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Abstract

ur main contribution in this work concentrates on three objectives: 1) The synthe-
O sis of high gain observers for a class of uniformly observable nonlinear systems with
sampled output and estimation of the high gain of the continuous—discrete time observer
that corresponds to the minimum value of the cost function by using metaheuristic
algorithms (BBO, PSO and GA). 2) Combination of PSO with Proportional-Derivative
(PD) and Proportional-Integral-Derivative (PID) to design more efficient PD and PID
controllers for robotic manipulators. Two PSO approaches were used: PSOCIW and
PSOVIW. These approaches allow optimizing the controller parameters K, (proportional
gain), K; (integral gain), and K, (derivative gain) to achieve better performances. The
proposed algorithms are performed in two steps: (1) First, PD and PID parameters are
offline optimized by the PSO algorithm. (2) Second, the obtained optimal parameters
are fed in the online control loop. Stability of the proposed scheme is established using
the Lyapunov stability theorem, where we guarantee the global stability of the resulting
closed-loop system, in the sense that all signals involved are uniformly bounded. 3)
Proposition of an adaptive interval valued fuzzy controller for high performance direct
vector-controlled induction motor drive. An interval valued controller compared with a
type-1 fuzzy controller has the advantage that it can take into account the linguistic

uncertainties present in the rules of the estimated models.
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Résumé

otre principale contribution dans ce travail se concentre sur trois objectifs: 1) La
Nsynthése d’observateurs a grand gain pour une classe de systemes non linéaires
uniformément observables avec une sortie échantillonnée et ’estimation de la valeur
du grand gain de 'observateur continu-discret qui correspond a la valeur minimale
de la fonction objective en utilisant des algorithmes métaheuristiques (BBO, PSO
et GA). 2) Combinaison du PSO avec le contrdleur Proportionnel-Dérivé (PD) et
Proportionnel-Intégral-Dérivé (PID) pour concevoir des controleurs PD et PID plus
efficaces pour les manipulateurs robotiques. Deux approches PSO ont été utilisées:
PSOCIW et PSOVIW. Ces approches sont utilisées pour optimiser les parametres du
contréleur K, (gain proportionnel), K; (gain intégral) et K, (gain dérivé) pour obtenir
de meilleures performances. Les algorithmes proposés sont exécutés en deux étapes:
(1) Premiérement, les parametres PD et PID sont optimisés hors ligne par ’algorithme
PSO. (2) Deuxiémement, les parametres optimaux obtenus sont ensuite introduits dans
la boucle de contrdle en ligne. La stabilité du schéma proposé est établie en utilisant le
théoreme de stabilité de Lyapunov, ou nous garantissons la stabilité globale du systeme
en boucle fermée, dans le sens ou tous les signaux impliqués sont uniformément bornés.
3) Proposition d’un controleur flou adaptatif a valeur d’intervalle pour I’entrainement
de moteur a induction a commande vectorielle directe a hautes performances. Un
controleur a valeurs d’intervalle par rapport a un controleur flou de type-1 a I'avantage
de pouvoir prendre en compte les incertitudes linguistiques présentes dans les regles des

modeles estimés.
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GENERAL INTRODUCTION

system is a combination of elements or parts which is considered as a single
Astructure. These parts are generally defined with a particular set of variables,
called the states of the system that completely determine the behavior of the system
at a specific time. A dynamical system is a system which state changes with time.
Specifically, the state of a dynamical system can be considered as an information storage
or memory of past system events. The set of states of a dynamical system must be
enough rich to completely determine the behavior of the system for any future time.
Hence, a dynamical system consists of a set of possible states in a given space, together
with a rule that determines the current state of the system in terms of past states.

A nonlinear system is a system that cannot be described by linear differential
equations with constant coefficients. It is a set of nonlinear differential or difference
equations, describing the temporal evolution of the variables constituting the system.
This definition explains the complexity and diversity of nonlinear systems and the
methods that apply to them. The modeling of nonlinear system depends on the physical
nature of the system but also on the simplifying assumptions that it is possible to make.

Metaheuristic algorithms are computational intelligent models that have a wide
range of applications in different fields of applied mathematics, engineering, and other
sciences. A metaheuristic is a natural-inspired algorithm that contains a set of methods
especially used for sophisticated solving optimization problems such as performance
amelioration.

Metaheuristic algorithms like Genetic Algorithms (GAs), Particle Swarm Opti-
mization (PSO), and Biogeography-Based Optimization (BBO) are used for solving
difficult optimization problems. The best solution is obtained throughout some parallel
calculations on biological, animal or biogeographical populations.

A genetic algorithm is the most popular technique in evolutionary computation
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research and a heuristic method based on “Survival of the fittest”. GAs are a sub-
class of Evolutionary Algorithms (EAs) [1], they are inspired by natural selection and
evolutionary genetics. GA was discovered as a useful tool for search and optimization
problems.

Particle swarm optimization is one of the metaheuristic algorithms and a population-
based stochastic optimization technique proposed in 1995 [2]. The aim of PSO is to
search for the optimal solution in the search space. Its main idea is based on swarm
intelligence. It uses two simple equations to explain the social attitude between a group
of animals (fish, birds, etc.) [3, 4, 5, 6].

Biogeography based optimization is a biogeographical metaheuristic algorithm
proposed in 2008 [7]. BBO is a new population based evolutionary algorithm and is
based on an old theory of island biogeography that describes how biological species are
distributed geographically. This method was inspired by the biogeographical concept of
speciation or the evolution of new species, migration of species between islands and
the extinction of species. An important study was performed in [8] where the authors
provide a comparative study of these metaheuristic algorithms with all details of their
overheads and complexities.

System states are very crucial in automatic control and their knowledge is essential
for the implementation of control laws (state feedback or output feedback) and delivering
relevant information on the state operation of the process. Usually, states are measured
by sensors placed on the system. However, the system cost, volume and weight are
augmented; also, the reliability of the whole system decreases with hard surroundings
circumstances. Moreover, from a practical point of view, it is often very difficult to
have access to all states in the cases when it is not always possible to reach them.
Therefore, the necessity to use a supplementary dynamic system, called observer, which
is responsible for estimating the state of the system is essential. Observers are excellent
alternatives to physical sensors. Observer synthesis uses the relative data system, i.e.,
its dynamic model, its inputs and its measured outputs.

First articles dealing with the synthesis of observers for linear systems were published
in the early 1960s by Kalman [9] and later by Luenberger [10], while a design of nonlinear
observers began in the 1970s. These last years, designs of state observers have strongly

mobilized the scientific community [11, 12, 13, 14]. An observer is a dynamic system
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either in continuous or discrete time that calculates the current states of a system from
previous information considering both inputs and outputs of the system.

Among the most important observers that we can find in the literature is the high
gain observer which has some advantages such as: (1) Design simplicity (2) Global or
semi-global stability for large class of systems which means that their use can provide
stability for any arbitrarily chosen initial conditions (3) Relatively fast (4) Robustness
to modeling uncertainties and external disturbances. On the other side, there are some
drawbacks of the high gain observers as their sensitivity to measurement noise and
they suffer from the peaking phenomenon due to the high gain which produces an
initial sharp spike in the response of the state estimates. This phenomenon can cause
instability for some types of systems. For more details an interesting survey concerning
high gain observers in feedback control can be found in [15].

The first contribution presented in this thesis is the application the above mentioned
metaheuristic algorithms to adjust the high gain parameters of the continuous—discrete
time observer in order to find the optimal estimation states. The framework of the
proposed method is constituted of two steps. First, we present an optimized high gain
structure which works in an offline manner which allows finding the optimal values of
the high gain parameter. Second, obtained high gain value from step one is injected
into the feedback linearization control loop running online for state estimation. The
efficiency of optimization methods is investigated by presenting a short comparative
study between BBO, PSO and GAs.

For decades, PD and PID controllers are the most widely used technique for
controlling industrial processes. In this work, we introduce a new alternative to tune PD
and PID parameters based on PSO optimization algorithm by optimizing the objective
function defined by Mean Absolute Error (MAE). Minimizing the MAE is usually
considered as a good performance index designing, and its optimization will adjust PD
and PID parameters K, K; and K. Note that optimization process is constrained in
order to guarantee the stability of the system by using Lyapunov stability method. In
this investigation we propose an alternative for the adaptation and optimization of K,
K; and K,. For this propose we suggest to combine PSO with PID and PD in order to
improve their performance.

The second contribution given in this dissertation concerns the optimization of PD
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and PID parameters using PSO algorithm. Inertia weight is a crucial parameter of the
PSO algorithm which allows controlling its convergence. Two different inertia weights
are considered in this paper: Constant Inertia Weight (CIW), and Variable Inertia
Weight (VIW) which give us two strategies PSOCIW and PSOVIW. The aim of this
investigation is to apply these two strategies for the optimization of PID (PD) free
parameters to control a robotic system.

In the past decade, fuzzy logic control (FLC) strategy has been the focus of many
studies and research for the control of nonlinear systems [16, 17, 18, 19]. One of the
advantages of the fuzzy based control is that linguistic information can be directly
incorporated into the controller without need an accurate mathematical model of the
plant. Though, in presence of parameters variation of the plant, recourse to adaptive
control is in most cases unavoidable. Adaptive fuzzy concept combines the robustness of
fuzzy logic systems and the adaptation capabilities of adaptive control. Adaptive fuzzy
controllers (AFC) provided an attracting approach to obtain the fuzzy parameters of a
FLC by using a tuning algorithm. Model reference adaptive fuzzy control (MRAFC)
technique has been applied usefully to control induction motor drives [20, 21, 22].

Type-2 fuzzy logic is an extension of type-1 fuzzy logic; it was introduced by
Jerry M. Mendel [23] as an efficient tool which can outperform type-1 fuzzy logic in
many situations, especially when uncertainties are present. Type-2 fuzzy logic was
applied in many engineering areas, and the first application in adaptive control was
proposed in [24, 25] where the authors gave how a type-2 fuzzy system can be used
as a control system. Two approaches may be considered to reduce the computational
burden while preserving the performance and the advantages of a type-2 fuzzy system:
1) Using a faster type-reduction method. Several algorithms are being developed for
this purpose, including the modified enhanced Karnik-Mendel (MEKM) method [26],
enhanced Karnik-Mendel (EKM) method, the enhanced iterative algorithm with stop
condition (EIASC) method and many other methods reported in [27]. 2) Using a simple
architecture with a reduced number of membership functions and rules.

The third contribution to this work is the development of a new indirect adaptive
type-2 fuzzy controller (IAFC) for induction motors based on MEKM algorithm. The
proposed scheme is based on the use of two controllers, the first one determines the

feedback control by using type-2 fuzzy logic systems, and the second one generates
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the supervisory control (SC) action to stabilize the whole system when it tend to be
unstable.

This thesis is composed of six chapters organized as follows:

The first chapter presents the general notions, stability and the dynamic models
of nonlinear systems (the robot manipulator and the inverted pendulum-cart system).

In the second chapter we present observers design precisely the continuous-time
high gain and the continuous discrete-time high gain observers of a class of MIMO
nonlinear systems.

In the third chapter we present metaheuristic algorithms and the theory of
optimization methods used in the present study.

The fourth chapter of this thesis presents the results of observer’s high gain
optimization by metaheuristic algorithms.

The fifth chapter presents the results of estimating the controller parameters K,
K; and K4 by metaheuristic algorithms to achieve better performances.

In the sixth chapter we present an indirect adaptive control based on type-2 fuzzy
controller, with supervisory control to stabilize the nonlinear dynamical system.

Finally, we conclude this dissertation with some conclusions.
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1.1 Introduction

nonlinear system is a system that is not linear. it is a system which output is not
Adirectly proportional to its input due to the interconnections and interdependencies
within the system. Nonlinear systems theory is a modeling framework for describing
nonlinear phenomena. There is not a general theory for these systems, but several
methods were adapted to certain classes of nonlinear systems. Dynamic models are
essential for understanding the nonlinear system dynamics in open-loop or for closed-

loop control. These models are either derived empirically from data or from more
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fundamental relationships that rely on knowledge of the process.

Stability theory is crucial in dynamics and control systems. The stability of a
dynamical system means that the system outputs and its internal signals are bounded
within admissible limits or, the system outputs tend to an equilibrium state. A number
of more accurate stability concepts, such as asymptotic stability, exponential stability,
and global asymptotic stability.

Dynamic model determines the mathematical model which relates the input variables
to the output variables. In general, such mathematical representation of the system
is realized by ordinary differential equations. The system’s mathematical model is

obtained typically via one of the two following techniques.

o Analytical this procedure is based on physical laws of the system’s motion. This
methodology has the advantage of yielding a mathematical model as precise as is

wanted.

o Experimental this procedure requires a certain amount of experimental data
collected from the system itself. Typically one examines the system’s behavior
under specific input signals. The model so obtained is in general more imprecise
than the analytic model since it largely depends on the inputs and the operating
point. However, in many cases it has the advantage of being much easier and

quicker to obtain.

