Iterative Learning Control Methods for Hybrid Wearable
Robots

by
Vahidreza Molazadeh

Master of Science, Sharif University of Technology, 2015

Submitted to the Graduate Faculty of
the Swanson School of Engineering in partial fulfillment
of the requirements for the degree of

Doctor of Philosophy

University of Pittsburgh
2020



UNIVERSITY OF PITTSBURGH

SWANSON SCHOOL OF ENGINEERING

This dissertation was presented

by

Vahidreza Molazadeh

It was defended on
March 20, 2020
and approved by
Nitin Sharma, PhD, Associate Professor
Department of Mechanical Engineering and Materials Science
William Clark, PhD, Professor
Department of Mechanical Engineering and Materials Science
Jeffery Vipperman, PhD, Professor
Department of Mechanical Engineering and Materials Science
Zhi-Hong Mao, PhD, Professor
Department of Electrical and Computer Engineering and Department of Bioengineering
Dissertation Director: Nitin Sharma, PhD, Associate Professor

Department of Mechanical Engineering and Materials Science

1



Iterative Learning Control Methods for Hybrid Wearable Robots
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University of Pittsburgh, 2020

In this dissertation, iterative learning control methods for a hybrid exoskeleton to produce
sitting-to-standing and walking in people with paraplegia are investigated. The hybrid
exoskeleton combines a lower limb powered exoskeleton and functional electrical stimulation
(FES). Limited research has been done to design control methods that provide shared
modulation of FES and the powered exoskeleton. A major technical challenge to the
implementation of control algorithms is their need to identify a user’s musculoskeletal dynamics.
Further, currently, setting desired regulation points or desired limb trajectories during sitting-
to-standing and walking movements is a daunting task as it requires separate and coordinated
design for each lower-limb. An inaccurate regulation of set-points or desired trajectories can

possibly cause uncoordinated standing-up movements, potentially destabilizing the user.

Goal: The goal of this research is to design robust and adaptive control algorithms for
hybrid exoskeletons that overcome the difficulty in model identification, can dynamically
allocate the shared use of FES and the powered exoskeleton, and produce coordinated joint

movements.

Objectives: The primary objective of this research is to develop robust control methods
that iteratively learn modeling uncertainties in the hybrid exoskeleton (i.e., addressing model
identification), while facilitating allocation of FES and motor input (i.e., resolving actuator
redundancy) in the hybrid exoskeleton. The proposed control methods are experimentally
validated for a sitting to standing task with the hybrid exoskeleton. The experiments are
performed on human participants with no disabilities and a participant with spinal cord

injury. The tasks that are accomplished to achieve the objectives are listed as:

1- Design and implement time-invariant desired joint trajectories by using virtual constraints

for sitting-to-standing and walking motion

2- Derive and experimentally validate a robust control method that uses an arbitrarily

switched allocation strategy to coordinate motor and FES.
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3- Derive a control method that iteratively learns the system nonlinear dynamics and
control gains.
4- Using an optimal and cooperative model predictive control method, instead of switched

control, to allocate between motors and FES.
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1.0 Introduction

1.1 Background and Motivation

Across the United States, approximately 3,400 people are diagnosed with complete
paraplegia each year due to injuries to the spinal cord[66]. People with paraplegia have
lower limb impairments that impede standing and walking activities. Functional electrical
stimulation (FES) and powered exoskeleton are two potential technologies that can be used
to restore standing and walking functions. FES was used for the first time in the 1960s by
Kantrowitz et al. [41] and Liberson et al. |53] to correct drop foot. Since then FES has been
shown to restore walking [31, 49, 37| and sitting to standing [17, 24, 70, 25, 1]. Despite the
progress, the rapid onset of muscle fatigue during FES remains a huge challenge because it
limits duration of standing and walking activities. A powered exoskeleton is an alternative
rehabilitation technology for enabling people with paraplegia to regain lower-limb function.
However, in the case of a complete paraplegia, the powered exoskeleton only passively moves
limbs, unlike FES, which actively contracts the muscle. Active muscle contractions are
preferred due to the fact that they increase metabolic energy consumption, and thus may
help achieve recommended exercise targets for people with paraplegia[23|. Additionally,
exoskeleton training may improve level of physical activity after spinal cord injury (SCI)
[28].

Hybrid exoskeletons that constitute a powered exoskeleton and an FES system have
recently been proposed to use the potential benefits and overcome the aforementioned
shortcomings of FES and a powered exoskeleton, when used solely [23, 22, 45|. Powered
exoskeleton and FES can work cooperatively to offset FES-induced fatigue effects. Further,
the use of FES can potentially reduce actuator size and power consumption in the powered
exoskeleton (36, 48, 44, 23, 22|. Moreover, the use of FES can provide therapeutic benefits
such as preventing muscle atrophy, and increasing bone density [21]. Despite these benefits,
very limited researches have been done for developing control methods for this type of devices

which makes controlling the devices very challenging.



1.2 Existing Methods

One of the challenges in the control of the hybrid exoskeleton is to coordinate both
FES and the powered exoskeleton during a lower limb activity. Recently, several different
control approaches have been developed to coordinate FES and the powered exoskeleton.
In [69], an adaptive control method allocated a portion of control to the FES and the
rest was provided by electric motors for weighted leg lifts. In [10], the control strategy
combined a PID controller for an active lower limb exoskeleton actuation with an event-
based FES stimulation trigger. The hybrid movement was sub divided into pre-extension and
extension sub-phases. The quadriceps muscles were activated by FES during the extension
sub-phase because large assistive torque is required during this phase. The sub-phase is
detected by using the ground reaction forces. In [73|, an algorithm was developed that
automatically adjusts the intensity of FES and the current delivered to an electric motor
in a cycling scenario. Based on the mismatch between the desired and actual cadence, the
algorithm switches automatically between resistive, uncontrolled, and assistive modes to
accommodate for differences in functional impairment. In [45] a nonlinear model predictive
control-based dynamic control allocation method was used to control seated knee extensions
with a hybrid exoskeleton. FES and the electric motor were shown to work cooperatively
and their respective control allocation were changed based on an FES-induced muscle fatigue
model. In [5, 4], the coordination problem was addressed by deriving a controller that is
inspired from the muscle synergy principle in the human motor control. In their subsequent
works [8, 9|, a dynamic surface control method with electromechanical delay compensation
[7] was used in conjunction with the muscle synergy-inspired control scheme to overcome
the allocation problem. The controllers in |9, 4, 5, 8, 64|, require a fewer number of control

signals to actuate multiple effectors in a hybrid exoskeleton.

While these techniques do solve the allocation problems in the hybrid exoskeleton, their
implementation may depend on the identification of the musculoskeletal model of people with
paraplegia. Due to day-to-day variations and inter-person variations in the musculoskeletal
models, and the tedious process needed to identify the model [83, 45|, it is difficult to

implement these controllers in clinics. While numerous papers in FES control exist that use



high-gain controllers [77, 79] to provide robustness to modeling uncertainties or even adapt
and learn the model using neural networks (NNs) [2, 3, 72, 78, 12|, their implementation
may need extensive tuning or offline training of neural networks. Iterative learning control
(ILC) is a class of controllers that can help address this issue through online learning of
unknown dynamics while improving the performance in consecutive multiple iterations or
task cycles. An ILC was developed for a solo FES system for upper limb stroke rehabilitation
in [51]. FES was applied to shoulder and elbow muscles of an able bodied participant for
showing the learning capabilities of the controller. Authors in [56] developed an iterative
learning method with input-dependent muscle fatigue model for a sole FES system, and it
was used for the rehabilitation of upper limb. In [27], in a passivity based framework, an
iterative learning control method was used to control a motorized cycle-rider rehabilitation
system with FES. Their controller uses the concepts of passivity and adaptation so that it
compensates for the time varying dynamics of the system. In another paper, [26], a feed
forward repetitive learning control with autonomous state-dependent switching is developed
for an uncertain, nonlinear cycle-rider system which yielded to lower cadence tracking error.
However, the method does not address a way to learn the uncertain terms that are not linearly
parameterizable. The uncertainties arise due to the use of FES in the hybrid exoskeleton

because musculoskeletal dynamic will be involved.

1.3 Research Description

The goal of this research is to design control algorithms for hybrid exoskeletons that
address the device control challenges including difficulty in model identification, resolving
actuator redundancy due to the combined use of FES and the exoskeleton, and design of
desired joint trajectories that coordinate limbs during standing and walking movements.
The primary objective of this research is to develop robust control methods that can learn
modeling uncertainties in the hybrid exoskeleton (i.e., addressing model identification), while
facilitating allocation of FES and motor input (i.e., resolving actuator redundancy) in the

hybrid exoskeleton.



For achieving the objective, in this dissertation, initially, a novel switching super twisting
sliding mode is developed. This sliding mode control method development is the foundational
controller used for the subsequent development of the set of robust iterative learning control
methods in this thesis. In this control method, for avoiding joint miscoordination, we utilize
a time independent profile, known as a virtual constraint, as a desired reference for joint
angles. The virtual constraints is designed by utilizing the combination of a genetic-particle
swarm optimization algorithm and a sequential quadratic programming (SQP) method. The
genetic-particle swarm optimization algorithm (GAPSO) finds an acceptable semi-optimal
virtual constraint for the system. This algorithm’s results are used as a starting point for
the SQP algorithm to find an optimal solution without a higher sampling rate and evolution

cycles, which are required for GAPSO.

The switching strategy for control allocation between an electric motor and FES is based
on the reduced or recovered control effectiveness (due to muscle fatigue and recovery) of
user’s muscle force output. The controller allows the user’s muscles to recover when motors
are mainly responsible for moving the limb joints and then when muscles have recovered,
the FES can be used to generate walking. Because we used feedback linearization method
for controlling the switched control system it has the downside of requiring exact model

knowledge (EMK) during its implementation.

Therefore, in the next step, to remove its dependency on EMK, an iterative learning term
is used to estimate system linearly parameterizable part of the dynamics. The stability of
this new switching+learning controller is proved using the Lyapunov-based stability analysis.
The overall stability, to account for impacts at the end of swing phase during walking, was
shown numerically by using the Poincare maps. This new switching controller switches

between an electric motor and FES based on muscle fatigue and recovery levels as well.

This preliminary version of the developed iterative learning controller could identify only
the linearly parameterizable terms. Therefore, my next aim was to design a control method
that iteratively learns both linearly parameterizable part of the dynamics and the other parts
of the dynamics that can’t be linearly parameterized in the human user’s musculoskeletal
model, thus improving sitting-to-standing tracking performance with minimal tuning. Addressing

this problem is significant for clinical implementation, where inter-person and inter-day



variations can negatively affect control performance. The use of NNs is motivated for its
ability to compensate or estimate unknown dynamics, including not linearly parameterizable
and highly nonlinear terms, by choosing a suitable number of neurons and NN layers [52,
76, 75, 78]. A recurrent NN (RNN) was used due to its capability to capture the system
behavior dynamically [76, 74, 11].

Therefore, in chapter 4, I developed an ILC method that uses two NNs. One NN is used
to compensate for not linearly parameterizable terms that occur in the state dynamics. The
other NN is used to compensate the unknown input gain function due to the use of FES.
The NN update laws are developed through a discrete energy-based stability analysis in an

iterative fashion.

Specifically, the second NN update law is designed to avoid singularity during its inverse,
which is used to cancel the unknown input gain function. The control design is proven to
be uniformly stable despite arbitrary switched FES and exoskeleton allocation. For avoiding
joints miscoordination, instead of tracking the time-dependent trajectories for joints angles,
the proposed ILC tracks time-invariant desired trajectories computed through the virtual

constraints.

In the final step, a novel dynamic shared control of a powered exoskeleton and functional
electrical stimulation (FES) that can adjust to the rapid onset of FES-induced muscle fatigue
and deal with uncertain nonlinear relationships between FES inputs and joint torques is
designed. The shared control design is achieved by using a bi-level hierarchical control. A
neural network-based iterative learning controller (NNILC) is used as a top-level controller
to learn and overcome uncertain nonlinear dynamics. The top level controller gives the total

input demand to the bottom-level controller.

Then, a model predictive control (MPC)-based allocation strategy is used as the bottom-
level controller to optimally distribute control contributions between FES and the knee motor
of the exoskeleton. The MPC strategy uses the muscle fatigue and recovery characteristics of
a participant’s quadriceps muscles to modulate the shared control. A Lyapunov-like stability
analysis is used to prove global asymptotic tracking of self-generated desired joint trajectories.
The experimental results show robustness and optimality of the controller despite high model

uncertainties.



1.4 Contribution

Chapter 2: T use a more rigorous non-smooth analysis framework described in [18, 20] to
prove exponential tracking of the switching control design in [43| under arbitrary switching.
Additionally the controller in [43] is extended to a multi-DOF walking plant, and instead of
tracking time-based joint angle trajectories, movements of the lower-limb joints follow a self-
generated limit cycle in a time-invariant controller that uses virtual constraints [32, 87, 34].
Virtual constraints were designed and implemented for hybrid exoskeletons for the first time
in this novel controller. Virtual constraints were designed using a hierarchical hybrid Genetic
algorithm-Particle swarm optimization (GAPSO), and sequential quadratic programming
(SQP) optimization algorithm for the first time. The control issues a switching second order
sliding mode controller to arbitrarily switch between different cases that depend on fatigue
and choice of agonist and antagonist muscles. The simulation of the hybrid exoskeleton for a
walking scenario showed the stability of the controller despite switching and ground effects.

The results were published in [59].

Chapter 3: A new iterative learning switching controller that uses optimal virtual constraint
is designed for a hybrid walking exoskeleton in this chapter. The novel synthesis of iterative
learning control with sliding-mode control improves tracking performance and accuracy.
A generalized switching control method is obtained to switch based on the stimulated
muscle fatigue state. The effectiveness of the new iterative learning control for output
tracking is tested in a walking model. According to the results, this technique helps the
switching controller to decrease the RMS in each iteration. The results exhibit the excellent
performance of the proposed technique to track the designed virtual constraints. The results
were published in [60].

