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RESUMO

A estimulacédo elétrica é uma técnica promissora para realdib motora em casos de leséo
medular. A saturacdo do estimulador também é um requisporitante no projeto de sistemas
de controle aplicados a estimulacao elétrica. A negligédaisaturacdo do atuador pode con-
duzir a resultados de controle indesejados, que evidesagdeitos de fadiga muscular. Pela
primeira vez é proposto um controlador chaveado sujeitduiagio para membro inferior es-
timulado eletricamente. O modelo dindmico de extensdo dobre inferior &€ n&do linear e
incerto. O sistema descrito por modelos fuzzy Takagi-Sogemperando dentro de uma regiéo
de operacgdo no espaco de estados é considerado nestedraklaln disto, falha do atuador,
incerteza de ativagcdo muscular, e ndo idealidades mussula@is como fadiga, espasmos e
tremor foram considerados em trés niveis de severidade. n@ot® chaveado é comparado
com a compensacao distribuida paralela. Simulagfes denmo&hores resultados do contro-
lador chaveado lidando com incertezas paramétricas deaplBor outro lado, um desafio dos
sistemas de controle para estimulacéo elétrica funcionarétorar a dinamica do torque em
contragbes musculares. Em aplicagdes de contragdo isat@nédir o torque € algo dificil. A
novidade neste estudo é a proposta de um novo modelo nan toge variaveis de estado sédo
posicao angular, velocidade angular e aceleracéo anfldate novo modelo a variavel torque
é substituida adequadamente pela aceleracdo angulaiogE@gaerimentais listam os paramet-
ros correspondentes a 24 individuos (20 saudaveis e 4 pgreqs) para o modelo linearizado
usando abordagem de identificacdo caixa cinza.

Palavras-chave:Estimulacéo elétrica. Paraplégicos. Modelos fuzzy Talagjeno. Desigual-
dades matriciais lineares. Controle chaveado.



ABSTRACT

Electrical stimulation is a promising technique for motehabilitation in cases of spinal cord
injury. Stimulator saturation is important in the contrgktem designs applied to electrical
stimulation. The negligence of the actuator saturatiomédlectrical stimulation can lead to
unwanted control results, which evidences the musculaguateffects. For the first time a
switched controller subject to actuator saturation focteleally stimulated lower limb is pro-
posed. The dynamic limb extension model is nonlinear anémiai. The uncertain nonlinear
system described by Takagi-Sugeno fuzzy models operatitingyvan operating region in the
state space is considered in this study. In addition, faulié actuator, muscle activation uncer-
tainty, and muscular non-idealities, such as fatigue,magaand tremor were considered at three
three severity levels. The switched controller is compaogghrallel distributed compensation
technigue. Simulations denote better results of the settcdontroller by dealing with paramet-
ric uncertainties. On the other hand, a challenge for FE&absystems is to monitor torque
in muscle contractions. In isotonic contraction appli@asi, measuring torque is difficult. The
novelty in this study is the proposal of a new nonlinear mpaébse state variables are angular
position, angular velocity and angular acceleration. Is ttew model the torque variable is
replaced by the angular acceleration. Experimental tessthe parameters corresponding to 24
individuals (20 healthy and 4 paraplegic) for the lineadineodel using gray box identification
approach.

Key words: Electrical stimulation. Paraplegics. Takagi-Sugeno yurodels. Linear matrix
inequalities. Switched control.
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1 INTRODUCTION

This chapter describes the problem treated and brieflydaotres the proposal, motivation,
objectives and thesis outline.

1.1 Context of the problem

Spinal cord injury has a significant incidence in the worlgpplation. The lesion may
result in a partial or total obstruction of the sensory andanoonnections below the level of
the lesion. With this, the central nervous system ceasesce&ve the sensory-motor signals
referring to the parts of the body below the level of the lasi®araplegic individuals begin
to live under different limitations of locomotion and chasgn their daily activities. Simple
activities for healthy individuals become complex and pdifor paraplegics. In this sense, the
use of functional electrical stimulation has the potertalestore the movement of paralyzed
limbs, offering both therapeutic and functional benefits.

Results in the area of motor rehabilitation with electrisimulation show a promising
future of this technique. Different approaches by reseaschave concentrated efforts in intra-
muscular and surface stimulation, neuro technologicalamig, and hybrid mechanisms aided
by robotic systems to enable that paraplegic individual& &gain.

One strand of this field is the study of controllers using atefelectrical stimulation. Re-
cent works in this area of closed-loop control highlights thallenges related to muscle delay;
to high frequency switching in the control signal, also edlthattering; to modulation param-
eters; to the parametric uncertainties of the plant; gfrateto compensate muscular fatigue,
among others.

However, the effect of the actuator saturation is also aromant requirement in the sys-
tem control design applied to electrical stimulation. Tlegligence of the actuator saturation
in electrical stimulation can lead to unwanted control hssiwcausing a overstimulation that
evidences the effects of muscular fatigue.

By the author’s knowledge, for the first time, a switched colier for the lower limb is pro-
posed considering the saturation and fault of the eledinugation actuator and analysis under



1.2 Objectives 20

non-ideal muscular conditions (fatigue, spasm and trembie dynamic model of the lower
limb extension is nonlinear and uncertain. An exact detionpby the Takagi-Sugeno fuzzy
model of the plant, operating within a region of operatiocasisidered in the control design.
A comparative analysis between the switched and para##iiblited compensation controllers
is presented. Due to the uncertainties of the plant, thdlpbdsstributed compensation (PDC)
performance is compromised, because it is dependent omtielédge of membership func-
tions. Results obtained by simulation emphasize the be&irpgance of the switched control
law in non-ideal conditions, treated as parametric unceies.

In this study, the idea is to design several feedback gagisgbonly one gain used at a
time, chosen based on a switching law that depends on tleevgtetor of the controlled system.
A schema that represents the use of the switched controbigrsim the Figure 1.

A challenging problem is to measure muscle torque dynamicsgeneral, the variable
of muscle torque state is estimated through strategies thmrcontrol signal or from state
observers. Therefore, measuring torque becomes a congdkxespecially for isotonic con-
tractions.

The novelty in this study refers to a new nonlinear dynamideho The proposed model
presents the state variables: angular position, velaaitgl,acceleration. Therefore, the torque
state variable is replaced by angular acceleration, whachbe measured easily by accelerom-
eters, for example. In addition, the nonlinear plant is dbed by fuzzy TS models and the
LMIs-based control design is presented. LMIs are convexsttamts to solve optimization
problems with convex objective functions. The LMI congttaican easily be solved efficiently
using specific softwares. In recent years, this method has tédely used among control
engineers because a wide variety of control problems caarbaufated as LMIs.

1.2 Objectives
1.2.1 General

This doctoral thesis proposes application of the switctwedrol subject to actuator satura-
tion and a new dynamic model for electrically stimulateddéoWwmbs.

1.2.2 Specific

e Research and investigate the state-of-the-art on clasgudontrol techniques in knee
joint applications using electrical stimulation.

e Perform the control system design by parallel distributatgensation and switched law
via LMI’s.
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Figure 1 - Electrical stimulation system of the lower limIssng switched controller subject to
actuator saturation.
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Source: From author.

e Simulate the two control techniques for different opem@gpoints of the lower limb under
isometric conditions, considering healthy and paraplegicziduals.

e Analyze and compare the controlled system results by ingestturation and fault in the
actuator using torque-based model.

e Develop and test different levels to non-ideal muscle domak (fatigue, spasms and
tremor).

¢ To highlight the results obtained from switched control lawelation to parametric un-
certainties.

e Measure and compare the RMS error between the PDC and sditcmérollers for the
time interval corresponding to the transient and steadtest

¢ Propose a new dynamic model applied to electrically stitedldgower limbs.
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e Describe by TS fuzzy models and design PDC and switchedaarimg the new pro-
posed model.

e Perform experiments with healthy and paraplegic indivisaad state-space identifica-
tion of the electrically stimulated lower limb using gragxbapproach.

1.3 Justification

The life expectancy of individuals with spinal cord injury llower than the average of
healthy people. In this sense, efforts have been made sthéss individuals have facilitated
access to physiotherapy activities for muscular stremgtigeusing electrical stimulation with
a closed-loop control system. In addition to granting tpetdic and/or functional benefits
to individuals with spinal cord injury, the main objectivethat these individuals are socially
inserted, offering expectation and quality of life.

Arguably, rehabilitation systems using closed-loop cantan improve performance and
achieve desired movements with safety and reliability. Elsv, some challenges must be
overcome to allow a wide reach of this technology, among thenhighlight:

e Nonlinear musculoskeletal system and parametric uncertaities in control system
design: the great challenge of this area corresponds to the systerg benlinear and
endowed with uncertain parameters make the control task ownplex. More advanced
control techniques have been employed in recent years. Wgge a contribution to
literature using a switched controller for regulation ilmypeEment under uncertain and
non-ideal conditions of the lower limb.

¢ Difficulty in monitoring and designing control systems basd on muscular variables:
numerous mathematical models propose state variablearthditfficult to measure. One
contribution of this thesis is to establish an improved niddesed on measurable state
variables of kinematics and which implicitly contemplatithe lower limb muscle dy-
namics.

e Model parameter variability in a larger individuals number : the statistical analysis
of parametric variability under electrical stimulation diifferent situations for a larger
number of individuals is a gap in the literature. In this wosle investigate the parameter
variability from 24 individuals considering the new modebposed.

1.4 Thesis outline

This work is organized as follows. Chapter 2 establishessthge-of-the-art on the sub-
ject of closed-loop control for electrical stimulation afder limbs, focusing on studies of the
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knee joint. It presents the basic principles for understanthe area of electrical stimula-
tion. It shows a systematic methodology for the literat@ngew. It discusses and exposes the
control techniques already investigated. It then revéaséchnical characteristics of the ex-
perimental studies regarding the modulation type, stitouland its output topology, electrode
dimension, stimulation parameters, performance indekéscking and regulation in isomet-
ric contractions. Finally, the levels of spinal cord injuttye benefits and limitations of the FES
closed-loop systems are indicated.

Chapter 3 introduces the switched controller and the réigulgoroblem at an operating
point subject to the non-ideal muscle condition (fatiggassns and tremor), as well as fault and
saturation of the actuator. The torque-based model is atedifor healthy and paraplegic indi-
viduals. LMIs conditions are established for the systemgerate using switched control law
in a region of operation and subject to symmetric saturafidgre performance of the switched
controller is compared to technique proposed by Gaino €2@all7). Simulated results attest
minor RMS error using switched controller applied to regjola considering non-idealities in
the muscular model.

Chapter 4 emphasizes the new dynamic model for electriséilyulated lower limb. The
design of the acceleration-based model is presented froenerig system of state space equa-
tions, whose states variables relate kinematics of movearahmuscle torque dynamics. A
description by TS fuzzy models of the nonlinear system igiteet. From this model, fuzzy
controllers via PDC are designed to a region of operatiorsicening healthy and paraplegics
individuals.

Chapter 5 shows the experimental apparatus for lower lifdxrecal stimulation. It then
details the protocol of motor-point identification, andheal specifications of the tests. Ex-
perimental results are obtained from 24 individuals (2dthgand 4 paraplegics) and the pa-
rameters of the state space model are listed by gray box agipro

Finally, the main conclusion of this work and some future kgaaire in the Chapter 6.
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2 CLOSED-LOOP CONTROL TECHNIQUES APPLIED TO MOTOR
REHABILITATION OF THE KNEE JOINT USING ELECTRICAL
STIMULATION: A SURVEY OF THE STATE-OF-THE-ART AND FUTURE
PERSPECTIVES

"If you can't fly then run, if you can't run then walk, if you cawalk then crawl,
but whatever you do, you have to keep moving forward."

Martin Luther King Jr

In the past decades, the FES control systems have been dgle¢ ddiintense research for
the development of motor rehabilitation applications fadividuals with spinal cord injuries.
We conducted a systematic literature review of electritadidation of the lower limbs using
the closed-loop control system in the main databases. Thédtsehighlight several research
points, as well as the challenges to be overcome to use FE®Lsystems in a large number
of individuals.

2.1 Introduction

Functional electrical stimulation (FES) may be applieddstore movements in patients
with reduced mobility. The neurophysiological principgeto generate potential artificial ac-
tions in motor neurons to cause muscular contraction usiteyral electrical stimulation.

In 1757, Franklin (1757) was the first to cause involuntanytcactions in paralyzed mus-
cles using electrical signals coming from an external seufter approximately 200 years,
Kantrowitz (1960) electrically stimulated the skeletalsuoles of a patient with spinal cord in-
jury to enable him to stand up. After a decade, FES systemedtto be developed for lower
limb applications in paraplegic patients (COOPER; BUNCHMPA, 1973) and hemiplegic
patients (WATERS; MCNEAL,; PERRY, 1975). Initially, thesgssems provided limited bene-
fits due to the on-off stimulation protocol. Over the yeaosns improvements have been made,
such as programmable and flexible sequence stimulatiortjamahnel application and even
feedback (closed-loop) control strategies.

In the early days, the electrical stimulation with closedg controllers was applied only
in animals. Starting in the 1980s, electrical stimulati@yén to be studied more deeply in
humans. As a result, the development and application ofrciberts have taken on a large
scale along with researchers increasingly motivated tocovee challenges that limited the
application of FES on a large scale.
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Electrical stimulation proves to be a technique for resgptost motor function and brings
innumerable benefits to upper (SANTOS et al., 2016) and Itimdas in different clinical cases
such as stroke (ERAIFEJ et al., 2017), multiple sclerosii_ (&R et al., 2017), and spinal
cord injury.

With the improvement of the FES feedback system, it is betiethat injured individuals
can walk (WAGNER et al., 2018; HA; MURRAY; GOLDFARB, 2016);getice sports (cycling
(MCDANIEL et al., 2017), rowing (ANDREWS; GIBBONS; WHEELER017), swimming
(WIESENER et al., 2018), among others) and pivot transfén gheat efficiency (JOVIC et al.,
2013; BO et al., 2019), among other applications.

Although there are several studies on controllers for lomeibs using FES, the literature
lacks a systematic review elucidating the main contrimgialready made, showing the most
relevant results found and indicating the limitations theaed the challenges still unresolved.

To our knowledge, this is the chapter conducting a systerhtdrature review that presents
and discusses results coming from the closed-loop contstés applied to electrical stimula-
tion of lower limbs.

This chapter is organized as follows. Section 2.2 discuser®e essential concepts and
principles for a better understanding of the effects oftelesm stimulation and its role in motor
rehabilitation associated with closed-loop control systeSection 2.3 describes the methodol-
ogy used in the systematic literature review, only consndethe studies on control in closed-
loop of the knee joint by electrical stimulation. Sectiod presents the selected papers and
based on them discusses strategies of identification of ttaemcontrol techniques adopted;
aspects of validation (simulation or experimental); basglimitations, and future perspectives
of FES control systems. Finally, Section 2.5 presents alasion of the main points presented
in this chapter.

2.2 Basic principles of electrical stimulation
2.2.1 What happens when an electric stimulus is applied te thuscle?

It is very common to associate electrical stimulation witl tecruitment of muscle fibers.
However, some concepts should be clarified for a better stafeting of muscle contraction
from artificial electrical stimuli.

First, regardless of the type and size of electrode usealéutrical stimulation artificially
activates the motor neurons and not the muscle fibers. ThHisdause the activation poten-
tial threshold of motor axons is smaller than that of musdier8. Nerve fibers innervate the
muscles. Consequently, muscle contractions result frenathivation of motor neurons.
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Functional electrical stimulation consists of applying w@sed current or voltage signal
to the muscular or intramuscular surface. Each pulse reteas action potential capable of
depolarizing neurons above the activation threshold. abtofs that determine which neuron
is recruited is determined by both the amplitude, pulsehyidéquency, and shape of the pulses.
The intensity of electrical stimulation is associated whité energy transfer to the muscle. Thus,
considering a biphasic and symmetrical constant frequesasgform, the total energy is given
by the product between the amplitude and duration of theretquulse.

The threshold value corresponding to the recruitment ofuaarevaries according to the
size, type and relative position of the electrode. Whenyapglpulses of small intensity, only
large neurons with a small threshold and close to the eléetane recruited. By increasing the
intensity of the pulses, small neurons with a higher threskialue and more distant from the
electrodes are also recruited.

When applying electrical stimuli, muscular strength imses with the number of motor
units recruited. Muscle strength control can be by ampéitatbdulation or pulse width (so-
called spatial summation) or by frequency modulation (terapsummation).

Among the limitations of frequency modulation is the satioraof muscle strength for
frequencies above 30 Hz and early fatigue with increasieguencies.

2.2.2 What is the difference between natural and artificiabural activation?

The action potential caused in the muscle using FES differa the natural physiology of
neural activation. The order of recruitment through FE®i®rsed. For example, suppose the
goal is to achieve low muscle strength by electrical stiioia When applying a low-intensity
stimulus, large motor units are recruited, fatiguing rapiKeeping the same position of the
electrode and parameters of stimulation constant, the saater units are activated. This
strategy deteriorates the performance of spatial summatitce the same motor nerves are
recruited simultaneously, while the central nervous sysasynchronously triggers the action
potential.

In other words, the FES recruits the motor units in synchosmoode (all at the same time),
while the central nervous system performs asynchronoa#iigrfates recruitment at each time
interval). Thus, a tetanus contraction by FES requires adrigrequency (20-50Hz) while
natural recruitment by the central nervous system occuos\atr frequency (6-10Hz).

2.2.3 Which fibers are recruited during electrical stimulah and what does this influence?

Fast-twitch fibers are recruited first with simultaneous eadtivation. The order is differ-
ent when compared to natural recruitment, in which slowewiibers are recruited first. The
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diameter of the axons that innervate the fast-twitchingrélae larger than that of the slow-
twitching fibers. Consequently, in the occurrence of aroagbotential, there will be a field of
higher intensity in the axons of the fast-twitching fibers.

A disadvantage of this artificial recruitment process i thst-twitch fibers tend to fatigue
in a faster time than slow-twitch fibers.

2.2.4 What is the importance and purpose of modeling?

Many contributions can be obtained from a model. Primarilgan promote the under-
standing and prediction of the behavior of a system. A cormpleenomenon can be described
by a limited number of simple concepts and by modeling eachpoment separately. More-
over, a model can enable the evaluation of the behavior adt@syin adverse situations, or that
cannot be validated experimentally.

However, the understanding and prediction of a system araeugssarily associated. For
example, some black-box predictive models come from sizdisor measured input/output
datasets. In general, black-box models do not contribuegntanderstanding of the system
whose behavior they predict.

2.2.5 What s the difference between open-loop and closeapl?

The application of neuroprostheses for lower limb movenmestill not widely accepted
at the clinical level. Most commercially available systeans of the open-loop type. Open-
loop systems do not provide state feedback of the stimulatdd Therefore it is difficult to
determine the most suitable stimulation pattern.

The closed-loop has a considerable advantage over theloppn4n situations of exter-
nal disturbances (e.g., obstacles and loads) or interstairtdances (e.g., spasms and muscle
fatigue) closed-loop can compensate for such events byratically adjusting the stimula-
tion pattern. For complex movements, the closed-loop obstrategy can track trajectories,
minimize disturbances, and achieve smooth movement.

Most studies in this research field focus on closed-loopesystfor strength or angle control
of a single joint, not considering multi-joint movement$igis because multi-joint movements
such as applications for standing, going from seated tastgnand walking are more difficult
to analyze.
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2.2.6  What should be considered in modeling?

The dynamic model of a neurophysiological or biomecharpcatess can be represented
by a direct (DM) or inverse (IM) model.

The DMs are used to represent the behavior of the real syst&ng the same assignment
of input and output. The inputs in such models are for exanm@estimulation parameters, and
the outputs are generally the torques of the joints or mowesa the limbs.

Unlike DM, an IM describes the system inversely, that is,itteel input is a measured or
desired motion signal, and then the model predicts the &iion pattern required to achieve
the predefined motion. Alternatively, an IM can analyze ti@rizchanical movement and
record the moment of a given joint.

The most common approach to modeling is to consider thernatieg of three dynamic
subsystems corresponding to the movement of the segmehediddy, muscle contraction
and muscular activation using electrical stimuli. The fegghows the association between the
three subsystems for motion control by electrical stimatat The dynamics of the body seg-
ment consider the kinematics around the joint, the musclmemb arms as a function of the
angle and the anthropometry of limbs (mass, geometry, andenbof inertia). Muscle con-
traction dynamics describes mechanical contraction,aer@hd muscle relaxation, compound
length and velocity-dependent strength relationshipsgieith muscle activation. The muscle
activation dynamics subsystem describes the temporal@atchssummation effect of muscle
strength. This subsystem describes the behavior of acttenpals, neuromuscular transmis-
sion and the process of electrochemical-mechanical &ctivavithin muscle fibers, such as
calcium dynamics.
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Figure 2 - Schematic representation of the dynamic sulbsigstieat compose a extension neu-
roprothesis model using electrical stimulation.
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The dynamic model of the body segment can be more soph&tic&pending on the com-
plexity considered. In general, the passive viscoelastipgrties are separated from the active
properties of the muscle to simplify the model. The passlastie properties are modeled
by exponential equations, and the passive viscosity ptppérthe joint can be modeled by a
linear damping function. To keep the number of parametdagively small, the viscoelastic
properties are attributed to the joints.

