the gait cycle,
while M and B were fixed at 0.2 and 0.7, respectively, from prior tuning. In zero impedance (ZI)
mode, where K = 0, the exoskeleton matches hip movement without applying any torque. For step
width control, we used positive values of K to increase the step width and negative values to
decrease it. Thus, the K parameter range was set between -10 and 80 Nm/rad [142], [144].

4.2.2 General Framework for Step Width Control and RL-Based Learning

In our previous study, we performed a preliminary analysis to verify if PID control can be
utilized to regulate step width [142]. To achieve control, we modeled the human-exoskeleton
system as a combination of two second-order models that represent the relationship between
stiffness and step width, each for modeling abduction and adduction behavior. System
identification methods were used to identify the parameters of this second order system.

Appropriate PID controllers were then tuned manually for abduction/adduction control.
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However, manual tuning is empirical, tedious and non-optimal. To ensure optimal step
width performance, we develop an RL based approach. The second order model used for step
width abduction control was employed in this study to train a RL algorithm to tune the PID gains
offline and test its validity in real settings (Fig. 1). The low level PID controller was designed to
modulate stiffness within a range of positive and negative values to increase and decrease step
width, respectively. During real time testing, the PID control was executed at 50 Hz to modulate
step width. We added noise to the offline measurement of the step width to emulate the real
behavior of the step width variability.

The developed RL framework iteratively updates the PID gains so that the stiffness is
optimally and rapidly modulated to control the step width of users. Our objective was to pretrain
a single policy capable of adapting to various users. This is achieved by offline training on the
second order models, where the PID gains were updated every two seconds for each step, with a
randomly generated target step width that remained constant throughout the same episode. All PID
gains were also randomized at the start of the episode until the RL algorithm determined the first
set of values, enhancing the robustness of the training process.

The step width control state variables p € R for the RL are defined as the measured step
width (y), difference between measured and target step width (y%) and the accumulation of the

error initialized to zero at each RL update:

S= [y, e,J e]T (5.2)

where e = y — y%. Meanwhile, action variables a € R3 are defined in the following
form:

A = [AP, Al AD]T (5.3)
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where AP,AILAD are adjustments of the PID gains for the corresponding time step of RL
training.

The reward value in each update step, m, was calculated as follows:

Max Error

Max Integral Error
EAY
_ __latl

Max Error

2
le]
rm=r1+r2+r3+P=—a1*<—

(5.4)

P={100 ify<5ory>40
0 else

where a4, @, a3 are weights equal to 1, 0.7 and 0.4, respectively. We designed the reward
functions in a quadratic form, where the r; term ensured the elimination of steady-state error, and
the 7, term encouraged the model to reach a new steady state as quickly as possible. To provide a
comfortable user experience, we included an 73 term that discouraged abrupt changes in PID
output. Additionally, we implemented measures to maintain realistic step widths by applying a
strict penalty if the width exceeded 40 cm or dropped below 5 cm, as reflected in the final term
in Equation (5.4).

The Deep Deterministic Policy Gradient (DDPG) reinforcement learning algorithm [145]
was used for training. The DDPG algorithm consists of an agent with an actor, which takes an
input state vector, u(S), to produce an action vector, A, and a critic, an artificial neural network
(ANN), which takes both the state and action vectors, Q(S, A), to estimate the long-term discounted
reward based on the Bellman equation. Both the actor and critic networks were designed and

trained using the Reinforcement Learning Toolbox in MATLAB 2024a (MathWorks, USA).
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The state input of the critic network consisted of an input layer with 3 nodes for the state
input, followed by fully connected layers with 250 hidden neurons. These were followed by batch
normalization and rectified linear unit (ReLU) layers for nonlinear transformation, and then by a
second fully connected layer. The action input of the critic contained the action space, followed
by a fully connected layer with 250 hidden neurons. These two paths were added together and
passed through another set of batch normalization and ReLU layers, finishing with a fully
connected layer.