Chapter 4: A novel robust neural network (NN) based iterative learning controller is
derived for a general model of a hybrid neuroprosthesis in the chapter. The controller
is designed to track time-invariant profiles. The NN control strategy learns, in multiple
iterations, the parametric uncertainties, unknown nonlinear dynamics and unknown input
gains during the control of hybrid exoskeletons. The effectiveness of the new control is

validated for a sitting to standing scenario. The experimental results are obtained from



human participants including a person with spinal cord injury. In few iterations, the
synthesized controller improves root mean square error between desired positions and actual
positions of the knee and hip joints by 51.18% and 57.31%, respectively. The sitting-to-
standing control remains stable even when FES and electric motor allocation levels are
switched. The results are under review as a journal paper in [63].

Chapter 5: A state of the art, hierarchical neural network based iterative learning control
method, augmented with an MPC-based allocation strategy is developed. The experimental
results for a siting to standing task on three participants including a person with spinal
cord injury validate the effectiveness of the proposed controller. The experimental results
demonstrates an optimal dynamic shared control between FES and the powered exoskeleton,
despite FES-induced muscle fatigue, modeling uncertainties, and high nonlinearity of the
hybrid exoskeleton. Additionally, the proposed controller can help people with SCI to stand
and walk with a hybrid neuroprosthesis without extensive tuning of control parameters. The

results are published in [61] and under review in [62].



2.0 A Switching Super Twisting Sliding Control

2.1 Introduction

The objective of this chapter is to validate a novel switching super twisting sliding mode
control method that is used to robustly do switching control allocating between electric
motors and FESs and to elicit a walking motion. This allocation is done based on the amount
that muscles are fatigued. This chapter would investigate, problem formulation, optimization
for having optimal time invariant manifold known as virtual constraints, algorithm designing
and simulation results. This sliding mode control method development is the foundational
controller used for the subsequent development of the set of results in this thesis. The
controller will be improved and extended to some other versions in the next chapters to deal

with different problems and scenarios.

2.2 General Walking Model Equation with Impact Effects

The schematic of the dynamic system is demonstrated in Fig. 1. In this figure m is the
mass of linkages and My is the mass of torso and Mpgis the hip mass. Oq, O,, Op, and Op
show the centers of mass positions. The complete walking model, N-DOF, including impulse

effects of ground impact, can be expressed in the state space form as

&= f(z)+g()T z=(t) ¢S

xt=A(z7) = (t)e S

(2.1)

where x :[q,Q]T, q € RY is defined as ¢ = [016--- Oy]. 0; and w; are the i-th linkage
deflection angle and angular velocity, respectively. S = {(6,w) € x | 6; = 6¢}, 67 is the final

value of 6; in each step, which is used as a criterion for showing that a step is completed, f(x)

is the compact form of [ [ Oren Inun ]T e [D(@)TH=CAq,-4).¢ — G(q) + Tp)]T T



T
and g(z) is the compact form of [ 00 -~ - [D(q)"YB(q)T)] | , where D € RN*N

RN*N is a Centripetal-Coriolis matrix, G € R is a gravity vector,

is an inertia matrix, C' €
B € RV*N=1 ig a control gain matrix, andr,(q,¢) € R" is the passive joint moment. The

moment at the i-th link is defined as
Tp, = dli (?91 - 1902) + dglﬁl + d3i€d4i§i - d5i€d6iﬁi, (22)

where ¥; is the anatomical joint angle, the angle between a segment’s anatomical position
and the position of the interest, of the i-th linkage, anddy,and d;, are positive known
constants. During the double support phase, the impact model of [38] is implemented under
the assumption that the end of stance leg is in contact with the ground surface and is not
slipping [86]. Using the law of conservation of angular momentum, the state values after
impact, 27 = (¢7,w") can be evaluated by a function A € R?>¥*! with the state values

before impact, 2~ = (¢, w™).

2.2.1 Joint Actuation

Each linkage actuates with an electric motor, an electrical stimulation for the flexor
muscles, and an electrical stimulation for the extensor muscles. The joint torque, T; (i =

1,2, N), can be expressed as

T; == Tagi - Tanti + Tmz (23)

where T, and Ty, is the torque produced by the electrical stimulation of the agonist muscles
and antagonist muscles, respectively and 7}, is the torque produced by motor. The motor

torque at the i-th link is given as

Ty = Ky U, (2.4)

The torque produced stimulation of agonist or antagonist muscles is given by

Tag/ant = ¢li (ﬁz)¢vz (ﬁz)ﬂzuza (25)



In (2.5), u; € R is the normalized muscle stimulation, p; € R is the normalized fatigue
variable, and 1, (19) € R and ¢, (¢) € Rtare the torque-velocity relationships and torque-
length of the flexor/extensor muscles, respectively. As in [70], torque-length and torque-

velocity equations can be defined for i-th link as

_(’91'_621')2
Y, (0;) = cre (2.6)

¢W@0:c%b+¢MM(%ﬁr+i>} (2.7)

Cu,
For guaranteeing that 1y, (0)t,, () > 0, the parameters c¢;; cs,; c4,; ¢5, should be positive
and ¢y, > 0. The constraints on these parameters is due to the fact that the muscles can
only ever produce a positive (contractile) force. In (2.4) u,,, € R is the current amplitude
to the electric motor and k,,, € R is the torque constant of electric motor.

The normalized muscle fatigue, p;, in (2.5) can be calculated with the following differential
equation [71]

£ b, = ), 4 - (1= ) (1= ) 28)

where, t,,, t;, € RTare time constants for fatigue recovery and fatigue in the muscle, respectively

and fimin, € (0, 1] is the fatigue constant.

2.2.2 Switched System

The switched system can be written as

D(q)j + C(q,4)-¢ + Glq) + 7
= B(q) (antn T — (1 — ap)t, T + ¢, T),
where an[/nT - ([N71><N71 - an)LnT + gnT = T7 anLnT = Tag7 _([N71><N71 - an>LnT = Tanta

(2.9)

6T =Ty, and 1,5, € R 7" are inside the finite set switch family, (2, defined as
=
l1,61,01),(l2,62,02), ..., \UNg;SNg, ANg ) ©
{(02:60:0), (2, 2,02) - (0 ) 10

-an:diag(am Uy - a”N—l)7”.

"'L+§n:IN—1><N—17 Qn, 6{071}7 n:1727"-7NQ}
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with Ng number of combinations. Note that the choice of (t,,¢,) is determined by muscle
fatigue variable .

Remark. Note that a,, can be either 0 or 1 depending on the type of muscle being
recruited (i.e., flexor or extensor). The above switched family shows the finite set of ratios

in which the torque is distributed between FES and the motor.

2.3 Virtual Constraint and Controller Design

2.3.1 Virtual Constraint Design
The output, y € RV is defined as follows [87]:

y = ho(q)—ha(0(q)) (2.11)

The size of y is N —1 because the system has one degree of freedom underactuation for torso.
In (2.11), ho(q) is a function of the independent joint angles is forced to follow hy(6(q)), which

is a desired virtual constraint function that is defined based on the Bezier polynomials as

follows ~ _
b10w(Q)
byow
naot(a) = | Y| (212
I by_10w(q) |
where
M
wF M—k
kzzo%’f' M o (1 —w)M=F, (2.13)

In (2.13) ajis the optimization parameter, M is an integer, specifying number of terms in
Bezier polynomial, and w is defined as follows

w(q) = % (2.14)

In (2.14), 6(q) is a function of hybrid exoskeleton configuration variables and is defined as
0(q) = €161 + ezbs + ... + e,0n. € € Ris chosen such that 6(q) is monotonically increasing.

6~ and 6"are minimum and maximum value of the 6(q) respectively.
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2.3.2 Controller Design

The goal of the controller is to make the output zero or in other words, it forces ho(q) of

the system, to follow the hy(q). For this purpose, initially, the output is rewritten as (2.15).

y = h(q) (2.15)

Hence:

d*y 2 .

proi L3h(q,q) + LyLsh(q)T (2.16)
The invertibility of the decoupling matrix, L,L¢h, at a specific point guarantees the zero
dynamics existence and uniqueness in that point neighborhood [39]. Considering the output
vector y € RV~1 of the n-link walking model, for each single output y;, (i = 1..N — 1), if

U1, U2, € R are chosen as ¢1,;, = y; and §2,; = ¥;, (2.16) can be rewritten as the follows

Yii = Yo

Yoi = Vit Vag, (2.17)

where v; is the ith row from the N — 1 dimensional virtual input vector, v(q) = L?h(q, q)+
Ly;L fh(q)T, related to the actual signal contributed from both FES and the motor, where f
and ¢ are nominal models of the dynamics in (2.1),v4; is a corresponding input disturbance
term v; due to model uncertainty. In order to stabilize the system in (2.17), a controller
will be designed based on the virtual input, v; = ¢;(14, J24,t), (i = 1...N — 1), so that the
allocation coefficient pair (,,s,) can be arbitrarily changed or switched, without affecting
the stability property of the system. In the remaining part of this section, a Variable-
Gain Super-Twisting Sliding Mode Control (VGSTSMC) is implemented and the robust
exponential stability under the theoretical framework of non-smooth analysis and control
theory [18, 20] is described.

For i = 1...N — 1, let the sliding surface s;€R be defined as s; = 1;41,; + ¥2., such that
the system in (2.17) will equivalently become

Vi = NG+ S

$i = Mg+ Yo = NG + Vi + Va (2.18)
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Using a Variable-Gain Super-Twisting Algorithm (VGSTA) [82],
¢
Vi = —NiYa; — kiidra(si) — ka,i¢2,i(5i)dt (2.19)
0

where i = 1..N — 1, ¢1.4(s;) = |si|2sign(s;) + ksisi, doi(si) = ssign(s;) + %kggi\si\%sign(si) +
k:gﬂ»si, and ki (Y14, Y24, t) and ko ; (914, Y24, t) are variable gains. ks ; is a non-negative constant
gain. As in [82], the ith disturbance is assumed to be modeled as, vq; = v4;, +vq,, satistying
Ve | < 01i(Yri, U2, 1) P1,:(8:)| and |0g4| < 02,i(U14, U2,is t)|D2:i(8i)], (01,4, 025 > 0), , and

therefore, without loss of generality, can be written as follows

Vi, = P1i(U1a, Yoi, t)d14(si) (2.20)

Vais = P24, U2, t)P2,(50), (2.21)

where |p1i(F1,, P26, 1) < 016U Yosis t) and |pai(J1, P26, 1) < 02,i(U16, Yoir t).  Finally,
system in (2.18) yields an exponential stability that is robust to input disturbance from
model uncertainty, as long as the sliding surface s; = 0 can be reached in finite time.
Therefore, the following stability analysis is equivalent to prove finite time convergence of

the subsystem [Su égvi]T = Zi(8i7 607i,t), 1=1..N—1:

S$i = —(kii— pri)ori+eos

éo; = —(kai— p2i)Pai (2.22)

Definition of proximal sub-differential is firstly reviewed as the following:
Definition: [20] For a lower semi-continuous function V : R? — R, ¢ € R? is a proximal-

sub gradient of V at @, € R?, if 3o, e € (0, +00) such that, Vw, € B(w,¢),
V(wy) > V(wy) + E(wy — @) — 02| — @9l |3 (2.23)

The set 0pV of all proximal sub-gradients of V' at w; is the proximal sub-differential of V'
at .

Theorem. [82] Vi=1...N-1, Subsystem in (2.22) can reach the equilibrium point (s;, eg;) =
(0,0) in finite time, if the control gains in VGSTA are selected as ki,; = J; + ﬁi (4%(262-91,@' +
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02.0)% + 26,00, + € + (26; + 014)(Bi + 46?)), koi = Bi + 4€2 + 2€;ky 4, ks,; > 0, where 3, ¢, 6;
are positive constants.

Proof: (i) Existence and uniqueness of the solution. According to [20] (Proposition 3)
the solution to (2.22) exists in the sense of Filippov, that is, an absolutely continuous map,
[s:(t), €0.:(1)]" : [0,+00) — D C R? satisfying the differential inclusion K;[z]([si,e0s]”,t),
1 =1...N — 1, almost everywhere,
'Si € Ki[z]([si,e04)", 1) : (2.24)
€0,

= 2(s4, €04, 1),
[si,€04]7 € DN { (84, eoﬂ-]T’ 5,1 # 0}
€0,i €0,

_%(kli - ,02,1') %(km - ,02,1')

\ [si,€04]" € DN {[s;, eoﬂ-]T’ si=0}
Furthermore, by [20] (Proposition 5), (2.22) has a unique solution, due to the fact that the
piece-wise continuous vector fields, near the manifold where discontinuity occurs, are driving

the solution trajectories (except for ep; = 0, where trajectories slide along the manifold)
transversally cross the manifold. Note that [0,0]7 € Kj;[z].

(ii) Lyapunov stability analysis. As explained in (i), (2.22) has a unique solution.
Therefore, weak and strong stability coincide, and it will be sufficient to find a Lyapunov
function V;(s;, g ), for ith subsystem (2.22), satisfying the following conditions [20], for Vt €
0, +00), : Condition (A) Vi(si,eo;) continuous on D; Condition (B) V;(0,0) = 0, Vi(s;, €0:) >
0,V[si, e04]” € D\{[0,0]"}; Condition (C) sup Ly, Vi(si, e0:) < 0,V[ss, e0,]" € D; Condition
(D) sup Ly, Vi(si, €0i) < 0,V[si, e04]" € D\{[0,0]"}, such that the system (2.22) is asymptotically
stable. For simplicity purpose, index i (i = 1...N) referring to ith output will be dropped
hereafter in all the corresponding notations. First of all, (A) and (B) can be satisfied by

choosing the Lyapunov function [82],
V =("PyC (2.25)
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) T .. ) ) D11 P12 L
where, ( = [ |s|2sign(s) + kss ey | , positive definite matrix Py = which is
P21 P22
+4e? —2¢
equal to b . Explicitly, V = (84 4€2)|s| + 2(8 + 4€2)ks|s|2 + (8 + 4€2)k2s* +
—2¢ 1

€2 — deeg|s|2sign(s) — dekgse. It should be noted that V is smooth (C*) everywhere, except
s # 0, continuous but not locally Lipschitz at s = 0. Therefore, proximal sub-differential
needs to be employed to compute the lower set-valued lie derivative L,V (s, eo) 2 {a €
R : 3¢ € 9pV (s, €e0), such thata = min{¢”r : r € K[z]}}, where proximal sub-differential is
defined in Definition 1. Condition (C) and (D), describing a weak monotonic behavior of
V', can then be satisfied by showing the following.