The dynamic muscle contraction and activation models ptesein the Figure 2 are not
unique. Some modeling variants are depending on the compleixthe application desired.
The muscle models can be divided into microscopic and maeopis approach. Microscopic
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models describe the internal processes of muscle fibere &bl of cross-bridges, based on
structures such as Hill, Huxley, Hazte, and others. Whilenmscopic models, the muscle is
represented by a component containing viscoelastic pieper by a black-box. Furthermore,
itis common to consider the system macroscopically as a Hastein or Wiener-Hammerstein
structure, where a static non-linearity (representingréoeuitment curve) is followed by one
or two linear dynamics (representing the rest of the musghanhics), respectively.

It is emphasized that although the Hammerstein structuvadsly used, it is not a suit-
able representation for isometric conditions. Also notg 8uch models ignore the nonlinear
dynamics of the muscle, namely: temporal delay due to thedspE&conduction and properties
varying in time as fatigue.

2.3 Literature review methodology

The state-of-the-art was carried out in the BioMedCenBMC), Elsevier, Google Scholar,
IEEE Xplore, Institute of Physics (IOP), PUBMED, Scopusfrigger and Web of Science
databases.

Search terms were defined in three sets using the logicakctiva AND to connect them.
The sets and their terms were as followsel@ctrical stimulatioti OR "FES" OR "NMES"],
["lower limb' OR "kneé], [" controller* OR "control].

The preferred language was English with search criteritticesd for knee joint control
systems by electrical stimulation, i.e., leg-foot comphegvements. After the search in the
databases, the papers were read, and the exclusion ansiamctwiteria were used.

The exclusion criteria were only to consider works addressine closed-loop control of
the knee joint by electrical stimulation. Therefore, doate works were excluded; dorsiflexor
muscle activation systems for ankle joint; hybrid systetiat is, the use of electrical stimulus
of joint way to orthoses and exoskeletons; those appliedoniat muscles and antagonists in a
synchronized way to generate a functional movement in epipdins such as cycling, walking,
lifting and sitting, seat transfer and among others. Swid@dressing stimulation from intra-
muscular electrodes, and using animals in experiments alsoeexcluded. With regard to the
inclusion criteria, articles from citations and refereseeere analyzed.
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Figure 3 - Methodology used to state-of-the-art research.

BMC; Elsevier; Google Scholar; IEEE Xplore; IOP;
PUBMED; Scopus; Springer; Web of Science.

Exclusion and inclusion criteria
Total N=63

Source: From author.

2.4 ldentification and control techniques for the knee jointusing FES

Electrical stimulation with closed-loop control of the lneint began in the 1990s (HATWELL
etal., 1991). Over the years, studies in this area havesifiiethand more researchers have con-
tributed to state-of-the-art.

Thus, the main contributions on control techniques, idieation class of the dynamic
model and type of validation of the system (simulation an@éiperimental) are briefly pre-
sented in the Table 1.



Table 1 - General description of the studies involving eleat stimulation to control the knee joint.

Author(s) Control Technique(s) Identification Validation

(ABBAS et al., 1997) Neural Network PG/PS Black-box Expegirtal

(JEZERNIK; RIENER, 1999) SMC, PID Black-box Simulation

(SCHAUER; HUNT, 2000) LQG, GS Black-box Experimental

(FERRARIN et al., 2001) OL, PID, PID+feedforward, adaptfi® Gray-box Simulation and experimental

(IANNO et al., 2002) Adaptive neuro-PID + FN Black-box Siratibn

(PREVIDI; CARPANZANO, 2003) LQ, GS Black-box Simulation

(FERRANTE et al., 2004) PID, neuro-PID and adaptive NN Blackk Simulation and experimental

(MOHAMMED et al., 2005) HOSM Gray-box Simulation and experimental

(MOHAMMED; POIGNET; GUIRAUD, 2006) MPC Gray-box Simulation

(TEIXEIRA et al., 2006) TS-PDC fuzzy TS fuzzy Simulation

(STEGATH et al., 2008) RISE Black-box Experimental

(SHARMA et al., 2009b) RISE Black-box Experimental

(LONGLONG et al., 2009) Neuro-PID Black-box Experimental

Continued on next page
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Table 1 —Continued from previous page
Author(s) Control Technique(s) Identification Validation
(WANG et al., 2010b) Neuro+RISE+optimum Black-box Simidat
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(SHARMA; GREGORY; DIXON, 2011) PD, PD+delay Black-box Expeental

(KOIKE et al., 2011) PD+FEL Black-box Simulation

(IBRAHIM et al., 2011a) FL cycle-to-cycle Black-box Simtilan

(LYNCH, 2011) PID, SMC, GS Gray-box Simulation

(MIURA et al., 2011) FL cycle-to-cycle Black-box Experinmtah

(SHARMA et al., 2012) RISE+FN Black-box Experimental

(COVACIC et al., 2012) SOF Gray-box Simulation

(BENAHMED; KERMIA; TADJINE, 2013) PID Gray-box Simulation

(KARAFYLLIS et al., 2014) Prediction of delay Gray-box Sitation

(DOWNEY et al., 2015b) RISE asynchronous Black-box Experital

(YANG; QUEIROZ, 2016) Adaptive Gray-box Simulation

(GAINO etal., 2017) TS-PDC fuzzy TS fuzzy Simulation

(ALIBEJI et al., 2017) PID+DSC, PID+DC Black-box Experintah

€e

Continued on next page




Table 1 —Continued from previous page

Author(s) Control Technique(s) Identification Validation

(Lletal., 2017) RBF+SMC, GA+RBF+SMC Gray-box Experimédnta

(WU et al., 2017) PID, PD+ILC Black-box Simulation

(BENAHMED; TADJINE; KERMIA, 2017) Adaptive super twisting Black-box Simulation

(SHARMA et al., 2017) PD, NN+PD, NN+PD+FC Black-box Experimental

(YANG; QUEIROZ, 2018) Adaptive Robust Gray-box Simulation

(SUN; BAO; SHARMA, 2019) LMPC Black-box Simulation
UNESP-Theses/Dissertations

(FARIA, 2006) TS-PDC fuzzy TS fuzzy Simulation

(SILVA, 2007) TS-PDC fuzzy TS fuzzy Simulation

(GAINO, 2009) TS-PDC fuzzy TS fuzzy Simulation

(PRADO, 2009) PID Gray-box Simulation

(KOZAN, 2012) PID Gray-box Simulation and experimental

(JUNQUEIRA, 2013) PID Gray-box Simulation and experimental

(SANCHES, 2013)
(KOZAN, 2016)

PID, TS-PDC fuzzy
LQG/LTR

Gray-box and TS fuzzy  Simulation and experimental
Gray-box Simulation and experimental
(TEODORO, 2018) RSG, RSwC Gray-box Simulation and experimental
This study TS-PDC fuzzy, RSWCSS Gray-box and TS fuzzy Simutaon and experimental
Legend - FC: Fatigue Compensator; FN: Feedforward Neural, FELdBaek Error Learning; GA: Genetic Algorithm; GS: Gain Schiéth; HOSM: High Order
Sliding Mode; ILC: lterative Learning Control; IOFL: Inp@utput Feedback Linearization; LMPC: Lyapunov-based Mdtedictive Control; LQG: Linear Quadratic
Gaussian; MFTDNN: Multilayered Feedforward Time Delay KdWNetwork; MPC: Model Predictive Control; MRAC: Model Reence Adaptive Controller; NN:Neural

Network; NMPC: Nonlinear Model Predictive Control; OL: Qp#op; PD: Proportional Derivative; PDC: Parallel Dibtited Compensation; PG: Pattern Generator; PS:

Pattern Shaper; PID: Proportional Integral Derivative; RiIMultilayer Perceptron; RBF: Radial Basis Function; RI®Bbust Integral of the Sign of the Error; RSS: Robust
Single-Gain Controller; RSwC: Robust Switched ContrglRBwCSS: Robust Switched Controller Subject to SaturaB®iC: Sliding Mode Controller; SOF: Static Output
Feedback; TS: Takagi-Sugeno.

Source: From author.
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The Figure 4 shows the 61 works from Table considering trebéished criteria of identifi-
cation type and validation. Among them, 33 correspond todhbelts obtained using simulation,
19 experimentally validated and 11 using simulation anceexrpental verification.

Figure 4 - Numerical analysis of scientific contributions.
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2.4.1 Identification techniques

The identification of systems comprises a primordial steghtain a dynamic model of the
process to be controlled. Different methodologies, mattaal tools, and algorithms can be
used to describe the system.

In general, the most common identification models are wihite-gray-box, and black-box.
The white-box modeling is based on the fundamental priesipf mechanics (Newton’s laws).
The gray-box modeling is built based on fundamental phypitaciples and experimental data.
In this type of modeling, some internal features of the systeay not be fully known. Whereas,
the black-box is considered when there is no full undersiandf the physical behavior of the
process. In the black-box model, the dynamic system is septed mathematically in a more
complex way, making it impossible to associate its desonptvith the physical principles
involved.

Fuzzy models can also be used to describe the dynamic belavéononlinear system.
There are two types of rule-based fuzzy models: the Mamdadhitlae Takagi-Sugeno (TS).
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Figure 5 - Main topologies of control system applied to eleat stimulation: (a) open-loop;
(b) closed-loop with output or state feedback; (c) closmmplwith feedforward-
feedback controller; (d) adaptive.

x4(t) u(t) x(t)
I 5
> lil/[v ecl{ble » Plant —»
node Adaptation |
(a) Mechanism |~
xa(t) u(t) x(t)
Controller »| Plant > xa(t) u(t) x(t)
——VQ—V Controller »  Plant >
T v
(b) %
»  Reference

Inverse Model

Model

) t
4’?—-} Controller Plant »

Source: From author.

A 4

(d)

Compared to the Mamdani, TS fuzzy models can, from few rideproximate with greater
accuracy a complex nonlinear system.

As can be observed in the Table, 37 papers used the blackpposach, 20 used the gray-
box approach, and 2 used TS fuzzy models. Approximately 78&teopapers experimentally
validated treated the dynamic system as a black-box.

2.4.2 Closed-loop control techniques

Furthermore, Table 1 allows evaluating the chronology efabntrol techniques evaluated
to regulate the angular position of the knee joint. Note Heteral proposals have already
been investigated. In general, we can categorize them apém)loop using inverse model as
compensator; (b) closed-loop with output or state feedp@jlclosed-loop with feedforward-
feedback controller; (d) adaptive structure for contrdtlased on a reference model.

2.4.3 Specifications for experimental validation

Generally, an electrical stimulator allows the adjustnodisome specific parameters of the
waveform, such as pulse widthg or ms), voltage or current amplitude (V or mA, respectiyely
and burst frequency and pulses. The burst frequency is lthaerthe pulse frequency.

For frequenciesy, st < 20Hz, muscle tissue develops an inefficient response foemewnt
generation, while for frequenciefg,st > 70Hz there is faster fatigue and discomfort due to
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nociceptive sensitivity in healthy individuals.

An electrical stimulator, in turn, is composed of electoaircuits capable of transforming
the input signal from the electrical network into a pulsgotputput signal with high voltage or
current amplitude. An electrical stimulation device catsiof the following circuits: (1) pro-
tection and power supply, responsible for providing andil&iing the electrical signal coming
from the external environment (battery or source voltaga@power grid); (2) pulse generator,
consisting of oscillator or microcontroller circuits thggnerate a high frequency carrier signal
of small amplitude; (3) modulator, whose function is to miadgie: the signal from the pulse
generator circuit; and (4) output or power stage, which @raplelectrical signals and provides
adequate energy to stimulate neuromuscular tissue (SOWZK 2017).

With regard to modulation type, there are three basic caiegjopulse amplitude modula-
tion (PAM), pulse width (PWM) and frequency modulation (EM)

The energy applied to muscle tissue from the stimulatoruigfage may be constant cur-
rent or voltage. The flow of electrons in muscle tissue deteemthe type of waveform: single
phase or biphasic. Thus, a stimulator with single-phasputistage only allows one-way elec-
tron flow. While the biphasic allows the bidirectional flow electric charges in the muscle
tissue, thus avoiding a possible accumulation of chargbghacan be detrimental to the pa-
tient.

Table 2 shows the differences among the experiments tha¢daut experimental valida-
tion concerning the modulation type (PWM or PAM), stimulatgth current or voltage output
stage, output stage topology for single-phase or biphapialks, and electrode dimensions used.

The stimulation patterns are (1) the constant-frequerags(CFT), that is, equally spaced
constant-frequency (20-50 Hz) pulse trains; (2) the daduibégiuency trains (DFT) refer to
close spaced pulses (doublets) throughout the train; {&hla-frequency trains, for example,
doublets at the beginning of CFT.

A body limb movement may involve isometric and/or isotonigsole contraction. Isomet-
ric contraction refers to the case where the joint angle aedrisertion length of the muscle
remain constant. Isotonic and the length of the muscle \aarg,can be: (1) concentric when
muscular shortening occurs because the increase of musenton surpasses the resistance;
or (2) eccentric when there is muscle stretching due toteesie overcoming muscle strength.

Table 3 presents a comparison of specifications in the expetal works regarding the
stimulation frequency, pulse width range, voltage amggtor current at the stimulator output
stage.
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Table 2 - Experimental features on modulation type, stitouj@utput topology, and electrode

dimension.
Author(s) Modulation  Stimulator Output Electrodes
(PWM/PAM) (V) topology (cm x cm)
(HATWELL et al., 1991) PMW Y NI NI
(ABBAS et al., 1997) PWM I NI Implanted
(CHANG et al., 1997) PAM I Biphasic 4x8
(SCHAUER; HUNT, 2000) PWM I NI NI
(RIESS; ABBAS, 2000) PAM I Biphasic NI
(FERRARIN et al., 2001) PWM | Biphasic 59
(SCHAUER; HOLDERBAUM; HUNT, 2002) PWM I NI NI
(JEZERNIK; WASSINK; KELLER, 2004) PWM I Biphasic NI
(FERRANTE et al., 2004) PWM I NI NI
(MOHAMMED et al., 2005) PAM I NI NI
(AJOUDANI; ERFANIAN, 2006) PWM I Biphasic NI
(STEGATH et al., 2008) PAM I Biphasic NI
(SHARMA et al., 2009b) PAM I Biphasic NI
(AJOUDANI; ERFANIAN, 2009) PWM I Biphasic 510
(LONGLONG et al., 2009) PAM I Biphasic NI
(SHARMA; GREGORY; DIXON, 2011) PAM I Biphasic NI
(IBRAHIM et al., 2011c) PWM I Biphasic 5x13
(MIURA et al., 2011) PAM \% Mono/Biphasic NI
(MOHAMMED et al., 2012) PAM I NI NI
(SHARMA et al., 2012) PAM V Monophasic NI
(WANG et al., 2013) PAM V Monophasic NI
(SANCHES et al., 2014) PWM I Biphasic X4
(OBUZ et al., 2015) PAM I NI 7.5x13
7.5x%x 13
(DOWNEY et al., 2015b) PWM I Biphasic 4x9
5x9
(CHENG et al., 2016) PAM V Monophasic 7.5x 13
7.5x%x 13
(DOWNEY et al., 2017) PWM I Biphasic 4%x9
5x9
(ALIBEJI et al., 2017) PAM I Biphasic NI
(KIRSCH; ALIBEJI; SHARMA, 2017) PAM I Biphasic NI
(LIetal., 2017) PWM I NI NI
(SHARMA et al., 2017) PAM I Biphasic ¥ 13
UNESP-Theses/Dissertations
(KOZAN, 2012) PWM I Biphasic NI
(JUNQUEIRA, 2013) PWM I Biphasic NI
(SANCHES, 2013) PWM I Biphasic 5x5
(KOZAN, 2016) PWM I Biphasic 55
(TEODORO, 2018) PWM I Biphasic 5x9

Legend- I: Electrical Current; NI: Not informed; V: Voltage.

Source: From author.

2.4.4 Controller performance indexes

Tests to track trajectories are performed to artificiallyma the movements of a limb by

electrical stimulation. Different signs of tracing allo@ know some behaviors of the mus-
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Table 3 - FES parameter specifications in the experimenpasa

Author(s) Frequency [Hz] PW [us| Voltage [V]  Current [mA]
(HATWELL et al., 1991) 20 [-70 200 NI NI
(ABBAS et al., 1997) 20 [5 150 - 20
(CHANG et al., 1997) 25 200 - [0 80
(SCHAUER; HUNT, 2000) 25 [0 500 - [50 90
(RIESS; ABBAS, 2000) 20 360 - NI
(FERRARIN et al., 2001) 20 [0 520 - [80 1009
(SCHAUER; HOLDERBAUM; HUNT, 2002) 20 NI - [40 80
(JEZERNIK; WASSINK; KELLER, 2004) 20 [0 500 - [0 125
(FERRANTE et al., 2004) 20 [20 500 - [30 110
(MOHAMMED et al., 2005) NI NI - [0 200
(AJOUDANI; ERFANIAN, 2006) 25 [0 600 - NI
(PEDROCCHI et al., 2006) 20 [0 500 - NI
(STEGATH et al., 2008) 100 100 [20 3§ -
(SHARMA et al., 2009b) 30 100 [25 3§ -
(AJOUDANI; ERFANIAN, 2009) 25 [0 700 - NI
(LONGLONG et al., 2009) 25 150 - [0 120
(SHARMA; GREGORY; DIXON, 2011) 30 [100 400 [5 50 -
(IBRAHIM et al., 2011c) 25 [0 237 - 40
(MIURA et al., 2011) 20 300 [0 80
(MOHAMMED et al., 2012) 25 NI NI NI
(SHARMA et al., 2012) 30 400 [15 3§ -
(WANG et al., 2013) 28 400 [1 50 -
(SANCHES et al., 2014) 50 [0 230 - [60 120
(OBUZ et al., 2015) 35 NI - [30 50
(DOWNEY et al., 2015b) [16,64] [80 170 - NI
(CHENG et al., 2016) [25,60] 400 - NI
(DOWNEY et al., 2017) [16,64] [0 150 - [70,90]
(ALIBEJI et al., 2017) 35 400 - [20 80
(KIRSCH; ALIBEJI; SHARMA, 2017) 35 400 - [20 80
(Ll etal., 2017) 25 [0 400 - 25
(SHARMA et al., 2017) 35 400 - [20 1009
UNESP-Theses/Dissertations
(KOZAN, 2012) 50 [0 32§ - [60,65,80]
(JUNQUEIRA, 2013) 50 [0 325 - [60,65,80]
(SANCHES, 2013) 50 [0 400 - [80,100
(KOZAN, 2016) 50 [100 280 - 120
(TEODORO, 2018) 50 [0 400 — [70,80,120,140

Legend- NI: Not informed; PW: Pulse Width.

Source: From author.

cle under stimulation. Table 4 summarizes the experimesmdalations for trajectory tracing,
showing: the number of healthy and paraplegic individutils;total stimulation interval; the
tracking reference; and the RMS error. Note that the reteraignal is smooth, and with low
frequency, and only nine studies validated their contrdhieques with paraplegic individuals.

In addition to tracking, some studies evaluate the contystesn for step-type reference

signals. However, maintaining the operation around anaipey point for an extended period
of time shows a difficult task, shown in Table 5.
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Table 4 - Comparison among studies addressing the contrlEyrical stimulation of the
knee joint for trajectory tracking.