The actor network, in turn, started with the state input, followed by two fully connected
layers, each with 250 neurons, along with ReLU and batch normalization layers. These layers
applied transformations to the state input, enabling nonlinear behavior in the actor network. The
action output consisted of a fully connected layer followed by a tanh activation function to ensure
that the action output was between -1 and 1. A scaling layer then transformed the output by
applying predefined scaling factors. The hyperparameters of DDP and PID are shown in Table I.

At the beginning of the initial training process, the weights of the actor and critic networks,
u and Q, were randomly initialized. A target actor and target critic network, u' and Q’, were also
created with identical structures and with weights 8¢ and 6*. The training consisted of 1,000
episodes. At the start of each episode, a new randomly generated target step width from a realistic
step width range was selected, and the PID gains were randomly initialized. Each episode included
a fixed number of 20 update steps. During each episode, the training process cycled through each
data set using the current PID gains, selecting a new data set for each update step. At the start of
each update step, the PID gains and measured step width data for the next data cycle were loaded.
Step width for the data cycle were then obtained from the 2™ order abduction model. For update

step m, the state vector, S,,,, was calculated and the current reward, 1;,,, was determined using (4).
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The action vector, A,,, was then obtained from the actor network according to the following
process:

A = p(Sm) + Np,. (5.5)

Here, N, represents a noise vector sampled from an Ornstein-Uhlenbeck (OU) process
[145], which facilitates exploration during training. The next cycle of data for the was then loaded
and a new state vector, S, 1, was calculated from the resulting step width calculated from the 2"
order human-exoskeleton model. A transition, defined as (S, Am, > Sm+1), Was stored in a first-
in-first-out buffer, D. Following this, to update the weights of the networks, a minibatch containing
N transitions randomly sampled from D was obtained. The weights of the critic were first updated

by backpropagation to minimize the loss function:

1
Lo = NZ(yi — Q(s1,a:169))* (5.6)

where y; is a target value based on the Bellman equation and defined as:

Vi =1 +¥Q'(Siz1, W (Si41)), (5.7)

y represents the discount factor. The actor's weights were then updated via backpropagation
to maximize the long-term discounted reward, as estimated by the critic network, through

optimizing the policy gradient:

1
Vou =~ % Va Q(Si, () Veru(S) (5.8)
Finally, the weights of the target actor and critic networks were updated by:

69 =162 + (1 —1)6?
o1 =764 + (1 —17)6* 9)
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where 62 and 0 are the weights of target actor and targe critic. The hyperparameters of
the DDPG used in this study are listed in Table .

Training of the RL DDPG model was stopped once convergence in performance was
detected. A small value of -0.01 was set as the convergence criterion, based on the average reward

value over a window of 15 steps.

TABLE I

HYPERPARAMETERS OF DDPG RL AND PID
Hyperparameters Value
Discount factor 0.97
Batch size 16
Experience buffer length 4000
Target smooth factor 0.001
Actor learning rate 0.001
Critic learning rate 0.001
Gradient thresholds 1
Noise Variance 0.3
Noise Variance Decay rate 0.0001
Execution environment GPU
Action range for K (-10, 10)
Action range for K; (-150, 150)
Action range for K, -1, 1)
PID Output Range (-10, 80)

4.2.3 Experimental Protocol

Our primary goal was to evaluate the RL performance during validation tests with hip
exoskeleton users walking on a treadmill. The experiment was conducted in a single day and
divided into four main sessions: 1) determining the participants' preferred treadmill walking speed,
2) identifying the step width range of hip exoskeleton users with maximum and minimum stiffness,
3) retraining the RL agent, which was initially trained offline, and 4) conducting two validation

trials.
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To ensure efficient human-device interaction, participants first walked for 3 minutes on the
treadmill with the hip exoskeleton in zero impedance (ZI) mode at their self-selected walking speed
[146].