This chapter presents the general concepts of nonlinear systems, stability theory and

finally dynamic models of a manipulator robot and an inverted pendulum-cart system).

10
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1.2 General notions of nonlinear systems

1.2.1 Nonlinear systems

Nonlinear systems can be modeled by a finite number of first-order ordinary differ-

ential equations [1]:

o= fi(t,z1, .. T, U, Up)
By = fo(t,T1,. ., Tn, UL, .., Up)

: (1.1)
Tp = fo(t, 21, .., Ty, U, ..., Up)
y=h(t,z1,...,Tp,u1,...,up)

where
i; denotes the derivative of x;, with respect to the time variable t;
ui, ..., u, are specified input variables;
x1,...,T, the state variables;
y is the system output.
The n first-order differential equations (1.1) can be expressed as one n-dimensional

first-order vector differential equation called the state equation:

= f(x,t,u) (1.2)
y=h(t,x,u)
where
T Uy fi(t,z,u)
=11 |[,u=|1 |, f(t,>u)=
Ty Up fu (t,x,u)

Equations (1.2) is called the state model.

Special Cases:

« An important special case of equation (1.2) is when the input « is identically zero.

In this case, the equation takes the form

= f(2,,0) = [ (2,1) (13)
This equation is referred to as the unforced state equation.

11
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o The second special case is obtaind when f(x,t) is not a function of time. In this

case, the equation is as follows:

&= f(z) (1.4)

in this case the system is said to be autonomous. Autonomous systems are
invariant to shifts in the time origin in the sense that changing the time variable
from ¢t to 7 = t — a does not change the right-hand side of the state equation.

Otherwise, the system is called nonautonomous.

1.2.2 Equilibrium points of a nonlinear system

The equilibrium point is a crucial principle when dealing with the state equation.

Definition 1.2.2.1. point x = x. in the state space is said to be an equilibrium point

of the autonomous system
&= f(z)

if it has the property that whenever the state of the system starts at x., it remains at x,

for all future time.

According to this definition, the equilibrium points of (1.4) are the real roots of the
equation f (z.) = 0.

1.3 Stability of a nonlinear system

The analysis of the behavior of nonlinear systems, especially in the vicinity of the

equilibrium points, is the study of their stability [2].

Definition 1.3.0.1. If the system is initially "slightly" disturbed from its point of

equilibrium the system remains "close" to this point of equilibrium.
In the sense of studying local or global stability, there are two methods, namely:
e Phase plane

o Lyapunov stability

12
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Stable Unstable

Figure 1.1: Hlustration of stability and instability.

1.3.1 Phase plane

Phase plane analysis is a graphical method for studying second-order systems. The
fundamental concept of the method is to generate motion trajectories corresponding to
different initial conditions, and then look at the qualitative features of the trajectories.

The phase plane method is described by
i1 = fi (21, 72) (1.5)

Ty = fo (1, 72) (1.6)

where
x1 and x5 are the states of the system,;
f1, and f5 are nonlinear functions of the states.

Due to initial conditions z(0) = xy, Equations (1.5 and 1.6) define a solution x(t).
With time ¢ € [0, 00), the solution z(t) can be represented geometrically as a curve in
the phase plane. Such a curve is called a phase plane trajectory. A family of phase
plane trajectories corresponding to different initial conditions is called a phase portrait

of a system.

1.3.2 Lyapunov stability

System stability is distinguished by analyzing the response of a dynamical system
to small disturbances in the system states. The most full contribution to the stability
analysis of nonlinear dynamical systems was introduced in the late nineteenth century
by the Russian mathematician A.M. Lyapunov in his work entitled The General
Problem of the Stability of Motion [3, 4].

13
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Definition 1.3.2.1. A system is stable in the Lyapunov sense, if Ve = 0, 30 = 0 such

as ||zo|| <0 = ||z ()| < e.

This definition means that, regardless of the requirement ball of size ¢, it is always
possible to choose a certain sub-ball of size § such that, for all the initial conditions
included in this sub-ball, the resulting trajectories will be, at all times, included in the

size € requirement ball.

Definition 1.3.2.2. A system is unstable in the sense of Lyapunov when it is not stable

in the sense of definition (1.3.2.1).

Figure 1.2: Unstable system (in the left), Stable system (in the right).

1.3.3 Lyapunov stability theory

We consider the general nonlinear autonomous dynamical system [5]
z(t)=f(x(t), x(0)==z9, te€]0,7) (1.7)

where

0<7 <o

x (t) € D C R™: is the system state vector;

D is an open set with 0 € D;

f: D — R™is continuous on D. We assume that for every initial condition x (0) € D
and every 7 > 0, the dynamical system (1.7) possesses a unique solution x : [0,7) — D

on the interval [0, 7).

Definition 1.3.3.1. i) The zero solution x (t) = 0 to (1.7) is Lyapunov stable if,
for all € = 0, there exists d = 0 (¢) = 0 such that if ||z (0)]| < 0, then ||z (0)|| < e,
t >0 (see Figure 1.3).

14
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it) The zero solution x (t) = 0 to (1.7) is locally asymptotically stable if it is Lyapunov
stable and there exists 6 > 0 such that if ||z (0)|| < 0, then Jim (t) = 0 (see
Figure 1.4).

it1) The zero solution x (t) = 0 to (1.7) is globally asymptotically stable if it is Lyapunov
stable and for all x (0) € R", Jim (t) =0.

i) Finally, the zero solution x (t) = 0 to (1.7) is unstable if it is not Lyapunov stable.

J‘:; : 2.
X &

Figure 1.3: Lyapunov stability. Figure 1.4: Asymptotic stability.

Figure 1.5 shows the asymptotic stability, Lyapunov stability, and instability notions
of an equilibrium point. Clearly, exponential stability implies asymptotic stability and

asymptotic stability implies Lyapunov stability.

Lyapunov stable Merwinaaialls

___ stable

Unstable

Figure 1.5: Asymptotic stability, Lyapunov stability, and unstability of an equilibrium
point.
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Theorem 1: Lyapunov’s theorem

Consider the nonlinear dynamical system (1.7) and assume that there exists a

continuously differentiable function V' : D — R such that

V(0)=0 (1.8)
V(z) >0, xeD, x#0 (1.9)
V'(z) f(z) <0, zeD (1.10)

Then the zero solution x (t) = 0 of (1.7) is Lyapunov stable.
If, in addition,
V'(z)f(x) <0, =ze€D, z#0 (1.11)

Then the zero solution x (t) = 0 to (1.7) is asymptotically stable.
Finally, if there exist scalars a, 3, € >= 0, and p > 1, such that V : D — R satisfies

allz|* <V (z) < BllzlI’, €D (1.12)

V'(2)f(x) < —eV(z), x€D (1.13)

Then the zero solution x (t) = 0 of (1.7) is exponentially stable.

1.4 Dynamic models of robotic systems

The dynamic model of robot manipulators is typically derived in the analytic form,
that is, using the laws of physics. Due to the mechanical nature of robot manipulators,
the laws of physics involved are basically the laws of mechanics.

Robot manipulators are articulated mechanical systems composed of links connected
by joints as illustrated in Figure 1.6. The joints are mainly of two types: revolute and
prismatic [6].

On the other hand, from a dynamical systems viewpoint, an n DOF system may be
considered as a multivariable nonlinear system. The term "multivariable" denotes the
fact that the system has multiple (e.g. n) inputs (the forces and torques 7 applied to
the joints by the electromechanical, hydraulic or pneumatic actuators) and, multiple

(2n) state variables typically associated to the n positions ¢, and n joint velocities ¢. In

16
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4
e
S

Joint 1

i

Figure 1.6: Diagram of an n DOF robot manipulator.

Figure 1.7 we depict the corresponding block-diagram assuming that the state variables

also correspond to the outputs.

q
r Robot —
—" :
Manipulator |———»
q

Figure 1.7: The input—output diagram of a robot manipulator.

1.4.1 Lagrange’s equations of motion

One of the most common procedures followed in the computation of the dynamic
model for robot manipulators, in closed form (i.e. not numerical), is the method which
relies on the so-called Lagrange's equations of motion which was first reported in
1788.

The use of Lagrange’s equations requires the notion of two important concepts: kinetic
and potential energies.

Consider the robot manipulator with n links depicted in Figure 1.6. The total
energy E of a robot manipulator of n DOF is the sum of the kinetic and potential

energy functions, K and P respectively, i.e.

17
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E(q,4) = K (g,4) + P(q)

where ¢ = [q1, . .. ,qn]T.
The Lagrangian L (q,q) of a robot manipulator of n DOF is the difference between its
kinetic energy K and its potential energy P, that is,

L(q,q) = K(q,9) — P(q) (1.14)

The Lagrange equations of motion for a manipulator of n DOF, are given by

d [8L (q,Cj)] 0L (g,9) _
dt g dq

or in the equivalent form by

d 19L(q,q)| O0L(q;q) _ _ .
dt[ 94, aq; T heen )

where 7; correspond to the external forces and torques (delivered by the actuators).

The use of Lagrange’s equations in the derivation of the robot dynamics can be reduced

to four main stages:
1) Computation of the kinetic energy function K (g, q).
2) Computation of the potential energy function P (q).
3) Computation of the Lagrangian (1.14) L (g, q).

4) Computation of the Development of Lagrange’s equations (1.15).

1.4.2 Dynamics of a two-link planar RR arm

We present in what follow an example of a Two-Link Planar RR Arm (2 DOF)
shown in Figure 1.8 that illustrate the process of obtaining the robot dynamics by the
use of Lagrange’s equations of motion.

To determine its dynamics, examine Figure 1.8, where we have assumed that the link

masses are concentrated at the ends of the links. The joint variable is [7]:
T

and the generalized force vector is

T

(1.17)

T—[Tl D)

with 7, and 75 torques supplied by the actuators.

18
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y (9. 30)
A

i

a, 6 lg
a, my
q | .

0 X

Figure 1.8: Two-link planar RR Arm.

a. Kinetic and potential energy

For link 1 the kinetic and potential energies are

1 )
K, = 5mmf€f

P, = myga; sin 6y

For link 2 we have

To = aq cos by + ay cos (01 + 05)
Yo = aq sin by + ag sin (6, + 605)
Zi’g = —alél sin 91 — Q9 (91 + 92) sin (91 + (92)

U = a10; cos b1 + as (91 + 92) cos (61 + 05)

so that the velocity squared is

Uy = 43 + U3

= a%@% + CL% (01 + 92)2 + 2&1&2 (9% + 9192> COS 92

Therefore, the kinetic energy for link 2 is

Ky = tmyv?

2

2

= 1meaib? + Smaaj (91 + 92) + Maaias (9% + 9192) cos O

The potential energy for link 2 is

Py = maygys
= mag [ay sin 01 + ag sin (6, + 65)]

19
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b. Lagrange’s equation

The Lagrangian for the entire arm is

L:K—P:K1+K2—P1—P2
. . .\ 2
= % (m1 + m2> a%@f + %mga% (‘91 + 02) (1 27)
+meaias (0% + 9192> COS 02

— (mq 4+ ma) gay sin 0; — mogas sin (61 + 602)

The terms needed for (1.15) are

oL . L L
% = (m1 + mz) a%@l + mQCL% (91 + 92) + moQ1ao (291 + 92) COS 92
1
d oL ) o o
o = (m1 + my) a201 + moa3 (91 + 92) + Moaqas (291 + 92) cos
1
—Maoa109 (2‘9192 + 9%) sin ‘92
oL
20, = — (my + ma) gay cos 6y — magas cos (01 + 605)
L . . :
889. = mga% (01 + 92) -+ m2a1a201 COS 92
2
d oL L i} .
dtg@ = TTLQCL% (61 -+ 62) + m2a1a201 COS 82 — m2a1a29192 sin 82
2
oL .
% = —Moa109 (9% + 01€2> sin 92 — Magay COS (01 + 92)
2

Finally, according to Lagrange’s equation, the arm dynamics are given by the two

coupled nonlinear differential equations

™ = [(ml + m2) CL% + mga% + 2m2a1a2 COS (92] él
+ [maa3 + moayas cos O] Oy — moayay (29192 + 9%) sin 6, (1.28)
+ (my + my) gay cos by + magas cos (01 + 65)

Ty = [Maad + maayay cos ] By + maa3hy + maayasb? sin by (1.29)

+magas cos (01 + 02)
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c. Manipulator dynamics

Writing the arm dynamics in vector form yields

él moQ1a2 (20102 -+ 9%) sin 02
+

M(q) | . .
92 —m2a1a29% sin 92
B (my + my) gay cos By + mogasy cos (61 + 02) (1.30)
magas cos (01 + 65)
T1
T2
where
mi1 Mi2
M(q) = (1.31)
ma1  Mag
with
my = (ml + mg) CL% + mQCL% + 2moaqas cos 92
M1 = Mol = Mol + Maa1as cOS Oy
TMog — mgag
These manipulator dynamics are in the standard form
M(q)§+C(q,q) +G(q) =7 (1.32)

with M (¢) the inertia matrix, C (g, ¢) the Coriolis/centripetal vector, and G (q)

the gravity vector.

d. State space modeling
A state space formulation of the system (see Figure 1.8) can be obtained by

choosing a vector state

T 01 T T2
T2 91 . Ztg Zi'l
x3 0, T3 Ty
T4 02 Ty T3
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where
—maaiay (2T94 + T3) sin 13
I _ m2a1a2x§ sin x3
T mi1+m a1 COSxT1 + Mmeogas cos (1 +
3 n ( 1 2)9 1 1 29G2 ( 1 3) (1.33>
Mmagas cos (1 + 3)
|
T2
with

myy = (my + ma) a? + maal + 2moaias cos 3
mi2 = Mo = mga% + moaiag COS T3
_ 2
Moy — m2a2
Simulations of positions tracking, speeds, errors and phases plane of the first and the

second joint by the feedback linearization method are shown in Figure 1.9, Figure 1.10,

Figure 1.11 and Figure 1.12.