Author(s) Nn  Np Tis] Tracking signal RMS error

(ABBAS et al., 1997) - 4 - ) )

(SCHAUER; HUNT, 2000) 1 - 25 Stepof 10's NI

(FERRARIN et al., 2001) - 2 60 Triangular 260° 455°
6 2 20 Stepof 10 s 33

(JEZERNIK; WASSINK; KELLER, 2004) 20 Rampsof4s a3
20 Raised cosine 2 s B

(MOHAMMED et al., 2005) 1 - 12 Step of NI

3s(on), 2 s (off)

(STEGATH et al., 2008) 1 - 8 Stepof8s .62°
1 - 20 Sinusoidal 20to 45 3.56°

(AJOUDANI; ERFANIAN, 2009) 5 4 120 Ramp of 14 s and B6°(H)
holdto 6 s 541°(P)
1 180 Raised cosine 12 s T3 (H)

(SHARMA; GREGORY; DIXON, 2011) 10 - 20 Sinusoidall =2 s 391°

(MIURA et al., 2011) 5 2* NI Variable from 45to 70° NI

(SHARMA et al., 2012) 7 - 30 Sinusoiddl=15s 292°
3 - 30 Dual periodic 29
2 - 30 Stepof15s NI

Continued on next page
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Table 4 —Continued from previous page

Author(s) Nn  Np Ti[s] Tracking signal RMS error
(WANG et al., 2013) 5 30 Sinusoidal 2.54

3 20 Step of 20 s 1.38°
(SANCHES et al., 2014) - 1 4 Stepof4ds NI
(OBUZ et al., 2015) 3 30 Sinusoidall =2 s 473
(DOWNEY et al., 2015b) - 45 Sinusoidal=2 s 496°
(CHENG et al., 2016) 5 20 Sinusoidall =2.5s 7.2
(DOWNEY et al., 2017) 35 Sinusoidal=2s 99°
(ALIBEJI et al., 2017) 2 30 Dual periodic .74
(KIRSCH; ALIBEJI; SHARMA, 2017) 25 Step Vg
(Lletal., 2017) 2 20 Stepof 10 s 0.38
(SHARMA et al., 2017) 30 Sinusoidal=2 s 378

3 30 Sinusoidal =1s 486°

3 30 Sinusoidal =4 s 363
Average 3.4 36 - -

Legend- Ny, Np are the numbers of healthy and paraplegic individuals getsgely; T; is the total stimulation
period;T is the signal period; H: Healthy; P: Paraplegic; NI: Not imfd.

Source: From author.

2.4.5 Level and time of spinal cord injury

The spinal cord lesion characterizes the partial or totafraption of the neurological signs
of the spinal cord, resulting in paralysis and/or lack ofssivity from the level of the lesion.

Table 5 - Comparison among studies involving control byteiesl stimulation of the knee

joint using step response.

Health Paraplegics
Author(s) Nt | Nn  Tils] R%\/IS error| Np  Tip[s] P R?MS error
(PREVIDI; CARPANZANO, 2003) 1 - - - 1 5 NI
(JEZERNIK; WASSINK; KELLER, 2004) 8 6 10 433* 2 10 *
(STEGATH et al., 2008) 2 2 8 3.5 - - -
(WANG et al., 2010a) 3| 3 20 138 - - -
(KIRSCH; ALIBEJI; SHARMA, 2017) 3 3 25 1.34 - - -
1 1 60 6.17 - - -
UNESP-Theses/Dissertations
(KOZAN, 2012) 3 3 7.1 NI - - -
(JUNQUEIRA, 2013) 1( 1 7.1 NI - - -
(SANCHES, 2013) 2 1 4.7 NI 1 5 NI
(KOZAN, 2016) 6| 4 58 NI 2 6.3 NI
(TEODORO, 2018) 9 5 50 10 4 138 10

Legend- Ny, Np are the numbers of healthy and paraplegic individuals,eesgely; Nt = N, + Np is the total
number of individualsy, Tip are the stimulation interval associated with the RMS eromsidered for healthy
and paraplegic individuals, respectively; *It presenwitss among all individuals; NI: Not informed.

Source: From author.
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Table 6 - Characteristics of individuals with spinal corfumy.

Age Level of injury Time after injury
Author(s) (Years) (months)
(HATWELL et al., 1991) 40 T5 72
(ABBAS et al., 1997) NI NI NI
(CHANG et al., 1997) 28 T8 2
(RIESS; ABBAS, 2000) NI T4,7T10,T11 36
(FERRARIN et al., 2001) 33,40 T1,T7 24,48
(JEZERNIK; WASSINK; KELLER, 2004) NI NI NI
(FERRANTE et al., 2004) NI NI NI
(AJOUDANI; ERFANIAN, 2006) NI NI NI
(AJOUDANI; ERFANIAN, 2009) NI T5-T6,T6,T7,T9-T10,T10-T11  4,12,2,48,24
(MOHAMMED et al., 2012) 29 T5,T12 5,12
(SANCHES et al., 2014) 40 T6 NI
(ALIBEJI et al., 2017) 41 T10 NI

Source: From author.

The lesion levels are divided into cervical (C1-C8), thacgd1-T12), lumbar (L1-L5) and
sacral (S1-S5) levels. In addition to impairment of motarssvity and activity, spinal cord
injured individuals also present alterations in the uynantestinal and autonomic systems.

Spinal cord injuries may be traumatic (motor accidentss fal violence) and non-traumatic
(tumors, spina bifida, and tuberculosis) According to the @ytpproximately 90% of the
spinal cord injuries are traumatic, and about 1/3 of theviddials with spinal cord injuries
present clinically significant signs of depression.

Table 6 indicates the level of injury, age and injury time.eThost prominent level in the
studies is T10, T5, and T6, with individuals with a mean ag8®fyears and injury time on
average equal to 27 months.

2.4.6 Benefits of FES

In addition to motor rehabilitation, electrical stimulati avoids muscle atrophy, ulcera-
tion, thrombosis, bone demineralization, spasticity, praimotes improved bowel, sexual and
breathing function of the individual (RAGNARSSON, 2008).

2.4.7 Limitations of closed-loop FES systems

Some challenges still limit the large-scale applicatioRBE control systems, such as mus-
cle fatigue, spasticity, and number of individuals.
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2.4.7.1 Fatigue

The decrease in muscle strength induced by FES has stroffigtyeal the performance of
control systems. For example, in less than one minute, mgsangth may fall by half in a neu-
roprosthesis. The causes of fatigue are diverse and inctaderse order of recruitment; high
activation of motor units (stimulation frequency); synmhous activation of axons (DOWNEY
et al., 2015a); among others.

Rapid muscle fatigue due to artificial activation has beenimized using spatiotemporal
strategies such as decreasing stimulation frequency;fyntidi stimulation pattern (switching
from CFT to DFT)(DING; WEXLER; BINDER-MACLEOD, 2003); swih the stimulation
electrodes in asynchronous mode (DOWNEY et al., 2015a) ngrothers.

However, even using these strategies presents other Hif&cuBy decreasing the stimu-
lation frequency, control gains become larger. Moreouv#noagh VFT and DFT stimulation
trains can be employed to obtain greater isometric streingdtigued muscles and potency in
dynamic contraction, however, they produce a greatermkeah strength than CFT.

2.4.7.2 Spasticity

Spasticity is common in individuals with spinal cord injuagd is characterized by unpre-
dictable increased muscle tone, occurrence of spasms,ygaddctive reflexes. For example,
given an instant of time, the movement generated from éattstimulation may be affected
by an unexpected event of muscle spasticity. The paralyaesti@ tends to contract to the
maximum, not in response to brain signals, but in responseviriety of sensory stimuli. In
FES control systems, spasticity should be considered bedhe controller should be able to
compensate for the increase in muscle tone (LYNCH; POPOXRU00S).

2.4.7.3 Number of volunteers

The clinical application of FES with control systems depend more conclusive studies
on the associated benefits in a higher number of paraplegiadiials. For example, to date,
the highest number of paraplegic individuals with experitagvalidation was equal to six in
(AJOUDANI; ERFANIAN, 2009).

2.4.8 Perspectives

Recent studies are still limited to obtaining more efficipatformance control techniques,
guantified by RMS error index for tracking or regulation apglions. However, it is noted that
the maximum application interval is still restricted to avfeeconds.
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Scientific findings describing the muscular behavior unldeiaiction of electric stimuli pro-
moted the development and validation of different contechnhiques. However, some factors
limit clinical and even experimental validation. From treémnd of view of rehabilitation profes-
sionals, the supervisory and control system should be edsyrtdle. From the point of view of
the individual, in turn, the whole set of hardware, from s#ago the acquisition and command
system, the system should prioritize the user’'s comfortraatility.

2.5 Conclusion

This chapter has shown that the research field is vast andigirgm However, studies
focused on long-term motor rehabilitation for individuadish spinal cord injury are still scarce.

Performing closed-loop control of a physiological systemdry complex. Such complexity
is due both to the mathematical modeling of the biologicatewy, which has non-linearities and
parametric uncertainties and to the hardware implememtati more sophisticated controllers.

In addition to the challenges to be overcome, a questionirembow can an FES control
system that achieves less tracking error, less muscleiatay an extended time of stimulation
be developed?



45

3 ISOMETRIC CONTRACTION IMPROVEMENT FOR ELECTRICAL
STIMULATION UNDER NON-IDEAL CONDITIONS USING SWITCHED
CONTROLLER SUBJECT TO ACTUATOR SATURATION

"It is not your business to succeed, but to do right; when yaehdone so, the rest lies with God."
C.S. Lewis

Electrically stimulated lower limb systems contain higloeder nonlinearities as well as
uncertainties in their physical parameters. Nonlineatesys can be modeled using Takagi-
Sugeno (TS) fuzzy models. Techniques such as parallellistd compensation (PDC) are
dependent on the membership functions that constitute $heuZzy model. In several cases,
these functions are not explicitly available due to ungeties or singularities in the system. In
this chapter, we propose a switched controller that effelstihandles system uncertainties. The
closed-loop control system containing non-idealitiesksas fatigue, spasms, tremor, muscle
recruitment, and fault in the actuator) is compared usin@RDd switched control.

3.1 Introduction

Every year, thousands of individuals worldwide suffer frgpinal cord injuries arising
from traffic accidents, acts of violence, or falls. For suathividuals, neuromuscular electrical
stimulation is widely used method for motor rehabilitation

Current research efforts in this field are focused on enhgnitie stimulation systems by
improving the controllers used in the closed-loop systenectEcal stimulations address the
stimulation of different body functions in the upper and &Wwmbs. In the case of lower limbs,
for example, functional electrical stimulation (FES) igddor the rehabilitation of knee joint
control (GAINO et al., 2017; YANG; QUEIROZ, 2018), standing (RIENER; FUHR, 1998;
KOBRAVI; ERFANIAN, 2012), sitting pivot transfer (JOVIC edl., 2015), gait (SHARMA;
MUSHAHWAR; STEIN, 2014; HA; MURRAY; GOLDFARB, 2016), swiming (WIESENER
et al., 2018), and cycling (BELLMAN et al., 2016; BO et al.,22), among others. Activities
that involve greater degrees of freedom and muscles regquinere complex control system.
For the current state-of-the-art, even simple motor aawistill present great challenges and
are subject to intense scientific research.

Several studies have been recently proposed to regulaggdinéutilizing controllers capa-
ble of handling non-linearities and uncertainties. Kirsa&libeji and Sharma (2017) presented a
predictive control model for knee extension with the goahafimizing muscular fatigue. How-
ever, the performance of the predictive controller for @yestate regulation was not ideal and
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could not be maintained for a time interval over 30 s; as timrotler could not simultaneously
achieve error minimization and control. Gaino et al. (20@posed a PDC controller based
on the TS fuzzy model that is capable of regulation at difiergerating points. One major
limitation of this work is the fact that it assumes ideal cibiods in its simulations and does not
consider the uncertainties of the plant, and other prd@gyects of the actuator such as satura-
tion and possible failure modes such as power decrease. &fahQueiroz (2018) presented a
robust adaptive controller based on convex/concave paeairetion, and Lipschitziana evalu-
ated them under weak fatigue conditions. Downey et al. (R@d@pted a strategy for switching
stimulation channels with the aim of maintaining contrbilay for a long time under fatigue
conditions.

Future research will focus on FES systems associated wiitraiters for compensating
muscular fatigue and other disturbances. This will enabtividuals to perform functional
movements, and the controlled system state variables wilktlbse to the desired ones and
operate for the longest possible time.

The major challenge is the achievement of regulation in tkegnce of nonlinear behavior
and/or uncertainties in the musculoskeletal complex. Aaosignificant issue is the non-linear
effect of actuator saturation in the control design. Sontb@s do not consider the saturation
effects, although it is a major problem and affects systerfop@ance. The current trend in
medical devices is miniaturization, low energy consumptand improved wearability. There-
fore, itis important to consider the behavior of the systememthe actuator fails or experiences
a decrease in power due to power source limitations.

In this chapter, we propose a switched controller to additesgroblem of regulation in
the electrical stimulation of the lower limbs as they haveartain nonlinear dynamics. The
switched control is compared to other control scheme dasdiin the literature for regulation
at different operating points. The design of the proposetthed controller is based on linear
matrix inequalities (LMIs) for a non-linear uncertain platescribed by TS fuzzy models with
unknown membership functions. We expanded the analysishsgidering saturation and fault
in the actuator, and consider severe intensity levels ajuat spasms, tremor as additional
sources of uncertainty. Results obtained indicate we caéairob much lower RMS error in
steady-state using the proposed switched controller.

This study contributes to the state-of-the-art by imprguire steady-state regulation results
by considering uncertainties such as fatigue, spasmsgptrenuscular recruitment, and faults
in the actuator. The system under study has several unagtiand the advantage of the
switched controller design is that it does not depend on #s@bership functions that constitute
the TS fuzzy model, which in this case are unknown. In thetamdithe switched control law
minimizes the temporal derivative of the quadratic funcid Lyapunov.

Throughout this paper, the notation adopted is standaré. symbol® denotes the Kro-
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necker product. The symbesl, j € R**P denotes a row vector whogeth element is 1 and the
others are equal to zero, aﬁj: p2P~1 p> 1. For a symmetric matrix, the symbedenotes
the symmetric blocks in relation to the main diagonal. Thelge- {1, 2, ---, k}, k€ N. Let
co{vl, Vo, - ,vp} denote the convex hull of the vectarg he I, = {1, 2, ---, p}. Besides
that¢ = ard’ irgﬂin {X } denotes the smallest index I, , such that, for the sdtx;, X2, --- ,Xn, },

Xc = min{x;}.

1€lny
The rest of this chapter is organized as follows. Sectiorp82ents the derivation of the
torque-based nonlinear dynamic model for leg extensiongusiectrical stimulation. Section
3.3 describes the switched control design subject to amtgaturation using LMIs. In Section
3.4, simulation results that demonstrate the controllefopmance improvement when com-
pared to PDC in dealing with actuator failure, muscle atitvauncertainty, and non-idealities
like fatigue, spasms, and tremor are presented. Sectidimally concludes this study.

3.2 Nonlinear dynamic model for leg extension using electral stimulation

We consider the model widely disseminated in the literatdig@is model refers to a stan-
dard and consolidated technique for identifying paransetelated to the dynamic model of
knee joint movement from the electrical stimulation in theadriceps. More details about this
procedures can be obtained in Ferrarin and Pedotti (2000).

Consider the leg extension system using electrical stitimmavith load cell added in the
experimental apparatus, whose mathematical model is giyen

J8 =Hg(8) +Ap(8,8) +ke(Ma); (1)

where0, 8,0,M, € R are angular position, velocity, acceleration and torquiheflower limb
(shank-foot);J € R is the moment of inertia, anldy(0) is the gravitational torque, given by:

Hg(8) = —mglsin(8), (2)
wherem, | € R are the mass and distance between knee and the shank-fqaegamnass center,
respectivelyg is the gravitational acceleration.

The passive musculoskeletal torque of the khge, 9) is expressed as:

Np(0,0) = —re Ev(6+5) <6+7—2T—w) B, @3)

whereA, E, € R are the coefficients of the exponential terms related to ktifeess;w € R is
elastic rest angle of the knee; aBd: R is viscous friction coefficient.

Concerning the worst scenarios that can occur during eatiyr stimulated contractions,
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we incorporate non-idealities indicated by (LYNCH; GRAHAMOPOVIC, 2011a; LYNCH,;
POPQVIC, 2012). The FES induced muscle contraction pragitheemuscular torquigge(Ma)
is expressed as:

Me(Ma) = (1+ Ksp+ Kir) KfatMa = Kst M, (4)

whereksp, Kir, Kiat € R are related to spasms, tremor, and fatigue. Three levelpasiss,
tremor and fatigue were used: mild, moderate and severeciTieeion adopted for the classi-
fication of tremor waveforms and muscle spasm were chosengdhrthe significance in func-
tional movement. For example, the occurrence of spikesematigular position of the knee
refer to spasms classified agmild, for amplitudes less than 10i) moderate, for amplitudes
between 10— 20°; iii) severe, for amplitudes greater tharf 20Vhereas oscillations in knee
position are due to tremors classified gsnild, those that modify knee dynamics in amplitude
less than 5°; ii) moderate, for amplitude less than°1andiii) severe, for amplitude greater
than 15. The fatigue severity rating was established in such a waly thk;5 = 1 indicates
absence of fatiguai) 0 < k4 < 1 corresponds to partially fatigued muscle; ainylk¢4 = 0
suggests completely fatigued muscle.

The muscle activatioM,, that can be modeled by first order system as:

Ma G
U 1s+1

. 1 .
— Ma:?(—Ma‘FGuf), (5)

whereus € R is the current amplitude of the electrical stimulatiars R is time constant of
muscle activation, an@ € R is the uncertain parameter.

Furthermore, in this chapter is considered an actuatot. f3lle actuator fault is a power
loss from the stimulator power supply. In the model, thiseigresented by (t) = k¢ U(t),
which may correspond to the following operating conditiohthe actuatori) k¢ = 1, implies
that the actuator has no fauilt) 0 < k¢; < 1 is a partial fault in the actuator; amd) k¢;; = 0,
represent a complete fault in the actuator.

Defining the state variableg = 0, X, = 0 andx3z = Ma. Then, (1) can be written as:

~ ~

X1= X2
Xo = %[—mglsin(f(l) _ e Bv(at3) ()'(1 + 7—2T— ) — BXo + Kst 1X3] (6)
%a= —lagy MGy

T T

The parameter values for healthy and paraplegic subjegisdicated in Table 7.

The goal is to maintain the leg angle in a desired positioa B = 8. Considering that the
equilibrium point of the system (6) ie = [X1 % X3]" =[89 0 MY]T. S0,% =0,% =0
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Table 7 - Parameters from healthy and paraplegic subjects.

Subject Hl H2 H3 H4 H5 P1 P2 P3

J [kg.m?] 0377 0358 0399 0.375 0.384 0.362 0.292 0.394
m [kg] 4.05 4.63 4.38 3.83 4.36 4.37 3.42 4.76

| [m] 0.253 0.239 0.248 0.237 0.243 0.238 0.231 0.233

B[N.m.s/rad] 0.377 0311 0400 0.305 0.332 0.270 0.302 0.289
A [N.m/rad] 1199 4679 3.657 4490 3.889 41.208 3.761 15.352

Ey [rad 1] -0.486 0.041 -0.031 0.257 -0.079 2.024 1317 1.644
w [rad] 2548 2427 2710 2701 2412 2918 2.520 3.896
Gn [N.m/A] 266.67 266.67 256.67 266.67 333.33 283.33 83.33 76.67
T [s] 0.454 0426 0491 0.406 0.438 0.951 0.203 0.215

Source: Adapted from (FERRARIN; PEDOTTI, 2000).

andxz = 0, = i, and from (6) it follows that:

1 . _E (9941 n
0= 3 [—mglsm(ed) —Ae Ev(69+%) <9d+§ —w) +Ksthg] )

yd _ Mglsin(6) +Ae B(9) (994 7 )
a .

7
Kst f @
Moreover, from (6) one can also obtain that:
1 G
0=—=M3+=ud,

T

a9 M A: mgIsin(Gd)-i—)\e*EV(ed*Ag) (09 +5-w) .
Kiit  KstKitG Kst iK1t G

In addition, note that the equilibrium point is not the onidk; % %3]’ =[0 0 Q.
For stability analysis it is necessary to modify the cooatias as:

X]_:)z]_—ed, X2:X2, X3:)?3—Mg, U:ﬂ—ﬁd l.€.,
)Z]_:X]_-I-Qd, Xo = Xo, )‘(3:X3-|—Mg, U:U+ﬂd.
And X]_ = )"(1, X2 = )%2, andx'3 = )%3, SO
0 1 0 0
_ B
x(t) = | f21(2) 3 f23(2) | xt)+ | 0 |u(), 9)
o o -i 931(2)
T

farl2) = J—])-(l [_mglsm(xl +6%) — Ae B0 3) <X1+ 04+ 7—2T_ w)
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+mglsin(69) + Ae E(6%+3) (ed+g—w)}, (10)

(L+Ksp+Kir) Kfat  Kstf

fo3(z) = = 11
K¥| é
931(2) = Tt : (12)
wherex =[x X x3]T, z=[xq G 09 Kyt Kf|t]T € R>.
) 1 g . . .
Note thatxs = —Txa+ 031(2) U, u= t— U9, andxs = X3 — MY, such thau® andM? are

uncertain value for different operating poia?. The challenge of this system is to regulate
at an operating point considering the uncertaintisand Mg. In Section 3.3, analysis of the
control system design is presented considering the umcgesof plant modeling.

3.2.1 TS fuzzy models

TS fuzzy models can approximate any continuous functiofoumiy f : W c R" — RPin
a compact domaimv.

The main idea about TS inference system is to use the desaript means of fuzzy rules
IF-THEN, to represent a nonlinear dynamic model by a lineésgstems association.