;

= VV(s,e),
[s,e0]” € D {[s,e0]"| s # 0}
= 0p((B+4e)s
IpV (s, eo) : +(B + 4*) k352 (2.26)
+2(8 + 4€2)ks|s|2 — deksseq

+e3) — 4660|3|%sign(s)> BN

[s, €0 € DN {[s,e0)"| s =0}

0
where, V is an usual gradient due to the fact that V' is smooth at that place, while
Q2 = | (B+4%)[—1,1] — 4ekseq — deeg(+00) 26 }T is obtained using the sum rule and
geometric interpretation of V' around s = 0. Therefore, lower set-valued lie derivative is
computed as

= VTVz,

[s,e0)” € DN {[s,e0]"| s # 0}
LV (s, e) : (2.27)

_ . T
§€8£I,1rng[z]{§ s

[s,e0]T € DN { [s,eo]T‘ s = O}

When s = 0, eg # 0, {7} D (B+4€®)eo[—1, 1] —dekzed —deed (+00) +eo[— (ke — pa), (ko —p2)].

Apparently, c 6minK[ ]{gTr} = —00 < 0. When s = 0, eg = 0, since —4¢0?(+00) is an element
cop,reK|z
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of {€7r}, min&Tr will be non-positive. When s # 0, as shown in [82], with ¢ = ¢}.AC,

(k- 1

A= | T T e 1 UV = L (V{0 calt))) = g CT(ATP 4
~(ky — p2) 0 el

PA)C < —2¢ <2|1|% + kg) ¢T¢ < 0, if control gains are selected according to Theorem 2.

(iii) Finite time convergence. It was shown in [65] that V(s(t),eq(t)) is absolutely
continuous. Therefore, with the results obtained in (ii) discussing the monotonicity behavior
of V, Theorem 2 in [67] can be applied to ensure the finite time convergence. Estimation of
the convergence time is given by [82].

To sum up, a second order VGSTSMC is designed to control system (2.17). Equivalently,
for Vi = 1...N — 1, output y; can be stabilized, robust to input disturbance, with proved
exponential stability, allowing arbitrary switching. V(s, eg) given by (2.25) can be regarded
as a common Lyapunov function of the switched system (2.9), so that the stability result is

consistent with switching system theory [55].

2.3.3 Optimization Process

o} in the Bezier polynomials in (2.13) should be defined in such a way that the walking
be with minimum effort. A combination of GAPSO and SQP method is used. The GAPSO
finds the global optimal convex region that satisfies the constraints and the SQP method
finds the absolute optimal solution in that region, which is found by GAPSO. The cost

function is defined as the follows

T

Togs = g [ Sotwte)Pa (2.28)

=1

where u;(t) is the control input, m is the number of control inputs, p} is the step length and
T, is the step duration time. The block diagram of the optimization process is depicted in
Fig. 2. In Fig. 2, Jo,, is the constraint cost, used in order that the system can satisfy its

constraints.



2.4 Simulation Results

The walking simulation was run for 90 seconds for N = 3. The results are shown in Fig.
3- 5, which show a robust, optimal, and stable walking despite switching between FES and
the motor as the muscle fatigues or recovers.

The motor control inputs and FES control inputs are displayed in Fig. 3 for first 20
seconds of the simulation run. The fatigue behavior which is the main criteria for switching
is shown in Fig. (4). Fig. (5) shows the link angles and link angular velocities. In Fig. (5)
the abrupt change in angular velocities is due to the impact with walking surface at each step.
As it is clear from this figure, the states are renominated after the double support phase.
For checking the stability of closed-loop system, controlled by (2.19), the function A, which
maps the system variables to the next step variables, is computed for vy, in the boundary of
[0.5,1.5]. vy is the hip horizontal velocity just before impact. The function A is displayed in
Fig. 6. This graph establishes the existence and the limit of the stability for walking motion.
From Fig. 6, it can be concluded that A is undefined for vy less than 0.9180 m/s (In fact,
with speeds less than 0.9180 m/s the resulting kinetic energy is less than required energy for
making a step). It is also undefined for the speeds more than 1.36 m/s since for the outputs,
the walking movement is too fast to converge in a single stride. A fixed point appears at
vy = 1.037m/s , and corresponds to the walking cycle that system is convergent to that.
Fig. 7 represents the limit cycle over several steps with the simulating whenv,, = 1.1m/s.
The resulted trajectory is convergent to a limit cycle as shown in Fig. 7which according
to the Poincare map also supporting the stability in both the swing phase and the impact
phase. The “flat” portion of the curve in the figure is an instantaneous transition due to the

swing leg ground impact, where the star is the initial point of the trajectory.

2.4.1 Conclusion

A two-step optimization method and control design is presented in this chapter in
order to design an optimal gait for a hybrid exoskeleton. The exoskeleton controlled based

on the zero dynamic concept by using feedback linearization controller cascaded with a
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switching second order sliding mode controller. By comparing the obtained results and the
results of previous papers, it was observed that not only because of no need for trial and
error in optimization phase, the implementation of this method has advantages, but also
the recommended response with this method requires less control effort. The exoskeleton
which uses this solution, enables people with paraplegia to use that for a longer time.
For determining sufficient conditions for asymptotic tracking of the switched system the
Lyapunov stability and the Poincare sections methods were used. Further, the obtained
results from the hybrid zero dynamic control and the control allocation, based on the
fatigue percentage, show that the exoskeleton is capable of walking more than it is possible
with other exoskeleton. Finally, results showed that due to the use of virtual constraints,
the exoskeleton is much more robust than other exoskeletons which traditionally use time

dependent trajectory for guidance.
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Figure 1: Schematic of the system
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3.0 A Switching Iterative Learning Control for following Virtual Constraints

3.1 Introduction

This chapter extends the switching control design in the previous chapter, by adding an
iteratively learning procedure. The lower-limb joints movement is self-generated via a time-
invariant manifold, which is based on virtual constraints concept [87, 34, 33|. Therefore, a
unified (virtual constraint + switching + iterative leaning) optimal, and robust controller is

designed to achieve walking with the hybrid exoskeleton.

In the previous chapter, we used feedback linearization method for controlling the system,
which has a considerable downside due to the requirement of exact model knowledge (EMK).
Therefore, in this chapter, an iterative learning term is used to estimate system dynamics.
The stability proof of the controller is provided using Lyapunov-like method. A more
generalized switched cases family are considered in the design that do switching based on
the normalized muscle fatigue variable. By utilizing the combination of sequential quadratic
programming (SQP) method and genetic-particle swarm optimization algorithm (GAPSO),

the virtual constraints are obtained.

GAPSO is used for achieving an acceptable semi-optimal manifold for system virtual
constraints. Then, the results are utilized as a starting point for the SQP in order to find an

optimal solution without needing to a high sampling rate and evolution cycles for GAPSO.

Therefore, with this procedure, the optimal solution that satisfies all the constraints
can be obtained, and meanwhile, the virtual constraints can be re-planned in semi-real-
time, which lets the system to redesign the virtual constraints after few steps if required.

Additionally, the solution can get very close to the global optimal solution.

Achieving global optimal solution can have a hug power consumption benefit. This
benefit lets the user to use the device for a longer time. In other words, it helps the patient
to have his recovered abilities for a longer time. Having recovered abilities for a longer time

can improve the patient’s hope and enthusiasm for life.
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3.2 General Walking Model Equation with Impact Effects

The complete model of walking, N-DOF which includes impulse effects of ground impact,

in the state space form, can be written as,

where x :[q,q']T, q € RY is defined as ¢ = [016,--- Ox]. w; and 6; are the i-th linkage
angular velocity and deflection angle, respectively. S = {(6,w) € x | 6; = 6!}, 6¢ is the final
value of 6; in a step, which is a criterion which shows that a step is completed, f(x) is
the compact form of [ Inxn [D(q)"Y=C(q,.9)¢ — G(q) + 7,)] ]T and g(z) is the compact
form of [ 0 0--- 0 [D(Q)(B(g)T)]" T, where B € RVM*¥=1 is a control gain matrix,
C € RN is a Centripetal-Coriolis matrix, D € RV*¥ is an inertia matrix, G € R¥ is a
gravity vector, T' € RV !is the input torque and 7,(g,¢) € RY is the passive joint moment

in the musculoskeletal dynamics. The i-th link moment is defined as
Tp;, = dli (191 — 190) + dgzﬁz + d3i6d4iﬁi — d5i€d6i19i (32)

where ¥; is the joint anatomical angle which is the angle between the position of the interest
and a segment’s anatomical position, of the i-th linkage, and v¥y,and d;, are positive constants.
The double support phase is assumed as instantaneous moment that includes impulsive effect
of ground impact, the impact model of [38] is implemented under the assumption that the
stance leg end is not slipping and it is in contact with the ground surface [86]. Using the
angular momentum conservation law, the post impact state values, 7 = (¢7,w™) can be

obtained by a function A € R*¥V*! with the values of state before impact, 1= = (¢~,w™).
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3.2.1 Joint Actuation

An electrical stimulation for the extensor muscles, an electrical stimulation for the flexor
muscles, and an electric motor, actuate each linkage. The joint torque, T; (: = 1, 2, N), can
be defined as

T = Tug, — Tant;, + Tin, (3.3)

where Tg,,and T, are the torques produced by antagonist muscles and the electrical
stimulation of the agonist muscles and, respectively and T}, is the electrical motor torque.

The torque of the motor at the i-th link is given as
Ty = kU, (3.4)

In (3.4) u,, € R is the current amplitude to the electric motor and k,,, € R is the torque
constant of electric motor. The torque produced by electrical stimulation of antagonist and

agonist muscles is obtained by

Tag/ant = ’l/}li (19@)"%2 (wl)p%uz (35)

In (3.5), u; € R is the normalized fatigue variable, uv; € R is the normalized muscle
stimulation, and vy, (9) € Rtand 1,,(9) € Rtare the torque-length and torque-velocity
relationships of the flexor /extensor muscles, respectively. As in [70], the equations of torque-

length and torque-velocity, for i-th link, can be defined as

7(191-%21_)2
¢li (191) = (€ 3 (36>

W, (wi) = ¢, [1 + tanh (c5iwz~ - i)} . (3.7)

Cy,;

The parameters ¢i,, cs,, ¢4, and cs, should be positive for guaranteeing that v, (9)1,, (w;) > 0
and ¢y, > 0. The reason for constraining these parameters is that the muscles can only
produce a positive contractile force. Based on [71], the following differential equation is used

for deriving the normalized muscle fatigue, p;, in (3.5)

1 1
g (Hmin; — 14) U, + . (1 — pq) (1 — up,) (3.8)

2 Ti

fi =
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where, fimin, € (0, 1] is the fatigue constant and ty,,t,, € R are time constants for fatigue

and fatigue recovery in the muscle, respectively.

3.2.2 Switched System

The system with switching can be expresses as

D(q)j+ C(q,4).g+ G(q) + 7
= B(Q) (anLnT - (IN—IXN—I - an)LnT + gnT)

(3.9)

where T' = AptnT — (IN—IXN—I - an>LnT+§nT = Tant = antn T = Taga _(IN—1><N—1 _an)LnTu

+N—1><N—1

T, =¢, T, and ¢,,5, € R belongs to the finite set of switch family,

Q:

{(L17§17a1)7 (L2,§2,a2)7 ) (LNQ7§NQ7CLNQ) te

(3.10)

-an:dz’ag(anl Upy - anNil),---

"'L+gn:IN—1><N—17 Qn, € {071}7 n:1727"‘)NQ}

where Ng, is the number of combinations. (t¢,,<,) are chosen based on the variable of muscle
fatigue, p.
Remark: Note that based on the type of muscle being recruited (i.e., flexor or extensor),

a,, can be either 0 or 1.

7

3.3 Virtual Constraint and Controller Design

3.3.1 Virtual Constraint Design
Based on [87], the output, y € R¥~1 can be defined as
y = ho(q)—ha(0(q)). (3.11)

The system has one degree of underactuation for torso. Therefore, the size of y is N — 1.

In (3.11), ho(q) is a function of the independent joint angles which based on the current
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arrangement of the output is obliged to follow h4(0(q)), which is a desired virtual constraint

function that can be expressed with the Bezier polynomials as

b () |
hatoia) = | 2 (312)
| b1 (w(9)) |
where
bi(w) = ]ﬁogzw%wwm —w)Mk, (3.13)

In (3.13) M is an integer that shows the number of Bezier polynomial terms, o is the
optimization parameter, and w is obtained according to the following equation.
0(g) — 0*
=" 3.14
wig) = 2= (3.14)
In (3.14), #~and #Tare minimum and maximum value of the 0(q) respectively. 6(q) is a
function of joints angles and is defined as 0(q) = (101 + (05 + ... + (0N ( € R are chosen

such that 0(q) is increasing monotonically.

3.3.2 Controller Design

The the controller goal is to make the output zero or in other words, force hy(q) to follow

hq(q). Therefore, the output should be expressed as follow (3.15).

y = h(q) (3.15)

and thus

dy

—5 = Lih(a,4) + LyLeh(a)T (3.16)
where LyL¢h is the decoupling matrix. The invertibility of this matrix at a point guarantees

the zero dynamics uniqueness and existence in the neighborhood of that point [39]. For each
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output y;, (¢ = 1..N — 1), if it is considered that 7;; = y; and §2; = ¥;, (3.16) can be

rewritten as

Y1 = You

yL27i = O'Z-Tl)fﬂ‘ + Uf27i + vai + Udﬂ' (317)

where o'vs; + vy, ; and v, ; are the i th row from L;“;h(q, q) and LyL ;h(q) respectively, where
f and ¢ are the dynamics nominal models in (3.1), o/ v, is linearly parameterizable terms
part of the system, vy, ; is not linearly parameterizable terms and o7 is unknown time variant
function which is learned by iterative learning method and vy, is the system and input
disturbance term due to model uncertainty. For the system stabilization in (3.17), based on
the virtual input, 7}, a controller is designed, so that the pair of allocation coefficient (¢,,s,)
can be switched arbitrarily without affecting the stability property of the system. In the
next part, an iterative learning continuous integral sliding mode (ILCISM) control technique
is implemented and the robust stability is proved.