The first joint

0 A 10 15 20
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O oo

021
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The second joint

0 3 10 15 20
Time (sec)

Figure 1.9: Positions tracking by feedback linearization.
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Speed of the first joint
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Speed of the second joint

0 5 10 15 20
Time (sec)

Figure 1.10: Speeds by feedback linearization.

Error of the first joint
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Figure 1.11: Errors by feedback linearization.
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Figure 1.12: Phases plane by feedback linearization of the first and the second joint.

1.4.3 Dynamic model of the inverted pendulum-cart systems

Often inverted pendulums (1 DOF) are considered in combination with moving

carts. The system of a single pendulum installed on a cart is drawn in Figure 1.13.

Figure 1.13: An inverted pendulum-cart system.

The dynamical model of the cart and the pendulum is often obtained by applying

force analysis using free body diagrams and Newton’s second law F' = ma or the
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Lagrangian approach.
It is assumed that the pendulum rod is mass-less, and the hinge is frictionless. In such
assumption, the whole pendulum mass is concentrated in the centre of gravity (COG)
located at the center of the pendulum ball. For this case, the moment of inertia of the
pendulum about its center of gravity is small (we assume I = 0). The cart mass and
the ball point mass at the upper end of the inverted pendulum are denoted as M and
m, respectively. There is an externally z-directed force on the cart, u(t), and a gravity
force acts on the point mass at all times. The coordinate system considered is shown in
Figure 1.10, where x(t) represents the cart position, and 6(t) is the tilt angle referenced
to the vertically upward direction [8]. @ and @ represent velocity of the cart along the
horizontal axis and angular velocity of the rod around the rod-cart connection point,
respectively. Here (see 1.15),

n=u T2=0 (1.34)

The total kinetic energy of the pendulum—cart system can be written as

2 2
K = i Mi® + %m[% (x + lsin@)} + %m{% (ZCOSQ)}

_ lMx'Q—i—%m(a’c+lécos€)2+%m(—lésinQ)Q (1.35)

— 2

= L (M +m)@? + mlif cos § + %ml292

The total potential energy of the system, using the bottom of the pendulum rest position

as the vertical reference point, can be written as
P =mglcos@ (1.36)
Therefore, the Lagrangian equation is given by
1 .2 . ) [y
L= §(M+m)x +mla:9cos€+§ml 6% — mgl cos 6 (1.37)
Substitute (1.37) into (1.15), we obtain [9]

(M+m)f+mlécos€—ml9281n9:u

. (1.38)
ma cos +mlf —mgsinfd =0
The system model can be represented as follows
mlf” sinf — mgsinf cos 6 + u
Tr =
[ (M 4+ m — mcos?0) (1.39)
é_—ml92sin90089+Mgsin9+mgsin9—ucos@ '

[ (M + m — mcos?0)
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« State space equations
Consider the state variables: x; = 0 and x5 = 6

The state space equations for the inverted pendulum system can be written as

T1 = @I
. —ml:v% cos xysinxy + Mgsinxy + mgsin xy
2= [ (M + m — mcos?6) * (1.40)
— COos Ty
L(M+m— mcoszﬁ)u
Yy=mn

Simulations of the tracking position, speed, error and phase plane by feedback

linearization method are shown in Figure 1.14, Figure 1.15, Figure 1.16 and Figure 1.17.

0.15

0.1}

0051

Tracking position
=

=
=)
h

017

-0.15 : : ;
0 i 10 15 20
Time (sec)

Figure 1.14: Tracking position by feedback linearization.

1.4.4 Three-phase induction motor

The three-phase induction motor (IM) was invented by Mikhail Dolivo-Dobrovolsky
in 1889 [10]. Later, the squirrel-cage rotor was introduced by the same person. Induction
motors have higher power densities compared to DC motors, and They are mechanically

more robust which makes them the perfect motor in many applications.
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The three-phase induction motor is an electromechanical system allowing the con-
version of mechanical energy into electrical energy (generator mode) and the conversion
of electrical energy into mechanical energy (motor mode). It consists of a stationary

part, the stator, and a rotating part, the rotor. A stator with a three-phase distributed

stator winding is shown in Figure 1.18.
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Figure 1.15: Speed by feedback linearization.
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Figure 1.16: Error by feedback linearization.
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Figure 1.17: Phase plane.
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Figure 1.18: Ilustration of the stator of an induction motor.

1.4.4.1 Operating principle

What allows the rotor to turn is the principle of rotating magnetic fields produced
by alternating voltages. Three windings are arranged in the stator at 120° to each
other, once powered three independent magnetic fields are created. The magnetic field

rotating at a speed of rotation which is called speed of synchronism:

L E min
2, = = = 60 (tr/ min) (1.41)

where

fs : three-phase mains voltage frequency [Hzl;
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p : the number of pole pairs.

The rotor turns in the same direction as the rotating field, its speed of rotation is

: =
Intensity ¢ phase 1 = g
] e bt = ¥ i
N yd \;*\ LA J |t T ! Rotor
A I N A h A e |
= L] A / Magnetic field :
N 71X / = o
| \! ; :
Y » L1me '
/l r§
N A/ / 2 .
| \ 4 y phase 7
ok N b, N I( :
N VTN T [Phese 1 PTS

wul A M\ Pt ‘.'J..

,H' N LIA N

‘\&?

Figure 1.19: Diagram illustrating the operating principle of a three-phase induction
motor.

slightly lower than that of the rotating field (€2 < €,) [11].

Indeed, there is therefore always a difference in rotational speed between the stator and
the rotor. This difference is called the slip (g) of the rotational speed of the rotor (2)
compared to that of the rotating field (£25) which characterizes asynchronous operation

and has no unit:

(1.42)

with: Q = £;
)
w: rotor pulsation;
w,: stator pulsation;
). angular rotational speed of the rotor;

Qs: angular speed of rotation of the rotating stator field.

1.4.4.2 Dynamic model

The dynamic modelling sets all the differential voltage, currents and flux linkages
between the stationary stator as well as the moving rotor.
whether a three-phase induction motor with the rotor and the stator represented
schematically by Figure 1.20 and whose phases are respectively marked a, b, ¢ and A,

B, C. the electrical angle 6, variable as a function of time, defines the instantaneous
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relave position between the magnetic axes of phases a and A chosen as deference axes

[12].

Figure 1.20: Schematic representation of a three-phase induction motor.

The equations of the machine are written as follows:

« Electrical equations

By application of Faraday’s law to each winding we have:

d¢
V=RI+— (1.43)

for all the phases of the machine represented by Figure 1.20, we deduce that:

For the stator:

Vs R, 0 0 Las P as
Ve [ =] 0 R, 0 || 1p |+ (CZ) S5s (1.44)
Vs 0 0 R Ics Gcs
For the rotor:
Var R. 0 0 Loy Par 0
Vi |=1 0 R 0 || L |+ (i) o | =1 0 (1.45)
Ver 0 0 R, Lo Per 0
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with
V, I, and ¢: are voltage, current and flux respectively;

R, and R,: are the stator resistance and the rotor resistance, respectively.

Flux equations
The totalized fluxes coupled with the stator and rotor phases are expressed in

matrix form as follows:

[¢ABCS] - [Ls] [IABCS] + [Msr] [Iabcr] (146>
[¢abcr] - [Lr] [Iabcr] + [Mrs] []ABCS] (147)
where
ls, ms my l, m, m,
[LS] = ms ls ms ) [LT] = my lr my (148)
ms Mg ls my 1My lr

Due to the symmetry of the machine, we have:

cos @ coS (9 + %’r) cos ( _ 21)
(M) = [M,]" = My | cos ( — %’T) cos 0 cos (9 + %’T) (1.49)

cos (0 + 2{) cos ( - %’r) cos 6
with
ls, (I-): stator self inductance (rotor);
ms, (m,): mutual inductance between two stator windings (rotor);

My: maximum mutual inductance between a stator winding and a rotor winding.

Finally we get:

Vages| = [Rs| [Lases| + (jt ([Ls] [TaBes) + [Msr] Laper]) (1.50)
[‘/;Lbcr] = [Rr] [Iabcr] + jt ([Lr] [Iabcr] + [Mrs] [IABCS]) (151)

Mechanical equations

By applying the fundamental principle of dynamics we obtain:

J(Z? = Cop — £,0—C, (1.52)
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where

Cem: electromagnetic torque;

J C(lTSZ: inertia torque of the rotating masses referred to the diameter of the rotor;
fu82: Viscous friction torque;

C,: resistant torque [N.m];

J: total motor load inertia [Kg.m?;

w: mechanical speed of rotation w = % [rad/s];

p: number of pole pairs of the motor;

fo: viscous friction coefficient [N.m/rad/s].

1.4.4.3 Machine model in axis system (d, q)

The set of previous equations (1.50), (1.51), and (1.52) reveal difficulties for analytical
resolution because the trigonometric terms of the matrix of mutual inductances [Mj, ]
vary according to the position #. Solving this system of equations therefore comes up
against insurmountable difficulties. This leads to the use of Park’s transformation,
which will make these terms independent of position and obtain a system of equations

with constant coefficients which will facilitate its resolution [13].

o Park Transform
The Park transform is a mathematical tool used to achieve a change of reference
in a two-phase or three-phase axis system. It is generally used to go from a fixed
frame linked to the stator of an electric machine to a rotating frame linked to its
rotor or to the magnetic field (see Figure 1.21). A matrix P (6,s) called Park,

ensures this passage:

Xq
Xaq
=P (Oos) | X, (1.53)
Xq
X
with
cos (B,ps) €08 (Oops — 2Z)  cos (0,5 — 2=
P(eobs) - \gi ( b ) ( b 3 > ( b 3 ) (154)

—sin (Gpps) —sin (eobs - %ﬂ) —sin (Qobs - 4?”)
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The inverse transformation is given by:

oS (Oops)  — sin (Bops)

cos (Gobs — 2%) — sin (HObS — %’T) (1.55)

Cos (Hobs - %ﬂ) —sin (Qobs — %’T)

P_l (eobs) - PT (90b5> - \gi

Ccr

Figure 1.21: Perform transformation from three-phase (ABC) to (dq) rotating reference
frame.

The angle 6 corresponds to the position of the coordinate system chosen for the

transformation with:

e 0, = 0 reference linked to the stator;

e O, = 0, reference linked to the rotating field;

e 0,, = 0 reference linked to the rotor.

e Choice of the referential
There are different possibilities for choosing the orientation of the coordinate
system (d, q) which generally depends on the objectives of the application.
Depending on the choice of angular speed wyps = d%”s, we obtain the following

three frames of reference:
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* Led‘fs = wys = 0: reference related to the stator.
* ded‘;”s = wys = w: reference related to the rotor.
* dedjfs = weps = W,: reference related to the rotating field.

The design of vector control by flux orientation requires the last choice. The
advantage of using this reference is to have constant quantities in steady-state, it
is then easier to regulate it.

For a reference frame related to the rotating field we have:

dfs __ _
- wO S T ws
di e (1.56)

db
dtr = Wobs — W = Ws — W = Wy

The equations of stator and rotor voltages are written in Park’s reference frame
by:
Vis = Rslgs + % - wsgbqs

_ dgs
‘/qs - Rqus + dt + ws¢ds (157)

0= R 1y + L& — (w, — w) ¢y

0= R Iy + 992 — (wy — w) Par

The components of stator and rotor fluxes are expressed by:

Gas = Lslas + Lin1ar
Ggs = Lslys + Ly Iy
Gar = Lylar + Lindas
Ggr = Lyl + L s

(1.58)

The different expressions of the electromagnetic torque are expressed by the
following equations as a function of the stator and rotor flux, and currents. The

choice of which one to use depends on the chosen state vector.