Therefore, given a time-invariant dynamic system, thelldeacription in local models is
established by:
X(t) = AgpX(t) +Bgu(t), (13)

where¢ € I, (n; is the number of linear models)(t) € R™ is the state vectoy(t) € R™ is
the input vectorAgy € R™*™ and By € R™*". This local models are used by the IF-THEN
rules, where the-th fuzzy ruleR? is given by:
R 1 IF z1(t) isM? AND --- AND zy(t) isM¢,
THEN x(t) = Agx(t) +Bgu(t),

such thawp € I, ; Mf’, j € I, is the j-th fuzzy set ofg-th fuzzy rule, and; (t), ---, z,,(t), are
the premise variables.

Definew? the activation level ofp-th implication,uj"’ (zj(t)) the membership function of
the variableg; (t) to the fuzzy seM?, andz(t) = [z(t), (), -+, Zn, (V)]

w? (z(t)) = Bu}”(zmw,
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Whereu;’J (zj(t)) >0, for ¢ €1, then

w? (z(t)) >0 and§ w? (z(t)) > 0.
=1

Then, the inferred fuzzy model is obtained by the weighteetaye of the local models
described by:

T w? (z(1) (Agx(t) +Byu(t))
N S g1 @? (z(t)) ’

. wzlaqb (2(1)) (Agx(t) +Byu(t)),

- (glcw <z<t>>A¢) X(t) + ( glaqb (2(t)) B¢) u(t),

=A(z(t))x(t) +B(z(t)) u(t).

X(t)

(14)

for ¢ € I,. Thus, the inferred fuzzy model is given by a convex comlamabf the local
models, where
_ @ (z(t)
=

> g1 (2(1))

ag (z(t)) >0, ;Z_rlad, (z(t))=1,andp =1, 2, ---, n,.

Therefore, considering the nonlinear system
X(t) = A(z(t))x(t) +B(z(t)) u(t), (15)

wherex(t) = [x(t) - - %o, (1)]T € R™ is the state vectom(t) = [uy(t)---un,(t)]" is the control
signal vectorz(t) = [x(t)TZ(t)T}T € 2 € R™, where( is the vector of uncertain parameters,
% is a compact sety, = nc+n;; fij (z(t)) : R™ — R, andgik (z(t)) : R™ — R are linear or
nonlinear continuous function located in eleme(t$) and(l,k) of matricesA(z(t)) € R™*™
andB(z(t)) € R™ " respectively.

The Taniguchi’s generalized approach, see Taniguchi é2@01), it considers the follow-
ing variables

& Ez(rggé{ﬁj (2®)}, & Ez(g;%{ﬁj (z(t)},

b= max Gk (1))}, b= min {Gi(2(1)}.

(16)

Therefore, the system representation requirdecal models, whersis the number of the
distinct termsﬁj or gk in the dynamic (15), which are not constant or depend on taicer
parameters.

The membership functions are used to relate (or combindptiad models describing the
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nonlinear dynamic.

Consider the generalized system class proposed in (15)snd the variables defined in
(16), ﬁj (z(t)) anddik (z(t)) can be represented as

~ 2 @ a

i) =5 o @a)’ a7)
()

5 St tii

glk(Z(t))thZ 15“( (2(t)) by~ (18)
(1=

t2 t
such thaw;" (z(t)), and&, " (z(t)) have the following characteristics:

2 2
S o) =1, Y &M () =1,
)=t tf =1
Lo file) -4 19
agjj (z —ailj_aﬁ : (19)
L fij (z(t))
2 (5(1)) = S _1#) 20
% () =~ (20)
1 t :Q”((Z(t))—bizk, 21
Sik (z(t)) T2 (21)
1 _ =&
& (z(t)) = B BZ0) @2)
Ik — Mk

and the elementﬁj) andt(tf.k) are related to the maximum and minimum values of the funstion
ﬁj (z(t)) anddik (z(t)) in the considered compact s&t. The notation adopted in this study uses
the superscript 1 related to the maximum, and superscripttZEtminimum.

Let the sets of ordered pairs given B¥a = {(i, j)}, i, j € In, associated td~ij (z(t)), and
Zg={(1,k)},1 €I, andk € I,, associated tgic(z(t)). Define the matrices;j € R™*™ such
that their respective elemens j) are equal to 1 and the others ones are 0, Bpas R™ M
such that their respective elemefitsk) are equal to 1 and the others ones are 0, see (ALVES,
2017) for more details. Then the system (15) can be rewrdsen
X(t) = <1§ +

fij (Z(t))Aij> X(t) + <I§+ glk(z(t))Blk> (t), (23)

(i,]))eZn (I.k)eg

whereA € R™*™ andB € R™*™ matrices whose elemertis j) and(l, k) are the constant and
known elements (independentzit)) in A(z(t)) andB(z(t)) from (15), or O cas€i, j) € HPa
or (I,k) € g, respectively.
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From (17)-(22) and (23) one obtains

— 2 a a.
)= A+ S 3 o (t)a) Ay | x()
(iifePaty]

.'):1

_ 2 b b
+(B+ Z Z fltlihk) (z(t))bﬁ("k)]&k) u(t). (24)

(I,k)eg’gtﬁvk)zl

Defining " pq(2(t)) = [07(2(1)) + 02(2()], Zrs(2(t)) = [E4(2(1)) + E3(2(1))],

Gij = pa(z(t))=rs(z(t)) = 1,
(p,ql)_el%(r SIS (25)
(P)#(i.])
éij = Mog(z(t))=rs(z(t)) =1,
(p7q)€f@A (r,s Eng (26)
(rs)A(1K)
Y= rpq(Z(t))Ers(Z(t)) =1 (27)
(p,0)€ Za(1.s)€ P
Given (24) and (25)-(27), one can obtain
: N I, ()
XO = | A+ > G y g7 (2t)a; A | X(t)
(Li)eza =1
B fe s e )etomy | u). (@8
+UB+ S &k D & (2(t)by B | u(t). (28)
(I.kje 78 t(blvk):l
Note that in (28) it appears all the combinations O!-l Gitjaﬁj) (z(t)) Eﬁg,k) (z(t)).
(i,))ePa(1,K)ePs

In order to make change of variables, consider the bijestafncountingca : #a — In, and
Cs . Pg — Iy, Wherena andng are the numbers of elements (z(t)) anddik (z(t)) in (15),
respectively, which are continuous functionsf).

In addition, the local model indeg is a function of the valuet andt®, defined by
p=1+ Y 20D (th) - 1) +2m Y 2%l (t(bu() - 1) . (29)
(i,))E2A (1.K)EZB
and more details can be found at (ALVES, 2017).

Therefore, to describe (28) as (14), consider the inlexd the values dﬁ andtﬁ’(, thus

a tb

ap(zt) = T[] o (2(1) & (2(1)), (30)

(i,)eZa(l.k)e7
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— té}_
Ap=A+ 5 aflAi, (31)
(i,1)EPA
_ tb
By =B+ Y bk Bik, (32)
I,k e Zg

from (17)-(22),0513‘“ (z(t)) =0 andff,gb'” (z(t)) > 0, thereforeny (z(t)) > 0 and from (25)-(27)

2(na+ng)

¢Z1 ap(z(t)) =y =1.

3.2.2 TS fuzzy representation of the knee joint

To find the local models, the maximum and minimum values oftinetion f21(z), f23(2),
andgsi(z) must be obtained.

Then, suppose that the operation region is defined in theyisllt%3 <X(t) < 7—2T desired

position belongs to sé@ € [11/6  711/3], and the uncertain paramet&s: [0.9G, G, Kstf €
[0.1 1], andky €[0.8 1].

Assuming the following set:

5 A
D:{zeR“:—l—ggxlg]—;, —5<x3<5 096G, <G<K<Gy, 01<Kgs<],
0.8 < K < 1, ggedgg}. (33)

Thus, considering the paraplegic subject P1, the minimuimaaximum values of nonlin-
ear functions are:

a3, = max{ f21(z(t))} = —0.2117,a3; = min{ f1 (z(t))} = —44.3100,

abg = max{ f23(z(t))} = 2.7624,a3, = min{ f,3(z(t))} = 0.2762,
b3, = max{gs1 (z(t))} = 297.9320x 104, b3; = min{gs1 (z(t))} = 2145110x 10"

From (19)-(22) one obtains, respectively:

_ fa(2(t) a3 ag; — f21(2(t))

031 (2(t)) = P 031 (2(t)) = al a2,
f3(z(t)) — a3 33— faa(a(t

oh(et) = 7B, oy o)) = 0 2

gy (e() = DT g, ) = Par B O]

1 2 1 2
b31 B b31 b31 B b31
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The nonlinear functiorfz1(z(t)) can be represented by a TS fuzzy model, considering two
local modelsaj; anda3,, that is, according to (17) exist;(z(t)) ando;(z(t)) such that,

f21(2(t)) = 034(2(t)) a5, + 051(2(t)) a5y, Z 102 U (z(t)) =1, and 0< U;_gi”(z(t)) <L
0=

Similarly, the functionf,3(z(t)) can be represented by:

faa(2(t)) = 023(2(t))ags + 0%3(2(t)) 833, Z U(” =1,and 0< Uz(lsl (z(t)) < 1.

Likewise, from (18) the functios1(z(t)) can be represented by:

Ga1(2(t)) = &31(2(t))b3; + &5 (2(t) Jaab3y, bz 53 2(t)) =1,and 0< &3 ik (z(t) < 1.

tip=1

Considering the dynamic expressed in (9), note the follgvaets of ordered pairs’a =
{(2,3),(2,1)} and g = {(3,1)}. Therefore,np = 2, ng = 1, and counting bijections are
defined aca(2,3) = 1, ca(2,1) = 2, andcg(3, 1) = 1. From (29) obtains the indeg for
changing combinations of variable glven@/J | X and expressed by

. (i,0)
(i,)€EPn (1K EPR

p=2m Y o(ca(i,))~1) (ta o 1) + 3 o(c(1.k)~1) (t(t?,k) B 1) ‘1
p=4 (tf‘m) — l) +2 (tf‘z@ — 1) + (t(b&l) — 1) +1. (34)

From (30) and (34) obtains the membership functions

(

a1(z(t)) = 0(2(t)) oz5(z(t)) g (2(t)),
az(2(t)) = 03(2(t)) o35(2(t)) E51(2(t)),
as(2(t)) = 0(2(t)) o55(2(t)) g (2(t)),
as(z(t)) = 0(2(t)) 055(2(1)) E51(2(1)), (35)
as(2(t)) = 0% (2(t)) 035(2(t)) g1 (2(t)),
as(2(t)) = 0% (2(t)) oz(2(t)) E51(2(1)),
a7(2(t)) = 051(2(t)) 05s(2(t)) Ex((t)),
as(2(t)) = 0% (2(t)) 035(2(t)) E51(2(t)),

satisfying to : oy (z(1)) =1.
=1
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Table 8 - Parameters of the TS fuzzy local models for healtityaraplegic individuals.

Subject a3 a5, a3 a53 b3 b3
H1 -19.3868 -30.5984 2.6525 0.2653 587.3715 422.9075
H2 -11.1563 -41.8621 2.7933 0.27933 625.9781 450.7042
H3 -10.2394 -35.1688 2.5063 0.25063 522.7427 376.3747
H4 -4.7823 -32.8802 2.6667 0.2667 656.8144 472.9064
H5 -13.7400 -37.1348 2.6042 0.2604 761.0350 547.9452

P1 -0.2117 -44.3100 2.7624 0.2762 297.9320 214.5110
P2 -0.0745 -29.0451 3.4247 0.3425 410.5090 295.5665
P3 -0.6219 -40.0962 2.5381 0.2538 356.5891 256.7442

Source: From author.

The dynamic (9) can be described by a convex combinationdB5¥ fuzzy local models
as expressed in (14). The local models are obtained from(82)) considering € Ig. In such
a way that from (31) one obtains

A1 =Ay=A+abAr +adhs,
Az =As=A+abAr +a35A3,
As=Ag = A+ a3 A1 +adshos,
A7 =Ag= A+ a3 Ar; +ad:A 3,
By = B3 = Bs = By = B+ bj;Bay,
B, = By = Bg = Bg = B+ b3;Bay,
where the matrices andB respectively are composed by constant and known elemetitg of

state matrix and control-input matrix and assigning nulugao the remaining elements, and
the matrices\zy, A»3, andB3; are expressed as

0 1 0 0 0 0O 00O 0
A=10 —-0.7459 0 ,B=10|,A31=|1 0 0|],A»3=1|0 O 1|,B31= |0
0 0 —1.0515 0 0 0O 0 0O 1

Observe that the system (9) has three uncertain nonlineetidunsf1(z(t)), f23(z(t)), and

g31(z(t)). Consequently, one obtaims = 23 = 8 local models for exact representation of the
system through TS fuzzy models, being
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0 1 0 0 1 0
A;=A;= |—-021172 —0.74586 27624 |,A3=A4= |—0.21172 —0.74586 027624/,
0 0 ~1.0515 0 0 —1.0515
[0 1 0 | [0 1 0
As=Ag= | —443100 —0.74586 27624 |,A7=Ag= |—4431 —0.74586 027624/,
0 0 ~1.0515 0 0 —1.0515
0 0
B1=B3=Bs=B;= 0 |[,Bp=Bs=Bg=Bg= 0
297932 214511
(36)

In the next section will show the switched control designscito saturation and determine
the gains through LMIs conditions.

3.3 Switched control design subject to actuator saturation

Consider a nonlinear system subject to actuator saturdgsaribed by the following TS
fuzzy model
x=A(a)x(t)+B(a)sat(u(t))+B(a)d(t), (37)

whereA(a) defined in (14)B(a) = Bog(a), g(a) > 0, for all a,
sat(u(t)) = [sat(u)(t)) ---sat(um, (t)]

sat(ug) (t)) = sgn(ug (t)) min{p), ug) ()]}, (38)
VI € In,, 91 < d(t) < J2, pyi) are the actuator saturation values.

We propose the application of the switched control law sttlifesaturation. The proposed
procedure uses an switching indexas described in (40), which it selects a state-feedback
controller gain belonging to the séKi e R j ¢ Hnr}, and an indexp that compensates
uncertainty in the signal control, as defined in (41). Thesind is determined by auxiliary
symmetric matriceQj. The control law is defined as follows

u(t) =sab (uc(t)) — Sy(t), (39)
Ug(t) = —Kex(t), ¢ =arg' min {x" ()Qix(1)}, ¢, ] € ln, (40)

_ in T
Y = arg* nr?elﬂr;{ X' PBoSm}, (41)
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where saf (Uc(t)) = [sab (Uc(1)(t)) - --Sab (Ug(ny) (t))],Tand

sab (Uuc((t)) = sgn(ucqy(t)) min{ pogy, [ucay ()}, (42)

being pgy = Py — maﬂx{|z9m\}, VI € In,, me Iz, and9m, p, po, Bo will be defined later. The
melp

state-feedback matricés. and decision matriceQ; will be obtained in the design procedure,
ensuring the local stability of the system (37)-(42) anchwiécay rate.

The TS fuzzy representation of a nonlinear system is adequnaa bounded domain of
validity (KLUG et al., 2015). A low performance or system tiasility may occur when the
state trajectories do not belong to the validity domain efriiodel. The domain of validity can
be represented by a polyhedral set

= {X(t) cR™: }N(h)X(t” < @n)> he I[p}, (43)

.
whereN = |N/;)  Nf, - N(Tp)} eRP™andp=[@1, @2 @p] €RPare known.

In addition, considering the quadratic Lyapunov funchgm) = x" Px, denote the ellipsoid
&(P,0), and the constard > 0 as:

&(P,8) = {x(t) e R™: x(t) TPx(t) < &}. (44)

An invariant region for the operation of the system is coesed. Then the system state,
initiated with an initial condition in a suitable region Wit an operating region, will remain in
this region for alt > 0. In other words, determining an invariant region, gay ¢, Vx(0) € &,
the state vectok(t) of (37) remains in the operating regian, Vt > 0. Consequently, (14)
exactly represents the system (37) fae 0, and for allx(0) € &, following the procedure
described in the Subsection 3.2.1.

Lemma 1. (KLUG et al., 2015; ALVES et al., 2016) Consider a nonlinegstem described
by (15) and an operation regiox(t) € ¢, fort > 0O, given in(43). Assume that there exist a
symmetric positive definite mati e R™ "™, such that
9 NpX
*

>0, 45
X (45)

hold for all i and he I,. Therefore, ifx(0) € &(P,1), given in(44), whereP = X1 then
X(t)e 0,t>0.

Proof. More details are in Klug et al. (2015), Alves et al. (2016). O
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Let the polyhedral se¥ (Hy)
Z(Hk> = {X(t) cR™: ’Hk(|)X(t>} < p(|), ke I[nr, andl € Hnu}, (46)
whereHy = [Hl(l)---HI(nu)] € R™™ and ¢ = [p(l)---p(nu)]T € R™, pyy > 0 are known
vectors.

Consider the se¥;,, composed of 2 diagonal matrice®s € R™*™, s e In, whose diag-
onal elements are either 1 or 0. For dlye %, consider thaDg = I, — Ds.

Now, define a functiom, : Ionu — Ion,-1 as follows:

qnu(is) = qnu(is— 1) + :I.7 Dis+ D]s 7é Inu, \V/Js € His’ is € I[znu,
Ony(is) = Ony(is), Di, + Djs = In,, 3js € Iig, is € Ionu.

(47)

This function will be useful for convex hull representatmirsaturation nonlinearity. In this
chapter, we adopted the saturation representation praag&hou (2013).

Lemma 2. (ZHOU, 2013) Let g > 1 be a given integer andl € R™ be such thatV|,, < 1.
Let the elements itvy, be labeled ads, s< I and the vectoslznrl’ Oy (is)? is € Ionu, Where

is

the function g, (is) be defined ir{47). Then, for anyu € R™, there holds
safu) € co{Dsu+ D3V}, s€ Ion, (48a)
whereDs € R"* M defined as

Ds = Shn-1_ g (i) @ Ds » VS,is € Ton. (48b)

Proof. Further details can be found at Zhou (2013). O

Remark 1. Note that Lemma 2 is less conservative than (HU; LIN; CHEN)2Pbecause it
containsﬁu — ny2"™~! slack variables for representation of the convex hull. Fearaple, if
ng=2, thenﬁu = 4, Dg, s< I are the matrices as follows:

%, = {D1, Dy, D3, D4},

{l B 3L

From(47), adopting g¢(0) = 0, the associated function to elements of thezgt expressed
as (1) =1, (2) =2, 2(3) = q2(2) = 2, and @(4) = g2(1) = 1. Consequently, the row
vectors aresly q,1) =[1 0],k g2 =10 1,8k q,3=1[0 1}, andsh g4 =[1 0.
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From (48b)one obtains:

-

Ds = S|27 P(is) ® Dy, Vs,is € 14,
9, ={D1, D3, D3, Dy },
P 00O0O [0DOOO 00210 2000
2" ]Jloooo’'looo1’loooo’|lo1oolf"

Thus,(48a)can be written as:

safu) € co U U v v
u> ’ \74 ’ U 7 \72 .

Note that the variablegs andv, do not appear in the switched control design proposed by
Alves et al. (2016), Oliveira et al. (2017).

Remark 2. If x(t) € % defined in(46), k € I, thenx(t) € ¢ and satu) can be rewritten as
2N

sat(u Zl)\s [Ds(u) +Dg (V)] (49)

2
WhereC Gﬂnr, Dse @, Dse @, DS_ - I —Ds, S¢c I[znu, and)\s> O, Z\AS: 1
S—

Considering42), po) = pg) — m&;({ ]z9m(|) }} from(39) each elementi(t) of the control

vectoru(t) = [ug) (t) up(t) - u(nu)(t)]T one obtains
Jugy®)] = [saio (uga) (1) = Sy | < [sab (uea) (1)] + [Fm] < Pou) + max{Sm)}.

Poqy +max{ i)} = py)y +max{|Sm| } —max{|Imu)|} = P

mel, mel, mel,
therefore safu (t)) = sab (Uc()(t)) — dyq), and safu(t)) = sap (Uc(t)) — Iy.
Similarly to(49), if x(t) € 4, k€ I, thenx(t) € .%; and sag (—K ¢x) one obtains

sab (— ZZUAS Ds (—K¢X) +D (Hex)] . (50)

The following lemma provides a sufficient condition for trenstraints’ (P, 8) C £ (Hy).

Lemma 3. (HU; LIN; CHEN, 2002; ALVES et al., 2016) Let the sét&, ) and.Z(Hy), the

constraint€’ (P, d) C .Z(Hy) is enforced if the LMIs

Pod " G
X

>0, (51)
*
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holds for all ke I, , and | € I, hold, whereX = P~* and Gy = H) X.
Proof. See Hu, Lin and Chen (2002), Alves et al. (2016). O

With all ellipsoids satisfying the invariance condition)ess conservative choice of the
largest ellipsoid inside the domain of attraction can beguiged taking its shape into consid-
eration. Let#; ¢ R™

W :CO{W%b W(2)7 7Wg}’ (52)

wherewioW € R™, Viy € Iy area priori given points. A guarantee that a convex hull is contained
in the invariant regio® (P, 1) is described in the Lemma 4.