For i = 1...N — 1, let the sliding surface s;€R be defined as s; = Ae (t) + A2€ (t), where
e = (Yia—Ui), \i € Risa constant number, 7; ;4 and ; are the desired and the system output

respectively such that the system in (3.17) would equivalently become
2
ék,i :Z )\jgj,d — )\1@1’@ — O.Iz,ivf,i — ’Ugﬂ'ﬂ — Ufz,i — Ug,q- (318)
j=1
Using the subsequent stability analysis and ILCISM [82],

2
Toi = vy | 22 Njlja — MTri — Ghavi — ki — Vg
j=1 (3.19)

2
+au i Skl ® sgn(seq) + %OQ,isgn(Sk,i) + a3,i5k,z‘)

where i = 1...N —1, k is the number of iterations, and a4 ;, a1 ; and a3 ; are positive constants.
0k, is the recursive part of the control. It is used for learning the unknown term oy ;, and

based on the next section stability analysis, it can be derived using the following update law,

R R 4 1
Oki = Ok—1, — q§ <?77 |5k,i]® sgn (Sk,) + VSk,i) (3.20)
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where q, 7 and v are constants belonged to R*. The variable v, in (3.12) is an integral

term that is defined as below,

1
Uk = —PB15k; — P2 |Skil® sgn (sk;) (3.21)

where both ; and /35 are positive constants. By using the ILC law (3.19), the sliding surface

dynamic equation can be rewritten as follow,

o T
Ski = —03iSki + Wi Ui + Uki — Vak (3.22)

2
5 59N (ki) — %O-’Zisgn(sk,i)

—Q ‘Skz,i

where Wy ; = 01 — O ;.
In order to show the stability of the hybrid system that includes the ground impact
phase, the system Poincare map is shown in Fig. 8. As, it can bee seen from the figure the
gait cycle converges to the limit cycle which was designed by the optimization method in the
previous step. According to the figure, the error of the system is reducing after each single

ground impact in the compare of previous ground impact. For proving the stability of the

learning controller, the following energy function is defined.

Vi = Vi + V2 4+ VD 4 v (3.23)

t
where V\}) = s V& — s 15 VS = gt ang VD = L[0T (1) Wi (1) dr toy

to,k
is the start time of k-th iteration. The convergence of the tracking error will be evaluated
based on the difference between energy function between two iterations in a row according
to the follow,

AV =V v, (3.21)

Therefore, using (3.16),

t
AVIS) _ _'kal,i;kfl,i ) f Uk,z‘sk,idT
t
: . o (3.25)
—Bs [ ki |skil® sgn (sg) dr + Ch.

to,k
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Figure 8: 3-D diagram, showing attractive limit cycle of the system
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In a similar way, the difference of k-th and (k-1)-th iteration of the second energy function

is obtained,

4 4
AVE = lsials = nlsi1]° (3.26)

4
Using the derivative of |sy;|3, the above equation can be written in the following alternative

way,

t
4 1 . 1
AV = 37 / |Sk,il® sgn (s,i) $adT + Co — 0 [sp—1,[* - (3.27)
to,k

By substituting (3.22) into (3.27), new form of (3.27) is obtained as,

t
Avk(? = +4_3:Z / |3k,i|% SN (Sk,i) ViidT

to,k
t 4 t 1
# [ Iskil® dr + 43" [ Iskil® sgn (siq) \I/;;Civf,idT
tO,k tO,k (3 28)
t . ¢ .
—%’7 f |sk.i|® sgn (sk;) vadr — MT”’ f |sk.i| dT
tO,k tO,k

4 t 1
=0 |Sk—14]3 — 1#9677042,1 f |sk.i|® dT + Cy

to,k

If we consider |vg;| < by, whereby is the upper bound of disturbance of the system, (3.28)

can be rewritten as

t . " .
Avk(,? < —_4§3n I skl dr — %77042,2' [ skl dr

to,k to,k
¢ L ¢
+3 [ Jskal® sgn (se) VEvpedr — 2580 [ Jspl dr
fox , fox (3.29)
_ 15 4 4ban 13
N lse-14® + 7 [ lswal® dr
to,k

¢ 1
+4§q I Iskal? sgn (sks) vgadr + Co.

to,k

The difference of k-th and (k-1)-th iteration of the third energy function is obtained as,

3 Sk,iSk,i Sk—1,iSk—1,i
Avk:(,i) =~ k,2k, — 5 k 1,2k 1, ( )
‘ oo 3.30
=7 f Sk,iSkidT + Cs —’Y%

to,k
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By substituting (3.22) into (3.30) and considering the upper bound, b, for the uncertainties,

the following is achieved.

t
3) _ Sk—1,i8k—1,i
AVk,i =V 5  — 703 f Sk,iSkidT

2
to,k
t t
+v [ sk VEvpadr — a0y [ |skal dr + Cs (3.31)
to,k to,k

t t t 5
+ f Sk.iVk AT + bay f |sk.i| dT — yau f |sk.i|® dr.

o,k to,k to,k

Difference of the last energy function between two iteration in a row can be written as,

t t
Avk(j) = i f \I/Z,Z-\I]k’idT—i f \Ijg_l’iqjkfl,idT (332>

to,k to,k

where b, € RT. Based on (3.20) and [15], the following equation can be derived.

- bL (O — Ui)T (Oki — Ok—1,) (3.33)

Based on (3.20), (3.33) can be rearranged as,

1 T T _
g (Vii®ri — Ui Weory) =

1
%477 skl ® s91(5k,0) Vhivys — Yok Vi Vra (3.34)

_ﬁ (6ki — 641) (O — Ok1,)

(3.32) can be related to the sliding mode surface as follow,

t

AV = =5 [ (6ri = 6x1) (6ki — 641 dr
t ok 1 (3.35)
- f (Sk,i\IJ;}F,iUf,i) dT—TM |51~c,i|§ sgn (Skz) W, ivgdT.
to,k
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For proving the convergence of both the output tracking error and sliding surface dynamics,

we now combine the difference of energy terms for two iterations as below, based on considering

Br=7, =", ap; = y =G and Cy = C3 + Co + C,

AVii = AV + AVZ + AVE + AV

4 . ! 3
< v e fF o g )t dr

to,k

| t (3.36)
—Qg7y f SkiSk AT — %0‘177 f || dr
to,k fon
t
—YQ f |3k—1,i|gd7—7%+04
to,k

Based on the Poincare map conclusion about ground impact error, Cy € R™. Therefore, 3.36

can be simplified as,

t
AV, < —dasn [ g, 05 dr

. R (3.37)
—agYy f SkiSkidT — %04177 f |Sk,i|d7—7
to,k to,k

(3.37) is negative definite whenever sx; # 0 at least in one of the moments, ¢t € [tox, 7.
Therefore, it can be concluded that Vj is convergent. Because Vi (t) € R, This convergence
ensures Vj converges to zero. Therefore, it ensures that the sliding surface and Wwhich
shows the estimation error of the system dynamics converge to zero. On the other hand,
the dynamics of the sliding surface is Hurwitz. Hence, after this convergence, the output
error is exponentially convergent to zero. To sum up, a second order ILCISM is designed
to control system (3.17). In other word output y; can be stabilized for Vi = 1..N — 1. It
is robust with asymptotic stability to the system disturbance, allowing the system switches
arbitrarily. V (s, eq) given by (3.23) can be regarded as a common switched system Lyapunov

function (3.9), hence, the stability result is consistent with the switching system theory [55].

3.3.3 Optimization Process

In the optimization process, the value of o in the Bezier polynomials in (3.13) should

be chosen optimally in order to have a minimum effort movement. GAPSO and SQP
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combination method is used for the optimization. The global optimal convex region is
found by GAPSO that satisfies the constraints and the absolute optimal solution is found by
the SQP method in that region, which is found by GAPSO. For achieving minimum control

effort, the following cost function is defined

Ts

1
PP
1 QPQL(QO)O

where w;(t) is the control input, T}, is the step time, pf is the length of a step, and m is the

3 (ui(t))*dt, (3.38)

i=1

number of control inputs.

3.4 Simulation Results

The walking simulation is done for 100 seconds for N = 3. Fig. 9- 11 show the results,
where a robust, optimal, and stable walking can be seen despite switching between the motor
and FES as the muscle recovers or fatigues.

In Fig. 9, the root mean square (RMS) of the output tracking error is displayed during
iterations of learning. As it can be seen it is reducing during different iterations. It shows
that the learning term, o; is making system more robust in each iteration. The behavior of
muscles fatigue is shown in Fig. (10) which is the switching main criterion. In the figure,
S1-F and S1-S points show the stimulator 1 first and second switching respectively. S2-F and
S2-S show the stimulator 2 first and second switching respectively. The angles and angular
velocities of linkages are shown in Fig. (11). The abrupt angular velocities change, in Fig.
(11), is because of the ground stride in each step. Note that the states are renominated after

the double support phase which can be clearly seen in the figure.

3.5 Conclusion

A switching controller that combines iterative learning and sliding mode control has been

developed to coordinate FES and the powered exoskeleton. The sliding mode-based iterative
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learning control is used to learn the unknown functions in system dynamics. According to the
simulated results, this technique helps the switching controller to decrease the RMS in each
iteration. The controller stability was proven for using the Lyapunov-based stability analysis.
The overall stability to account for impacts was shown numerically by using Poincare maps.
The results exhibited the excellent performance of the proposed technique by-tracking the

designed virtual constraints .
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4.0 A Robust Neural-Network Based Iterative Learning Controller for a
Hybrid Exoskeleton

4.1 Introduction

The implementation of the controller introduced in the previous chapter, depends on the
identification of parameterizable part of the dynamics including the musculoskeletal model.
Due to day-to-day variations and inter-person variations in the musculoskeletal dynamics,
and the tedious process needed to identify the model [83, 45|, it is difficult to implement
these controllers in clinics. While numerous papers in FES control exist that use high-gain
controllers |77, 79| to provide robustness to modeling uncertainties or even adapt and learn
the model using neural networks (NNs) [2, 3, 72, 78, 12|, their implementation may need
extensive tuning or offline training of neural networks.

[terative learning control methods are proposed to help address this issue through learning
unknown dynamics while improving the performance in consecutive multiple iterations or
task cycles. An ILC was developed for a solo FES system for upper limb stroke rehabilitation
in [51]. FES was applied to shoulder and elbow muscles of an able bodied participant for
showing the learning capabilities of the controller. Authors in [56] developed an iterative
learning method with input-dependent muscle fatigue model for a sole FES system, and it
was used for the rehabilitation of upper limb. In [27], in a passivity based framework, an
iterative learning control method was used to control a cycle-rider system with FES. Their
controller uses the concepts of passivity and adaptation so that it compensates for the time
varying dynamics of the system.

In another paper [26], a feed forward repetitive learning control with autonomous state-
dependent switching is developed for an uncertain cycle-rider system which yielded to lower
cadence tracking error. In our recent previous chapter control method that published in
[58], an iterative learning term was used to estimate a linearly parameterizable part of the
system dynamics. However, the control implementation does not address a way to learn the

uncertain terms that are not linearly parameterizable like musculoskeletal dynamic.
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The aim of this chapter is to design a control method that enables sitting-to-standing
function with a hybrid exoskeleton. The controller must iteratively learn a human user’s
musculoskeletal model and improve sitting-to-standing tracking performance with minimal
tuning. Addressing this problem is significant for clinical implementation, where inter-person
and inter-day variations can negatively affect control performance. The contribution of this
chapter is that a robust NN-based controller for a nonlinear hybrid exoskeleton model is

proposed that iteratively learns parametric uncertainties.

The use of NNs is motivated for its ability to compensate or estimate unknown dynamics,
including not linearly parameterizable and highly nonlinear terms by choosing a suitable
number of neurons and NN layers [52, 76, 75, 78]. A recurrent NN (RNN) was used due
to its capability to capture the system behavior dynamically |76, 74, 11]. Specifically two
NNs are used. One NN is used to compensate for not linearly parameterizable terms that
occur in the state dynamics. The other NN is used to compensate the unknown input gain
function due to the use of FES. The NN update laws are developed through a discrete
energy-based stability analysis in an iterative fashion. Specifically, the second NN update
law is designed to avoid singularity during its inverse, which is used to cancel the unknown
input gain function. The control design is proven to be uniformly stable despite arbitrary

switched FES and exoskeleton allocation.

Desired time-dependent joint trajectories may be designed independently for both legs,
and if there is a miscoordination during trajectory tracking it may cause joint misalignment,
which can be potentially unsafe for the transition and, consequently, the desired lower-limb
task may not be achieved. Using state dependent profiles allows the joints trajectories to self-
generate via a time-invariant manifold known as virtual constraints. The concept presented
in details in |87, 33, 34].

Therefore, in this study, instead of tracking the time-based trajectories for different
joints, the proposed ILC tracks time-invariant desired trajectories computed through the
virtual constraints. Walking simulation and extensive experiments are performed with a
hybrid exoskeleton for a sitting to standing scenario. The results were obtained from human
participants including a person with complete SCI. The results shows the ability of the

controller for tracking the virtual constraints and keeping the system stable.
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4.2 General hybrid exoskeleton Lower Limb Model

A general N degrees of freedom (N-DOF) of a hybrid exoskeleton can be written as
M(q)G + Clq.4)q + G(q) + Tp = Tinput (4.1)

where ¢ € RY is defined as q = [0y, 0s, ..., On]. 0; (i = 1,2, ..., N) is the angular position
of the i linkage. C(q,q) € RV*N is the Centripetal-Coriolis matrix, M(q) € R¥*¥ is the

inertia matrix, G(q) € R¥ is the gravitational vector, and

Tinput = Be(q, §)up + Byun

where Bg(q, ¢) € RV*" is the FES input matrix and By, € RY*¥ is the powered motor input
matrix, ug € R is the normalized muscle stimulation, u;; € RY is the current amplitude of
motor. In (4.1), 7, € RY is the passive moment of the targeted joint, which can be defined

as

Tp = dl(ﬁ — 790) + d219 + dged419 — d5€d619 (42)

where 1 is the anatomical joint angle that is the angle between the position of interest and
a segment’s anatomical position of the linkage, and ¥y and d; (j = 1, 2, ..., 6) are positive

constants. The dynamics in (4.1) can be rewritten in the state space form as

&= [f(x) + gp(r)up + gu(r)um (4.3)

T

T
where = —[q, ¢]", f(z) is the compact form of [ Ingng » (M Y1 —G— C’q')]] , ge(x) and

gu(z) ae (@, M(0) " (Be(g, )| and [Dxn, [M(0) " (Bas)]"] 7, respectively
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4.2.1 Controller

A time-invariant sitting to standing movement profile called virtual constraint is designed
offline through an optimization process. The desired profile is used later during the controller
implementation. In the optimization process a hybrid exoskeleton movement is simulated
in a closed control loop with various candidate virtual constraints [87]. The details of the
optimization process are provided hereafter.