Before proceeding to the real-time RL agent retraining session, we measured the whole
gait low-pass filtered step widths using a moving average for three conditions: walking with a
normal step width, the widest step width with maximum stiffness applied (80 Nm/rad), and the
narrowest step width with minimum stiffness applied (-10 Nm/rad). The goal of this session was
twofold: 1) to determine the step width range to ensure appropriate target step widths are randomly
generated during real-time retraining, and 2) to prepare for validation trials by selecting the target
step width.

Afterward, we conducted real-time human-in-the-loop (HIL) optimization to retrain the RL
agent, allowing the model to fine-tune if necessary and to measure the number of episodes required
for convergence. Unlike the offline training, we relaxed the convergence criterion from -0.01 to -
0.1. If convergence was not achieved, the agent's retraining would be stopped after five trials, each
lasting 3 minutes of participant’s walking on the treadmill.

To assess the performance of the proposed framework for controlling the step width of hip
exoskeleton users, we designed two validation trials. The first validation trial aimed to test the
behavior of the proposed controllers with respect to step inputs as the target step width. For each
participant, three step inputs were set: one higher than their normal step width, followed by one
lower, and another higher again. These target step widths were randomized across participants.
The second validation trial aimed to test the robustness of the proposed framework against user-
induced disturbances. At the end of each 60-second interval, an auditory cue prompted participants

to voluntarily alter their gait by decreasing and increasing their step width for one step and stopping
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the resistance. This test assessed whether the control framework could handle disturbances caused
by user behavior. Overall, this session allowed us to evaluate the controller's effectiveness in
controlling the step width of hip exoskeleton users.
4.3 Experimental Validation
4.3.1 Participants

Eight participants (five non-disabled, two with transfemoral, and one with transtibial
amputations) took part in this study. To effectively demonstrate the step width control performance
of the proposed framework, we selected a diverse group of participants based on factors such as
age, height, sex, walking speed, prior experience with hip exoskeletons, and disability level. The
details are listed in Table II. The study was conducted with approval from the Institutional Review
Board of the University of North Carolina at Chapel Hill (13-3028), and all participants provided

informed consent.

TABLE I
DEMOGRAPHIC AND PARTICIPANT CHARACTERISTICS
. Experience
- Sex Age  Height Weight “AKINE o or  Physical
Participants (Male, Speed . C t
Female) (years) (m) (kg) (m/s) times used ondition
before)
1. ABOI M 20 1.73 80.7 0.8 1 Non-disabled
2. AB02 M 35 1.7 64.1 0.9 25 Non-disabled
3. ABO3 F 19 1.73 60.8 0.8 0 Non-disabled
4. AB04 M 21 1.85 77.1 0.9 0 Non-disabled
5. AB0S F 20 1.65 63.5 0.95 3 Non-disabled
6. TFAOL M 45 1.73 74.8 0.5 5 Transfemoral
Amputee
7. TFAZ M 26 1.68 83.9 0.65 8 =t
Amputee
8. TTAOL M 57 1.75 109.8 0.8 0 Transtibial
Amputee
Mean=Std 30.4+14.1 1.7246.1 76.8+15.8 0.78+0.15 52485

4.3.2 Experimental Setup
A 12-camera motion capture system (VICON, Oxford, UK) sampled at 100 Hz was used

to track participants' foot movements as they walked on an instrumented split-belt treadmill (Bertec
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Corp., Columbus, OH, USA). Five reflective markers were placed on each foot—on the second
toe, posterior heel, fifth metatarsal head, and lateral and medial malleoli—to capture foot
movements. Ground reaction forces (GRFs) were measured by the treadmill, which was
synchronized with the motion capture system and recorded at 1000 Hz.

4.3.3 Data Processing, Evaluation Metrics, and Statistics

Marker positions were low-pass filtered using a fourth-order Butterworth filter with a 10
Hz cutoff frequency, while GRF signals were filtered with a 25 Hz cutoff. Heel strike events were
identified based on the GRF of each limb, using a 30 N threshold [111]. Step width was calculated
as the mediolateral distance between heel markers at each heel strike [107]. For the steady-state
response calculation, step width was calculated using the last 60 heel strikes (30 gait cycles) before
the next transition. For both validation trials, the average step width for each participant was
calculated along with step width variability, which was defined as the standard deviation from the
last 60 steady state steps.