Lemma 4. The constraintw #; C &(P,1), where#; = co{wé,wcz), e ,wg}, Wio"" c R" for all
iw € lg, is the convex hull of known vectorg, w3, - - -, wg, and the constanb > 0, is enforced

if
w2 x
[Wi(‘)” X
holds for all iy € I. Thus,w can be used as a variable to obtain a less conservative egtima
of the domain of attraction and to search the ‘largest’ edlyid & (P, 1).

>0, (53)

Proof. See Hu, Lin and Chen (2002), Cao and Lin (2003). O

On the other hand, constraints may adopted to avoid thataltertassume large norm, e.g.,
using the Lemma 5.

Lemma 5. (HU; LIN; CHEN, 2002; ALVES et al., 2016) Itis possible to vee the norm of the
gain matricesK; increasing the regiorZ (K ;) selecting appropriately§ such thats'(P,& 1) ¢
Z(Kj) imposed if the LMIs

,2 M
[Epom i(l) >0, (54)
* X
holds for all i€ I, and | € I,,.
Proof. See Hu, Lin and Chen (2002), Alves et al. (2016), Boyd et &94). O

Theorem 1. (ALVES et al., 2016) Let the sef§P, 1), Z(Hk), and%#;. Consider a nonlinear
system subject to actuator saturation and an operationomgit) € &, t >0, p € R, @ €
RP and N € RP*™ are known. Assume that there exist a symmetric positiveitgefiratrix
X € R™*™ symmetric matrice®; and Z; € R™*™, matricesG; = [GJ-T(l) GjT(z) ~-~GjT(nu) ,
M; € R™*™ and a scala3 > 0 such that

AX +XAT +Zi+ Qi +2BX < 0, (55a)
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~BiDM| +BiDsGj—~M[D{Bl +G/Ds "B -Zi - Q; <0, (55b)
2
pO(l) Gj(') >0, (55¢)
* X
@ Ny X
(h)y (h >0, (55d)
* X
Epgl M
Pory M| 5 o (55€)
*
—2
[Wi ‘>0, (55f)
wy' X

hold foralliand je I, | € In,, he€ T, iw € Ig, s€ 2w, Ds€ Z andDg € 2. Then, the control
law (39)-(42), whereK; = MiX " and Q; = X 1Q;X " for all i € I,,, makes the syste(B7)
locally asymptotically stable with a decay rate equal to eeager than, vx(0) € & (P,1),
whereP = X 1. Furthermorex(t) € &, t > 0.

Proof. Based on Alves et al. (2016), consider as Lyapunov functonlimate/ (x(t)) = x(t) TPx(t),
P=PT e R™"™ P> 0. Therefore, from the system (37) and the control law (40)

V(x) = X" Px+x'Px,
= [A(a)x+B(a)salu) +B(a)d]" Px+x"P[A(a)x+B(a)satu) + B(a)d],
=x" [A(a)"P+PA(a)] x+sat(u)" B(a)TPx+x"PB(a)sat(u) +2x" PB(a)d. (56)

Replacing (39)-(40) in (56)

V(x) = x" [A(a)TP+PA(a)] x+ [sab (uc(t)) — 9y (t)] B(a)TPx
+Xx"PB(ar) [sab (uc(t)) — 9y (t)] +2xTPB(a)d,

V(x) =x" [A(a)TP+PA(a)] x+sab (—K x) " B(a)TPx
+x"PB(a)sab (—K¢x) +2x" PB(a) [d— 8y (t)]. (57)

Considering (50), (57) can be rewritten as

V(x)=x" [A(a)"P+PA(a)]x

2" T
+ { S;/\s [Ds (—Kex) +Dg (Hex)] } B(a)"Px (58)

+x"PB(a) { Zi)\s [Ds (—KcX) +Dg (Hex)] } +2x"PB(a) [d—3y] .

S=
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Note thatd(t) can be rewritten ad(t) = y1(t)31+ yo(t) 2

2 —
S () = 1A, 0 20, (0 = P g0 =130 (59)
m=1

Therefore, replacing@(a) = Bog(x), 9(x) > 0, Vx # 0, from (41) and consideringy =
2
min{Jm} < Z Yin(t)Im, it follows that
mel, =1

x'PB(a) [d—8y] =X PBo[Z Ym(t) Om+ mm{ —X PBOSm}]

mel,
, (60)
< X' PBy Z Yi(t)9m—Xx"PBo S Yn(t)8m=0
m=1 m=1
Then, one obtains
2N T
V(x)=x" [A(a)TP+PA(a)] x+ { Z)\S [Ds(—K¢X) +Dg (Hex)] } B(a)TPx
S=
n (61)
+x"PB(a) { Z)‘S [Ds(—KcX) +Dg (Hex)] } :
S—=
Now, assume that there exist symmetric matri¢eandQ; such that
[~DeK +Ds H;] " BIP+PBi [-DK | + D5 Hj] < Zi +Qj, (62)

Vi, j €Iy, VDs € 2, andVD € @ . Then, forj = ¢, multiplying by a;, wherea; > 0, and
taking the sum from =1 ton;, Zla. = 1 and then multiplying the result bys, As > 0 and
i=

2N
taking the sum frons= 1 to 2%, § As= 1, considering3(a) =} aiBj,a >0, § aj =1,
2, > >

| € I,, one has
2"

Zi/\s{ [~DsK¢+D5He] B(a)TP+PB(a) [-DsK ¢ +DsHe] } <Z(a) + Qe (63)

nr

whereZ(a) = Zaizi. Observe that, from the control law (409TQ¢x = mﬂin{xTQiX} <
i= 1€l

nr

.ZaixTQix = x'Q(a)x. Thus, from (61) and (63),
V(x) <x" {A(a)TP+PA(a) +Z(a)+Q(a) } x. (64)

Because to achieve a decay rate greater than or equalitas sufficient thatV(x) <
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—2BV(x). Hence, from (64) is sufficient thatj € I, ,

ATP+PA +Zi+Qi+2BP<0. (65)

Premultiplying and postmultiplying (62) and (65) Ky= P~ and performing the change of
variablesG; = HjX, M| =K X, Zi = XZ;X andQ; = XQiX, one obtains (55a) and (55b). Note
that asV (x) = x" Px andV (x) < 0, x # 0, from (44), ifx(0) € & (P, d) thenx(t) € & (P, ),
vVt > 0. Considering Lemma 3 with = 1, LMI (55c¢) ensure?’ (P, 1) € £ (Hy), a sufficient
condition such that (50) holds. And considering Lemma 1, I(58d) ensuref’(P,1) C 7, a
sufficient condition for a state trajectory started with mitial conditionx(0) € & (P, 1) to be in
¢ for all't > 0. In addition, considering the Lemma 4, LMI (55f) guarastésat convex hull
is contained in the invariant regiefi(P, 1), and LMI (55e) minimizes the norm of the matrices
Ki, selecting appropriatel§ such thats’(P, & ~1) ¢ .Z(K;). The proof is complete. O

Remark 3. The Gaino et al. (2017) approach treated the plant model auittuncertainties,
consequently the values ot and nominal torque Mare not uncertain. Now assuming non-
idealities, the state vector becomes an estimate, sirftésMincertain. However, we add to
the control signal a terndy(t) that will dominate the error from the uncertainty of the dedi
torque. Thus,

U= —KcXe(t) +Iy(t), (66)

is the nominal torque.

Considering the following relationshipa(t) = X3 — MZ + AMa, AMa = M2 —MZ | . (66)
can be rewritten as

X1
U=—[Ka Kea Ke| | x|+,
X3+ AMg
Therefore,
X1
u=U0-U=—[Ka Ko K] [x2| —KcaAMa— U3+ 39y(t),
X3

u= _KCX _— l‘jd + UGrror + Bw(t),
where Wror = (ljd Sy - K<3AMa> will be dominated by the termy(t).
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3.3.1 Example: paraplegic individual P1
The LMIs (55) were solved using the MatL@Boftware, and the modeling language YALMIP
(EFBERG; LOFBERG, 2004) with the solver LMILab (GAHINET dt,&8994).

Consider the TS fuzzy modeling of the paraplegic individeal whose local models are
described in (36). The operating regian described in (43), wherp = 3, N = 13, and

Q= [7—; 4 10". Note thatB(ar) = Bog(z), whereBo=[0 0 17, andg(z) > 0, go(z) =
max{g(z)} = 297.9320.

zeD

Solving the LMIs (55) present in Theorem 1, the aforememtbparameters3 = 1.0,

p0:0.3,q:2,w(1):[g 0 5],W(2):[%T 0 - },minimizingw_,oneobtains
[ 147747641 —43122519 —7913337
Q;=10x | —43122519 —10413075 —1726256|,
| 7913337 1726256 —26.7213
(147747668 —43122538 —7913343]
Q,=10x | —43122538 —10413087 —172626 |,
| 7913343 172626 —26.7214
[ 147747637 —43122518 —791.3335
Q3=10x | —43122518 —10413075 —1726255|,
| 7913335 1726255 —26.7213
[ 147747665 —43122537 —791334]
Qs=10°x | —43122537 —10413088 —1726259),
| 791334  —1726259 —26.7214
[ 147747205 —4312241 —791331]
Qs=10x | —4312241 —10413074 —1726256|,
| 791331 1726256 —26.7213
147747208 —43122418 —7913313
Qe=10>x | —43122418 —10413085 —1726259|,
| 7913313 1726259 —26.7214
[ 147747202 —43122409 —7913307
Q;=10x | —43122409 —10413075 —1726255|,
| —7913307 1726255 —26.7212
[ 147747208 —4312242 —791331]
Qs=10°x | —4312242 —10413086 —1726258],
| 791331 1726258 —26.7213
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Ki=|0.2600 01311 00463%, Kzz[o.zszz 01384 00473},
Ks= [0.2482 01339 0046%, K4:[o.2736 01411 00471%,

Ks=[-0.0367 01240 00439}, Kg= [—0.0734 01272 00423},

K7=|-00438 01322 00424, Kg=|-00679 01319 00379,

4.9616 08501 01052
P=10.8501 03784 0Q0804|.
0.1052 00804 00272

In order to compare with the literature, a control strategyppsed by Gaino et al. (2017)
was evaluated. The authors adopted the PDC controllemditesvorthy that Gaino et al. (2017)
did not consider uncertainties (fatigue, tremor, spasndsfanlt in the actuator) in the model.
Therefore, the state-feedback gains are obtained for adealitions. From Gaino et al. (2017),
the LMIs conditions were solved consideripg= 300 mA, 3 = 1.0, one obtains

442076 56622 12298
P= 56622 15778 03441|,
1.2300 03441 01509

Fp=MX = [0.2592 01363 00304,

Fp=MqX = [0.2563 01359 oosoq. (67)

3.4 Results and discussion
3.4.1 Ideal conditions

Usually, the results of controllers from simulation comsiteal conditions for electrical
stimulation of the lower limbs, i.e., without fatigue, tremspasms and other uncertainties.

In ideal conditions, the PDC and switched controllers wexgliad to regulation at three
operating points in the time intervalQt < 30 s. The results were determined for healthy and
paraplegic subjects.

The root mean square error value in the periods transidRMSH, steady-stateSSRMSE;,
and over the total time (0-60sJ T RMSH were analyzed. Th& RMSEvalues were obtained
during the initial 5 s of the transient response. Meanwliliie SSRMSEorresponds the last 5
s of regulation in the reference position.

Figure 6 indicates the mean of the RMS error in the time irtisr{T RMSE SSRMSE
TTRMSEH for each individual, and the mean value obtained for thdthgand paraplegic
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group.

In general, it can be concluded thBRMSEis lower using PDC controller. However,
both controllers had a satisfactory performance for ragaiaaround the operating point, i.e.,
SSRMSHEending to zero.

Remark 4. It is important to note that although Gaino et al. (2017) ddishes a design pro-
cedure applied to trajetory tracking based on TS fuzzy nsydké analysis was restricted to
regulation at three operation points.

3.4.2 Non-ideal conditions

Simulations were run for non-ideal conditions of fault ire tactuator, parametric uncer-
tainty in the recruitment function as well as combinatiohs@verity in fatigue, spasms, and
tremor. The test conditions of each individual were the s&nédoth controllers (PDC and
switched).

The controllers performance based on the steady-state\eiie for a step at the desired
position reference was not investigated in Lynch and Pap(®012). In this paper, we evalu-
ated and compared the steady-state error of the PDC ancheditontrollers in the non-ideal
conditions.

3.4.2.1 Faultinthe actuator and parametric uncertaintyhe muscle recruitment

The fault in the actuator was considered as a decrease igye(80% of the nominal)
applied to the muscles. It was also assumed an uncertaititg muscular recruitment function,
expressed by the parametér Figure 7 indicates a discrepancy between the knee angular
position and the desired value using the PDC controlleref®itse, the switched controller was
able to reach the desired operation point, even in presdmgar@metric uncertainties.

Lynch and Popovic (2012) obtained closed-loop controlltestom PID, gain shedulling,
and sliding mode. An emphasis given by the authors is thatagitrollers were sensitive to
parameter variation. Therefore, the incompatibility efbetween model and control design
explains the degraded performance.

3.4.2.2 Muscle fatigue, tremor and spasms
Muscle non-idealities (fatigue, spasms, and tremor)siterscle torque. These non-idealities
were evaluated at the instant 30s, Figure 8.

The literature does not establish a metric to categorizeitiveanted behavior level in the
muscle response provided by electrical stimulus.
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Figure 6 - RMS error in transient (TRMSE), steady-state (8SE), and total time
(TTRMSE), and average of the healthy and paraplegic groups.
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Source: From author.

Table 9 lists the RMS steady-state error for the PDC and kettcontrollers. The situa-
tions of non-idealities due to fatigue are listed first. §aé was assessed at three levels: mild,
moderate and severe. Next, the same level of intensity fiir an-ideality (fatigue, spasms and
tremor) is indicated. Note that for all individuals and ihbn-ideal conditions the switched
controller obtained the best result, achieving the lowddsFerror for the angular position.

Figures 9a and 9b illustrate the performance of the coet®lfor the mild and severe
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Figure 7 - Comparative analysis between PDC and switchetladtem considering fault in the
actuator (80% nominal), and uncertainty in the muscle rgoent function G =
0.8G) of the individual P1.
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Source: From author.

condition of muscular non-idealities. The performancenefPDC controller in ideal conditions
induces to conclude that it is suitable for validation in fauns. However, the performance under
non-ideal conditions shows an unsatisfactory result.

Note that even the switched controller reducing steadie staor, the fatigue precludes null
error. Muscle torque is reduced substantially. Consedyanaintaining the angular position
and muscular activation applied to a single motor point isffecdlt task, because the fatigue
effect modifies the musculoskeletal system to null torqueenBby electrically stimulating a
motor point, one way to achieve better results is to delaythi®n of fatigue, such as initiating
the volunteers in a pre-training aimed at muscle strengitigerand to increase the rest time
between stimulation attempts.

For all individuals the highest RMS error was obtained far #evere fatigue situation.
It is interesting to note that this condition presents a tgrearror than considering all non-
idealities in maximum severity degree. This behavior istdugpasticity (LYNCH; GRAHAM;
POPQVIC, 2011a). In this case, spasticity effectively éases the knee joint stiffness, con-
tributing to a smaller error in the controllers’ performanc
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Figure 8 - Muscle behavior in different non-idealities lsvi@serted during the tests: (8a) fa-
tigue, (8b) spasms, and (8c) tremor.

= ~0.25
< 1 5 02k
< )
Zosf g
g, £ 0.15f
0061 o
= 2 |
'::f 0.4 || —No fatigue 2 0.1 Severe w w
& se-Mid | e o -6~ Moderate
j; 0.2 [-| ¢~ Moderate E 0.05 |- ¢ -mild ?f ??
=2 ||-e- Severe .;— —No spasms i ;;
= 0 I I I I I g 0 N L ! ot &
0 10 20 30 40 50 60 0 10 20 30 40 50
Time [s] Time [s]
(a) Muscle fatigue. (b) Muscle spasms.

0.2

0.1

-0.1¢

Muscle Tremor profile ry, (t)
o

-0.21 Severe Moderate - - -Mild — No tremor
0 10 20 30 40 50 60
Time [s]

(c) Muscle tremor.
Source: From author.

3.4.3 Critical analysis

3.4.3.1 Switched controller perfomance: advantages anddtions

The switched controller handled uncertainties inherertheindividual such as: muscle
fatigue, spasms, tremor; and also features of the systelmesusaturation and actuator failure.
The results show a regulation response similar to Gaino.gR2@lL7) under ideal conditions
at the proposed operating points. However, under non-eaditions the performance of the
switched controller is better than Gaino et al. (2017).

For nonlinear system described by TS fuzzy model, the PD@alter depends on known
membership functions. When dealing with uncertain systehesresult obtained with PDC
becomes unsatisfactory, because the membership fundtemmne unsuitable for model un-
certainties. Thus, the switched controller is presentedraadvantageous proposal, since it
does not depend explicitly on the membership functions tierdonvex combination of con-
troller gains. Other applications of the switched con&otbr uncertain nonlinear plants can be
found in the studies of Souza et al. (2014), Alves et al. (20D6veira et al. (2017).

One observed limitation is that by increasing the numberrande of uncertain parameters,
the LMIs of the switched control design tend to become intdas

Finally, chattering in the control signal promoted by thateled controller can be smoothed.
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Table 9 - RMS error for healthy and paraplegic individuals.

RMS error [deg]

Individual  Fatigue Spasms Tremor (GAINO et al., 2017) This study

Mild - - 7.63 4.14

H1 Moderate - - 10.94 7.34
Severe - - 17.43 14.33

Mild - - 4.70 2.54

H2 Moderate - - 7.53 4.58

Severe - - 13.42 9.81

Mild - - 5.04 2.15

H3 Moderate - - 7.75 4.05

Severe - - 13.22 8.79

Mild - - 4.26 1.53

H4 Moderate - - 6.83 2.94

Severe - - 12.31 6.86

Mild - - 6.78 2.81

H5 Moderate - - 9.89 5.30
Severe - - 16.01 11.08

Mild - - 6.43 1.50

Moderate - - 10.08 2.79

P1 Severe - - 17.39 6.28

Mild Mild Mild 6.376 1.48

Moderate Moderate Moderate 9.98 2.75

Severe Severe Severe 17.29 6.21

Mild - - 7.51 1.51

Moderate - - 10.83 2.92

P2 Severe - - 18.04 7.21

Mild Mild Mild 10.26 1.50

Moderate Moderate Moderate 10.74 2.86

Severe Severe Severe 17.94 7.16

Mild - - 9.14 1.16

Moderate - - 12.44 2.30

P3 Severe - - 19.11 9.22

Mild Mild Mild 9.08 1.15

Moderate Moderate Moderate 12.34 2.28

Severe Severe Severe 19.00 9.67

Source: From author.

In Alves et al. (2016) was introduced the idea of smooth mimmfunction. Although the
smooth switched control law may mitigate the effect of adratiy on the control signal, the
steady-state error may be greater than the switched, dine tguarantee of uniform ultimate
boundedness of the controlled system.

3.4.3.2 Complementing the design procedure proposed hyoGaial. (2017)

Further details on the procedure for determining the nealiriunction presented in Gaino
et al. (2017) are presented. The proposed approach comsaitaining a new representation
of the equations of the plant using change of variables apngtady a virtual state, in order to
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Figure 9 - Lower limb dynamic behavior for muscle non-idied (fatigue, spasms, and
tremor) in conditions: (9a) mild, (9b) severe, and considgfault in the actuator
(80% of the nominal).
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group the nonlinear functiofp;(x1) such that
xin = far(x0)x1 = f(xa), (68)
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and assuming thdt(x; ) is an invertible function, one obtains the following retati

f(X1) = Xin <= f’l(xln) = X1. (69)

A new representation of the system was obtained using thea(@8(69) expressed as

. 0 fion(X 0
)-(m 1zn(Bln) 2| an g
xon| =11 =3 3| |Xn|+ ol (70)
X3n 0 0 _ 3 [ —
\.,_/ R T /HX,_/ \T/_/
; AGa) T F
where the new nonlinear function is
AfL(xy)] L
fantan) = | 5, 2 (71)
n

However, Gaino et al. (2017) does not explicitly indicate éxpression ofon(X1n). In this
case, the problem lies in the definition of the new variable:

xin = f(x1) = far(x0)x1 = \:]_L [—mglsin(xl) —Ae Blard) (X1+ g_ oo)] ’ (72)

which refers to a transcendental equation. Thus, theresifottowing question: how to calcu-
late the local models havinfio,(x1,) depending on the inverse of the functibfxi,)?

Next, we propose a complement to elucidate the procedurgdiciély indicating an ex-
pression for the nonlinear functidion (X1n).