Cem = Gaslys — Ogslas

Cem =D (¢qrfdr - ¢dr[qr)
Cem = pLm, (IqsIds - Idqur>
Com = P52 (GarIys — Pgrlas)

(1.59)

1.4.4.4 State space representation

The induction motor can be modeled in the state space by a differential equations

system of order 4 and a mechanical equation. By replacing the expression (1.58) in the
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equation (1.57) and after a long calculation we obtain the following system of equations:

dlgs 1 1-0o l-o 1—0c 1
a <JTS + oTT) las + wslgs + 577 Gar + S P00gr + 57 Vas

qus — _ L 1—0’ _ 1—0’ 1—0’ 1
dt ws]ds (chs + UTr) Iqs ameQQSdr + oLmTy P ar + oLs ‘/ds

% = %[ds - %T¢dr + (ws - pQ) ¢qr
depgr m
G = Ll + (s — PQ) Gar — 7-r

(1.60)

L2 . . . .
o= (1 — ﬁ) is the dispersion coefficient;

T, = %: stator time constant;
S

T, = %: rotor time constant.
The general form of the equation of state space of the system is uniform and is written
as follows:
X =AX +BU

Y=CX

(1.61)

where

X: is the state vector;

A: system state evolution matrix;
system control matrix;

control vector;

TS Y

output matrix;

C': output vector.
The model of the machine in the frame (d, q) linked to the rotating field for a vector of
state X = [lus, Lyss Gar, gbqr]T and of control voltage U = [V, VqS]T is then defined by

the triplet of the matrices A, B, C as follows:

[~ (h+E) @ 5 =
P R € e I LI
L 0 T (ws — pQ)
i 0 7 —(we—p) T
B
s | 0 |00
00 01 00
L O O J
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The output vector is defined by:

Y = [Idsa [qs]T

1.5 Conclusion

In this chapter, we have described the nonlinear systems and their basic concepts.
We have also studied the stability of a nonlinear system. In terms of stability, a
system nonlinear is described as stable if starting the system somewhere near its desired
operating point means that it will stay around the point ever after, that’s why we
have presented theorems related to the Lyapunov stability of the nonlinear dynamical
systems. On the other hand, the dynamics model of the robot manipulator and the
inverted pendulum-cart system have been discussed by the Lagrange equations of motion
approach based on the Lagrange formulation, where the state spaces of both systems
associated with these equations are described. To conclude, we have confirmed this by
simulating tracking position, speed, error, and phase plane. Also the modeling of the
induction motor was presented in the reference (d, q). This modeling is linked to the
rotating field. The model presented has been given in a general two-phase benchmark in
order to reduce its complexity. A so-called Park transformation was used to transform

the three-phase machine into an equivalent two-phase machine.
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2.1 Introduction

An observer or state reconstructor is a continuous or discrete-time dynamic system
that calculates the estimations of current values of a system from previous information
considering both inputs and outputs of the system. The observer is ,therefore, considered
as a software sensor and its implementation allow the use of a minimum of physical
sensor, or information redundancy, or diagnostics. In addition, it makes it possible to

estimate quantities that are difficult to access or even not measurable. During the last
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decades, observer synthesis has undergone a very rapid increase for both linear ([1, 2])
and nonlinear systems ([3, 4, 5, 6, 7, 8, 9, 10]) with several different approaches. Over
the last decades, observers have been one of the most interesting and investigated topics
in the nonlinear systems community. In the observer theory, a key role is played by the
high gain observers.

This chapter presents the objectives, principle and classification of observes and
describes the design of the continuous-time high gain and discrete-time high gain

observer for nonlinear systems.

2.2 Objectives of observers

An observer is a dynamic system that can be called a computing sensor because
it is often installed on a calculator in order to reconstitute or estimate in real time
the current state of a system; from available measurements; system inputs and prior
knowledge of the model and system outputs. It allows us to follow the evolution of the
condition as information about the system.

The need for internal information can be motivated by various objectives:

e Monitoring (fault detection) of the process through the differences between

the behavior of the observer and that of the process.

« Modeling (identification) of the process by estimating constant quantities that

define the model parameters.
o Control of the process which necessarily requires knowledge of its internal state.

All of these objectives are actually needed when trying to keep a system under

control, as illustrated in Figure 2.1 [11].

2.3 Observers principle

The objective of an observer is to reconstruct quantities of which we cannot or do
not wish to measure the state by a direct method (see Figure 2.2).
From this functional diagram of an observer (see Figure 2.3), we can implement

all types of observers, their difference being only in the synthesis of the gain matrix L
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Figure 2.2: Principle of a state observer.

which must be adapted to the properties of the system whose we want to observe the

states.

2.4 Classification of observers

There are many observation techniques. They differ depending on the environment
considered (deterministic or stochastic), the nature of the system considered (linear
or nonlinear), and finally, depending on the number of states to be observed (reduced

order observers and full order observers). For reduced order observers we observe only
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Figure 2.3: Functional diagram of an observer.

part of the state vector while for full order observers we observe the entire state vector.
In fact, whatever the classification criterion to consider, observers generally classified

into two large families: deterministic and stochastic.

2.4.1 Deterministic observers

They are the observers who do not take into account the noise of measurements and
the random fluctuations of state variables: the environment is deterministic. These
observers are therefore characterized most of the time by sensitivity to disturbances
and parametric variations. Among these observers we can cite the Luenberger observer,

adaptive observer and the MRAS observer.

2.4.1.1 Luenberger observer

This observer makes it possible to reconstitute the state of an observable system
from the measurement of its inputs and outputs. It also allows the estimation of variable
or unknown parameters of a system. It is often used in feedback control, where the

state vector is not known. Its operation is illustrated in the Figure 2.3.
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The different quantities mentioned in Figure 2.3 represent:

u: input vector of the real system and of the observer;

x: state vector made up of the quantities to be observed;

y: output vector whose components are measurable;

Z and ¢: are respectively the estimate of the state and output vectors x, y, respectively.
In order to illustrate the principle of an observer, we consider a system described by

the following equations of state:
(2.1)

The observer represents a copy of the original system plus a gain term. So, it is

described as follows:
z(t) = Az(t) + Bu(t) + Le

g(t) = Ci(t)

(2.2)

The output vector y is compared to the equivalent vector given by the observer
to ensure closed-loop operation. Thus, we define a variable which is the error of the
observation € = y(t) — §(t). This later is multiplied by the matrix L and sent to the
input of the observer to influence the estimated states Z. For a judicious choice of the
matrix of gains L, one can modify the dynamics of the observer (which depends on
the eigenvalues of the matrix [A — LC]), and consequently make evolve the speed of
convergence of the error towards zero.

The dynamics of the estimation error; e(t) = x(t) — #(¢) has the expression:

é(t) = (A— LO)e(t) (2.3)

2.4.1.2 Adaptive observer

An adaptive observer is composed of a state observer of a model whose parameters
are unknown and an algorithm for online adaptation of these model parameters.
The structure of the adaptive observer is shown in Figure 2.4

2.4.1.3 ARMS observer (Adaptive Reference Model System)

The MRAS (Adaptive Reference Model System) is based on the comparison of the

outputs of two estimators. The first, which does not introduce the quantity to be
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Figure 2.4: Structure of the adaptive observer.

estimated, is called the reference model and the second is the adjustable model. The
error between these two models drives an adaptation mechanism. The latter is used in

the adaptive model (see Figure 2.5).
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Reference + ;

error
and measurement /<
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Adaptivg'model

m Adaptation mechanism |«

quantity

A 4

Figure 2.5: Diagram of the MRAS observer.

2.4.2 Stochastic observers

Stochastic observers give an optimal estimate of states based on stochastic criteria.
Their observations are based on the presence of noise in the system. Among these
observers, we cite the Kalman filter. This observer is characterized by taking into
account measurement and state noises by stochastic algorithms tending to minimize

the variance of the estimation error.

2.4.2.1 Kalman filter

The Kalman filter, introduced by Rudolf Emil Kalman in 1960, is one of the
most interesting mathematical developments in linear estimation theory. It is a state
reconstructor in a stochastic environment, when the variances of the noises are known,
it is a linear estimator minimizing the variance of the estimation error. The applications

of the Kalman filter are numerous. The Kalman filter makes it possible to give an
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estimate of the state of the system from a priori information on the evolution of this
state (model) and real measurements. It will be used to estimate unknown initial

conditions, predict trajectories, locate machines, implement control laws, etc [12].

2.4.2.2 Extended Kalman Filter (EKF)

The Kalman filter described previously is limited to linear systems. However,
most physical systems are nonlinear. This nonlinearity can be associated with the
process model, the observation model or both. The extended Kalman filter is a nonlinear
extension of the conventional Kalman filter, which was developed specifically for systems
with nonlinear dynamic models.

The EKF algorithm can also be decomposed into two phases: the prediction phase

and the correction phase. We can schematize the extended Kalman filter by the following

Figure 2.6:
Extended Kalman Filter
) Estimated state
Input _ Prediction Correction (— —p
Nonlinear
system
System noise
Measurement noise

Figure 2.6: Block diagram of an Extended Kalman Filter.

2.5 Continuous-time high gain observer

2.5.1 Introduction

The high gain observer, initiated around the 1990s [13], has been proposed for
nonlinear systems that can be put into the uniformly observable canonical form. Its
advantage compared to the other observers previously developed is that it takes into
account all the nonlinearities and nonstationarity of the systems. In addition, the

nonlinearities can depend on the states, but must have a lower triangular structure.
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The observer guarantees a good estimation of the states and the adjustment of the

correction term is ensured with a single synthesis parameter.

2.5.2 Preliminary study

Definition 2.5.2.1. : Diffeomorphism
A system is said to be diffeomorphic to another system if there is a differentiable bijective
application from one set to another whose reciprocal bijection is also differentiable. This

application allows to rewrite the system in a particular form.

Consider the MIMO systems and diffeomorphism to the following system:

() = Ax(t) + o (ult) 2(0) o
y (t) = Ca(t) = 2'(t)
With
o (u, ")
ol
02 (u, 2, 22)
22
T = : o(u,z)=1:
24
q 1 q
) \ P wata) 2.5)
O, I, O, Oy
I,
A= 0, o 0, ; C=11,,0,,...,0,)
Oy R
I 0, ... 0, O, ]

The state x (t) € R"; the 27 € RP, j = {1,...,q} are state blocks ;

the input vector u () € U a compact subset of R*;

y € RP is the output available at all times ¢.

The system (2.4) is very special because the states 27 have all the same size p. The
total dimension is n = p x ¢q. Referring to the work of [14], the system (2.4) is put into

the Brunowvski’s canonical form.

Definition 2.5.2.2. : Observability
A system is said to be observable when all the states can be reconstructed from the

knowledge of its inputs and outputs.
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The concept of observability was introduced by Kalman for linear systems (see

Definition 2.5.2.3. : : Uniform observability

A system is uniformly observable if it is observable for any input.

We note that the class of uniformly observable systems is the natural extension of
the class of linear systems.

The observation problem for dynamical systems can be interpreted as a trajectory
tracking problem. The condition of which to fulfill to ensure convergence is described

by the following property:

Property 1: Convergence condition of an observer

For a system (see 2.4) whose state vector is z(t), the essential property that must

fill the observer (see 2.9) is:

lim [[4(t) - o(8)] = 0 (2.6)
This property ensures an asymptotic convergence towards zero of the observation

error.

2.5.3 Continuous-time high gain observer design

In [16] the author has proposed a high gain observer for a class of nonlinear systems
having a triangular structure. This observer converges exponentially and guarantees
the robustness of the estimations despite the presence of disturbances and measurement
noise.

Consider the following class of multivariable (MIMO) nonlinear systems that are

diffeomorphic and uniformly observable:

@ (t) = Az (t) + ¢ (u(t), x (1) + fe (1)

(2.7)
y(t)=Cx(t)+w®t)=2"(t) +w(t)
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with
! (u,z)
Jfl
2 0? (u, !, 2%)
x = ;o el(ua) =
, o1 (w2, 2t
q(u,xt, ..., 2
) A\ ¢ ) 28)
Op IP OP OP i T
[p
I, o
A= o0, .. 0,|: B= :” . C=[1,,0,,...,0,)
Op R 0
L “p
0, ... 0, 0O, |

x' € RP are the state variables for i € [1, ¢q;

u(t) € Uin ™ is the system input;

y € RP is the system output;

w(t) the measurement noise;

e : Rt — R? is an unknown function describing the system uncertainties and may
depend on the state, the input and uncertain parameters.

The associated continuous-time observer is proposed in [17] as follows:

B(t) = AT () + o (u(t), 2 (1) — 005 K (CE (1) — y (1)) (2.9)
where
i,l Kl
i’Q K2
T = eRm K=\ € " is the gain matrix chosen such that the matrix
z7 K1

A2 A-KCis Hurwitz, there exist a positive definite symmetric matrix P and a
positive real p such that:

PA+ ATP < —2ul, (2.10)

Ay is a diagonal matrix defined as follows:

. 1 1
Ay = diag(I,, §[p> T mlp)
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0 > 1 is a scalar design parameter which makes it possible to determine the speed of
convergence of the estimates.