Firstly, the output error term e € RY is defined as

e = h(q) = ho(q)—ha(0(q)) (4.4)

where ho(q) € R is an independent joint angle function that is obliged to follow hq(6(q)) €
RN[87]. h4(f(q)) is a desired virtual constraint function and can be represented with the

Bezier polynomials as

[ bi(w(e) |
ha(0(q)) = bQ(uf(q» (4.5)
by (ule)
where u
|
b(w) = % Qkﬁwk(l )Mk (4.6)

In (4.6) M is an integer, showing the number of Bezier polynomial terms, gy is the parameter

that is going to be optimized, and w is calculated according to the following equation

u(g) = 0=V (47)

where §7 and 6~ are maximum value and minimum value of the 6(q), respectively, and

0(q) = (101 + (20 + ... + (uOn. (; € R is chosen such that 6(g) is monotonically increasing.
To obtain an optimal movement, the value of g in the Bezier polynomials in (4.6) should

be chosen optimally by an optimization process. The following cost function is defined based

on the minimum control effort criteria

min J = i (ff [Tg;puﬂmput + %h (Qdf)TPh (qdf)] dt

Ok

st. M(q)i+C(q,9)q+ G(q) + T = Tinput
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where ¢; is the standing duration time, L, is a normalizing constant, P is a weight matrix,

qd, 1s the desired final condition, and ¢, is the final standing angular positions.

4.2.2 Controller Design

In this subsection a robust NN based iterative learning switching control (RNNILSC)
is designed. The control objective is to force ho(q) to follow hg(f(q)) or in other words to
drive the error e in (4.4) to zero in multiple iterations. After taking the second order time

derivative of (4.4), the following differential equation can be obtained

d2
d—; = L3h(0) + Loy Lih(0)up + Ly, Lyh(0)unr (4.9)

L¢h and Ly, Lsh are the

am

where L7h(0) is the second order Lie derivative of h(6), and L
decoupling matrices.

To facilitate the design of an ILC, e1 € R, e(l) € R, u(z) € R, and ugi) € R are defined

(4) @0 _ - ) (4)

as €)” = e, &5 = &, Uy’ = ug,, and uy’ = uyy,, where subscript of i shows i'* element of a

vector. Using (4.9), these errors due to the ILC in k' iteration can be rewritten as

— &
- 2k

& = o )UJ(”?k + v}?k + QW % (4.10)

—i—vé)ué}c —I—U()

where the subscription of k denotes that a variable is at k" iteration, U;i)k —i—aT(i)v](c?k is equal
th(@) and LgEth(9)7

respectively, for i'* input. f, gy, and gg were implied in (4.3). o )vﬁf) is the linearly

to i element of L7h(6), 0§ and Q) are equal to i*" clement of L,
parameterizable part of L3h(6) and v}i) is the not linearly parameterizable part of L7h(6).
In (4.10), vd . 1s the system disturbance term due to modeling uncertainty and is bounded

by

(4.11)

o8

Without loss of generality, the superscript i (i = 1, 2, ..., N) will be dropped hereafter in all

T

the corresponding notations. ¢* is an unknown state independent function which is going
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to be learned by an iterative learning method, vy, , and ), are going to be learned by NNs.

vy, , and {2 are represented by two NNs as

vf2,k~ = WT@k(V;ch:) + 51,k (Xk) (4.12)

Qk = RT¢k(Xk) -+ €2k (Xk) (413)

where X;, € R?V*! is the augmented input vector for two NNs and is defined as X =
[ 1 zp }T. The two NNs ideal weight matrices are W € RM*! and R € RM. The input
layer is made of 2N + 1 neurons, Ny and N are the number of neurons in the hidden layer
of the NNs, and N is the number of the output layer neurons. The NN activation function
in (4.12) that maps the input layer to the hidden layer is denoted as © : R2V+1 — RN2H1
The activation function in (4.13) that maps the input layer to the output layer is denoted
as ¢ : R?N*1 5 RN2  The unknown functional reconstruction errors for the two NNs are
denoted as €1, € R and e, € R and are bounded which can be written as |e; x| < &; and
|ea.k| < &2, where &1, & € RT. The estimates of the ideal NNs that approximate vy, and
Q. are learned in an iterative fashion. The k™ iteration of their estimates, denoted as 0y, ,

and (), are represented as

0p, = Wi O (Vi X) (4.14)
Qu = Ry on (Xi) (4.15)

where Wk e RM*1 and }%k € R are the estimates of ideal weights in k" iteration.
A closed loop feedback component, Uy, that is going to be used subsequently is defined

as

Uk = _Fl,k: - f)fz,k - OA'kal’k (416)

where gy, is an estimate for o and F} j is described as

Fip = ,\% (Mé2 + A2 (azsi + 3a259n(sy)) — Aavg) (4.17)
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where as € RT, 55, € R is evaluated as s = A€y (t) + Ao€ay (t), where \; € RT is a positive

constant, and v, € R is an integral term that is defined as

U = — P18k — Doy, (4.18)

where (5, and [, are positive constants.

Consider FES input u; at the k' iteration
U e = —tathy, Uy (4.19)

where ¢,, is FES allocation coefficient and 1), is defined as
by, =, + <Q <ka> + 5) (4.20)

1y, is designed such that to avoid a singularity in 1[),;1 when €, is equal to zero. The spectral
radius of Q, ok (Qk> € R*, and a control gain, 5 € Rt are added to vy, [14, 6].

ug ), is electric motors feedback component and is defined as

Ug | = —§nU9_1Uk (4.21)

Where g, is allocation coefficient for the electric motors. The pair of allocation coefficients
(tn, Sn) are introduced to deal with the input redundancy and can be switched arbitrarily as

long as the following conditions are satisfied

ln+ 6 =1 (4.22)

uri| < 1. (4.23)

Due to the use of NN, iterative learning, and arbitrary allocation switching between
feedback components of FES and electric motor, we call the overall robust control strategy
as RNNILSC. Using (4.16), (4.17), (4.19), (4.21), (4.22), and adding and subtracting ¢u;
to (4.10) would result in

ég,k = Es,k + \Ifkvflyk + ﬁkulyk (4 24)

4 AL
—agsk — 3Q28gn(sk) + vk — Leak + Vak
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where E ) = vyg,, — 0y, is the not linearly parameterizable estimation error for the NN.
Besides, Qp = U — Yy and ¥y = 0 — 5. Based on (4.13) and (4.20), O can be expressed
as

Q= RL) (Xy) + Bei (4.25)

where ﬁk = Ry, — f{k, Ber = €26 — (Qk (Qk> + ﬁ) and [ is bounded by
|6€,k| S Bs S R—F‘ (426)

Therefore, (4.24) can be written as

Eak = Eop + Wyvyp,  + (RO (Xp) + Bego)unp

. (4.27)
—Qu38), — %OéQSng(Sk) + U — €2k + V-
By taking the time derivative of si, the $; dynamics is given as
Sk = Ao (—ass, — 3aasgn(sy) + vk + va
( s (4.28)

+\Ijkvf1,k + 66“1,16 + R£¢k (Xk) Uk + Es,k) .
Based on the subsequent stability analysis, weight matrices for NNs are calculated using

the following method

2 2 OE
Wiy = Wi, = K1 — (4.29)
OWk-1),
9 3 8Eb
Viy = V1), — Fa—= (4.30)
OVik-1),
where k1 € RT and k3 € RT are user defined positive constants and Ej, is defined as
. . 2
By = % (Ufm ~ Ufppor + é'YSk) (4.31)
Uy, =0, whenk = —1 (4.32)

where £ € RT and v € R are positive constants. Additionally, based on subsequent stability

analysis, the following update laws are designed for the rest of estimation functions.
Rk = ¢k (Xk) uLksk (433)
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O = 0g—1 — bgvy, , (V1) (4.34)

o =0, whenk = —1 (4.35)

where b, € R" is a positive constant.

4.2.3 Stability Analysis and Finite Time Convergence

Let Vi(x,t) : RY x R — R be an energy function where t € [ty, t], o is the start time of

iterations and t is the elapsed time after the start of an iteration. V} is defined as
Ve =V + V2 + v + v 4+ P (4.36)

2b
q "

t t
where V) = % v® = 2% v® = L [ war, v = L [ B 2dr, and VP =
to

%tr {R;{Rk} -, by, & € R are constants where b, and £ are chosen by the user and -~ is
subsequently defined. The difference between the first energy function in two successive

iterations is computed as

AV =y v, (4.37)

Therefore, the following expression is obtained as

Avk(l) = % — 0271 =

2

(4.38)

2 .
Vk—1
2

t
jjvkbkd7”+'ﬁ%ﬁﬁ —

to
By substituting (4.18) in equation (4.38), the following equation is derived as
1 t t
AVk( ) — — 01 f VLSLAT — Pa f U]sz
o o . (4.39)

2
_i_v%(to) _ Uk:*l
2 2

The difference of successive iterations for the second energy function is obtained as

2
0 Sk—1
Ao 2

N |x-mto
>

t 200 - (4.40)
= )\l [ sispdr — kg_l + % k(ztO)
to



By substituting (4.28) into (4.40), we have

(2) v Sh_y y 2 v s2(to)
AVk :—/\—QT—’YO@, fSde‘i‘ET

to
t

¢
+v [ skVvy, dT — Sasy [ spsgn(sy)dr

fo ;o : (4.41)
—f-’)/f skvd’de%—yf SkRggbk (Xk) uLde

to to

t t t
+7 | sk Espdt + 7y [ Spfepurrdr + 7 [ spupdr

to to to

Using the upper bound of vy and 5. in (4.11) and (4.26) respectively and 4.23, the following

inequality is achieved

Av(Q) < _X Sh_1 ‘ 24 v s3(to)
k _—)\—QT—’}/Oé3Z[Sk T+)\_2 2
0

¢ ¢ ot
—H_Jd7f |sk|d7'—i—7f<5‘,y€v,y€d7'+’yﬁE f |sg| dT
to

to to

. . (4.42)
+v [ sk\lfkvadeqL%agyf |sk| dT
to to

t t
+7 f SkE&de + f Skqubk (Xk) ULde

to to

The difference of the third energy function between two iterations in a row can be written

as

t t
AV = gk [ Wkdr — - [ 02 dr (4.43)
to to

Based on (4.34) and [16], the following equation can be derived

z; (Vi —¥i)

2b,
:i(@'k—(&k_l) (6k+6k_1—20) (444)
= é ((AT].C - 0’) (6k - 6k_1)
o (61— 651) (6 — 1)
Considering (4.34), (4.44) can be rearranged as
i (\II’Z - \Ijz—l) = _W\Ijkskvﬁ,k (4 45)

— a5 (O = Gr1)”
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Therefore, AVk(?’) in (4.43) can be simplified as

t

3 N N 2

AVIf( ) = —ﬁ ;f <0k _Uk—l) dr
0

t

—y f (\I/kskvfm) dr

to
The difference of the fourth energy function between two iterations is

t t

o 1 1
AV = % / Eide—i E?,_,dr.
to

to

Similarly, we can rewrite AVk(4) as

2% (Egvk B Eik—l) = _% (@fQ,k - @fZ,k—l)Q

+% (@fQ,k - Uf2,k) (ﬁfQ,k - /lA)fZ,k—l)

Based on (4.29), (4.30), and (4.31), we have

ﬁ (B2, — EZ,_)) = —7vEsxsi

_i (@f2,k - /&f2,k71)2

Hence,
t

~ ~ 2
Av;c(4) = _é tf (Uf2,k - UfQ,k—l) dr
0

t
- f (Es,ksk) dr
to

(4.46)

(4.47)

(4.48)

(4.49)

(4.50)

Considering Ek(to) = 0, the difference of the fifth energy function between two iterations in

a row can be written as
AV = Ser { B R — o { R o }

which can also be rewritten as
t

AV — g { I fz;—gz%kdr} ~ Ly {ﬁg_liék_l} .

to
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By substituting (4.33) to (4.51), AV,C@ can be obtained as
AVk(5) = —%t’f’ {Eg_lﬁkfl}

t : (4.53)
—tr {f RY (¢ (Xk) urps) dT}

to
For proving the convergence of both the tracking error and s; by considering the known values

of vy and 3., we now combine the difference of energy terms for two successive iterations, and

by defining v = 8, and ay = %JFBE), then it results to the following ultimate inequality

AV, = AV + AVE 4 AV 4 AV 4 Ay

, , ¢ ¢
< —v’“Q‘l — /\7—28’“2‘1 — Yo Zf srdT — B tf vidr
1 ) ) , 1 % ) ) 0 ) . (4.54)
2, f (Uk - kal) dr — 26 f (UfZ,k - ,Uf2,k71) dr
to

+’U§(t0) + 2 5kt _ %tr {§£_1ék71}

(4.54) can be more simplified as below by choosing the gains, 82 > 2 and a3 > /\2—2

t t
AV < —ay [ sidr — a5 [ vidr

to to
~ ~ ’U2 52
Ly {R{,le_l} e (4.55)

t t

. . . . 2

—ﬁ tf (0 _O'k—1)2 dr — % tf (UfQ,k —Ufzk_l) dr
0 0

where a4 € RT and a5 € R*. AV} is negative semi definite which results to

Vi < Vi k=1,2,3, ... (4.56)

It results to the fact that V} is a non increasing sequence. In order to prove boundedness of
Vi, using (4.18), (4.28) and (4.33) time derivative of 1} is derived as below

Vo = —yass? — Bovd + L 02
0 /7 320 /82 0 bq 0 ) (457>
+ys0Wovs e +v50Es0 + ¢ E2g
Based on (4.32) and (4.35), V can be further simplified as
(4.58)

Vo = —yazsi — Bavj + iOZ + %U?Z :
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Therefore, Vj is bounded in the interval of [to, t], V; is also bounded in [ty, ] because Vy(t) =
t . ~

Vo(to)+ [ Vo(s)ds. It follows from (4.55) that Vi is bounded. Accordingly, vy, Ry, 0y,
to

Uy, B, and sy are also bounded. Furthermore, based on the (4.55), it can be written that

t

1
/ sidr < — Vi1 — Va). (4.59)
Qy

to

Because V} is monotonically decreasing but it is lower bounded by zero which leads to the

following conclusion

klz_}rgo sidr = 0. (4.60)
to

Based on the (4.28) and considering (4.23) and the boundedness of vy, ﬁk, Oy Viy Esp,
and sy, $ is also bounded. Accordingly, by Barbalat-like lemma presented in [88, 84|,
limg 008k = 0 uniformly on [¢g, ¢].