Theorem 2. Let x, = f(x1) be invertible with inversex= f ~(xq,). If f(x1) is derivable at
x§ = 17204, #§) #£0, and if F1(xy,) is continuous in &, then it will be derivable in §,

with 1 1
—1\/ . .
() 0n) = 2a)) ~ P (79)

Proof. Consider

=2 (xn) — 7104 _ =2 (xan) — 7104, | f (f0an) = F(F1040) -
Xin — X4, f(f20xan)) — f (F-204,)) f=2(xn) — £-104,) ’
(74)
Xin 7é Xgn-
Letx; = f~(xqn), asf~1(x1n) is continuous ing,,, one obtains
lim f1(xn) = F7108)), (75)

Xin %X‘fn
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Figure 10 - Nonlinear functioffyon(X1n) in the system (70) proposed by Gaino et al. (2017).
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i.e., whenxy, — &, F1(x1n) — £7104,), x¢ = X, then

f~* 0an) — 71 04)

f—l . f—l Xd -1 -1
lim — lim ba) B [01(()(1)} (76)
X104, Xtn —X{, X1 X1 = ox1 x—xd
being f (x;) derivable ind = f~1(,), f/(x{) # 0. Thus, the proof is complete. O

Remark 5. Given the representation of the system(7@), and consider the function(%;)
defined by

f(x1) = fa1(xa)x1 = % [—mglsin(xl) —AeEbard) (Xl + g_ w)] ’ (77)
a;g()iﬁ = % [—mglcos(xl) +AE (xl + 7—2T— w) e Elatd) _ )\e‘E(XlJrLZT)} . (78)

Thus,(71) can be rewritten fron{73) and (78),

0t 1)1 " [dF(x)
fion(X1n) = {Tln} = [Txl} ,
f]_zq(Xl ) = —m—gl COS(X]_) + A—E (X]_ + I—T— (;)) e‘E(Xﬁg) — Ae_E(Xl"'g) (79)
A J J 2 J ’
. 0f71(xln> B . . .
being X, = f(x1) and fion(X1n) = e | one obtains the representation shown in
1n

Figure 10.
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3.4.4 Future works

The control signal used in the system identification is alsHplase square energy sig-
nal. This study adopted the amplitude modulation of theenirsignal. Future works may
investigate other schemes such as: pulse width modula@@¥M), or frequency. In PWM-
type approaches, there are no LMIs conditions that guagasgmmetric saturation and/or null
constraint. Benzaouia et al. (2014) reported unsatisfacesults at each change of reference
(control application in a Buck converter), evidencing @eening physical limits imposed for
the duty cycle.

3.5 Conclusions

The uncertainty from the recruitment function, fault in detuator, and other non-ideality
parameters add an error to the model, specifically to nonnquUeMg nom and in the value
of . This analysis explains why different muscle torque edtiomabased control techniques
yields regulation error.

The novelty of this work was to use switched control law sabje saturation applied to
compensate plant uncertainties. This technique was cadparthe literature using the PDC
controller. The results showed better performance forwitcked control.

Thus, the contribution of this work was improved performarmnd isometric contraction
evoked by electrical stimuli dealing the non-ideal corahis (fatigue, spasms, tremor, muscular
activation and fault in the actuator) as uncertainties endbntrol design.

Future works may investigate a new mathematical model ferptlant, relating muscle
activation and kinematic variables appropriately with@lying on muscle torque estimation.
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4 A NEW ACCELERATION-BASED MODEL APPLIED TO ELECTRICALLY
STIMULATED LOWER LIMBS

"Just do not give up on the first attempts, persistence isadrof conquest.
If you want to get where most do not go, do what most do not".

Bill Gates

Electrical stimulation is an important technique, whiclmimizes muscle spasticity and re-
stores paralyzed limb movements. A mathematical modelasftgdynamics is fundamental to
control design. Different control techniques have beempgsed based on nonlinear model and
with parametric uncertainties. However, most studies usdeis based on angular position,
velocity, and torque as state variables. In practical agpbns, measuring torque is very dif-
ficult for isotonic contractions. In this Chapter, we prasenew nonlinear model whose state
variables are the angular position, velocity and acceteraf hus, the torque is replaced by an-
gular acceleration, which can be measured by accelerosndteaddition, the nonlinear plant
modeled by the proposed approach is described by TS fuzzelsiadd the design of a fuzzy
regulator is presented. At the significance level of 0.05tatissical analysis of closed-loop
control was performed for healthy and paraplegic individaé different operating points.

4.1 Introduction

Functional electrical stimulation has been shown to be @ for rehabilitation, muscle
strengthening and movement execution in individuals wginal cord injury.

The mathematical model of the plant to be controlled is funelatal for the controllers
design. In particular, the relationship among voltage aresu amplitude, pulse width, fre-
quency and corresponding joint movement must be well uholels However, this process
involves biomechanical interactions and complex, nomlirend uncertain physiological phe-
nomena (DORGAN; O'MALLEY, 1997; PREVIDI, 2002; SCHAUER dt,&2005).

Basically, the dynamic models of musculoskeletal systemBES control are divided into
two types. The first type refers to approaches whose purgosemodel internal processes
of the muscle, such as the models proposed by Hill, Huxleyoonkination of both. From
these derive mathematical models for isometric force ptiai (DING; WEXLER; BINDER-
MACLEOD, 2002; FREY LAW; SHIELDS, 2007), fatigue (MARION; BXLER; HULL,
2010) and movement (PERUMAL; WEXLER; BINDER-MACLEOD, 2006 the lower limb
from muscle contraction coming from electrical stimuli. wkver, modeling may be more
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complex due to the analysis of biochemical factors and cmafgld measurement of internal
parameters. Thus, this model complicates its experimemalalation with closed-loop con-

trollers. The second type of approach is the most common anariplementing real-time

controllers because they use black-box or gray-box moglslirategies.

In black-box modeling, mathematical representations aterchined without knowledge of
the physical laws that describe the behavior of the systeon.ekample, Previdi (2002) used
a nonlinear autoregressive exogenous black-box (NARXg diawback of empirical models
based on the input-output relationship is that their patareedo not have a physical mean-
ing. In turn gray-box modeling, the structure of the idenéifion model and its parameters are
associated with the dynamics of the system (FRANKEN et 8931 RIENER; QUINTERN;
SCHMIDT, 1996; FERRARIN; PEDOTTI, 2000; KIRSCH; ALIBEJIFHARMA, 2017). Riener,
Quintern and Schmidt (1996) proposed a biomechanical niodtle knee joint and introduced
functions in the activation dynamics and muscle contradtiocharacterize the system regard-
ing the stimulation parameters. The Ferrarin and Pedottbdel presented experimental tests
to obtain a second-order nonlinear model (FERRARIN; PEDQZ2U00). The experimental
procedure consists of two phases and takes into accountahigagional and inertial character-
istics of the anatomical segments together with the damgmaigstiffness properties of the knee.
Schauer et al. (2005) proposed an online approach to igigh@fparameters using normalized
radial basis function network and an extended Kalman filbeegtimate model parameters.
Although the proposed technique is valid, obviously thelangentation of this technique is a
challenge for embedded systems. Lynch, Graham and Pof@®4id &) included a block of non-
idealities to the Ferrarin and Pedotti's model. Experiraktasts performed by Kirsch, Alibeji
and Sharma (2017) improved the methods proposed by Stdi(#986), Riener, Quintern and
Schmidt (1996) for parameter estimation.

The future expectation is that the closed-loop electritatidation allows injured individ-
uals to perform precise movements in different applicatismch as cycling (BO et al., 2017),
swimming, standing, sitting pivot transfer, walking, amdang others. However, the most stud-
ies consider angular position, velocity, and muscle to@gistate variables due to the fact that
obtaining and monitoring the dynamic torque in real time dificult process for experimen-
tal validation (KIRSCH; ALIBEJI; SHARMA, 2017; TEIXEIRA etl., 2006; FERRARIN;
PEDOTTI, 2000).

Overcoming this challenge, we propose a new model whose\&aibles are angular po-
sition, velocity and acceleration. And the electrical silgrof these variables can be measurable
by sensors like electrogoniometer, gyroscope, and acrelder. Other techniques for measur-
ing the state variables can also be employed. We exempkfyse of the model for the TS
fuzzy controller design. Therefore, we intend that frons ttudy, other control techniques can
be tested and compared.
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In addition, the model proposed in this chapter tends to thpl@yment of wearable sen-
sors. In lower limb applications, inertial sensors havenbedensively studied for gait anal-
ysis, orientation and motion tracking (LUINGE; VELTINK, @8; DEJNABADI et al., 2006;
COOPER et al., 2009; SEEL; RAISCH; SCHAUER, 2014), evatratf knee ligament injury
(FAVRE et al., 2008), and monitoring of muscle fatigue, erggchanomiography (KRUEGER;
POPOVE-MANESKI; NOHAMA, 2018).

The rest of the chapter is organized as follows. Section le2gmts the acceleration-based
dynamic model. Section 4.3 describes the TS fuzzy reprasentfor the nonlinear model
proposed. Section shows the fuzzy control design of etadlyi stimulated lower limb based
on LMIs, and discusses the results obtained. Section 4septe a conclusion about the results
and a perspective for future studies.

For convenience, in some places, the following notatiorsesdu the symbol®, R, and
7% represent the set of real, positive real, and non-zeroipesittegers numbers, respectively;

the setl, = {1, 2,---, n;}, ny € Z; |, denotes the identity matrix of sizex n; all state
variables will be considered as time-dependent, for examygt) = x,, whenxn(t) is explicit it

will be to emphasize dependence in the time domeiday, ap, ---, &} is the convex hull of
the vectorsg;, i € I;; Xi(t) denotesa);i—,@, andwgy(z) = (3v;/_(zz)

4.2 Acceleration-based proposed model

Consider the lower limb dynamic model, described by nomlifenctionsi(2), 7(2), b(2),
fi(2),f(2) : R — R, b(z) # 0, andn{z) # 0, for all z(t) € R:

X =%
%o = (2) + E(2)% 4 b(2)%3 » (80)
X3 = fi(2)%s +fi(2)U

T
where the state vectalt) = [)21 X2 Xg,] , X1 Is the angular position is the angular velocity,
X3 Is the muscle activation provided by an estimated musctpimrandi’is the pulse width of
the electric stimulus applied to the muscle.

Thus, from (80), considering thafz) # 0, and¥; = %:

_ 1
*T 12

~

[)%1 — ﬁ(Z) — f(Z))zz} . (81)

Applying time derivative in (81),

oo 1
> B(2)2

{[X1—%4(2)2—£(2)% — Fa(2)ZR| B(2) — [%1 — #(2) — F(D)%| Da(2)Z},  (82)
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wherewy(z) = %, Tq(z) = %, andbg(z) = @.

Again from (80), forn{z) # O,

R TC (83)

Replacing (81) and (82) into (83) one obtains

U= ﬁ(Z)%(Z)Z {[X1—%4(2)2—£(2)% — F4(2) | B(2) — [%1 — (2) — F(2)%2] Ba(2)Z}
- n(I;)(?(Z> [)v(l - ‘7‘7(2) - f(z))v(Z} : (84)
Defining new variablegs;, = X1, Xon = %o = %1 andxXan = Xo = X1, thus (84) can be rewritten
as
L1 1 by(2)Z(2) .
= s R | e R @)
1 wy(2)z bye(z)zx(z) . o .
ol s R L L
1 . ba(2z . ..
F PR Gl
or rewriting,
fan — {w _ m(z)ﬁ(z)]
P2 MORE) . sz 5 e
+ [f(z) + bggiz—l—ﬁl(z)} %an +5(2)B(2)1

Therefore, the novel acceleration-based nonlinear mgdedpressed:

):Zln = )z2n

)%Zn = )z3n

oo = | 4 (Z)N—ﬁl(z)ﬁ(z)] [l MEED s s (@)
+ {N(Z> + gg;z-l-rﬁ(z)} Xan +1(2)b(2)U

-
where the state vectot(t) = [)“(m Xon >“<3n} , X1n IS the angular positions,, is the angular
velocity, andxz, is angular acceleration.
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4.2.1 Example: knee joint

The dynamic model for knee joint control is given by the edquilm between inertial
torgue and the gravitational torqdﬂb(e\,), passive musculoskeletal torqﬁ%((n(, ('n<) (com-
posed by stiffnesAs(¢) and damping\q(g) components), and muscular torque generated by
the electrical stimulatiofe( ¢, @, Ae):

JB\I = F'g(ev) +/~\p<§am Q‘k) + rke((ﬂo (h(, ake),

where8,, 8, € R is the angular position and velocity of the leg (shank-famhplex), respec-
tively; @, ¢ € R are the knee joint angle and velocity, respectively; ards muscle activation.

The technique proposed in this chapter is exemplified basatie@Ferrarin and Pedotti’'s
model (FERRARIN; PEDOTTI, 2000). The dynamic equilibriusmaxpressed by a second-
order nonlinear differential equation:

JB, = —mglsin(8,) —Ae E% (¢ — w) — Be+ Ma, (86)

whereJ € R is the inertial moment of the shank-foot complex;= 6, + g € R is the knee
angle, between the shank and the thigh on sagittal plage; 8, € R is the knee angular
velocity; m € R, is the mass of shank-foot complexg R is the gravitational acceleration;

| € R is the distance between the knee and the shank-foot compeg oenterB € R, is the
viscous friction coefficient}, E € R, are the coefficients of the exponential terms and R

is the elastic rest angle of the knee; add € R is muscular torque generated by electrical
stimulation.

The muscle activatioM,, that can be modeled by first order system as:

Ma G
p T1s+1

. 1
Ma = ?(—Ma‘i‘Gp) (87)
whereG, T € R are positive constants related to muscular torgue R ;. electrical stimulation
pulse width.

Ferrarin and Pedotti suggest an experimental method fairdbhy the model’s parameters.
These parameters refer to healthy (H1-H5) and paraplediciduals (P1-P3), as described in
the Table 10.

Consideringky = 6, Xo = 6y, X3 = M, andu’= p the dynamic (86)-(87) can be expressed
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Table 10 - Model’s parameter proposed by Ferrarin and Fddotiealthy (H1-H5) and para-
plegic (P1-P3) individuals.

Parameter [unit] H1 H2 H3 H4 H5 P1 P2 P3

J [kg.m?] 0.377 0.358 0.399 0.375 0.384 0.362 0.292 0.394
m [kg] 4.05 4.63 4.38 3.83 4.36 4.37 3.42 4.76

[ [m] 0.253 0.239 0.248 0.237 0.243 0.238 0.231 0.233
B [N.m.s/rad] 0.377 0.311 0.400 0.305 0.332 0.270 0.302 0.289
A [N.m/rad] 1199 4.679 3.657 4490 3.889 41.208 3.761 15.352
E [rad 1] -0.486 0.041 -0.031 0.257 -0.079 2.024 1.317 1.644
w [rad] 2548 2427 2710 2701 2412 0.264 0.264 0.264
G [N.m/s] 40000 40000 38500 40000 50000 42500 12500 11500
T [s] 0.454 0426 0.491 0406 0.438 0.951 0.203 0.215

Source: From (FERRARIN; PEDOTTI, 2000).

in a state-space formulation as (80), such that:

. 1 . CE(%a T [ T B. 1,

e = 5 | -malsing) —Ae 505D (145 - o) | - SR+ % (89)
X3 = 1>“< +Gu

A

Teixeira et al. (2006) proposed the following state spapeasentation of the system:

0 1

0 0
. ~ . B 1
X(t)= |f1®) =5 5 [x®)+ |0 |aw),
1 G
0 0 - .

T -
wherex(t) = [)'(1 Xo )“(3} , U(t) is the control input, and»1(X; ) is given by:

& 1 . CE(xam (v | TT
for(%1) = = [—mglsm(xl) — A E(u+3) (xl + = — oo)] .
JXq 2

Note that the state variables are position, velocity, angui®. However, it is challenging to
estimate the torque for each closed-loop operation point.

To overcome this problem, a novel state space model is aataand the torque variable
is replaced by angular acceleration. Consequently, anuadegepresentation from measurable
variables is obtained for state feedback control.

From (80) and (88), it follows that the functietiZ} is associated with the gravitational and
stiffness torque components. In additians related only to angular positioq, and then the
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following relation is valid:
~ . 1 . CE(a+T) (g4 T
#(2) = (%) = S | -mglsin(%) - Ae 8 (3t - w)]. (89)

while the functions{z) andb(z) are constant parameters,

ﬁa:r:—g, (90)
b(z) =b= % (91)

fi(z) =m(T) = —=, (92)

n(z) =r(G,1) = (93)

Therefore, considering that from (8&), = X., then the following relations hold:

W(2)z= 0w(vxl))-v(1 _1 —mglcos(Xy) —AeE(u+3) f AgeE(Rt3) ()'(1 NL oo)] %, (94)
0Xq J 2

b(z) =0, (95)
r(z) = 0. (96)
Replacing (89)-(96) in (85) one obtains (98). The final ainiglesign a controller that

keeps the angular position at desired posifiha= X1, = 6p, after a transient response. From
the third equation in (98), in the equilibrium poing, = X3, = 0, andu'= Ug, such that

[mglsin(@o) +re E(Bot3) (6o+35— w)}

Uo = S 97)
( ):Zln: v2n
Xon = Xan
v 1 P CE(%et T (o
Xan = 3 [—mglsm(xln) _Ae E(Rnt3) X1n—|—7—2T—oo)}
1 o o 5
3 {—mglcos%n) —re ECutE) L age 0wt E) (% + 2 — ) - ?} Xon
B 1]. G.
[_j — ?:| X3n + EU.
(98)

The equilibrium point is not at the origidi,  Xon >“<3n]T =[0 O qT. Thus, the follow-
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ing change of coordinates is necessary for stability amalys = X1, — B, X2 = Xon, X3 = Xan,
andu = U — Up.

Hence, considering (97) the system (98) can be rewritten as:

0 1 0 0
X(t) = 0 0 1| x(t)+ | 0| u(t). (99)
£(x1,60) J(x1,60) € B

T
where state vector is(t) = [xl X2 x3] , X1 Is the error between the angular positioR ~
and referencd, xo is the angular velocity, angs is the angular acceleration. The functions
£(x1, 60), I(x1, 6o), and the parametetsandB are given by:

~

1 . m T
Q(X]_, 90) = ?X]_ [—mglsm(xl + 90) —)\eiE(Xl+90+7> (Xl + 6o + 57 0)>} )

3(x1, 6) = % [—mglcos(xl + ) — Ae Ela+borE)

2
B 1
B

_G
)

In the next section we present the TS fuzzy technique to tesoonlinear system using
the local models convex combination.

4.3 TS fuzzy representation

Fuzzy systems are considered universal approximationnatifons, because it has the ca-
pacity to infer qualitative and even uncertain informat{g¥ANG; MENDEL, 1992). Through
fuzzy modeling we obtain exact representation of nonlif@actions, given by a number of lo-
cal and time-invariant linear models. The fuzzy repredenas established by the designer, in
order to obtain a satisfactory description of the systemfferdnt points in the space of states.
Thus, more sophisticated models can be obtained, consid#dre plant dynamics in distant
regions of the desired operation point. The sector-noatibheapproach is shown in the next
section (TANIGUCHI et al., 2001).

In the following Subsection, it will be exemplified the procee (presented in the Section
3.2.1) for obtaining a TS fuzzy model that describes an uagenonlinear system.
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4.3.1 TS fuzzy models for acceleration-based knee joint elod

Given the system defined in (99), and defining thatz(t)) = £(xq, 6p), and f3x(z(t)) =
J(x1, 6p). To obtain the generalized form it is necessary to deterntiaenaximum and mini-
mum values of the functions considering the compact set.falle@ving set®y was assumed,
wherez(t) = [x1(t) Xo(t) xa(t) 6o(t)],

Do={zeR*: —1.2<x(t) <1.2,-4< %(t) < 4,
—~10< x3(t) < 10, 0< Bp(t) < 1.2}

For example, considering the healthy subject H1, the miminammd maximum values of
nonlinear functions are

ag; = max{ fa1 (z(

(

t

t))} = ~11.6851,

%, = min{ fa1(z

—-96.4022,

(z(t))

(z(t)}
ag, = max{ fz»(z(t))} = —18.0064,
ag, = min{ fz2(z(t))} = —33.0229.

From (19)-(22) one obtains, respectively:

fa1 (2(t)) — a4,

h(alt) = 25,
— fa(z(t
ett) ==L flf\;( )
o (a) %
0%, (2(t)) = asza‘%fza(ét)).

The nonlinear functiorf31(z(t)) can be represented by a TS fuzzy model, considering two
local modelsa3; e a3;, that is, according to (17) there exis;(z(t)) andoz;(z(t)) such that,

fa1(z(t)) = 031(2(t)) 2z, + 051 (2(t) 8y,

with Z 03 (z(t)) =1, and 0< ogil’”(z(t)) <1
Gy~

Likewise, from (17) the functiorfzx(z(t)) can be represented by:

fao(2(t)) = 03,(2(t)) a8, + 0%y(2(t)) a5,
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with 'S oy (2(t)) = 1, and 0< 03" (2(1)) < 1.