The synthesis of the proposed observer necessitates some of the following assumptions:

A1. The state x(t) is bounded, i.e. there exists a compact set {2 € R" such that V¢ > 0,
z(t) € S

A2. The functions ¢’ for 7 € [1, ¢] are Lipschitz with respect to x uniformly in u, i.e.
Vp > 0; AL = 0; Vu s.t. ||ul| < p;
V(z,2) € @ xQ: ¢’ (u,2) — ¢'(u, 2)[| < L[|z — 2.

A3. The unknown function e is essentially bounded, i.e.

6. = 0; sup Ess|le (t)]] < 6..
>0

A4. The noise signal w is essentially bounded, i.e.

30, > 0; sup Ess ||w ()| < .
>0

2.6 Continuous discrete-time high-gain observer

2.6.1 Introduction

The objective of this section consists to determine a state observer that guarantees
the robustness of the estimates despite the discretization of the measurements and the
presence of disturbances and uncertainties. We, therefore, seek to reconstruct all the
states of the continuous system from the measurements available at sampling instants
ti. For the synthesis, we base on the elements of the theory of the continuous high gain
observer and we use the approach of Lyapunov to prove the exponential convergence of
the proposed observer.

Consider the MIMO uniformly observable and diffeomorphic nonlinear systems to

the following system:

#(t) = Az (t) + ¢ (u(t), x (1) + Pz (t)

(2.11)
y (tr) = Cx (t) +w (te) = ' (tr) +w (1)

where the state z (t) € R", the input vector u (¢), the matrix A and the Lipschitzian

function ¢ (u (t),x (t)), w, € are defined in (2.7), (2.8), and y (¢ ) is the output measured
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at time tj, satisfying the following inequality:
0<ty<- -+ <tp <tgy1 <--- avec lim t; =00 (2.12)
k—o00
Define the interval between two measurement instants bounded by 7,, and 7);:

0<7m <7 =tk — e < T,y Vk >0 (213)

2.6.2 Preliminary study

Definition 2.6.2.1.

e Ty denotes the mazimum admissible value of the sampling period (2.13) for which

the exponential convergence towards zero of the observation error is guaranteed.

e T, denotes the minimum value of the sampling period.

0<Tm§Tk:tk+1—tk§TM

2.6.3 Continuous discrete-time high gain observer design

We add the following hypothesis on the boundedness of the noise samples w (t):

A5. For all t;, the samples w (t;) are bounded by ¢, where 4, is the essential bound
given by Assumption A4.

The dynamics of the continuous-discrete observer proposed for the class of systems

(2.11) is written as follows [17]:

(t)= Az (t) + ¢ (u(t), & (1) — OA; LK e 0kili—t)
X (C2(te) —y (t), T € [thy trpa

(2.14)

xt ki1,

=1 : S, K= : is the gain matrix where the k;’s, i = 1,..., ¢ are chosen
xd kol

such that the matrix A 2 A — KC is Hurwitz.

Ay is the diagonal matrix defined before with § > 1.
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The observer contains an exponential function varying in time independently of the
error which is updated only at the sampling instants ¢;. For the convergence, if the
maximum allowable value of the sampling period satisfies a certain condition then the

observer converges exponentially to 0 [17].

2.7 Conclusion

In this chapter, we have presented the continuous-time high gain and the continuous
discrete-time high gain observers for a class of uniformly observable MIMO nonlinear
systems with the presence of disturbances and uncertainties. The gain of the observer
will be determined by an optimization algorithm which will be mentioned in the next

chapter.
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3.1 Introduction

etaheuristic algorithms have found many applications in different fields of applied

mathematics, engineering and other sciences. A metaheuristic is an algorithm
inspired by nature that contains a set of methods, which include evolutionary algorithms,
to solve known problems as performance improvement. Metaheuristics are based of
principles, which make possible the design of solution algorithms. Optimization is the
act of obtaining the best result; which gives the maximum or minimum value of a
function; under given circumstances.

This chapter provides a brief overview of metaheuristic optimization algorithms

called GA, PSO and BBO.
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3.2 Optimization

Optimization is a very important tool in engineering; it is the act of obtaining the
best result under given circumstances such as design, construction or maintenance. Op-
timization is the organized search for such designs and operating modes. It determines
the set of actions or elements that must be implemented to achieve optimized systems.
In the simplest case, optimization seeks the maximum or minimum value of an objective
function corresponding to variables defined in a feasible range or space. More generally,
optimization is the search of the set of variables that produces the best values of one or
more objective functions while complying with multiple constraints. A single-objective
optimization model embodies several mathematical expressions including an objective

function and constraints as follows:

Optimize f(X), X = (x1,29,...,2;,2N) (3.1)
subject to
g;(X)=b;, 7=12,....m (3.2)
2P <ay < i=1,2,... N (3.3)
where

f(zx) is the objective function;

X is a set of decision variables x; that constitutes a possible solution to the optimization
problem;

x; is the i*" decision variable;

N is the number of decision variables that determines the dimension of the optimization
problem;

g; is the j constraint;

b, is a constant of the j' constraint;

m is the total number of constraints;

D)

;- is the lower bound of the i decision variable;

U)

and xi is the upper bound of the ¥ decision variable.

The term optimisation refers to both minimisation and maximisation tasks. A task

involving the maximisation of the function f is equivalent to the task of minimising — f
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(see Figure 3.1), therefore the terms minimisation, maximisation and optimisation are

used interchangeably.

flx)
3 fix)
%, Minimum of fix)
| *
2 =
0 | T
I
I
f'-.‘-‘"-
,t’ \\
s
S x* Maximum of - f{x)
S/
/
f’h\f.{(x

Figure 3.1: Minimum of f(x) is same as maximum of —f(z).

3.2.1 Stochastic optimization

Stochastic optimization using meta-heuristics is well adapted for solving problems
for which it is difficult to find a global optimum or good local optima using classical
methods. This type of optimization has three characteristics that are often decisive in

global optimization:

« Optimization using metaheuristics does not require us to know the gradient of
the function to be minimized, the only constraint being that we must be able to

evaluate the latter, which can therefore have any form;

o It is not necessary to use a “good” initial point, the initialization being carried

out at random in the search space;

o Finally, this type of optimization is stochastic, which makes it possible to overcome

the combinatorial explosion of possibilities and limits trapping in the local optima.

3.2.2 Objective function

The objective function constitutes the goal of an optimization problem. That goal

could be maximized or minimized by choosing variables, or decision variables for the
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set of parameters that satisfy all constraints is called a feasible solution. Feasible
solutions with objective function values as good as the values of any other feasible

solutions are called optimal solutions [1].

3.2.3 Decision variables

The decision variables determine the value of the objective function. In each
optimization problem we search for the decision variables that yield the best value of

the objective function or optimum.

3.2.4 Decision space

The set of decision variables that satisfy the constraints of an optimization problem
is called the feasible decision space. In an N-dimensional problem, each possible
solution is an N-vector variable with N elements. Each element of this vector is a
decision variable. Optimization algorithms search for a point (i.e., a vector of decision
variables) or points (i.e., more than one vector of decision variables) in the decision

space that optimizes the objective function.

3.2.5 Local and global optima

It has been established that a well-defined optimization problem has a well defined
decision space. Each point of the decision space defines a value of the objective func-
tion. A local optimum refers to a solution that has the best objective function in its
neighborhood. In a one-dimensional optimization problem, a feasible decision variable

X* is a local optimum of a maximization problem if the following condition holds:

fX)>f(X), X'—e<X<X +e¢ (3.4)
In a minimization problem the local optimum condition becomes
fX)<f(X), X' —e<X<X'+e¢ (3.5)

where
X* is a local optimum,;

¢ is the limited length in the neighborhood about the local optimum X*.
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Figure 3.1 illustrates global and local optima for a one-dimensional maximization
problem.
Ly, Ly, and Lg in Figure 3.2 are local optima, and G denotes the global optimum with

the largest value of the objective function.

Global optimum

f(X)

Local optima

Figure 3.2: Schematic of global and local optimums in a one-dimensional maximizing
optimization problem.

3.3 Metaheuristic algorithms

3.3.1 Definition of metaheuristics and algorithms

The words meta and heuristic both have their origin in the old Greek: meta
means upper level, and heuristic denotes the art of discovering new strategies [2]. The
term metaheuristic was coined by Glover in 1986 [3] to refer to a set of methodologies
conceptually ranked above heuristics in the sense that they guide the design of heuristics.
A metaheuristic is a higher level procedure or heuristic designed to find, generate, or
select a lower level procedure or heuristic (partial search algorithm) that may provide a
sufficiently good solution to an optimization problem. By searching over a large set of
feasible solutions, metaheuristics can often find good solutions with less computational
effort than calculus-based methods, or simple heuristics.

An algorithm refers to a sequence of operations that are performed to solve a problem.

Algorithms are made of iterative operations or steps that are terminated when a stated
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convergence criterion is reached. Each step may be refined into more refined detail in

terms of simple operations. Figure 3.3 shows a general schematic of an algorithm [4].

Initial state

- —
-
I -

Command |<—<MO :::'-Conditiun met'?x::: i Command

-~ . _""-n._\__\_.
No 1_,»’ A!'e t_ermmlat!un ~— Yes
~._Criteria satisfied? _—
S, -

-

e

Final state

T %
e Stop____. 3

Figure 3.3: General schematic of a simple algorithm; K denotes the counter of iterations.

3.3.2 Modern metaheuristics of optimization

In recent years, some optimization methods that are conceptually different from
the traditional mathematical programming techniques have been developed. These
methods are labeled as modern or nontraditional methods of optimization. Most of
these methods are based on certain characteristics and behavior of biological. The

following metaheuristics are described in this part:
o Genetic algorithms
o Particle swarm optimization

» Biogeography-Based Optimization
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3.3.2.1 Genetic algorithm

Genetic algorithm (GA) was invented by J. Holland and developed this idea in his
book “Adaptation in natural and artificial systems” in 1975 [5]. Also, John Holland
introduced the term genetic algorithm. Thus, a genetic algorithm is a technique for
simulating the natural process of microscopic evolution and adaptation specific to
biological systems [6]. He described how to apply the principles of natural evolution
to optimization problems and built the first Genetic Algorithms. Holland’s theory
has been further developed and now Genetic Algorithms stand up as a powerful tool
for solving search and optimization problems. Genetic algorithms are based on the
principle of genetics and evolution.

GA operates with a collection of chromosomes, called a population of individuals
(where each individual in the population represents a candidate solution to the opti-
mization problem). The population is normally randomly initialized. As the search
evolves, the population includes fitter and fitter solutions, and eventually, it converges,
meaning that it is dominated by a single solution. Holland also presented proof of
convergence to the global optimum where chromosomes are binary vectors. In the most
general case, the fitness of an individual determines the probability of its survival for
the next generation [7].

GA uses three (genetic) operations to generate new solutions from existing ones :

crossover, mutation and tnversion.

o (Crossover is a genetic operation that can be described as exchanging two chromo-

somes, called parents, together to form new chromosomes, called offspring.

o Mutation is a random change into characteristics of chromosomes. It’s generally

applied at the gene level.

o Inversion is a genetic operation that produces a change in the concatenation of
the genes in a certain area of chromosome, so that the new gene sequence (series)

is inverted with respect to the initial sequence.

The genetic algorithm loops are an iteration process to make the population evolve.

Each consists of the following steps:
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o Selection The first step consists in selecting individuals for reproduction. This
selection is done randomly with a probability depending on the relative fitness
of the individuals so that best ones are often chosen for reproduction than poor

ones.

e Reproduction In the second step, offspring is bred by the selected individuals.
For generating new chromosomes, the algorithm can use both recombination and

mutations.
e Fwvaluation Then the fitness of the new chromosomes is evaluated.

e Replacement During the last step, individuals from the old population are killed

and replaced by the new ones.

Figure 3.4 shows the simplified iterative operation of a genetic algorithm that works

through a simple cycle of steps [8]:

Population
(Chromosomes)
; Decoded String
Offspring Porent
New generation
Generic Evaluation
Operations (Fitness function)
Caleulation /
Manipulation
Mate I Reproduction

Selection

Figure 3.4: General operation of a GA.

3.3.2.2 Particle swarm optimization algorithm

Particle swarm optimization (PSO) is an evolutionary computation technique in-
spired by social behavior of groups like bird flocking (Figure 3.5), fish schooling (Fig-
ure 3.6) or colonies of insects (Figure 3.7); because it is known that a group can
effectively achieve an objective by using the common information of every element.

PSO algorithm was first introduced in 1995 by Eberhart and Kennedy [9, 10] as an
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alternative to population based search approaches (like genetic algorithms) in order to

solve optimization problems.

Figure 3.5: A flock of birds. Figure 3.6: A school of fish.
) J S S
\ .- -Q‘k -5?(--%---
Nest % % %ﬂ % %

Figure 3.7: The path of the ants.