To sum up, a second order RNNILSC is designed to control the system in (4.3). It
is robust to the system disturbance, allowing the system switches the allocation between
motors and FES arbitrarily. Because Vi (z, t) in (4.36) can be regarded as a common energy

function in (4.27), it will be stable to arbitrary allocation switching [54].

4.3 Experimental Procedure and Results

The experimental study was approved by the Institutional Review Board (IRB) at
the University of Pittsburgh (IRB approval number: PRO 14040419). All participants
signed informed consent form to participant. Three participants without any neuromuscular
disorders were involved in this study. Participant 1: Age 25, male. Participant 2: Age 25,
male. Participant 3: Age 23, male. Additionally, one participant with complete SCI was
also involved in this study. Participant 4: Age 51, male injury: T11.

As shown in Fig. 12, the experimental setup and control algorithm are illustrated. The
testbed consists of two DC brushless servo motors (Harmonic Drive Company, USA) for both

hips, two DC motors (Maxon Motor Inc., Switzerland) for both knees, and two sets of FES
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Figure 12: The hybrid exoskeleton testbed used for the experiments and the diagram of the

control algorithm.

electrode pads for the quadriceps muscles. An incremental optical encoder with 4000 pulses
per revolution (PPR) resolution were used to measure the hip joints angles and an inductive
encoder with 4096 PPR resolution were used to measure the knee joints angles. A biphasic
stimulation train was applied to the surface electrodes via a RehaStim 8-channel stimulator
(Hasomed Inc., DE), where the pulse trains had a frequency of 35 Hz and the stimulation
pulse width was chosen as 400 ps. The controller was programmed in Simulink (MathWorks
Inc., USA) and implemented using a real-time target machine (Speedgoat Inc., Liebefeld
Switzerland) with frequency of 350 Hz, which modulated the stimulation current amplitude
and the current amplitudes of the exoskeleton motors during the experiments. Through the
entire experimental procedure, the participants were instructed to be relaxed and avoid any
voluntary interference with the exoskeleton. Also, the participants were not allowed to view
the performance or the desired virtual constraints in real time. Four sets of experiments on
each participant were conducted to evaluate the newly proposed ILC. Each experimental set

included 4 iterations. Each iteration of the siting to standing procedure was run for a time
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Figure 13: Snapshots of the standing up experiment performed on participant 1.

duration 20 s. This time duration is designed as per participants convenience to use the
exoskeleton. The desired movement profile allows a participant to achieve siting to standing
in about 10 seconds. The rest of the 20 seconds are allocated to check control performance
in the standing mode. Between two successive iterations, a one minute resting time period
was given for the participants. The resting time period was provided to allow the muscles to
recover in case of FES-induced fatigue. Fig. 13 demonstrates the snapshots of the sitting-to-
standing movement on participant 1, wearing the hybrid exoskeleton. In initial experiments,
allocation coefficients of + = 0.2 and ¢ = 0.8 were chosen. In Fig. 14, knee angle profiles,,
knee angle tracking errors, and knee control inputs are shown for Participant 1 for the 1% and
4" jterations. In Fig. 15, hip angle profiles, hip angle tracking errors, and hip control inputs
are shown for participant 1 for the 1% and 4 iteration. . According to these two figures,
in the fourth iteration, the system can track the desired movement profile more accurately.
Despite a high model uncertainty, i.e., due to differences between the dynamic model and the
real system, and having different participants in the device, the controller could still limit
the error and provide a smooth siting to standing movement for the participant after only 4
iterations. The resulting knee and hip control inputs of the motors and FES of the hybrid
exoskeleton are shown in Fig. 14 and Fig. 15 respectively as well. The results of control
inputs show that the ILC in the fourth iteration increases the torque to reduce the errors
that occur in the first iteration. The control framework was also tested in a participant with

SCI. The results in Fig. 16 show the proposed framework could work successfully for the
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Figure 14: Knee joints angular profiles, tracking errors and the control inputs of Participant

1 for the 1 iteration and the 4*" iteration, where ¢ = 0.2 and ¢ = 0.8.
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Figure 16: The snapshot sequences of participant 4 with complete SCI for a siting to

standing scenario.

participant with SCI. Fig. 16 shows the snapshots that illustrate the movement produced
during the experiments for Participant 4 (the subject with complete SCI). The results in Fig.
17 and 18 illustrate knee joint performance and control inputs and hip joint performance
and control inputs, respectively in the 1 and 4" iterations for the participant 4. As it can
be seen in the figures, the controller could successfully force the system to track the desired
movement profile. The controller used a higher gain to let Participant 4 experience an easier
siting to standing movement. A different movement profile was used for Participant 4 so that
it can be matched with his hip joint limitations. These joints angular limitations are due to
his spinal cord injury and the long term use of wheelchair. Fig. 19 provides estimation from
the linearly parameterizable part, 6vy,, and estimation of not linearly parameterizable part,
y,, of the system model using neural networks for Participant 4. The root mean square error
(RMSE) between the desired angular position and actual trajectory on each joint is listed in
Tables 1 and 2 for all four participants, as well as the tracking performance improvement by
comparing the 1% iteration and 4" iteration with the allocation ratios : = 0.1 and ¢ = 0.9.
Means of the RMSE improvement on each joint across the four participants are plotted in
Fig. 20. According to this figure, on average, after four iterations,RMSE of the knee joint and
hip joint are improved by 51.18% and 57.31%, respectively. For determining the robustness

of the developed control method to the switching allocation between FES and exoskeleton,
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Figure 17: Knee joints angular profiles, tracking errors, and the control inputs of Participant

4 in the 1% and 4" iteration

1st Iteration 1st Iteration 1st Iteration
60 EpermentRight] g% R
— — Experiment Rig & E [ Right |
_ & |—— Desired Right = Z 20 !t ]
[=3} . — 10 I £l leq
2 40 Experiment Left ] e i
=l i £
E' Desired Left 0 g’ 10 l\-“JI :fv- _.”1‘__ Iin 7
™ @ 5 ~ ud .f"| )_'(.._,
% £ 5 oLV ey
a 20 8 S X
T 7 =0 _ = o !
[=1 - a
(i T i T
0 T s -20
0 5 10 15 0 5 10 15 0 5 10 15
Time [sec] Time [sec] Time [sec]
0 4th Iteration 4 4th Iteration 4th Iteration
E —_
£ 10
- ™ S Z
g 40 S g
=l =2 s
- i g
8 g 8
Z = = Experiment Right £ 5
o —— Desired Right S0 3 0
T 0 Experiment Left = =
-------- Desired Left =2 fﬂ
-20 To 5
0 5 10 15 0 5 10 15 0 5 10 15
Time [sec] Time [sec] Time [sec]

Figure 18: Hip joints angular profiles, tracking errors and the control inputs of Participant

4 in the 1% and 4" iteration
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The linearly parameterizable part estimation, vy, and the not linearly

parameterizable part estimation, v, of the system dynamic for Participant 4 with complete

SCI

Table 1: RMSE of joints angular position tracking results on Participants 1 and 2 in different
iterations where ¢« = 0.1 and ¢ = 0.9 (RK: right knee, LK: left knee, RH: right hip, LH: left
hip)

Participant 1 Participant 2

RMSE [deg]
RK LK RH LH RK LK RH LH
15 iteration 10.09 14.35 13.01 14.87 6.72 8.81 11.93 11.43
274 jteration 7.90 9.57 9.14 10.36 4.87 5.59 7.74 6.35
374 iteration 7.29 8.99 8.85 9.00 3.91 4.75 5.99 5.43
4th jteration 4.71 5.88 5.24 5.59 3.78 4.70 4.74 4.37
Improvement [%] 53.32 59.02 59.72 6241 43.75 46.65 60.27 61.77
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Table 2: RMSE of joints angular position tracking results on Participants 3 and 4 in different
iterations where ¢« = 0.1 and ¢ = 0.9 (RK: right knee, LK: left knee, RH: right hip, LH: left

hip)

Participant 3 Participant 4
RMSE |[deg]|
RK LK RH LH RK LK RH LH
15t iteration 9.88 12.31  15.82 15.01 11.84 3.43 1.70 3.13
274 jteration 7.61 8.39 10.98 9.72 9.07 3.16 1.49 2.16
374 jteration 6.64 7.21 8.19 7.56 5.01 2.21 1.46 1.22
4t jteration 5.90 6.59 7.43 7.39 4.33 1.91 1.20 1.13

Improvement [%| 40.28 46.47 53.03 50.77 63.43 44.31 41.67 63.90
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Figure 20: Means of RMSE improvement percentage on both knee and hip joints in different

iterations across all participants, where « = 0.1 and ¢ = 0.9.
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the allocation ratio was switched twice during the experiments. We changed the exoskeleton
and FES ratio from ¢ = 0.7, « = 0.3 in the first set of iterations to ¢ = 0.8, « = 0.2 in the
second set of iterations, and then ¢ = 0.9, ¢+ = 0.1 in the final set of iterations. The results
of this switching on participant 1 can be seen in Fig. 21. In this figure, RMSE of joint
angular positions for different iterations and for the two switching scenarios are shown. It
can be observed that after the switching, the system remains stable and the RMSE remains
decreasing under the same allocation ratio. Although the errors are increased initially, but

the system starts to learn and reduces the error again.

4.4 Walking Simulation Results

The walking simulation was run for 10 steps for NV = 5. The model has two shanks, two
thighs and a trunk and the simulation is done in Matlab Environment. The results are shown
in Fig. 22- 23, which show a robust, optimal, and stable walking despite ground effects. The
control inputs are displayed in Fig. 22 for first 8 steps of the simulation run. The Fig. (23)
shows the link angles. In Fig. (23) the abrupt change in angles is due to the impact with
walking surface at each step. As it is clear from this figure, the states are renominated after
the ground contact. Fig. 24 represents the limit cycle over 10 steps with the simulating.
The resulted trajectory is convergent to a limit cycle as shown in Fig. 24which according
to the Poincare map also supporting the stability in both the swing phase and the impact
phase. The “flat” portion of the curve in the figure is an instantaneous transition due to the

swing leg ground impact, where the star is the initial point of the trajectory.

4.5 Discussion

A hybrid exoskeleton that uses a combination of FES and a powered exoskeleton can
potentially enable people with paraplegia to stand and walk again. We were motivated

to design its controller that iteratively learns a participant’s musculoskeletal model and
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thus, potentially, ease its implementation in clinics with minimal tuning. Further, we were
interested in guaranteeing that task stability and performance are not compromised when
FES and the exoskeleton motors allocation levels are switched or changed by a clinician /therapist.
To achieve these objectives, a robust NN based ILC was derived and validated through
experiments. Due to day-to-day and inter-person variations in the musculoskeletal models,
and the tedious process needed to identify the model [83, 45|, it is difficult to implement
existing controllers for hybrid exoskeletons in clinics. While numerous papers in FES control
exist that use high-gain controllers [77, 79| to provide robustness to modeling uncertainties or
even adapt and learn the model using neural networks [2, 3, 72, 78] but their implementation
may need extensive tuning or offline training of neural networks. This makes the job of
a clinician/physical therapist difficult because they may not have a control engineering
experience. This problem arises when there are several parameters that they can tune but
the parameters may have a coupled performance effects. This control method targeted this
problem by tuning some of the control through an iterative learning method. Furthermore,
using real time NN estimations as a feed forward component can helps the system work
adaptively and robustly without requiring the control system to use high gains. Additionally,
it allows the physical therapist to change the allocation of the torque between the electric

motors and FES arbitrarily, without being afraid of causing instability.

4.6 Conclusion

A robust NN based ILC was designed in this chapter for a hybrid exoskeleton. The
controller tracks time-invariant joint trajectories that are determined by virtual constraints.
Walking simulation and sitting to standing experiments were performed on four human
subjects including one patient with complete SCI. The experimental results showed that
RMSE of the angular position tracking on both knee and hip joints in each iteration was
reduced, which validated the controller’s effectiveness and robustness. The results also
showed that the hybrid exoskeleton system followed time-invariant joint trajectories with

high accuracy, as well as the robustness when switching allocation ratio between FES and
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powered exoskeleton. The proposed controller can help people with SCI to stand and walk
with a hybrid exoskeleton without extensive tuning of control parameters. It can also enable
changing of FES and the exoskeleton motor allocation levels while a patient is performing

standing and walking tasks.
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5.0 Shared Control of a Powered Exoskeleton and Functional Electrical

Stimulation using Iterative Learning and Fatigue Optimization

5.1 Introduction

Dynamic shared control of FES and the powered exoskeleton is an open research topic.
Actuation redundancy due to the simultaneous use of FES and electrical motors and a
modulation of the shared effort in view of FES-induced dynamics are challenging control
problems. Recent research efforts in this direction certainly inform ways to implement shared
control in a hybrid exoskeleton but these control designs do not explicitly account for FES-
induced fatigue dynamics. In [69], authors used an adaptive control method for the allocation
between motors and FES. In both [22] and [35], a combination of feed forward learning control
and proportional-integral-derivative (PID) feedback control were used for controlling electric
motors and FES. In [45], a hybrid leg extension machine with one degree of freedom (DOF)
was controlled by a nonlinear model predictive control (NMPC) method. The allocation
between an electric motor and FES was adjusted by the NMPC method using a gradient
projection algorithm. In [80], a switched control approach was derived and simulated based
on fixed control allocation ratios that distributed control between FES and the exoskeleton.
However, dynamic shared control has not been attempted and also it’s not implemented in
functionally relevant and multi-DOF lower-limb movements. As a step towards this direction,
a model predictive strategy is chosen in this chapter to dynamically optimize allocation

between exoskeleton motors and FES.