Considering the dynamic expressed in (99), from its unc€ranlinear terms, it follows
Zpn=1{(3,1),(3,2)} and Zg = {}. Therefore,na = 2, ng = 0, and counting bijections are
defined axa(3,1) = 1, ca(3,2) = 2. There is no bijection focg. From (29) obtains the index
¢ for changing combinations of variable given@/j) and expressed by

_ i,j)—1
o=1+ | Z o(ca(i,j)—=1) (taj) _1> ,
(Ivj)ef@A

¢ =1+ (35— 1) +2(t8, - 1). (100)

From (30) and (100) obtains the membership functions

as(2(1)) = o((t) A (1),
a2(2(1)) = odp((1)) B (1), ao1)
a3((1)) = O(2(t)) o 2(1),
aa((1)) = 0B((1)) B (1),

4

satisfying to‘bz ag (z(t)) = 1.

=1

The dynamic (99) can be described by a convex combinatiah) @fdocal models of the T-
S fuzzy system as expressed in (14). The local models araedtaom (31)-(32), considering
¢ € I4. In such a way that from (31) one obtains

A1 = A+ aiAz1+aiAs,
Az = A+ a3 A3+ akAsm,
Az = A+ a3 Az +a3,A 3,
Ag= A+ a5 Az +a3,A 3,

where the matricess; andAsz; are

0 0O 0 0O
Az1=10 0 0|,A3=1]0 0 0.
1 00 010

And from (32) one obtains

B, =B,=B3=B,=B.
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Table 11 - Parameter of the TS fuzzy local models for healtty@araplegic individuals.

Subjects a3, a3, a, a3,
H1 -11.6851 -96.4022 -18.0064 -33.0229
H2 -22.9496 -104.9125 10.8242 -45.0638

H3 -10.2088 -73.3120 7.6172 -38.0379
H4 -19.7044 -85.3859 13.3598 -36.5745

H5 -29.7279  -77.2926 3.0928 -39.8012

P1 7.1275 -141.4784 20.8478 -358.5996
P2 -37.9580 -165.5286 15.3002 -45.5599
P3 -35.4149 -177.0747 17.6995 -162.8031

Source: From author.

The matrices\ andB, respectively, are composed by the constant and known alsroé
the state matrix and control-input matrix, and using zeorgtie remaining elements. From

B 1 G :
(99),¢ = (—— — ?) = —5.3847, ands = (—) — 1.3576x% 10° one obtains

J 7J
01 0 0
A=10 0 1 B = 0
0 0 -5.3847 1.3576x 10°

Observe that the system (99) has two nonlinear functier(g(t)), f22(z(t)). Consequently
were necessany = 22 = 4 local models for exact representation of the system tHr@®jfuzzy
models.

In the next section, it will be presented a design procedurthi controller’s gains through
the stabilization conditions by Lyapunov functions and ptemented by performance indexes,
such as: decay rate, input and output constraints.

4.4 TS fuzzy control design
4.4.1 TS fuzzy controller

The Parallel Distributed Compensation (PDC) will be usethadesign of fuzzy regula-
tors to stabilize the nonlinear systems described by TSyfozadels. The idea is to design a
compensator for each rule of the fuzzy model. For each rgi@guinear local models, linear
control design techniques are used. The designed fuzzyotlentshares the same sets of rules
with the fuzzy model in the premise parts.

Considering the model fuzzy (13), the regulators via PDGehhe following structure:

R? 1 IF z,(t) isM? AND --- AND z,(t) is Mg,
THEN u(t) = —Fgx(t), ¢ €1y,
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Similarly as (14), it can be concluded that:

Nr

u(t) = _¢210{¢ (z(t))Fex(t) = —F(a)x(t). (102)

The aim of the fuzzy regulator design is to determine thellG@edback gaing in the
consequent parts (TANAKA; IKEDA; WANG, 1998).

Therefore, replacing equation (102) in (14), considerB@) ©ne obtains:

X(t) = .Zr“‘ @) |Aix(t) - B, <Z ai (2) ij(t)>]

k=3 aio Zrla,-(z) Za, 2) BiF jx(t ]
I= _]:

X(t) = [A(a) —B(a)F(a)]x(t). (103)

DefiningGij = [Ai — BiFj], then (103) can be rewritten
n ne

X(t) = 2 ai (z(t)) aj (z(t)) [Ai —BiFj} X(t), (104)
v
i=1j=

n ne

X(t) = ai (z(t)) aj (z(t)) Gijx(t),
1
i=1j=

O = 3 02 (20 Gaxtt) + 23 @ aft) e (2l0) | 2158 ),
i= i<

where
n—1 ny

n
Zraij = Zl Z aij.
i<] i=1 j=1+1

4.4.2 Stabilization and constraints in the control design

Stabilization and constraints in controller design for liveear systems using TS fuzzy mod-
els via LMIs are presented in this Subsection.

As a performance index for system analysis, the decay rgiat constraint, and operation
region will also be considered in LMIs.

4.4.2.1 Decay rate

Theorem 3. (TANAKA; WANG, 2001) The equilibrium pokit= 0 of the continuous-time fuzzy
control system given i(iL4) is globally asymptotically stable with a decay rate greatean
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or equal tof, if there is a positive definite symmetric matdxe R™*™(X > 0) and matrices
M; € R™*™ such that for all j j € I, , the following LMIs are feasible:

—XAT —AX+BM;j+MBl —28X >0,i=1,2,---,r, (105)

— (Ai+A) X=X (Ai+A)) +BM; +BM; +M[B] + MTB] —4BX >0, i<],
(106)
if (105)and(106)the gains are given blyj; = M;X 1, i € I, guaranteed the global asymptotic
stability of the system.

Proof. The proof is detailed in Tanaka and Wang (2001). O

4.4.2.2 Input constraint

The electrical stimulators have a practical limitation ba tontrol signal, the pulse width
or amplitude can reach a maximum value to be applied on thelmuBor this reason, input
constraint must be considered in control design.

Theorem 4. (TANAKA; WANG, 2001) Assume a known initial conditkd@). The constraint
lu(t)||, < u is complied for all time © 0 if the following LMIs are feasible:

o
>0, (107)
x(0) X
X %
M. Il2|] >0. (108)

If this conditions are feasible the controller gains aregivoyF = M X Lie Iy, .

Proof. The proof is detailed in Tanaka and Wang (2001).

4.4.2.3 Operation region

The fuzzy TS representation of a nonlinear system is adeqna& bounded domain of
validity (KLUG et al., 2015). A low performance or system tiasility may occur when the
state trajectories do not belong to the validity domain efrtiodel. The domain of validity can
be represented by a polyhedral set

0 £ {x(t) e R™: [Nmyx(t)| < @ry, heIp}, (109)
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Figure 11 - State space trajectonegt) delimited by a region of operatiofi, a positively
invariant regiong’(P, 1), and a set of initial conditiong".

Source: From author.

.
whereN = N(Tl) N~ -~-N(T) e RP™andp = @y q0<2)-~-q0<p)}T e RP are known.

2 p
Consider&’ (P, ) and & be the following sets:

E(P,8) = {x(t) e R™: x(t)TPx(t) < 5}. (110)

An invariant region for the operation of the system is coesd. Then the system state an
initial condition in a suitable region within an operatinggron, will remain in this region for
all't > 0. In other words, determining an invariant region, sy, d) C ¢, such that, for all
x(0) € &(P,0), the state vectox(t) of (15) remains in the operating regian for all t > 0.
Consequently, (14) exactly represents the system (1%)3dd and allx(0) € &(P, ).

For example, the Figure 11 illustrates possible statedi@jies for a closed-loop system,
whereXy(t) = [Xin(t) Xon(t)]" € R2. Note that the desired initial condition®™ are contained
in the positively invariant sef (P, 1), which in turn is a subset of the operating regi@rstipu-
lated for the system. In other wordg; C &(P,1) C &. Then, for all trajectory inZ", or even
&(P,1), the state trajectory is asymptotically stable.

Theorem 5. Consider a nonlinear system described(b§) and an operation regiow(t) € &,
fort > 0, givenin(109). Assume that there exist a symmetric positive definite riatg R™ "™,
such that

[¢(2h) N(h)X] >0, (111)
* X

hold for all he Tp. Therefore, if(0) € &(P, 1), given in(110), whereP = X1, thenx(t) € &,
t>0.

Proof. More details are in Alves et al. (2016). O
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A guarantee that a convex hull is contained in the invariagian&’(P, 1) is described in
Remark 6.

Remark 6. The constrainto 7 C &(P, 1), where?” = co{wy, Wo,---, Wq} and @ is a pos-
itive constantw;,, € R™ for all iy, € Iy, is the convex hull of known vectorg,wv, ---, Wy, is
enforced if
—~ 2
w *
[ >0, (112)
wi, X

holds for all iy € I. Thus,w can be used as a variable to obtain a less conservative egtima
of the domain of attraction and to search the ‘largest’ edlyid & (P, 1).

Observation 1. The LMIs that specify input and norm constraints, and opegaegion must be
considered together with the LMIs that guarantee the sitgtahd decay rate, when specified.

4.4.3 Controller for acceleration-based knee joint model

The LMIs were solved through the YALMIP language (EFBERGHRERG, 2004), MATLAB®
software and SeDuMi solver (STURM, 1999).

Controller gains were based on LMIs that ensure decay ré®){106), input constraint
(107)-(108), an operating region (111), and a set of intt@hditions (112). The following
parameters were adopted for the healthy and paraplegiectsbp = 1.6; @ > =1; N = I 3;
p=[12 4 10";w1=[30m/180 0 QT;w,=[-20m/180 0 Q';u =0.001.

In this study, it was considered control signal based oneowislth. These results can be
obtained for other modulation techniques, such as voltagament amplitude modulation.

The feedback gains and matifxfor healthy and paraplegic subjects are in the Tables 13
and 14. The following initial conditiong(0) =[0 0 0 @', 8 =30 for 0<t < 10s,
6o =47 for10<t < 205,60 =60 for20<t < 305,00 =40 for 30<t < 40 s,6) = 20° for
40<t < 50s, anddy = 50° for 50 < t < 60 s, were adopted.

Knee joint control results are shown in Figures 12 and 14.pFbposed controller was able
to maintain the joint angle in the desired position when gference changed. The regulation
results were satisfactory for both groups. Besides thatsthtes variables were constrained to
an operating region and positively invariant se€t) € 2° C &(P,1), as shown in the Figures
13 and 15.

The root mean square error value in the transient (TRMSExdststate (SSRMSE), and
over the total time (SSRMSE) were analyzed. The TRMSE vakere obtained during initial
5 s of the transient response. Meanwhile, the SSRMSE cameésgihe last 5 s of regulation in
the reference position.
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Figure 12 - Results from healthy individuals (H1-H5). Siatidn of the controlled knee joint
system using the acceleration-based model, whose staabemrare angular posi-
tion X1 (t), angular velocitys(t) and angular acceleratiog(t). The fuzzy control
system presents the following performance index: decafdat 1.6, input con-
straintyu = 0.001.
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The independent samples t-test was also performed to cotiféstatistical significance of
the mean values of RMS error for each time interval of bothugso(healthy and paraplegic).
The t-test assumes data samples belonging to a normabdisdtn population and homoge-
neous variances. Thus, the Shapiro-Wilk normality test @aployed for data analysis. The
results indicated that all data present normal distrilbu{jw > 0.05). And regarding the ho-
mogeneity of the variance, the Levene test shows homogdioeitransient period (p-value of
0.278), steady-state (p-value oBQ9) and entire trial (p-value of.827).

At a significance level of @5, one cannot concluded that there is a significant diffexen
of RMS errors for transient period (p-value ofl80), steady-state (p-value oP15) and entire
trial (p-value of 0169) between healthy and paraplegic individuals. Althotighperformance

for paraplegic individuals was satisfied, the pulse widtcheed a level higher than for healthy
individuals.

Observation 2. The controller gains and matrices of the Lyapunov functiotamed for healthy
and paraplegic individuals are listed in the Tables 13 andré&4pectively.
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Figure 13 - Lyapunov functioW (x) = x" Px obtained from healthy individuals.
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Figure 14 - Results from paraplegic individuals (P1-P3jn@ation of the controlled knee
joint system using the acceleration-based model, whosewsaables are angular
positionxi (t), angular velocityy(t) and angular acceleratiog(f). The fuzzy
control system presents the following performance indexag ratg3 = 1.6, input
constraintu = 0.001.
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Figure 15 - Lyapunov functioW (x) = x" Px obtained from paraplegic individuals.
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4.5 Conclusion

By our knowledge, a new model based on acceleration was pedpand validated for
healthy and paraplegic individuals. The nonlinear moded described by TS fuzzy models,
and a state feedback regulator was applied. Results irdibat the proposed technique is
suitable for lower limb joint control by electrical stimaian. An important contribution of this
chapter is that the proposed model allows to replace torgummate in the nonlinear model by
angular acceleration measurement, which can be perforroaddccelerometer. In this study
no uncertainties were considered in the plant. In futureka/oothers closed-loop controllers,
besides the presented PDC, for other joints such as the,amlideen for upper limp joints, may
be obtained based in the proposed model.
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5 STATE-SPACE MODEL IDENTIFICATION FOR ELECTRICALLY
STIMULATED LOWER LIMB USING GRAY-BOX APPROACH

"They were really 'Good Samaritans’ - willing to give of thestves for the benefit of others.
So this kind of attitude influenced me deeply."
Lotfi A. Zadeh

Functional electrical stimulation (FES) has been used faide range of rehabilitation
applications. The modalities for spinal cord injured api@yboth gait training using muscle
strengthening as well as restoring vital body functionse Muscular behavior is nonlinear and
uncertain, which causes difficulties in neuroprosthegmiegtions. One challenge is to obtain
greater time of muscular activation evoked by electricahgli and simultaneously minimize
fatigue, spasticity, tremors, disturbances, and otheemainties. Closed-loop control systems
deal satisfactorily with disturbances and uncertainti€®e model-based control design ap-
proach allows understanding physical and/or biochemigatiples and identifying phenomena
involved. This chapter proposes an experimental appafatiussts to identify state-space of
the knee joint evoked by electrical stimuli. Model param&feom 24 individuals (20 healthy
and 4 paraplegics) are presented. In addition, the systewalaated under conditions of load
disturbance, stimuli repetition, and parametric variabetween days after repetitive tests. The
results presented may spark ideas for developers of FE&tepstems.

5.1 Introduction

Functional electrical stimulation (FES) is an importarghieique to restore movement in
people with paralyzed limbs. The system’s mathematicalehmdfundamental to the control
design. Particularly in the FES, the relationship betweatage or current applied on muscle
and the joint position must be well understood. Howevesg fitocess involves biomechanical
interactions and several complex physiological phenome&hah are dynamic, nonlinear and
uncertain.

Ferrarin and Pedotti (2000) presented experimental seéudtn second order nonlinear
model of the dynamic lower limb movement. Another imporstody was proposed by Previdi
(2002), who used NARX models through polynomial structwed neural networks. Schauer
et al. (2005) used an online approach to identify parameidrs muscle model was represented
by a product between nonlinear activation dynamics and &mear static contraction function,
described by a neural network. In addition, an extended HEalfilter was implemented to es-
timate model parameters. By varying the parameter of musdagth (in simulation mode),
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the obtained results showed robustness in position cofur@losed loop response. Although
the proposed technique is valid, the implementation is Hexinge for embedded systems. Teix-
eira et al. (2006) showed that the nonlinear dynamics of etrétally stimulated lower limb
can be represented by Takagi-Sugeno fuzzy models. Alththeyescription is adequate, the
experimental validation it is difficult, because the systsmncertain.

Most models consider angular position, angular velocity amuscle torque as state vari-
ables. However, itis a challenge to measure the dynamicsistimtorque. Thus, validation of
control techniques becomes difficult.

To overcome this problem, we propose a data-driven ideatifio procedure, where posi-
tion, velocity and acceleration are considered as staiablas. In this chapter, the dynamic
model adopted represents the lower limb kinematics and atarsactivation. Through an ex-
perimental procedure, we show the parameters identifitabosidering the linearized model.
We propose three tests to analyze the muscle behavior. Apsisan statistical variation of
the model parameters is presented.

This chapter is organized as follows. Section 5.2 presdmsbnlinear and linearized
dynamic model of electrically stimulated lower limb. Secti5.3 describes the test platform,
and specifies the research methodology. Section 5.4 psabentesults and discussion. Section
5.5 concludes and indicates a perspective for future works.

5.2 Dynamic Model of the Lower Limb Motion Evoked by Electrical Stimulation

Consider the nonlinear systefy, = f (X1, Ui) expressed as:

<

Xin = Xon
)%Zn = )z3n
Xan = [ mglsin (%) — e E(ant3) (y(lmL g_ w)}
2 [ mlostin) e %) 2 <) (157 ) -
+ {_? — } Xan -+ Ef].
. J 3

(113)
wherexin, is the angular positiony, is the angular velocitys, is the angular acceleration, and
d is the control signal.
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5.2.1 Linearized State-Space System

The linearized state-space system can be computed usiabidadinearization on (113)
and considering the desired states and control signals, as

. 0 1 0
A= g)v(f:“) o o 1], (114)
v:v ~ vd
=%, U= Az1 Az Ass
31 (%, 1) 0
%n, U
B = = ) 115
au 0 ( )

9t O) ! X —E(E 4+ (& T
Az = ’ — = | _malcogsd ) Lt AEe E®nt3) (3d L Z
31 O%en )‘(n:)‘(fljm e 3 [ mg COS( 1n) + e (X1n+ 5 w)
~re =D 15 [molsin(i) -+ 2AEe £+
~AE% ) (%, + 2 - w)]. (16)
A32: df;)fn, U) _ = |:_mglcos<)‘{(ji-n> _ e E(X1n+§)
Xon lx=xd G=i@
—E(E+5) (¢ n B
FAEe E(K 3 (xg’n+ . oo> =|. @17)
200881 -
Xn x=xd, t=id J
f ~ ~
Ba1= o g(rl’ o) _ & (119)
U lg=xd =i 7Y

5.3 Materials and Methods
5.3.1 Subjects

This study was authorized through a research ethics cosemitivolving human beings
(CAAE: 79219317.2.1001.5402) in the S&o Paulo State UsityefUNESP), being 24 healthy
volunteers (age 2% 3 years, 16 male and 4 female), and 4 paraplegics (ageBgears, all
male). Table 12 details some informations on the parapegitunteers.
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5.3.1.1 Inclusion criteria

Healthy and paraplegics individuals older than or equaBtgdars old were adopted, male
or female. The healthy were chosen the subjects withoutrlesi congenital disease, which
compromise the lower limbs movements partially or totallgd the paraplegis were considered
individuals with spinal cord injury.

5.3.1.2 Exclusion criteria

Individuals under the age of 18 years, pregnant women argktivith cardiovascular dis-
ease were considered unfit for the tests. We also excluddthiaéadividuals who showed
fear behavior, discomfort and voluntary movements, as s@g@do electrical stimulation. In
this study only spinal cord injury was evaluated, other §ypkinjuries limiting motor mobility
were disregarded.

Table 12 - Specific informations on the paraplegics voluisteensidered in this study.

Subject Masgkg] Heightim] Agelyrs] Time afterinjury [yrs] Levelof SCI FES training [mth]

P1 75 1.87 31 2 C4-C5 0
P2 48 1.68 25 7 T5 0
P3 68 1.80 30 10 T3-T4 0
P4 65 1.65 52 31 C7-C8 0

Source: From author.

5.3.2 Plataform

Experiments were performed on a test platform equipped ggtinsors and devices, as
shown in Figure 16. The platform is instrumented by sensooma electrogoniometer (Lyf,
one LPR510AL gyroscope (ST Microelectroriigs two MMA7341 triaxial accelerometers
(Freescal®), one NI myRIO controller (National Instrumefiftsaccompanied by software Lab-
VIEW Student Edition, installed on a computer with a prooesstel Coré" i7-4780, 3.6 GHz,
16GB RAM.

The electrical stimulator consists of four independenincieds. Each channel has a wave
generator circuit, consisting of a bandpass filter {18000Hz), a differential amplifier and
two voltage-to-current converters (VI converter). The postage is formed by Wilson current
mirrors.