In this algorithm the elements of the population are called particles, and each
particle (a bird or a fish) is a candidate for the solution. Each particle is considered as a
moving point in the N-dimensional search space with a certain velocity. The velocity of
each particle is constantly adjusted according to its own experience and the experience
of its companions hopping to fly towards better solution area.The displacement of a

particle is influenced by three components (Figure 3.8) [11]:

o A physical component the particle tends to follow its current direction of displace-

ment;

o A cognitive component the particle tends to move towards the best site by which

it has already passed;

o A social component the particle tends to rely on the experience of its congeners

and, thus, to move towards the best site already reached by its neighbors.

In PSO, each state of particle presents a position and velocity, which is initialized
with a population generation by a random process. Note that each particle is described

by three features:
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Current position
Xtt)

- ol
Towards the best
performance of neighbors
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| X(t+1)
Current speed

Vi)

Figure 3.8: Displacement of a particle.

zt: it particle vector position at time k;

vi: it particle velocity at time k, which represents the search direction and used to
update the position vector;

f (z3): fitness or objective, determines the best position of each particle over time.

Mathematically, the particle velocities are updates according to the following equations:

v = wop + crrand(p’ — x},) + corand(p] — x}) (3.6)

where

Uk 1o the new velocity;

w: the inertia factor;

cq: positive constant (self confidence);

o1 positive constant (swarm confidence);

g: represents the index of best particle among all the particles in the population;

p' i'": particle best position (the best position in the swarm);

p}: particle best global position (best particle among all the particles in the population)
until time & (so, p, will be the last best global position);

rand: is a random number uniformly distributed in [0, 1].

Particle positions are the updates by velocity (3.6) as
Thg1 = Ty + Uiy (3.7)
The PSO principle consists of, at each time step, regulating the velocity and location of

63



CHAPTER 3. METAHEURISTIC OPTIMIZATION

each particle toward its p; and p? locations according to equations (3.6) and (3.7) until
a maximum change in the fitness function will be smaller than a specified tolerance

which gives us the following stopping criteria (3.8):

f(ph) — F )| <& (3.8)

The PSO algorithm flowchart is shown in Figure 3.9.

‘ Random initialization of population |

v

| Calculate initial fimess |

2

|Mm'e the particles with PSO velocity and position|

| Fitmess evaluation for each particle ‘

v

| Obtain Pserr. Goenr |

| Calculate new searching directions ‘

riterion is met’

Yes
‘ Output optimized parameters ‘

Figure 3.9: PSO algorithm flowchart.

3.3.2.3 Biogeography-based optimization

Biogeography-Based Optimization technique (BBO) is a novel biological optimiza-
tion technique and one of the metaheuristic algorithms which simulates the biogeography
of nearby islands. Each island has a high suitability index (HS7) which determines the
number of species (.5;) that will be able to live there. Mathematical models of BBO
describe how species migrate from one island (habitat) to another, how new species arise
and how species become extinct. It is inspired by mathematical models of biogeography

and the first original was introduced by Dan Simon in 2008 [12].
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A good habitat has a high HSI, while a poor habitat has a low H.SI. This means
that good habitats have more good aspects than the poor ones. Habitats with high HSI
have a high immigration rate due to their good aspects, whereas poor habitats have a
low immigration rate but a high emigration rate, unlike good ones. The migration rates
are directly related to the number of species in a habitat. So, a habitat with many
species has a high emigration rate, because it is almost saturated, while habitats with
few species have high immigration rate because do not have good conditions to live in.
This migration process increases the diversity of the habitat and the miscegenation and
contributes to the species information sharing and the mutation probability. Figure 3.10
represents emigration and immigration as a function of the number of species. In
Figure 3.10, I and E represent the maximum rates of immigration and emigration,

respectively, and S denotes the number of species [13].

A
I : :
Immigration
T - S
s Emigration
Ly ! u
= |
|
1
. L
S S???{IX

Number of species

Figure 3.10: Emigration and immigration rates.

« BBO algorithm
The basic algorithm of BBO is as follows:

— Step 1: Initialize the parameters used in the algorithm: S,,,, maximum
number of species, E/ emigration rate, I the immigration rate, and m,,,, the

maximum mutation rate.

— Step 2: Calculate the probability for each value of the number of species as

follows:

(3.9)
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where

j=1, ..., Smax and P is the probability for the j** habitat.

— Step 3: Generate an initial random set of habitats according to the constraints

of the problem.
— Step 4: Start the loop:

% (4.1) Generate the immigration and emigration rates:

J
Aj::1(1-5¥mx) (3.10)
J

max

w =FE (3.11)
where

A\;j and p; are the immigration and the emigration rates for the ;%

habitat.

% (4.1i) Calculate the derivative probability:

_()\s—i_ﬂs)Ps_'—/Ls—l-lPs—l-l s=0
- (>\s + /Ls) Ps + )\sflpsfl + //JerlPerl 1 S s < Srnax (312)
- ()\s + ﬂs) Ps + )\sflpsfl s = Smax

w’w.m’w.m*u.
Il

« (4.i17) Update the probability:

Pj = P; + P;dt (3.13)
P= (3.14)
=0 ’

where

dt is the derivative step.

% (4.1v) Use the immigration and emigration rates to modify each habitat

and probabilistically mutate the individuals.

% (4.v) Evaluate the habitats to make sure that the constraints of the

problem are satisfied.

* (4.vi) Calculate the fitness of each habitat and return to the beginning

of the loop until a stopping criterion is achieved.

The BBO algorithm flowchart is shown in Figure 3.11.
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| Initial population |

| Evaluation objective and storing solutions |

Allocate emigrating and immigrating
rate base on fimess function value

v

Improve of the solutions base on the
emigrating and immigrating rate

v

| Mutation |

¥

‘ Evaluation of fimess function ‘

Figure 3.11: BBO algorithm flowchart.

3.4 Conclusion

This chapter is intended to provide an overview of metaheuristic algorithms and
the theory of optimization methods that will be used later, namely genetic algorithm,

particle swarm optimization and biogeography-based optimization.
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4.1 Introduction

he high gain observer is one of the most important observers in the literature. It
Thas been used extensively in the design of output feedback control of nonlinear
systems, which is responsible for estimating the system states. It has several advantages,
including: stability and robustness against modeling errors and external disturbances.
This chapter presents the simulation results of optimization methods that are applied

on nonlinear dynamical system (the two link robot) to estimate the observer’s high

gain.
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4.2 Learning observer parameters and control

To apply high gain observer, its parameters have to be determined which is a difficult
task especially that the stochastic properties of the corresponding noises disturbing the
robot are unknown. To avoid this difficulty, the high gain value will be considered as a
free parameter to be tuned. In the literature, this parameter was determined manually by
a constrained free choice. In this thesis, we propose to do a tuning for these parameters.
The simplest tuning can be released by trial and error method which is a very laborious
task. To surmount this problem and to avoid trial and error, we propose to tune these

parameters by BBO algorithm. The framework of the method is constituted of two steps.

1) In the first step represented in Figure 4.1, we present a BBO-HG structure which

works in an offline manner and allows finding the optimal value of the gain.

2) In the second step, obtained parameter value from step 1 is injected into the

estimation-control loop running online to control the two link robot.

The framework of the BBO-HG parameter estimation system is illustrated in
Figure 4.1. The system input u = |11, 72] and the measured response y = [0;, 5] are
used by the high gain observer, where input v is applied to both two link robot and
high gain observer. Actual (measured) angles of the robot and estimated angles of HG
observer are set to be inputs to a performance evaluator through a comparator. Note that
the optimization will be impossible if the angles cannot be measured. The performance
evaluator calculates the fitness function which is a mean square error (MSE) criterion
between y and ¢. Then, obtained MSE will be applied to the BBO optimizer. Based on
MSE values, BBO optimizer will calculate and optimize the unknown parameters gain
observer by updating the solutions according to BBO algorithm to provide better sets.
The new solutions are then used for the adaptation of the HG observer for the next
iteration until a preset number of iterations have been reached, and then optimal values
of the gain are obtained. Finally, optimized values are injected into HG observer running
online to estimate the robot states. Note that the BBO-HG algorithm is implemented
offline because BBO needs several iterations to obtain acceptable solutions. For each

iteration, BBO-HG estimator has to be executed once; consequently, the BBO-HG
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must be executed several times allowing the optimization of the parameters from each

measurement.

| | Meazirad anples positions |

Paformanca
avaluatos

Eztimatad stata vactor

Faadback linssrization
comtroller

t Dissired trajectoriss

Figure 4.1: Framework of the proposed state observer optimization with feedback
linearization.

4.2.1 Controller design

For control purposes, system (2.11) in chapter 2 can be rewritten as an n'* order

nonlinear dynamical system represented in the controllable canonical form:

1 = X2
Ty = T3
(4.1)
Ty = f(xh T, ) xn) +g(l‘17 T, ) $n)u
Yy=1m
or, equivalently
x(n) = f(xla X2, ’ xn) +g<xla X2, ) xn)u (42>
y=x
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where f and g are real continuous functions, u € ® and y € R are the input and output
of the system, respectively. We assume that the state vector x = (21, xo, ..., 1,)T =
(z, &, ..., v )T € R is not available for measurement. The controllability of (4.2)
requires that g(x) # 0 for all z in certain controllability region U, C R". Since g(x) is
continuous, without loss of generality, we assume that 0 < g(z) < oo for all z € U,.. In
addition, we assume that the functions f and g are bounded. The control objective is
to find a feedback control law u = u(x) such that to make the state z(t) track a given
desired bounded reference trajectory y (t) = (ym(t), Y (), oens yf{[‘l)(t))T. But since
x(t) is not available, it will be replaced by its estimate Z(t). Therefore, the control law
becomes u = u(#), where #(t) is the state estimate provided by high gain observer.

System of the form (4.2) can be then controlled by the so-called feedback linearization
method [1, 2]. In this method, f(#(¢)) and g(&(t)) are used to construct the following

feedback controller:

1
u=u(z)=——|—f(z +y7(,:‘)t—|—ETQ 4.3
<>g(x)[<> (t) + k"] (4.3)
where e = e(t) 2 ym (t) — y(t) is the tracking error e = e(t) 2 (e, é, ..., e T and
A

>

k = (kn, ..., ko, k1)T € R" is chosen such that all roots of the polynomial h(s)
s" + k1s" 1 + ...+ k, are in the open left-half of the complex plane. Applying the

control law (4.3) to the system (4.2) we obtain the following error dynamics
e™ 4 ke 4 4 ke=0 (4.4)

where the main objective of the control is 1tli}m e(t) = 0. However, construction of
oo
estimation z(t) by the high gain observer can gives us good values for f(#) and g()

which will allow the construction of the control law (4.3).

4.3 Experimentations and simulation results

Throughout this section, experimental simulations are performed on an Intel® Core™ i7—
7500U CPU@2.70GHz 2.90GH z under Matlab R2018b environment. Note that all of
our codes are written in Matlab language in M-files with time step size 2.5e—04s.

The effectiveness of the proposed method is tested on a highly nonlinear dynamical

system: The two link robot. This system is naturally unstable and has to be persistently
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balanced by control actions to hold it in stable positions. The control is guaranteed by

a feedback linearization control technique.

Figure 4.2: Two-link planar RR arm.

The used two link robot manipulator is shown in Figure 4.2. Its dynamic is given

by the following differential equation [3, 4]:

H(q)i+C(g4)4+g(q) =7 (4.5)
hll h12

Where H (q) = is symmetric, positive definite mass matrix such that

th h22
hiy = (my + ma) a? + maa’ + 2maayas + cos b

his = hoy = maa3 + maaias cos Oy

hay = moa3

The parameters m; and a;, ¢ = 1, 2 are masses and lengths of the robot taken
my; =mg = 1lkg and a1 = ay = 1m.

T
T = { T Ty } is the vector of joint torques supplied by the actuators;

T
q= { 0, 0O, ] is the vector of joint displacements;

—OMmaaiaglysin @y  —mgaiasls sin 0
Clq, q) = 2T ? 2T > | is the Centrifugal and Coriolis

m2a1a291 sin (92 0
forces matrix;
my + ma) ga10; + magas cos (61 + 0
g(q) = (1 2) garts 2992 €05 (01 +6) is the gravitational forces matrix
magas cos (01 + 05)

with g = 9.8 m/s? is the acceleration due to gravity.
The state variables are chosen to be: x1 = 0y, o = 91, T3 =0y and x4 = 92

Parameters of equation (2.11) in chapter 2 are defined as follows:
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. T ) 79 ) oo (u, 2t (t), 22 (t)) €1 0
T = y LT = » PT = y €= = )
T3 T4 o4 (u, 2t (t), 22 (t)) €9 0
w,xt (t), 22 (¢ T
@a (u, 2 (1), 2% (1)) 7
mip My
M (q) =
Ma1 Ma2
with

my1 = (my + my) a? + maas + 2maaias + cos T3

M1y = Mo = mgag -+ Moaas COS T3

Moo = mga%

In order of the matrix A — KC to take all its eigenvalues —1; we determined the gain

of the observers (2.14) in chapter 2 as K! = 2[5 and K? = I,.

Initial conditions have been initialized as follows:

» Robot state initial conditions: z; (0) = x5 (0) = 23 (0) = 24 (0) = 0 rad.