In addition to the steady-state response, we were also interested in the transient behavior
of the controlled signal. Transient behavior was defined as the number of steps required to reach
the range of the mean + standard deviation of the steady-state condition. The number of steps was
calculated from the step width measurements following either the step inputs or the perturbations
introduced by the participants during the validation trials.

To test the significance of step width variability across the three phases of the first
validation trial and the two phases of the second validation trial, we performed a one-way repeated
measures ANOVA. This analysis aimed to determine whether the step width control trials had a
significant effect on step width variability. A p-value of less than 0.05 was considered statistically

significant for all analyses. If the ANOVA results indicated significance, post-hoc Tukey tests
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were conducted. Bartlett's test was used to assess the homogeneity of variance, and the Lilliefors
test was employed to evaluate the data normality.

4.4 Results

4.4.1 Offline and Online Convergence of the Framework

The RL training converged after 300 episodes during the offline learning phase, taking
approximately 45 minutes with GPU support. Fig. 2(a) illustrates the learning behavior of the
DDPG model in terms of the accumulated reward and Episode QO, which represents the estimated
discounted long-term reward at the start of each episode. For agents with a critic, this estimate is
based on the initial observation of the environment. The offline learning of the RL agent
automatically stopped when the convergence criterion of was met, based on the average reward
value being less than -0.01 over a window of 15 steps. Fig. 2(b) shows the adaptively tuned PID
to adjust the stiffness of the admittance controller for the last episode of learning, ensuring the step
width reaches the defined target value (Fig. 2(c)).

We also tested the stability of the PID acting abduction model, which represents the
mathematical relationship between modulated hip exoskeleton stiffness and human step width,
used to train the RL agent for all combinations of the proposed PID gains. Fig. 3. shows the pole-
zero map for the last training episode. As can be seen from the figure the stability was conserved
for all 20 steps of PID gain updates.

As part of the experimental protocol, we retrained the RL agent, previously trained offline,
to determine if further training was necessary. After just one episode, the RL model converged for

all participants, demonstrating the robustness of the offline trained policy.
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4.4.2 Transient control behavior

The primary goal of the study was to develop a framework that can adapt to the walking
dynamics of various hip exoskeleton users and provide accurate control of step width.

Fig. 4. qualitatively displays the control of step width for first validation trial for
participants TFO1 and AB02. Fig. 4(a, b) shows the step width measured throughout the entire gait
cycle at 100 Hz, which was low-pass filtered using a moving average. Fig. 4(c, d) represents the
adaptive adjustment of the PID controller tuned by RL. Observations revealed that the generated
PID gains used to control step width varied across participants, as evident in the cases of TFO1 and
ABO02. On average, the difference between the controlled step width (measured at each heel strike
during offline analysis) and the target step width during the first validation trial across participants
was 0.51 £ 0.52 cm, 0.48 = 0.4 cm, and 0.86 + 0.52 cm in terms of mean and standard deviation
for the three step inputs.

The transient behavior of step width control was another crucial point for our study, as our
goal was to ensure a smooth transition with as few steps as possible. We achieved smoothness by
incorporating a penalty in the reward function to avoid abrupt changes in the PID control signal.
At the same time, rapid transitions were encouraged by rewarding the reduction in accumulated
error. The number of steps needed to transition from wider to narrower and from narrower to wider

conditions for the first validation trial, on average, was 5 steps and 4 steps, respectively.