The stimulation intensity is controlled by setting the gubmplitude to the quadriceps
and controlling the pulse width. The muscular electrostatar delivers rectangular, biphasic,
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symmetrical pulse to the individual’s muscle, and allowsdjustment of the pulse width in a
range of - 400us. The stimulus frequency were fixed in 50 Hz. The channeecaamplitude
was predefined at values 70, 80, 100, 120 mA, and this valugad.fiThe channel for each
individual was determined from pre-assessment, in ordesstablish which channel of lower
electric-current intensity obtains muscle contractiothimrange from 0 to 60

Anti-aliasing filter is applied to signals captured from sers. After analog-to-digital con-
version, the data is adjusted and filtered digitally. Theudergposition signakiy, from the
electrogoniometeve(t) is preprocessed as

. 21
Xin = %(KeVe(t) —Voff(t)) , (121)

where the operatdtPF denotes low-pass filtekyst is the offset voltage, and the parameter
Ke = 650.8. Similarly, the gyro signaly(t) is obtained as

Xon = LPF(X2n), (122)
. 21 (1
%on = 550 (Kiga(t) — Kag) (123)

where the gyroscope parameterskifg= 0.0025 andKyg = 1.22. The LPF is an elliptic digital
filter (also known as Cauer filter) considering passabanpleif.1 dB, sampling frequency
fs = 50 Hz, high cutoff frequency;, = 10, stopband attenutation 80 dB, and order 10.

5.3.3 Experimental Setup

The safety and comfort indicator is a stop button that deatss the stimulation pulses.
The chair backrest and the knee joint position are adjustbleach volunteer. A procedure
determines the motor activaction point for proper positigrof the surface electrodes in the
quadriceps. More informations about this technique aréG@BBO et al., 2014). Once the
motor point is defined, then the surface is scraped and dedre electrodes used are rectan-
gular self-adhesive size 5090 mm.

After the motor-point identification, open-loop experineiare performed. These tests
consist to a constant pulse width sign%lhbplied during a known time interval. The stimulation
frequency adopted is 50 Hz. The pulse width, position, vgland angular acceleration data
are recorded at the end of each test.
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Figure 16 - The leg extension plataform for electrical steion tests located in the Instru-
mentation and Biomedical Engineering Laboratory - UNESRS-
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5.3.4 Assay A: identification based on step signal

It consisted of applying a pulse-width step and monitorimg $ystem response. The test
duration is about four seconds. Approximately 2-minuteetinterval is timed to muscle rest.
Next, a step signal is applied again during the interval af feeconds. It was established the
maximum number of 10 tests. The initial pulse width was aegiso approximate the angular
position of 40.

5.3.5 Assay B: load disturbance

It consisted of 30 step-signal of electrical stimuli comsidg the same pulse width and
ensuring rest time in all attempts. The procedure considtree phases: i) pre-evaluation of
step-signal response; ii) load disturbance inserted inawer limb; and iii) removal of load
disturbance. The step signal response is performed 10 imeach phase, maintaining the
same pulse width.

After 10 pre-assessment tests, a load (1 kg) was insertesg ¢tothe ankle joint. The
procedure was repeated maintaining the same pulse widtiedah the previous phase. After
this load disturbance, another 10 tests were performeduitbad.
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5.3.6 Assay C: one-day interval after repetitive tests

The first session consisted of step signal applied in 30 iteped. The volunteer was asked
not to carry out physical efforts until the next experimés&ssion. After 24 hours, the identifi-
cation procedure based on the step signal was repeated.uRgevadth applied was the same
as the first session.

5.3.7 System identification procedure

From a state space representation, the system transferoinigan be obtained. Consider
A% = AAX + BAU, whereAx = %, — X3, Au = U, — U4, the matricesA andB expressed in (115)

Y
and (115), respectively. Then, the transfer functitfs) = —Ui))

output (angular position) ard(s) is the system input (pulse width), can be written as

whereY(s) is the system

H(s) =C(sl —A) 1B+D, (124)
_ TINY
_cdel(/\) adj(A)" B+D, (125)
whereA = (sl —A), and

det(A) = (s* — Agas® — Agos— Ag) , (126)

- Az3s—Azy S—Ags3 1
adj(A)" = A1 —Ags  s|. (127)

Az1s Pers+Ag &

Therefore, taking the equations (114)-(115), (126)-(1Z7>=[1 0 0, D =0, and re-
placing in (125), one obtains

Bs1

H(s) = .
©) $3 — Agss? — Agos— At

(128)

The system excitation is performed by step signal. The iflesion procedure considers
single-input and single output system (SISO), being thatifpulse width), and the output
(angular position). The system data were obtained in a gefid seconds. The experimental
data were recorded from P8 before the step change. The identification of the parameter
performed estimating the third-order transfer functiomtigh the MatLaB function "tfest".
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Figure 17 - Identification based on step signal.
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5.4 Results and Discussion
5.4.1 Identification based on step signal

At each step signal applied, it is desired to obtain the sysesponse closest to the oper-
ating point, Figure 17. The results show an interesting Wehaln the first test, by applying
200us the angular position reached steady state aboutld3he second test, the pulse width
was reduced to 180s, and the angular position was approximately. 2By increasing 1f1s,
the angular position approached of’38 the third test. The fourth test shows the uncertain
control signal, where again applying the pulse width of th&t tiest (20@xs), the angular posi-
tion is different (about 39. The fifth test indicates that the pulse width is uncertainperate
at a given operating point. The angular position obtainedmles that of the first test, but the
pulse width differs by 1f1s.

Using the procedure detailed in subsection 5.3.7, the muataimeters can be determined.
The values of each individual are listed in Table 15. The mg®t 1 and 2 indicates the
maximum and minimum values, respectively. The subscriptefers to the matrix indices of
the elements.

5.4.2 Load disturbance

The data obtained in the thirty tests are shown in Figure h&he pre-evaluation phase,
the first system response tended t§.50lote that although there is a rest time, after a large
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Figure 18 - System behaviour in (a) pre-assessment (so#l I{b) load disturbance (dotted
line), and (c) post-assessment (dashed line).
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number of trials, the angular difference increases sigmitig. Our hypothesis is that muscle
fibers recruited locally by fatigue surface electrodes ntpriekly and consequently degrades
the muscle activation performance.

When inserting load, the angular position declines, bex#us system operates in an open
loop. Considering the system without load disturbances rdted that the angular position is
close to 20.

This behavior is an indicative of muscle fatigue both by theed disturbance as well as the
electrical stimulation. The statistical variation of ther@meters in each test phase is shown in
Figure 19. On each box, the central mark is the median, thesedgthe box are the 25th and
75th percentiles, the whiskers extend to the most extrerteeptants not considered outliers,
and outliers are plotted individually. The average of theap®etersAzi, Asz, Az tends to
increase, whereas the trendBaf; is to reduce as the repetitions increases. The effect iifiesns
after the load disturbance, which shows lower muscle aeabna

5.4.3 One-day interval after repetitive tests using stegnsil

After a series of repetitions the fatigue condition on mgimint becomes evident (GORGEY
etal., 2009; WESTERBLAD et al., 2000). In the next day, whpplging the same pulse width
and electrode position in the quadriceps, the system regpaintained is different as shown in
Figure 20.
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Figure 19 - Parametric variation derived from pre-assess(RRE), load disturbance (LD),
and post-assessment (POST).
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Figure 20 - Identification performed in one-day intervaksen 1 (solid line), and session 2 -
after one day (dashed line).
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The frequency of stimulation used in this study was 50 Hz cWipiossibly accelerated the
fatigue process. Minor frequencies are suggested to nueirhie effect of fatigue (WEST-
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ERBLAD et al., 2000). Higher frequencies reduce the cormegion of Na ions and increase
K™ ions, consequently impairing motor nerve conduction.

5.4.4 Limitations

Although the gray-box technique allows to know the muschbé&dravior, the non-guarantee
of convexity is a limitation. Consequently its applicatismestricted and not suitable for control
design based on convex models.

5.5 Conclusion

This chapter proposes a test methodology for gray-box ififgatton. Experimental tests
were conducted to collect parameters of healthy and payiggledividuals. The identification
tests demonstrated that the technique is a good strategwlioag¢e muscle behavior.

A load disturbance accentuated the muscular fatigue pspegtested by the analysis of
the presented model parameters. It was evident from thésebat the electrical stimulation
system deals with uncertain parameters, with intra- and-imidividual variation.

The data set provided is a contribution to control systemgadesFuture works may use
different closed-loop control techniques to evaluate yfs¢esn behavior in relation to parametric
uncertainties.
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6 GENERAL CONCLUSION

In this thesis, the state-of-the-art on closed-loop cdsystems applied to knee joint reha-
bilitation using superficial electrical stimulation wenepented.

The knee joint control system using electrical stimulatias treated as an uncertain non-
linear system. In the control design, LMIs conditions caaisied the TS fuzzy modeling to
a state-space operation region was performed. The switb@dol subject to actuator satu-
ration was compared to Gaino et al. (2017). The performafhtieese were evaluated under
non ideal conditions of the muscle (fatigue, spasms anddreand fault in the actuator. Re-
membering that the fuzzy control law is dependent on the neeshipp functions. When the
system has uncertainties, the fuzzy controller is inadiegioa this problem. On the other hand,
the switched-control law has proved to be an interestingaggh because it does not depend
on the membership functions. Using the switched contro} {@gvobtained better results than
the combination of the control gains by the membership fonst because it chooses a state-
feedback controller gain belonging to a given set of gainat minimizes the time derivative
of Lyapunov function, and reduces the control signal. Havean unwanted effect is that the
control signal is susceptible to a high frequency switclahtipe controller gains. This problem
can be overcome by using the soft minimum, proposed in (AL¥ES., 2016).

In addition, a new dynamic model of electrically stimulateder limbs was proposed. The
advantage of this model is to obtain the kinematics and masdynamics represented in state
space through the variables angular position, angularcitgland acceleration. Therefore, in
this new representation the torque variable has been explacacceleration. A TS fuzzy mod-
eling of this plant was shown, as well as the parallel disted compensation control design
considering an operating region.

Finally, an experimental arrangement was set up to idepafameters of the linearized
model. The gray-box identification approach was performeshfthird-order transfer function.
The muscular behavior was investigated in three tests afythiem response to the step signal,
load disturbance and analysis on different days. A wellrdefibehavior of parametric variation
was observed in the presence of muscle fatigue.

6.1 Future works

The research field is broad and promising, it is possible atgdesting to investigate: LMIs
conditions for switched control design considering acuaubject to saturation and delay;
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LMIs conditions for asymmetric saturation and/or null coamt (e.g. PWM control signal);
data-driven TS fuzzy local models; real-time system to nomnuscle fatigue in isotonic and
isometric contractions; an electrical stimulator basedamplitude modulation and isolated
channels; a electrical stimulator that monitors the curflemw into or out of the electrode, and
adjusts the voltage output of the power supply to maintaiarestant current; and a new hybrid
system for lower and upper limb rehabilitation.
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APPENDIX A - GAINS AND POSITIVE DEFINITE SYMMETRIC MATRIX
FOR ACCELERATION-BASED MODEL



APPENDIX A - GAINS AND POSITIVE DEFINITE SYMMETRIC MATRDRFECCELERATION-BASED MODE12!

Table 13 - Gaing; and positive definite symmetric mattixfor healthy individuals.

Subject

GainsF and Matrix P

H1l

F1=10%x[9.0209 35518 05237 77499
Fo=10"%x[9.3899 31200 05234 80343
Fs=10%x[0.9353 18415 02492 46685
Fis=10"%x[2.6891 20179 03347 60963
103971 29199 02259 95720
2.9199 11569 00900 24257
0.2259 00900 00174 01834
9.5720 24257 01834 106226

P=

H2

F1=10%x[9.1088 39388 05132 8439]
F,=10%x[10.0667 26240 05266 94213
Fs=10%x[0.7726 23724 02991 53228
Fs=10"%x[4.0725 20271 04540 55159
159184 38450 03725 163964
3.8450 13207 01327 37165
0.3725 01327 00237 03459
16.3964 37165 03459 220041

P—

H3

F1=10%x[7.6939 41346 05422 78072
Fo=10"%x[9.8349 30977 05957 97553
F3=10%x[14290 27174 03440 5119§
Fs=10%x[55850 25735 05265 88893
130601 34774 03279 128984
3.4774 13015 01274 31843
0.3279 01274 00229 02903
12.8984 31843 02903 160667

P=

H4

F1=10%x[6.9823 37967 04584 5900(
F,=10%x[8.8415 28763 04979 73841
F3=10"%x[1.1120 23429 02546 33184
Fs=10%x[5.6234 25887 04600 69751
10.9661 31937 02719 100889
3.1937 12886 01129 26791
0.2719 01129 00204 02209
10.0889 26791 02209 112078

P—

H5

F1=10 %x[7.4336 35307 04768 69769
F,=10"%x[8.5100 26771 05050 79008
F3=10%x[3.8992 19783 02349 40107
Fs=10%x[3.5395 20389 03992 67444
114204 30557 02622 110618
3.0557 11554 01002 27229
0.2622 01002 00191 02248
110618 27229 02248 132890

P:

Source: From author.



APPENDIX A - GAINS AND POSITIVE DEFINITE SYMMETRIC MATRDRFECCELERATION-BASED MODE1L2:

Table 14 - Gaing; and positive definite symmetric matiigfor paraplegic individuals.

Subject Gains K and Matrix P

P1 F1 =10 3x[2.8453 13618 01368 22129
F,=103x[2.7093 —0.0611 00666 19508
F3=103x[2.0908 12589 01218 2039(
Fs=103x[2.7625 01157 01069 24242

17.2221 41228 01957 152875

41228 16459 00747 31002

0.1957 00747 00136 01511

152875 31002 01511 159950
P2 F1=103x[1.6418 08764 00687 14259
Fo=103x[1.6490 06193 00689 14315
F3=103x[1.0667 08762 00686 1425§
Fs=10"3x[10743 06192 00689 14317

111800 34527 02441 98420

3.4527 14156 01032 27673

0.2441 01032 00179 01891

9.8420 27673 01891 101228
P3 F1=10°x[3.2295 12034 01532 27914
F,=103x[2.9733 03930 01260 25824
F3=10"3x[-0.0900 06483 00654 15710
Fs=103x[1.0998 03704 01287 27369

147978 34543 03242 155100

34543 11550 01073 34334

0.3242 01073 00203 03012

155100 34334 03012 214222

P—

P=

P—

Source: From author.
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APPENDIX B - STATE-SPACE MODEL IDENTIFICATION FOR
ELECTRICALLY STIMULATED LOWER LIMB



Table 15 - Model’'s parameters from healthy and paraplegiwviduals.

Subject Session M a3, a3, a3, a3, a3, als b3, b,  1[MA]  Umin[US] Umax[uS]
H1 1 10 -208.3518 -107.329 -78.4714 -55.3666 -9.4785 -6.65462228  0.4393 70 340 340
2 10 -262.6347 -145.2338 -85.0702 -66.0235 -9.6953 -7.40863631 0.7235 70 300 300

H 1 10 -366.2919 -106.0237 -134.7143 -37.7548 -26.6076 &2800.1774 0.4770 70 390 390
2 10 -380.5041 -137.8383 -81.1869 -41.5447 -10.1800 -4.26D.2091 0.6068 70 390 390

1 10 -291.5581 -62.6548 -75.3536 -41.5937 -9.0396 -3.8922164% 0.7199 70 290 290

H3 2 10 -222.8938 -97.1484 -77.7864 -47.8532 -10.7384 -5.319682055 0.5292 70 290 310
Ha 1 10 -107.9921 -13.6093 -160.2695 -17.4008 -14.0896 -806®.0349 0.3120 70 265 265
2 10 -146.3542 -17.1347 -65.3395 -16.4418 -19.6807 -5.52860582 0.2878 70 265 265

H5 1 10 -28.5538 -0.0001 -54.8781 -31.0824  -5.8112 -3.4596 1320 0.0715 100 310 310
2 10 -216.0328 -3.4153 -92.956  -27.4802 -8.6471 -4.5313 2010 0.5412 100 230 300

H6 1 10 -314.1281 -2.8144 -104.2689 -11.3976 -14.6985 -1.32@60169 0.6189 70 205 210
2 10 -172.1663 -18.2726 -115.7653 -27.8994 -14.4875 -3999.0716 0.7178 70 210 210

H7 1 10  -33.9763 -3.2647 -28.7298 -12.3878 -6.3673  -3.9455 1330 0.1087 80 250 250
2 10 -112.2274  -1.4620 -56.6962 -16.3206 -8.7886  -3.79170121  0.3101 80 250 300

H8 1 10 -311.5347 -234.5072 -90.0313 -80.9556 -10.7240 -8598.6789 0.9240 70 223 223
2 10 -229.9216 -140.9376 -78.1216 -62.8343 -9.7505 -8.53124659 0.8008 70 220 220

HO 1 10 -126.6589 -10.4113 -55.6474 -18.1725 -8.5560 -4.28910100  0.2579 80 320 390
2 10 -14.5575 -2.6509 -21.3817  -9.0361 -8.0816  -2.4738 1%01 0.0379 100 275 282

1 10 -230.2553 -47.3409 -87.3230 -38.4507 -11.1278 -6.62D81330 0.5498 70 250 250

H10 2 10 -282.9698 -167.5383 -130.1712 -71.6617 -14.2140 5§.620.6077 1.0586 70 190 190
3 10 -187.0645 -3.5156 -85.8503 -16.1093 -10.9313 -4.1479012®6 0.3661 70 310 320

H11 1 10  -39.0603 -5.2241 -31.2847  -9.5072 -4.8772  -2.6318 6402 0.1857 100 140 140
2 10 -229.0225 -29.6343 -109.7201 -28.4365 -20.4394 -4739.1176 0.9546 100 155 170

H12 1 10 -415.3087 -131.0427 -99.7279 -48.9604 -16.7668 -@689.1440 0.4409 70 400 400
2 4 -9.3420 -0.0003 -23.4866 -20.7240 -7.0869 -3.8388 (0100.0249 100 310 310

Continued on next page
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Table 15 —Continued from previous page

Subject Session M a3, a3, a3, a3, a3, als b3, b,  1[MA]  Umin[US] Umax[s]
H13 1 4 -54.9791 -2.2707 -36.8982 -20.8832 -5.8894  -3.0236 5301 0.1390 70 300 300
14 1 7 -495.6669 -0.0001 -95.6153  -1.1372  -17.5206 -1.11480041 0.3301 80 230 300

2 10 -133.9872 -1.6529 -64.3092 -18.6579  -8.0623  -2.4499019%  0.2325 80 230 247

15 1 10  -61.9333 -2.3748 -91.9681  -5.9837 -8.6658 -2.9013 8900 0.1586 70 295 295

2 10 -189.6134 -6.4645 -119.2415 -21.3261 -16.7554 -2.65220225 0.5500 70 295 295

H16 1 10 -176.6017 -39.1472 -84.7384 -34.7689  -9.3832 -5.2920768 0.3800 70 330 370

2 10 -415.5939 -3.5187 -122.0402 -33.3080 -10.2373 -6.1780062 0.4651 70 340 360

H17 1 10 -122.0760 -15.8112 -59.5658 -22.1080 -7.5859 -3.92950324 0.3236 70 315 350

2 10 -127.8641 -6.0191 -72.4038 -21.0464 -10.6838 -2.5670027®  0.3336 70 315 330

H18 1 8 -539.8027 -0.8040 -160.6109 -4.9047 -188.9384 -0.506600M2  0.5978 70 160 165

H10 1 10 -67.1334 -1.0414 -58.2693 -15.3464  -8.4179  -3.2185 1030 0.2111 70 220 240

2 10  -58.8651 -5.6363 -48.7529  -7.5680 -13.6385 -2.1563 1960 0.2419 70 190 220

H20 1 10 -175.6832 -0.0001 -91.5647 -4.5114  -10.7701 -1.4052003® 0.4424 70 250 250

2 10 -337.8324 -13.7402 -226.4101 -18.2836 -35.2319 -491@.0340 0.7966 70 287 287

1 10 -154.0400 -93.6318 -68.3566 -51.1396 -7.2553 -5.635018M  0.3110 70 350 380

2 5 -110.3978 -49.4599 -52.4159 -31.1436 -7.0402 -6.2417114D  0.2809 80 280 300

P1 3 5 -88.9525  -29.9835  -46.7651 -24.6258 -6.2290 -3.9167 7400 0.2306 80 290 300

4 5 -152.6574 -83.5007 -61.2818 -44.8905 -7.3111 -3.747319748 0.3710 80 280 300

5 5 -116.7021 -82.9055 -52.0386 -44.3848 -5.3108 -3.680%22311 0.34176 100 230 240

1 5 -14.6319 -6.9517 -15.2461 -10.1326  -3.6238 -2.5659 301 0.0279 80 350 370

P2 2 5 -212.5456 -183.8859 -75.7601 -63.9973 -11.5934 -9.24782992 0.3754 80 310 370

3 5 -127.7830 -35.1559 -58.1002 -31.5816 -8.1616 -7.0172062&  0.2263 80 300 350

P3 1 3 -337.0047 -237.2122 -85.7010 -79.3645 -12.2678 -8.79M47363  0.9050 140 250 260

P4 1 5 -288.9254 -119.0084 -72.7393 -58.6385 -11.4148 -6.46@843515 0.5333 120 280 300
Total 50 426

Legend Nt Number of trials in each session.

Source: From author.
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