The objective of this chapter is to improve the performance of the hybrid exoskeleton
despite modeling uncertainties in the musculoskeletal dynamics. Nonlinear robust control
methods, e.g., sliding mode control [40, 13| and robust integral of sign of the error[79],
have been designed specifically to address uncertainties in the nonlinear musculoskeletal
model. These approaches, however, inherently rely on high frequency or high gain control to
dominate the modeling uncertainties, and thus may cause over-stimulation. A feedforward

control strategy is usually recommended along with feedback control to reduce overall control
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effort. Neural networks (NN) have been used as feedforward controllers for FES in [50, 68,
42, 3, 57|. The advantage of the NN-based control approach is its universal approximation
property that helps to capture unstructured uncertainties in the musculoskeletal dynamics
[78]. NN-based control, however, requires training to obtain desired performance. Both
offline [50, 68, 42] and online [78] NN training methods have been used for FES control.
Motivated by an iterative learning control (ILC) approach that improves a system’s transient
performance in multiple iterations, an NN-based ILC method is derived in this chapter. This
method also addresses implementation issues in chapter two and three that needed the system
model to be known exactly.

In this chapter, a time-invariant manifold, known as virtual constraint [87, 34] is utilized
to self-generate desired joint trajectories. In most exoskeleton control results, the desired
joint trajectories are time-dependent [36, 19, 9]. These type of trajectories may cause
miscoordination due to asymmetric disturbances at limb joints. On the other hand, virtual
constraints are desired joint trajectories that are self-generated with state flow. Thus,
they may provide a better coordination between the joints, and can be implemented in
the controller as a state dependent desired manifold.

To sum up, a unified control framework (MPC based allocation + robust NN-based ILC
+ Self-generated trajectories computed via virtual constraints) is designed and implemented
on a generalized hybrid exoskeleton. The stability of this controller is proven by using a
Lyapunov-like stability method. The experimental results on three participants for a sitting

to standing task validate the performance of the proposed control framework.

5.2 A Generalized Hybrid Exoskeleton Model

A general N-DOF hybrid exoskeleton that is comprised of FES and a powered exoskeleton
is modeled as

JO0+ CO + G + 7, = Bpup + Byjuyy + d, (5.1)

where # € RY, § € RY, and § € RMare the vectors that represent the links’ angular

position, angular velocity, and angular acceleration, respectively, J(6) € R¥*¥ is the inertia
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matrix, C'(6,0) € RV*N is the Centripetal-Coriolis matrix, G(#) € RN is the gravitational
vector, 7, € R is the passive viscoelastic moment, Br € RV*2N and By, € RV*V are the
FES control gain matrix and the motor control gain matrix, respectively, uz € R is the
normalized muscle stimulation input vector, uy; € RY is the current amplitude vector of
powered motors, and d € RY is the system disturbance.

For subsequent control development, the model in (5.1) is rewritten as

= f(x)+ gr(x)up + gyug + D (5.2)

. 1T . 77T

where z € RV is [HT, OT] , f(z) € R*M is equal to [INX]VQT, [J‘l(Tp -G — 09)] } ,
. T T . T T .
gr is defined as [@NXzN, [J71Bp] } g is defined as [@NX]V, [J71By] } and D € RV is

17T T
defined as [@MN, [J~1d] ]

5.3 Control Development

A joint angle function is chosen as ho(#) = 6, where 6 is the actual joint angle vector in
(5.1). The control objective is to ensure that the independent joint angle function, ho(6) €
RY, follows a desired virtual constraint function [87], hy(©(#)) € RY, where ©(f) is a
polynomial function of the joint angle vector, #. Note that the virtual constraint function is
a function of system state instead of an explicit function of time. The method to design the
desired virtual constraint function is given in the previous chapter. The control objective
can be expressed as an output, y € R¥, that must be driven to zero. Thus, the output, ¥, is
defined as

y = h(0) = ho—hq. (5.3)

Using (5.3), the following output differential equation is derived

d2
d_tg = Lth + Lyy, Lihugg + Ly, Lhug + Dy, (5.4)

where L3h(6) is the 2"%-order Lie derivative of h(6), Ly, L¢h(f) and L, Lyh(f) are the

am

decoupling matrices, and D, € R is the disturbance of the system output.
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We consider that gﬁ“ = Yi, ng) = Ui u%) = ug,, and ug\? = ugz,, where subscript i shows
i element of a vector. As the main motivation is to develop an ILC, (5.4) is expressed for

a k' iteration as
= 7
= 0O f + £+ 9Pl + ol + ol (55)

where o fl(z,z, + fg(z,i is equal to i element of L7h(f) and is expressed as a sum of structured
and unstructured uncertain nonlinear terms. Specifically, ¢® fl(zl)c is the linearly parameterizable
(structured uncertainty) part of i'* element of L3h(6), where 0@ is an unknown parameter
function and fl(z,i is a known regressor function, and fz(z,i is the remaining not linearly
parameterizable (unstructured uncertainty) part of 7" element of L3h(f). In (5.5), bg\i} and
L¢h(0) and Lg, Lih(6), respectively, for i input. Here,

Q,(f) are equal to i element of L,,,

bg\i[) is the motor control constant gain and is assumed to be known. Q,(f) is an unknown
control gain (unstructured uncertainty) associated with control inputs due to FES. In (5.5),
bgz)k is the system disturbance term, corresponding to the disturbance vector Dy in (5.4). For
simplicity purposes, the superscript i (¢ = 1, 2, ..., N) will be dropped hereafter in all the
corresponding notations.
It is clear that (5.5) contains different types of unknown functions that must be approximated

for control implementation. In the next steps, we provide update laws to estimate these
unknown functions. These update laws were designed using the subsequent stability analysis.

Let 6}, is an estimate of o, which is the structured uncertain term. Its update law is expressed

as

~

Op = Ok—1— bqfl,k (’YSk) (5-6)

o, =0 whenk=—1, (5.7)
where 7 is a positive constant and the sliding surface s, € R is designed as
Sk = A1€1k + Ag€ak (5.8)

where \; and )y are positive constants and e = Y1.ar — Y1ks €25 = Y2,d6 — Y2,k, Y1,4,6 and

U2.4% are the desired system outputs, and ¥; , and 3, are actual system outputs.
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Both f; and 2 are unstructured uncertain nonlinear terms, therefore, these terms are

represented using NNs as follows

for = WTAL(PTXy) + 1k (Xi) (5.9)

QU = QT or(Xi) + 0k (Xi) (5.10)

where X;, € R?2V*! is the augmented input vector for the aforementioned two NNs and is
defined as X = [ 1 ol ]T. W € RV is the ideal weight vector for term fs 1, and @) € RY®
is the ideal weight vector for €. The input layer is made of 2N + 1 neurons. N is the output
layer neurons number, and the hidden layer numbers of neurons in the two NNs are N;, and
Ng. Ay : RN — RMT1 g the first NN activation function in (5.9) that maps the input
layer to the hidden layer, where P € RGN+T)xNin is the weight matrix corresponding to
the augmented input. ¢, : R*2V*! — R¥e is the activation function in (5.10) that maps
the input layer to the output layer. e;; € R and 2, € R are the unknown functional
reconstruction errors for the two NNs, which are bounded with |e; x| < &1 and |eg4| < &,
respectively, where &, &, € RT. Let fz,k and Q) be the approximations of the ideal NNs,

far and Q, in (5.9) and (5.10), respectively. These approximations are represented as

for = WIAL(PLX) (5.11)
Q. = QF o1, (X (5.12)

where W), € RMH1 P € ReN+DxNin and (), € RM2 are the ideal weight estimates in the

k" iteration.
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5.3.1 Top-level Controller

The estimated terms in (5.6), (5.11), and (5.12) can be combined together to design the
top-level controller, U. Because this controller is based on NNs and updates itself every

iteration, we call it: NN-based ILC. The controller is given as

U = —f2,k — 0rfir — Fr (5.13)
where Fj, € R is an additional feedback input
Fy = %2 (= MY1ak — AP,k + MYk

(5.14)
-y (043sk + %oz259n(sk)) + )\gvk>

In (5.14) as € Rt and a3 € R are control gains, A\;, Ay € RT are constant values, 7 x

is defined in (5.5), ¥; 4 is the desired output, and vy is an integral term that is designed as

Up = — P15k — Bavy (5.15)

where 5, and (5 are positive constants.

5.3.2 Control distribution between FES and Motor

To distribute control effort between FES and the powered motor, we introduce ¢ (), ¢ (t) €
[0, 1] as a pair of control allocation coefficients. Based on the subsequent stability analysis,

k™ iteration of the normalized FES virtual input, ugy, is
upe = wty, U (5.16)
where U is defined in (5.13) and v, is given by
b=+ 0 (Qk> + B (5.17)

where the spectral radius of (, o (Qk> € R*, and a control gain, 8 € RT, are added to 1,
in order to avoid a singularity, when QO is equal to zero [14]. Similarly, based on the stability

analysis in the previous chapter, the motor virtual input w,, is given as

Up g = §kb]T/11Uk- (5.18)
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5.3.3 Predictive Allocation Strategy

In subsection 5.3.2, controllers (5.16) and (5.18) are designed to track the desired trajectories
at the top-level. In this subsection, the lower-level controller is formulated that determines
the control allocation coefficients, ¢,, and ¢, in (5.16) and (5.18). An MPC allocation strategy
based on dynamic optimization is used. These constraints should be chosen in a way that

always satisfy the following constraints
w(t) + () =1, |uppl < 1. (5.19)

The constraints in (5.19) are enforced using MPC. The strategy is also designed to consider
the muscle fatigue level by including a fatigue variable as a weighting variable in the cost
function. The optimization determines optimal allocation of the coefficients, ¢, and ¢;. The

optimization objective is to determine ¢; and ¢, by minimizing a cost functional Jy,,.(tx) € R

i Tete) = [ R e (5.20)
TM, k> TF,k

st J(04)0 + C(Or, Q)0 + G(Ok) + ok = Targ + ook
g+ ek = Up (5.21)
urk €U (5.22)

where the terms with a bar, e.g., ¥, represents the nominal variable that is evaluated in
the prediction horizon, € > 0 is a constant, and w > 0 is a predefined weight. U €0, 1]
is the input constraint[45, 85]. In (5.20) the motor torque 7psj in the prediction horizon is
evaluated using (5.23).
Tk = bvtngk (5.23)
where by is the known constant defined in (5.5), and @y is the k™™ iteration of @y in (5.18).
Tr in (5.20) is defined as [47]
77—F7k = (fk) ﬂkﬂF7k- (5.24)
where 7 is the torque input of FES in the prediction horizon and gy is the k' iteration

of up in (5.16). ¢ (7)) = (029_%,1@ +c101 ), + co) (1 — 036’;1&), 0, is the nominal value of the
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knee joint angle, and ¢y € R*, ¢; € RT, ¢; € RT, and ¢3 € RT are muscle parameters. fiy, is
evaluated using @, ( 4, fix, trx) = 0, which is a differential equation, used for estimation of

the current fatigue level. ®, can be represented as |71, 47]

(min — k) Upg (1 —fg) (1 —apyg)
: ’ 5.25
7 - T (5.25)

Dy [ =
where (i, € [0,1) is the minimum fatigue level of the targeted muscle, Ty € R* is the

fatigue time constant, and T, € R* is the recovery time constant.

The objective index Jy,,e(tx) € RTU{0} in (5.20) depends on control allocation between
Tark and Tpy along the time horizon [tg, tx + 1], where T}, is the time horizon length and ¢y, is
the current time. When the optimal solution, u., (t| : t € [tx, tx + T}]) = argmin{ Jy,pc(ts) },
is found, upy = uj, (t| : t =tx — t; +¢) is applied to the system, where ¢ is an infinitesimal
time constant that makes tx.; = t; + ¢ [30]. The deatails of steps of the model predictive

allocation algorithm can be found in Tables 3 and 4.

5.4 Simulation Results

After implementing the controller on the system for siting to standing and standing to
sitting scenarios, the MPC algorithm allocates the knee FES torque according to the Fig. 25.
This allocation causes a normalized fatigue trend which is shown in the Fig. 26. The desired
and actual trajectories of hip and knee joints are demonstrated in Fig. 27. In this figure,
0, is the knee joint angle and 6, is the hip joint angle. According to Fig. 28, compared to
the first iteration, the 10" iteration of the algorithm could reduce 86% of root mean square
(RMS) error of the knee joint angle tracking performance and 57% of RMS error of the hip

joint angle tracking performance.
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Table 3: Steps of model predictive allocation strategy

(1d)

Initialization: j =0
The convergence tolerance is set to ;.

O(tx), O(ty) are measured.

Feedback controller and virtual constraint are used to get

ha(7), h(7), and total torque demand, where 7 € [ty, tx + T}).

An initial control trajectory is chosen up(7) € Uy, 1,41,

where 7 € [ty, tx + 1))

ip(7) and h(7) are used for obtaining 7#(7) and Jy(,{z),c(tk),

where 7 € [ty, tx + 1)
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Table 4: Steps of model predictive allocation strategy

(2b)

(2d)

Optimal Solution Searching:
For solving the costates,
integration backward in time is done for 1) (7)

H=J9. + [DTP,, so the optimal solution is given

[0)(7) = — OH (219 up)

5, where z = [z, fi].

The search direction, a"/)(7), is computed from the Hamiltonian

; OH (2,1 4
a) (1) = _%‘
The optimal step size, o), is computed with

the adaptive setting in [29].