« Estimator initial conditions: #; (0) = 0.1 rad, &2 (0) = 0 rad, Z3(0) = 0.2 rad
and 24 (0) = 0 rad.

Reference input trajectories are supposed to be a sinusoidal with amplitude 0.1 rad for
the first joint and a step input with amplitude 0.3 rad for the second joint as shown in
Figure 4.3.

Two cases of experimentations are treated:
1. without stochastic perturbations (noise free case).
2. with stochastic perturbations (noisy output case).

In our experimentations, the two-link robot is controlled by a feedback linearization
controller for which the state vector is estimated by a high gain observer. High
gain observer parameter is optimized under the two cited environments. Note that
optimization process is done during an off-line phase.

We give in Figures 4.4 and 4.5 simulation results of estimation errors that show the
influence of the observer gain and the nature of the observer (continuous time or

continuous-discrete time). In Figure 4.4, we see that observation errors are less in the
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0.4 T T

02 L Second joint reference trajectory

First joint reference trajectory

Reference (rajeclory

0 1 2 3 4 5 6 7 8 9 10
Time (sec)

Figure 4.3: Input reference trajectories.

case when the gain is high (estimation errors decrease when 6 increases). Likewise,
in Figure 4.5 we notice that the obtained errors are smaller in the case of continuous
observer (estimation errors provided by the continuous-discrete time observer are bigger
than those of continuous-time observer). By this comparison, we confirm that the
continuous-discrete time observer will be equivalent to the continuous-time observer

when the sampling period tends to zero. The same fact is obtained with the second

error e, of the second articulation.

0.12

0.1%

0.08

=
|

=
=
o
I

=50 7

Estimation error for position of joint 1

20.04 | | 1 1 1 1 1 1 1

Time (sec)

Figure 4.4: Influence of the observer gain on the estimation error e; of the first joint.

76



CHAPTER 4. METAHEURISTIC OPTIMIZATION OF HIGH GAIN OBSERVER
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Figure 4.5: Superposition of estimation errors e; with continuous time and continuous-
discrete time observers.

A. The noise-free case

Note that the observer gain value can be chosen arbitrary (by trial and error method)
in its solution region. In this situation we say that the high gain 6 is un-optimized.
The key problem of this choice is that it affects greatly the estimation result. The
un-optimized high gain 6 obtained by trial and error is posted in Table 4.1.

Table 4.1: Un-optimized high gain for robot manipulator for noise free case.

Sampling period (T%) | Gun—optimized MSE
10 8.8129¢-03
0.01 50 1.0549¢-03

Table 4.1 shows chosen parameters values with their resultant Mean Square Error,
obtained by a trial and error method. The manual choice is easy to perform, but the
method takes longtime to find good values. Therefore, to obtain reasonable estimation,
an experienced expert has to do a great effort because it is difficult to infer a correlation
between the values of the chosen parameter and the best state estimation. We denote
good MSE performance for the second choice in the table. Notice that if these parameters

are poorly chosen, this can cause big errors in the estimation. The corresponding results
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of joint positions for joint 1 and 2 are presented in Figures 4.6 and 4.7, and their

respective errors are shown in Figures 4.8 and 4.9.

0.15 T T
- = = Actual joint | position
— Estimated joint | position
0.1 i i i M
L . e [ . PO o Desired joint | trajectory

Joint | position

-0.1

-0.15

Time (sec)

Figure 4.6: Tracking position of the first joint for sampled outputs with gain 6 = 50
and sampling time T = 0.01 sec.

Joinl 2 position

= == Actual joint 2 position

— Estimated joint 2 position ||

----- Desired joint 2 trajectory

| | | | | | | |
0 1 2 3 4 5 6 7 8 9 10
Time (sec)

Figure 4.7: Tracking position of the second joint for sampled outputs with gain 6 = 50
and sampling time T = 0.01 sec.

In what follows, we will consider the optimization of the free parameter of the
observer. The corresponding optimized high gain 6 obtained by algorithms BBO, GA
and PSO are presented in Table 4.2. The sampling period was chosen to be Ty = 0.01 sec.
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0.12 T T T T T

0.08

0.06
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LEstimation error
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-0.02

20.04 | | | | | | | | |
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Time (sec)

Figure 4.8: Estimation error e; of the first joint for sampled outputs with gain 6 = 50
and sampling time 7 = 0.01 sec.

0.2 mi
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LEstimation error

-0.05

I | | \ | | |
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
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Figure 4.9: Estimation error ey of the second joint for sampled outputs with gain 6§ = 50
and sampling time T = 0.01 sec.

Notice that the best estimation of the gain is § = 100 obtained in case 2 by BBO
algorithm (see M SE = 3.2608e—03s) which leads to the most good estimates for system
state variables. Simulation result of the first and second joint positions are presented in
Figures 4.10 and 4.11, respectively. We denote that in both cases the tracking between

the actual position and the estimated one is very acceptable.
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Table 4.2: Optimized high gain for robot manipulator for noise free case.

Sampling | Optimization number of
period (T5) method Case iterations (I) Ooptimized MSE
1 10 97.1760 | 3.3519e-03
BBO 2 30 100 3.2608e-03
3 10 94.999 | 3.8003e-03
0.01 GA 1 30 05.8820 | 3.78056-03
PSO 5 10 86.6576 | 3.6658e-03
6 30 92.6146 | 3.5846e-03
0.2 j === Actual joint 1 position
0.1 —— Estimated joint 1 position
0.15 0.05 _\ B s R R Desired joint 1 trajectory

Joint 1 position

Figure 4.10: Tracking position of the first joint for sampled outputs with gain g0 =

and sampling time T = 0.01 sec.

Time(sec)

Joint 2 position

= = Actual joint 2 position
—— Estimated joint 2 position
----- Desired joint 2 trajectory

Time(sec)

8

9

Figure 4.11: Tracking position of the second joint for sampled outputs with gain
0ppo = 100 and sampling time T = 0.01 sec.

B. The noisy outputs case

In this case, Gaussian noise with variance equal to 0.01 and a zero mean is added to

the system output (see equation (2.11) in chapter 2).

80



CHAPTER 4. METAHEURISTIC OPTIMIZATION OF HIGH GAIN OBSERVER

As previously, we will present two cases, the un-optimized case and the optimized
case. We give in Table 4.3, some un-optimized values of ¢ with their performances.

As in the un-optimized case, in the optimized case, the high gain 6 is optimized by
GA, PSO and BBO algorithms in order to improve the results obtained in Table 4.3.
Optimized parameter values are given in Table 4.4, for two different sampling periods
(Ts = 0.01 sec and T = 0.1 sec). Also, we see that the best value of 0 is obtained with
BBO algorithm given in case 2 (T = 0.01 sec) and case 8 (T = 0.1 sec). Notice that
optimized 6 values are lower than values obtained in the noise-free case due to the
introduced stochastic environment (noise).

Simulation results relative to BBO learning for the robot joints positions are shown
in Figures 4.12, 4.13, 4.14 and 4.15. In Figures 4.12 and 4.13, the estimation results
are relative to sampling period T = 0.01 sec, and in Figure 4.14 and 4.15 results are
relative to T = 0.1 sec. We denote that in both cases the tracking between the actual

positions and the estimated ones is very acceptable.

Table 4.3: Un-optimized high gain for robot manipulator for noisy outputs case.

Sampling period (Ts) | Qun—optimized MSE
5 6.03190-02
0.01 15 11121602
0 5 7.81540-02
: 15 5.69790-02

Table 4.4: Optimized high gain for robot manipulator for noisy outputs case.

Sampling | Optimization number of

period (T) method Case iterations Ooptimizea MSE
1 10 23.2898 | 1.1161e-02
BBO 2 30 21.7166 | 1.0641e-02
3 10 24.7890 | 1.1550e-02
0.01 GA 4 30 23.8950 | 1.1479e-02
PSO > 10 24.0878 | 1.1459e-02
6 30 24.4772 | 1.1214e-02
7 10 9.6712 | 5.1673e-02
BBO 8 30 7.4206 | 5.0068e-02
9 10 9.0800 | 5.3148e-02
0-1 GA 10 30 7.3160 | 5.2693e-02
PSO 11 10 8.3325 | 5.2151e-02
12 30 8.2878 | 5.2009e-02
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0.15
= = Actual joint | position
0.15 Estimated joint 1 position| |
0.1 Mmﬂ&‘
R Desired joint 1 trajectory

Joint 1 position

Time (sec)

Figure 4.12: Tracking position of the first joint for sampled outputs with gain 0o =
21.7166 and sampling time 75 = 0.01 sec for the noisy case.
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Figure 4.13: Tracking position of the second joint for sampled outputs with gain
Oppo = 21.7166 and sampling time 7 = 0.01 sec for the noisy case.

To confirm the efficiency of the proposed observer, we present in the following a
statistical comparison between the best obtained results between the un-optimized and
the optimized parameters. As a statistical analysis tool, we are going to use the error
bars for the estimated states to evaluate the accuracy of the estimation quality. This
technique is a graphical representation of the variability of the estimated variables on
graphs to indicate the estimation uncertainty and provides a general idea of the precision
of the estimation values. If the bars are large, this means we have bad estimation (high
variability or high uncertainty), contrary, if the bars are narrow, then the estimation
quality is better (less uncertainty).

We present in Figures 4.16 and 4.17 error bars comparison between the un-optimized
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Figure 4.14: Tracking position of the first joint for sampled outputs with gain 0o =
7.4206 and sampling time 75 = 0.1 sec for the noisy case.

0.5 T | i
04r- -
ik
S s R T 3 R WP T ... W VRN & ¥ il 7 0 | |
2 - o -\\J\J _\_‘:‘:\f\,ﬂf W\’\/'N\,’ Y7 ‘ww v N~
z
= 0.2 TZuum |
b3 0.4
=
2 01 03 B = == i
,' 0.2 3 ; = = Actual joint 2 position
0 6 6.2 6.4 6.6 6.8 7 Estimated joint 2 position|
----- Desired joint 2 trajectory
-0.1 | | I I I
0 1 2 3 4 5 6 7 8 9 10

Time (sec)

Figure 4.15: Tracking position of the second joint for sampled outputs with gain
Oppo = 7.4206 and sampling time 7T = 0.1 sec for the noisy case.

and the optimized states of the first and the second joints of the robot using parameter
Oun—optimized = 15, OBBO optimizeda = 21.7166. Notice that these parameter values are
relative to the noisy case, and they are the best ones for the un-optimized and optimized
cases. Figures 4.16 and 4.17 suggest clearly that widths of the error bars for the BBO
method are the narrowest and more centered compared to the un-optimized case, which
asserts optimization efficiency.

In Figures 4.18 and 4.19 we present error bars comparison between GA method and
BBO method using the best parameters for both cases 0¢aoptimizea = 23.8950 and
OBBO optimized = 21.7166. Error bars in Figure 4.18 and 4.19 confirm the efficiency of

BBO method compared to GA method where we notice that BBO estimation variance
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is tighter and well centered.

Figures 4.20 and 4.21 show error bars comparison between PSO and BBO meth-

ods considering the best parameters for both cases 0psooptimizea = 24.4772 and

OBBO optimized = 21.7166. Notice that the bars for the estimation in this case con-

firm again the superiority of BBO method compared to PSO method (small estimation

variance and good centering). We confirm by this short comparative study that BBO

algorithm preserves its superiority compared to PSO and GA for the optimization of

high gain observers for the estimation of state vector of a two link robotic manipulator.
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Figure 4.16: Error bar comparison of estimation variability of the first joint for T, =
0.01 sec (eunfoptimized = 157 QBBOoptimized = 217166)
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Figure 4.17: Error bar comparison of estimation variability
Ts = (.01 sec (eun—optimized = 15, QBBOoptimized = 217166)
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Figure 4.18: Error bar comparison of estimation variability of the first joint for T, =
001 sec (eGAoptimized = 238950, eBBOoptimized = 217166)
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Figure 4.19: Error bar comparison of estimation variability of the second joint for
TS = 001 secC (QGAoptimized = 238950, QBBOoptimized = 217166)

4.4 Conclusion

In this chapter, the observer gain

has been optimized by a relatively new optimization

method called biogeography-based optimization that is employed to find the optimal

estimation of the system states. System states were used to generate control actions via

a feedback linearization controller. The efficiency of the proposed method was proved

on a highly nonlinear and multi input multi output dynamical system which is the two

link robot manipulator. Simulation

results show that the optimal estimations obtained

by BBO are much better than the best solutions obtained by PSO and GA algorithms.
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Figure 4.20: Error bar comparison of estimation variability of the first joint for T =

0.01 sec (epgoopn’mized = 244772, QBBOoptimized = 217166)
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5.1 Introduction

he most popular controllers used in industrial control processes are proportional-
Tintegral—derivative (PID) and proportional-derivative (PD) controllers because of
their simple structures and robust performance. However, successful applications of
PD and PID controllers require a satisfactory tuning of parameters according to the
dynamics of the process.
This chapter presents the simulation results of optimization methods that are applied

to a two link robot to estimate parameters of PD and PID controllers.
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5.2 PD and PID controller

In the literature we can find different types of controllers like PD and PID where
they were designed to stabilize dynamical systems. PD is one of the most important
controllers and it is extensively used in different industry areas. PID is a combination of
proportional, derivative and integral actions. It is an important element for distributed
process control systems. Modern PID controllers are endowed with adaptive systems
which can tune their free parameters. Note that PID controller acts in a very smooth
and progressive manner, making sharp changes to consider the small deviations to
correct rapid perturbations. Note also that PD and PID controllers are able to achieve
the position control objective for robotic systems by calculating the error between
the measured and the desired variables and minimizing the error by adjusting their

parameters [1].