63



TFAO01 ) AB02

35 35
301 30
al i
— A T —~25}
=25 | |] l | i =25
S ALAIMLLE £
= T =
20 _ I 520
= L_Illl. vk LA =
g5} &5t
w w I
10 10
=—=Target Step Width =—=Target Step Width
5 ——Controlled Step Width 5t ——Controlled Step Width
30 60 90 120 150 180 210 240 30 60 90 120 150 180 210 240
Time (sec) Time (sec)
6 -
| —Ki
5 Kd
4 +
[72] w
i} o
= =2 3r
@ (]
> >
£ 2E £ 2F
T T
U] o (]
o 1f r————— o 1f —_ _
o - | o
| e [
At f
30 60 90 120 150 180 210 240 30 60 90 120 150 180 210 240
Time (sec) Time (sec)

Figure 4.4. Representative step width control for participants TFAO1 (a) and AB02 (b) in response to
randomly generated target step widths. (c), (d) Adaptively adjusted PID gains by the RL agent to ensure
step width control for the two participants.

4.4.3 Disturbance Rejection Behavior

Figs. 5, 6 illustrate the moments when TFAO1 and ABO2 overrode the hip exoskeleton's
applied torque by voluntarily decreasing or increasing their step width. The step width control
behavior for both participants is shown in Fig. 5 (a, b), while Fig. 5 (c, d) displays the PID
controller output in response to the introduced disturbances. Notably, immediate reactions in the

PID output can be observed around the 80th and 140th seconds.
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For the second validation trial, the difference between the target and steady-state step width

measurements at each heel strike over the last 60 steps following the disturbances was 1.11 + 0.6
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cm and 1.07 £ 0.44 cm, as shown in Fig. 6(a). Additionally, the median number of steps required
for the framework to return participants' step width to the target after disturbances was 2 and 3, for
the narrow and wide disturbances, respectively (Fig. 6(b)).
4.4.4 Step Width Variability

To control step width, we implemented an admittance control architecture for the low-level
exoskeleton control. This architecture allowed for natural overrides when necessary, while
preserving the natural step width variability introduced by the human user. Our goal was not to
inhibit this variability, as it is closely related to human balance capabilities, as reported in [147],
[148]. To assess this, we measured the steady-state step width variability among participants across
both validation trials and their respective phases. The median step width variability ranged from
1.6 to 2.4 cm across the two trial phases. ANOVA tests showed no significance for step width

variability among the phases of validation trials.
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4.5 Discussion

In this study, we introduced a novel framework that, to the best of our knowledge, is the
first to efficiently adapt and accurately control the step width of users wearing a hip exoskeleton
during normal walking. We employed a reinforcement learning (RL) algorithm to tune the PID
gains, which govern the stiffness parameter of the admittance controller responsible for generating

abduction/adduction torques applied to the hip. The RL policy was initially trained offline using a
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mathematical model designed to capture the relationship between the modulated stiffness input
and the step width output of a human wearing the exoskeleton. Subsequently, the RL policy was
fine-tuned for each participant as they walked on a treadmill. Due to the robust representation of
human dynamics in the mathematical model, which enabled effective offline RL training, and the
well-structured Deep Deterministic Policy Gradient (DDPG) actor-critic networks, only a single
real-time episode lasting for 3 minutes was needed to update the policy for each participant. This
approach eliminated the need for prolonged and resource-intensive human-in-the-loop
optimization trials. The time we achieved for online fine-tuning of the RL policy is among the
shortest observed, especially when compared to the average time of 33 minutes typically required
for human-in-the-loop optimization in wearable robotic devices with various objectives [149].
Furthermore, we demonstrated that well-designed mathematical models capturing human
dynamics can be an effective choice for offline learning. The proposed framework's effectiveness
was validated through its accurate control of step width and its ability to reject disturbances across
participants with diverse demographic and physical characteristics.

We evaluated the steady-state accuracy of the proposed framework by setting three target
step widths, updated every 90 seconds while continuous walking and randomized across
participants. Each participant’s individual step width range, determined by the maximum applied
abduction/adduction torque, was considered when selecting these target widths. On average, the
difference between the target and real-time controlled step width, measured at each heel strike,
was less than 1 cm across all participants for the three targets. Notably, the framework
demonstrated consistent control accuracy, despite substantial differences in participants' lower-
limb mechanics. In our previous study [150], we showed that modulating step width using a

mediolaterally active hip exoskeleton can influence the gait balance in terms of ML net external
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moment, the margin of stability, and trunk sway. Taken together, these findings and the level of
precision achieved with the step width control reinforce the framework's potential to enhance gait
balance in individuals with neuromechanical deficits or lower limb amputation.