The control trajectory is updated.
™ (r) = (ag +oWal))
where the constraints are denoted by .

a}f“) is used to get ngrz;rcl) (tk)-

Quit conditions are checked
(1) 3 [J5" (t) — J5e(ty)| < &5, quit.
(ii) if j has exceeded the max iteration limit, Ny, quit.

(iii) otherwise j = j + 1 and reiterate gradient step from (1a).
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5.5 Experimental Results

The Institutional Review Board (IRB) at the University of Pittsburgh approved the
experimental study (IRB approval number: PRO 14040419). Before each experiment, every
participant signed an informed consent form. Four participants were recruited in the study,
including three without any neuromuscular disorders and one participant with paraplegia
from a SCI. Participant 1: Age 23, male. Participant 2: Age 25, male. Participant 3:
Age 23, male. Participant 4: Age 51, male, injury: T11, paraplegia from a SCI. Participants
wore the lower-limb exoskeleton, developed in our lab [9], during the entire sitting to standing
tasks. The exoskeleton is shown in Fig. 29. The hip joints of the powered exoskeleton were
actuated by two LPA-17-100-SP electric motors (Harmonic Drive, US). These two motors
have a maximum speed of 30 revolutions per minute (RPM) and a peak torque of 54 Nm.
Two 90-watt EC Flat Maxon motors (Maxon Motor, Sachseln, Switzerland) were used to
actuate the knee joints of the exoskeleton. During the sitting to standing task, a walker was
used to assist the participant’s balance. Four force sensors were installed on the walker’s
handles. Sensor 1 and sensor 2 were located at the front and back end of the right handle,
while sensor 3 and sensor 4 were located at the front and back end of the left handle. The
sensors were used to measure the forces that a participant applied on the walker in the
vertical direction. A pair of FES electrodes (Chattanooga Medical Supply, Inc, US) were
placed on the participants thighs to stimulate the quadriceps muscles. A biphasic pulse
train was delivered to the electrodes by an FES stimulator (RehaStim 8-channel stimulator,
Hasomed Inc., DE). A current modulating protocol was chosen at a stimulation frequency
of 35 Hz and pulse width of 400 us. A real-time target machine (Speedgoat Inc., Liebefeld,
Switzerland) running at a control frequency of 350 Hz was used to control the exoskeleton
and FES. The control implementation was programmed in Simulink (MathWorks Inc., USA).
For the execution of the MPC allocator, fatigue and recovery constants: T} and 7T, given
in equation 5.25 were identified through a set of experiments, prior to the main sitting-
to-standing experiments. In addition, each participant’s muscle model parameters were
identified. The procedures for model parameters identification are reported in our previous

work [46]. The fatigue and recovery constants for the first 3 participants on both legs are
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Figure 29: The controller structure and the experimental testbed employed in this study

given in Table 5. S1, S2, and S3 represent the first, second, and third participant. The
constants for the Participant 4 are not provided in Table 5 because his quadriceps muscles
did not respond to the electrical stimulation. In the main experiment, the developed control
framework was validated in a sitting to standing task. A common desired virtual constraint
function for the joints of both legs was used. The function was designed such that the sitting
to standing task is achieved in 5-6 seconds. After the transition, the standing position
was held up to 15 seconds to further validate the controller stability. The controllers were
implemented separately for each leg but the controllers used the same virtual constraint
function to maintain coordination between the two legs. The control schematic is depicted
in Fig. 29. As can be seen in this figure, the top-level ILC controller block uses three inputs:
NN estimates ngyk and Qk, linearly parameterizable adaptive component 64, and a feedback
component Fj. The total torque demand at the knee joint is allocated optimally using the

low-level MPC method.
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Table 5: The fatigue and recovery time constants Ty and 7, for Participants 1, 2, and 3 on
both legs

S1 Left S1 Right S2 Left S2 Right S3 Left S3 Right
Ty [sec] 24.6 23.0 20.2 17.9 25.2 21.6
T, [sec]  38.6 47.0 50.8 42.0 43.3 49.1

Successful sitting to standing experiments on the four participants were performed using
the developed control framework. Fig. 30 demonstrates the snapshots of the sitting to
standing experiment from one of the successful trials for Participant 4, who is the participant
with paraplegia from a SCI. The trajectory tracking results on both knee and hip joints for
Participant 4 are illustrated in Fig. 31. The figure includes the desired trajectories that
are based on the virtual constraint function, and the actual trajectories on both legs in the
1%t and 4" iterations. The joint angle tracking errors of Participant 4 in the 1% iteration
and 4" iteration are shown in Fig. 32. The improvement percentage of the root mean
square error (RMSE) of the joints trajectories tracking performance for four participants
are plotted in Fig. 33. The results show that from the 1% iteration to the 4™ iteration,
for each participant, the RMSE values for both knee and hip joints are decreasing. These

results indicate that the ILC method improves the joint trajectory tracking performance in

successive iterations. In Fig. 34, components of the top level controller, Uy, in (5.13) for

Figure 30: The snapshots of one successful sitting to standings trial for Participant 4 with

paraplegia from a SCI
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4t jterations for each participant

Participant 4 in four iterations are shown. The components include Fy, fzk, and o f1 -
In this figure, F}, represents the additional feedback input and fzk and oy, f1 5 represent the
not linearly parameterizable and linearly parameterizable elements in the system dynamics
learned through iterative fashion. As depicted in this figure, the magnitude of F}, decreases
while the magnitudes of fzk and 0y f1 increase along with the iterations. Those changes
indicate that the contribution of the feedback term Fj in the top level controller is reduced
and the contribution of the learning terms is increased. The bottom-level control inputs for
1%t and 4% iterations for Participant 2 are shown in Fig. 35. In this figure, 1, shows the
allocation ratio for FES in the k" iteration. At ¢ = 10 s, knee motor torque magnitude is 0
and ¢ = 1,which shows that the constraint on the sum of the allocation ratios is satisfied; i.e.,
if motor contribution is 0 then FES allocation ratio is 1. Fig. 36 shows the forces applied
on the walker handles by Participant 4 in the 1% iteration and the 4" iteration. The results
show that the main support forces in the vertical direction were applied on sensor 2 and
sensor 4, respectively. The average value of the total forces applied on sensor 2 and sensor 4

in the 1% iteration is 134.18 N, and in the 4" iteration 113.92 N. It is interesting to note that,
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Figure 35: Bottom-level control inputs for Participant 2 allocated by MPC in the 1% and

4t jterations

for Participant 4, through iterative learning, the total force applied on the handles’ back ends
in the 4" iteration is 15% lower compared to the 1% iteration. Detailed experimental results
for all 4 participants are provided in Tables 6 and 7, where 11}\;“ and &‘}\t;“ show absolute
mean values of motors control effort in the 1% and 4" iterations, respectively, % shows

mean value of the normalized FES control effort and “Improv” stands for improvement.

5.6 Discussion

A hybrid exoskeleton is a promising rehabilitation intervention that has the potential to
assist people with paraplegia during standing and walking activities. A NN-based controller
was developed in this chapter to enable a sitting-to-standing task with the hybrid exoskeleton.
The results show that the controller improves the tracking performance through an iterative

learning process. These results are potentially significant because the clinical implementation
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Figure 36: Forces applied on both walker handles in the 1% iteration and 4% iteration

during sitting to standing experiments for Participant 4

of existing FES controllers is non-trivial due to inter-person and day-to-day variations in the
musculoskeletal models. Most nonlinear control techniques for FES use high-gain controllers
[77, 79], while optimal control approaches often involve a tedious process of identifying the
model [83, 45|. Alternatively, NNs [2, 3, 72, 78| can be used to learn the model but their
implementation needs offline training, which again may be a tedious process in clinics. The
proposed NNILC in this chapter learns a participant’s musculoskeletal model in successive
iterations. This capability eases its implementation in clinics by reducing gain tuning effort.
Additionally, the optimal MPC-based allocator automates the need to specify an allocation
ratio between the motor and FES. The proposed control framework eases the parameter
tuning process for a clinician/physical therapist. The tuning process can be a daunting
task, especially when the tuning process has coupled performance effects and given that a
clinician /physical therapist may lack control engineering experience. To validate the control
schematic proposed in this chapter, the experiments were performed on three participants

without a disability and a participant with SCI.
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Table 6: RMSE of trajectory tracking on each participant in the 1 and 4" iterations

Joints RMSE [deg] RMSE 1% It RMSE 4 It RMSE Improv %

Participant 1 Right knee 23.11 4.42 80.86
Participant 1 Left knee 3.32 1.41 57.52
Participant 1 Right hip 1.74 0.72 58.14
Participant 1 Left hip 4.14 0.73 82.34

Participant 2 Right knee 9.66 1.94 79.91
Participant 2 Left knee 3.13 0.56 82.01
Participant 2 Right hip 2.04 0.38 81.09
Participant 2 Left hip 2.56 0.44 82.68

Participant 3 Right knee 23.31 4.39 81.17
Participant 3 Left knee 3.33 1.62 51.5
Participant 3 Right hip 2.48 0.71 71.45
Participant 3 Left hip 4.36 0.87 80.15

Participant 4 Right knee 7.44 1.45 80.51
Participant 4 Left knee 1.65 0.46 71.89
Participant 4 Right hip 2.10 0.60 71.29
Participant 4 Left hip 2.21 0.40 66.95
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Table 7: RMSE of inputs from motors and FES on each participant in the 1% and 4"

iterations

Joints RMSE [deg] avloooady oAkt oAl

Participant 1 Right knee 56.43 52.59 0.44 0.41
Participant 1 Left knee 27.96 26.01 0.26 0.21
Participant 1 Right hip 6.48 6.64 - -
Participant 1 Left hip 7.73  8.89 - -
Participant 2 Right knee 36.22 52.43 0.38 0.42
Participant 2 Left knee 22.22 29.72 0.27 0.29
Participant 2 Right hip  6.41  5.90 - -
Participant 2 Left hip  10.93 6.38 - -
Participant 3 Right knee 49.45 56.67 0.28 0.35
Participant 3 Left knee 24.67 26.58 0.51 0.25
Participant 3 Right hip 10.85 5.88 - -
Participant 3 Left hip 8.20 7.66 - -
Participant 4 Right knee 57.13 94.66 0.43 0.66
Participant 4 Left knee 38.83 26.02 0.36 0.14
Participant 4 Right hip 3.35  5.86 - -
Participant 4 Left hip 8.15  9.09 - -
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5.7 Conclusion

A novel NNILC augmented with an MPC-based allocation strategy was developed to
control a hybrid exoskeleton in this work. A Lyapunov-like based stability analysis was
used to prove that the unified control framework yielded asymptotic tracking performance
despite of uncertain dynamics and disturbances. Time-invariant trajectories, instead of
time-dependent trajectories, were used as desired joint trajectories. The experiments on
participants without a disability and a participant with SCI demonstrated that the controller
enabled sitting-to-standing task, where the tracking performance was shown to improve in
each iteration. The results also showed that the optimal allocation between FES and powered

exoskeleton can be achieved by the MPC strategy.
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6.0 Summary and Future Works

In this dissertation, switched and iterative control methods to control a hybrid exoskeleton
were investigated. A hybrid exoskeleton (HES) is one of the rehabilitation technologies that
has the potential of restoring a person’s lost standing and walking ability after paraplegia. It
provides benefits of both functional electrical stimulation (FES) and a powered exoskeleton.
For example, additional therapeutic benefits of FES such as muscle growth and increased
bone density can be gained through the use of an HES. Additionally, the size and weight of
bulky motors and batteries that are deployed in sole powered exoskeletons can be reduced.
The powered exoskeleton can also be used to compensate for the effects of FES-induced
muscle fatigue. However controlling this type of devices faces several challenges. Firstly,
to control the HES, an allocation strategy is needed to coordinate FES and the powered
exoskeleton based on the onset of FES-induced muscle fatigue. Nonlinearity and uncertainty
in the dynamic model of HES are another set of challenges that may impede its day-to-day

implementation in a clinical setting.

In this dissertation, for addressing the actuation coordination and redundancy problems,
novel switching controls that let the system to arbitrary switch the allocation and a model
predictive control (MPC) strategy for optimal shared control inputs from motor and FES
were used. In this dissertation, a new approach of designing time-invariant desired joint
angle trajectories using virtual constraints were used for addressing the problem of joint
miscoordination, when time dependent trajectories are utilized. To implement the virtual
constraint design, firstly, a novel switching controller that uses a super twisting sliding mode
control is developed. However exact model knowledge is required for implementing the
method. For addressing this problem, in the next step, a sole switching ILC method was
used to learn a linearly parameterizable part of the system dynamics. However it was not able
to estimate not-linearly parameterizable part of the dynamics. Therefore, in the next study,
we developed a novel NN based ILC method that can learn the HES nonlinear dynamics
during its operation for overcoming the problem of uncertain HES dynamics. The method

was tested in experiments for a siting to standing task for human participants with no
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disabilities and a human participant with SCI. The results showed the effectiveness and
ability of the controller for learning the system dynamics and keeping the system stable
during the operation. For having a more energy efficient device, next step was to keep the
main structure of NN based ILC and do the allocation based on a MPC strategy. Therefore,
in the next developed method, a unified (virtual constraint + robust NN based ILC + MPC
based allocation) was designed. The control method implemented in several experiments for
a siting to standing task. The experiments on both able bodied and SCI subjects proved
that the optimal allocation between FES and powered exoskeleton can be achieved by the
MPC strategy.

In the future experiments should validate the ILC _switching framework for producing
walking with the hybrid exoskeleton. This may require augmenting the control method with
an intent estimation algorithm based the human arm force while using the device. This
intention estimation can also be combined with a dynamic movement primitive method so
that the desired movement of a task can be dynamically defined by the user. Future work
also can focus on using a more rigorous estimation of fatigue using ultrasound imaging-
derived fatigue signals [81] so that the controller can switch or change allocation with more
precision. A contribution of this thesis, is the use of time-invariant (virtual constraints)
desired trajectories. This technique can be extended to our research group’s previous work
on synergy-inspired control of multiple FES-driven muscles and multiple electric motors
of the powered exoskeleton. The muscle synergy-inspired control is especially useful for

achieving walking with the hybrid exoskeleton.
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