The transient behavior of the developed framework was also of significant importance, in
addition to its steady-state performance. We measured the number of steps required for the
framework to bring each participant's step width to a new steady state during the first validation
trial. On average, a median of five steps was needed to reach the new steady state, whether
transitioning from a wider to a narrower step width or vice versa. As noted earlier, we deliberately
prioritized smooth transitions while minimizing the number of steps required to reach a steady
state, considering the participants' physical profiles. Additionally, we gathered participant
feedback on their experience during these transitions. TFAO1’s brief response, “Smooth!”, was
echoed by other participants, who reported similar experiences. This achievement can facilitate
the device acceptance process for daily use and contribute to shorter and more effective adaptation
periods.

The second validation trial was designed to evaluate how effectively the developed
framework handles user-induced disturbances. This trial had two primary objectives. First, we
aimed to demonstrate that the proposed low-level architecture allows for easy user overrides, a
feature deliberately integrated during the development of the hip exoskeleton [137]. This feature
is particularly important for the population we aim to assist, including older adults, individuals
with lower-limb amputations, and stroke patients, who retain a degree of gait independence.
Therefore, it is essential that these users can control the device when necessary. The second
objective was to show that the framework is robust in managing disturbances and capable of

returning the users' step width to the predefined targets. The results demonstrated that all
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participants were able to easily override the hip exoskeleton's control and adjust their step width
in response to auditory cues. Similar to the first validation trial, the difference between the target
and steady-state step width, measured at each heel strike, was less than 1 cm across all participants
following both volitional decreases and increases in step width. While analyzing the transition
behavior, we observed that one of the transfemoral amputee participants (TFAO1) reacted very
sensitively to the applied hip exoskeleton torque after overriding the device control (Fig. 5a). We
presume that this heightened sensitivity to the corrective torque, applied to adjust step width to the
target, may be due to hip weakness associated with limb loss. However, the average number of
steps required for the framework to return the user's step width to the target was between 2 and 4.
These findings further reinforce the potential application of the framework, especially considering
that the number of steps required for non-disabled individuals to recover from perturbations is
typically less than 6 [151], [152]. It is important to note that the rationale for using the RL-tuned
PID for step width control, rather than allowing RL to directly tune the admittance control
parameters, was to achieve faster response times.

As previously mentioned, step width variability is a commonly used metric to assess fall
risk in older adults and clinical populations. To evaluate whether the framework introduced any
additional noise to the participants' step width, we measured the controlled step width variability
across all trials. The results showed that the step width variability of participants remained within
the normal range of 2-3 cm, as reported in the literature [153]. This feature provides additional
confidence in using the framework to positively influence the ML gait balance of hip exoskeleton
users.

In addition to its significant potential for improving gait balance as an assistive technology,

the proposed framework can also be used for rehabilitation purposes. Studies involving
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flexion/extension robotic hip exoskeletons have shown positive outcomes in the rehabilitation of
stroke survivors, older adults, and individuals with lower limb amputations, improving
spatiotemporal gait symmetry, metabolic efficiency, and kinematic quality [154], [155]. Similarly,
the framework can be used as a research tool to investigate stability-related step width control
responses by applying ML perturbations, typically conducted using non-mobile systems [156],
[157].

Along with achieved results our study presents a few limitations. First, the experiment was
conducted on a treadmill with a fixed speed in a controlled lab setting. It would be valuable to
explore how well the framework controls human step width when walking speeds vary or when
walking occurs on level ground. Moreover, our research primarily focused on human responses in
terms of step width. We did not account for other biomechanical parameters in gait, such as the
kinematics and kinetics of the knee and ankle. Future research should measure lower limb muscles
activity to assess whether compensation by other muscles occurs. A more comprehensive analysis
of human biomechanics during the use of our hip exoskeleton is also required for future studies.
In addition, human-machine adaptation over extended periods of time is an important area of
interest for future studies. The next and most significant stage of this study will involve
demonstrating the ML gait balance intervention for individuals with balance deficits, using step

width control facilitated by a robotic hip exoskeleton.
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CHAPTER 5
5.1 General Conclusion

This study presents significant advancements in the field of wearable robotics, specifically
in lower-limb prosthetics and exoskeletons, by introducing novel control frameworks that
prioritize user preferences and address gait balance. It highlights the importance of integrating user
preferences into prosthetic control systems, leading to personalized assistance and improved
usability. By incorporating reinforcement learning and admittance control, the research shows how
robotic systems can enhance mobility and stability, particularly through the modulation of step
width to improve gait balance, a critical concern for lower-limb amputees and individuals with
compromised hip muscle function. These findings suggest promising applications in rehabilitation
and daily use, with the potential to improve the quality of life for users by providing more intuitive,
responsive, and effective robotic assistance.

5.2 Future Work

In future work, we will continue exploring various ways to advance wearable device
control by incorporating user preferences and enhancing gait balance for wearers.

Regarding the user preferences study, further research is needed to assess the consistency
of user preferences over extended periods. Future investigations should also include joint
kinematics computation and EMG signal monitoring during biomechanical analyses. In our current
study, participants could only modify control points fixed within specific gait phases to adjust their
prosthetic knee profile. Moving forward, we aim to provide participants with a continuous knee
feature space to explore while tuning their prosthetic control. Another promising avenue for
reducing tuning time involves examining users' sensitivity to different control points.

Understanding how changes in one control point influence the perception of others, and identifying
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sensitivity levels, could inform future preference-based tuning designs, such as adjusting the
number and angular resolution of control points. Successfully exploring this sensitivity could
further streamline the tuning process, allowing individuals with amputations to personalize their
prostheses more easily and efficiently.

In addition to the future research outlined above, our gait balance study has several
limitations. First, the experiments were conducted on a treadmill at a fixed speed within a
controlled lab environment. It would be beneficial to examine human responses at varying walking
speeds or on level ground. Additionally, our research focused only on step width, step length, and
gluteus medius (GM) activity, without measuring other biomechanical parameters such as knee
and ankle kinematics and kinetics. Future research should explore additional muscle groups
beyond the GM to assess whether compensatory activity occurs in other muscles. A more
comprehensive analysis of human biomechanics while using our hip exoskeletons is needed to
enhance our understanding.

Another important direction for future research is to establish the relationship between step
width and mediolateral gait balance using key balance metrics such as whole-body angular
momentum, the net external moment acting on the center of mass, and margin of stability.
Developing models that directly intervene to improve the gait balance of hip exoskeleton users

will also be a critical area of exploration.
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APPENDICES

Appendix A

The CUSUM algorithm is used to detect small incremental changes in the mean of a

process. Given a sequence Si, S, Ss3,

g, upper (U;) and lower (L;) cumulative process sums are defined as:

0, i=1

1
max (0, U;_{ +s; —mg; — Enas), i>1

0, i=1

1
min (0, L;_; +s; —ms + Enos), i>1

..., S, with target average m, and target standard deviation

The variable n is the number of standard deviations from the target mean that makes a shift

of mean detectable. A process violates the CUSUM criterion at the sample s; if it obeys U; >

cog or Lj < —cag.

In this study, we defined the sequence as the set of step width measurements taken before

the K changed (i.e., the 20 consecutive heel strikes leading up to the change), merged with all the

step width data corresponding to a new K value. We defined the mean and standard deviation of

the step width data samples taken before the K change as mg and as. To set the control limit ¢ for

the subsequent analysis, we chose a value of 3, and set n to 1.
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