5.2.1 PD and PID controllers design

PD and PID parameters are chosen according to the system to be considered. Thus,

their optimal values are very necessary to guarantee the desired performance.

A. Design of PD controller

PD controller framework is shown in Figure 5.1, where its control action is defined
to be
T =Ky (a—q) + Kaldg — @) + 9(q)
= Kpe + Kqé + g(q)

(5.1)

where g, is the desired position vector; ¢, the desired velocity vector; g(q) the gravity
forces e = g4 — ¢ the position error vector and é = ¢, — ¢ is velocity error vector.
Note that g4 and ¢4 are compared to the actual position ¢ and the actual velocity ¢,
respectively; and then the differences are multiplied by a position gain K, and a velocity
gain K to generate the control torque (5.1).

Note that an asymptotic tracking of the desired position is assured by law (5.1). Let

the following Lyapunov function candidate [2]:

1. o1
v = §qTH(q)q + geTer (5.2)
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Figure 5.1: Structure of PD controller.

Lyapunov function (5.2) represents the total energy of the manipulator and it is always
positive or equal to zero due to the positiveness of matrices H(¢q) and K,. The time

derivative of v is

vzfﬂmm+§fHMM—fﬁﬁ (5.3)

Combining (4.5) in chapter 4 and (5.3) gives

(7 — gla) — Kye) + 34" (H(g) — 2C (4,d)) d (5.4)

i" (1= C(q:4) 4 — 9(q)) + 30" H(q)q — " Kpe
i" (1= g(q) — Kpe)

= q T —
—= q T —
where we have used the fact that H — 2C' is skew symmetric. Substituting PD control
law (5.1) into (5.4) gives

v=—"TK. <0 (5.5)

The above analysis show that v decreases as long ¢ is nonzero. In the case of v = 0,
(5.5) then implies that ¢ = 0 and hence ¢ = 0. Using the dynamical equation (4.5) in
chapter 4 and the PD control (5.1) we obtain:

H(q)j+ C(q,4)q + g9(q) = Kye — Kag + g(q) (5.6)

then K,e = 0 and because K, is nonsingular, we have e = 0.
Therefore, control how (5.1) applied to the system (4.5) in chapter 4 achieves global
asymptotic stability and the robot is therefore well-stabilized by the addition of PD-type

control law.
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B. Design of PID controller

A PID torque control for the robot manipulator (4.5) in chapter 4 is shown in Figure

5.2 and given by

T=K,(qa—q) + K [ (qa—q)dt + Kq(q,— )+ 9(q)

(5.7)
=Kpe+ K; [edt — Kaq + g(q)

where K, K; and K are the PID parameters to be tuned to achieve an accepted level

of performance.

Robot r
Manipulator |

»-’::-*, ve

Figure 5.2: Structure of PID controller.

The kinetic energy of the manipulator is the scalar function which is represented in

terms of the generalized coordinates and their derivatives as

K = Si" Hig)i (58)

The potential energy is expressed in terms of the generalized coordinates using the

relationship

P=q"r.m (5.9)

where 7. € R"; m denotes the mass. Defining ¢ = w where w € R"; denotes the angular
velocity vector.

Let rewrite (4.5) in chapter 4 as
w=—H(q) " [Clg,w)w + g(q) — 7] (5.10)
The PID control function (5.7) becomes

™= Kylag = )+ Ki [ (g~ ) dt = Ko + g(a) (5.11)
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Equation (5.1) imply that the resulting system is expressed as
b= —H(@) " (Cla,ww = Kylay — ) = K: [ (4= ) dt + Kaw + 9la))  (512)
Let the following Lyapunov function candidate
v(q,w) = ;qTqu +q¢" Kypow + ;wTH(q)w +q¢"rom (5.13)

where K, € """ and K, € R"*" are positive-definite matrices.

The time derivative of v is
. T . T . .T 1 TT
v(gw)=¢q K.q+ ¢Kpw+ ¢ Kpw +w' H(Quw + Qv H(q)w +r.m (5.14)

According to (5.12), (5.14) and because H(q) is positive definite matrix, therefore it

follows at once that v(q,w) is negative definite.

5.3 Proposed method

The PID or PD problematic is that its control is greatly affected by the parameters
K,, K; and K;. Bad choice for these parameters will make the result of tracking
divergent or will give large errors. To surmount this difficulty and to obtain the best
performances, K, K; and K  have to be considered as free parameters to be adapted.
The tuning of K,,, K; and K, will affect both the transient time interval and steady-state
operation of the response.

PID or PD parameters have to be optimized with a very high accuracy in order to
obtain precise response. This task is very difficult due to the probable unknown system
dynamics. To elucidate this problematic, controller parameter must be considered as
free parameters to be adjusted. In the literature, the considered parameters were first
tuned or adjusted by trial and error method which was a very hard task which takes
long time. In order to surmount this difficulty and to avoid trial and error method,
PSO with Variable Inertia Weight w, in which it will be decreased linearly with the
iteration number (PSOVIW) technique was used to tune and optimize the controller
parameters automatically.

In this section, we propose a new alternative for the adaptation and optimization of
K,, K; and K, based on the PSOVIW algorithm in order to eliminate the steady-state

error, reduce the overshoot amplitude and decrease the rise time. For this purpose,
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we suggest to combine PSOVIW optimization with PID or PD in order to design an
efficient PID (PD) for tow link robot manipulator. The framework of the proposed
method is made of two steps. In the first step represented in Figure 5.3, we present
a PSOVIW-PID (PD) combination working in an offline way to optimize the optimal
values of K, K; and K . In the second step, we take the optimized quantities from step
one and insert them into the online PID (PD) controller of tow link robot manipulator
parameters.

The structure of the PSOVIW-PID (PD) parameter optimization system is illustrated

T
in Figure 5.3. We consider that the input of the system is the vector r (t) = { 04 O }

T

and the measured response is y = [ 0, 0O, obtained by an angle sensor (encoder).

Note that the error between r and y is set to be an input for the PID (PD) as well
as the optimized parameters K,, K; and K,;. Actual tracking errors are used by the
performance evaluator. The performance evaluator estimates the objective function
which is a Mean Absolute Error (MAE) criterion between the actual output and the
desired reference input defined in what follows
I AARE:
MAE = (;121 |ei,k|> : (5.15)

where ¢ = 1, 2 is the number of robot articulations and N is the number of data
samples, such that:
e; = {014(k) — 61(k)} is the output error of the first articulation;
ey = {024(k) — 05(k)} is the output error of the second articulation.
Based on MAE values, PSOVIW optimizer will estimate the unknown PID (PD) free
parameters by updating the solutions according to PSO algorithm.

The framework of Figure 5.3 will be repeated until a preset number of iterations
will be accomplished and then optimal values of PID parameters are obtained. Note
that the first step in the proposed algorithm is carried out in an offline manner. This is
caused due the fact that PSOVIW requires several repetitions to obtain the optimal
solutions. For each iteration, the whole framework of Figure 5.3 is executed one time
on the entire time interval; consequently, this structure has to be executed several times

which will allow PID free parameters to be adjusted in each iteration.

93



CHAPTER 5. METAHEURISTIC OPTIMIZATION OF PD AND PID

CONTROLLERS
Encoder |«
4
8, ;
> ROBOT >
PID or PD »| MANIPULATOR >
: &
Kp?.-";K{. and K,
4 Encoder
—.-p Performance

£ | evaluator (MAE)

i PSOVIW or
— PSOCIW

A

Figure 5.3: Block diagram of PSO-PID.

5.3.1 Simulation example

The Particle Swarm Optimization Algorithm (PSO) is combined with Proportional-
Derivative (PD) and Proportional-Derivative-Integral (PID) to design more efficient PD
and PID controllers for robotic manipulators. PSO is used to optimize the controller
parameters K, (proportional gain), K; (integral gain) and K, (derivative gain) to
achieve better performances. The proposed algorithm is performed in two steps: (1)
First, PD and PID parameters will be optimized in an offline manner by the PSO
algorithm. (2) Second, the optimal parameters values are injected in the online control
loop.

To verify the effectiveness of the proposed method, a two link robot manipulator
with two Revolute joints (RR) shown in Figure 4.2 in chapter 4 will be considered. The
block diagram of the control loop under optimization is shown in Figure 5.3.

For simulation purposes we take m; = my = 1kg and a; = as = 1 m. Since the

dynamic of the considered system is two dimensional, therefore the joint variable and
T T

bl

the generalized force vector will be defined by ¢ = { 0, 0, | and T = [ T Ty
respectively, with 7 and 75 are the torques supplied by the actuators. Note that all
of our codes are written in Matlab language in M-files with sampling period 1073 s.
For comparison purposes, the optimization performances are evaluated using the MAE

criterion.
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In fact, it is not simple to deduce exact values for K,, K;, and K, giving the best
performances. This will be solved in what follows by using our PSO-PD and PSO-PID
which will allow us to obtain better results with higher precision than the classical trial
and error method. It should be noted that the convergence of the PSO method to the
optimal solution depends on the parameters c;, ¢ and w. According to our tests, ¢;
and ¢y best values lie in the interval [0.5,1.05]; and w € [0.3,1].

In this investigation two strategies are used for the computation of the inertia weight w
to evaluate the performance of parameters. The inertia weight is introduced into the
equation to balance between the capacities of the global search and the local search, as
it is one of the important factors for the PSO’s convergence which directly affects the
percentage of previous velocities on the current velocity at the current time step for
both strategies: (1) PSO with constant inertia weight w (PSOCIW), in which it will be
fixed at 0.9, this high value will force the particles to fly with a significant influence
of the previous velocity. Note that this method is characterized by an increase in the
convergence speed of PSO algorithm and a large inertia weight factor provides PSO a
global optimum. (2) PSO with variable inertia weight (PSOVIW) was introduced in
PSO’s equations in order to improve the performance of PSO (according to equation
5.16), in which it will be decreased linearly with the iteration number to a small value.
With this low value of w, current velocity will contribute more to the particle’s trajectory
and provides PSO a local optimum, in contrast to the first strategy. For high values of
inertia weight, the global search capability is powerful but the local search capability is
powerless. Likewise, when inertia weight is lower, the local search capability is powerful,
and the global search capability is powerless. This balancing improves the performance
of PSO.

Wmax — Wmin
Wg = Wmax — N k (516)

where wy.x = 1 and wy;, = 0.3 are the initial and final values of the inertia weight,
respectively, and IV is the maximum number of iterations used in PSO.
Note that, in this case excellent results will be obtained as will be shown later.
The PSO Parameters of the two strategies PSOCIW and PSOVIW are summarized in
Table 5.1 and Table 5.2.

The best fitness functions (MAESs) and their corresponding optimized controllers

gain parameters (K, , K; and K ) obtained by our proposed approaches (combination
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Table 5.1: Parameters of the PSOCIW algorithm.

Designation

Variable

Value

Number of particles in a group

N

20

Number of iterations

I 40, 50, 60, 100

Inertia weight factor

w

0.9

Acceleration constants

C1, C2

0.5

Table 5.2: Parameters of the PSOVIW algorithm.

Designation

Variable

Value

Number of particles in a group

N

20

Number of iterations

T 40, 50, 60, 100

Minimum inertia weight factor Wonin 0.3
Maximum inertia weight factor Winax 1
Acceleration constants C1, Co 1.05

PSO-PD and PSO-PID) (see Figure 5.3) are reported in Table 5.3 and Table 5.4,

respectively.

Table 5.3: Optimized parameters and their performances for PD controller using PSO.

Optimization | Case | [ K Ky Ko Ko MAE
method
1 40 | 553.5999 | 88.3948 | 376.4420 | 37.3761 | 1.0737e-05
PSOCTW 2 50 | 556.1911 | 87.0808 | 369.5691 | 31.2962 | 9.7914e-06
3 60 | 558.1911 | 87.0808 | 369.5691 | 31.2962 | 1.3111e-06
4 100 | 558.1911 | 87.0808 | 369.5691 | 31.2962 | 1.3111e-06
5 40 | 521.1328 | 51.3526 | 544.2311 | 75.9123 | 6.6234e-06
PSOVIW 6 50 | 597.0536 | 62.0977 | 560.3582 | 67.0380 | 1.5341e-06
7 60 | 816.1067 | 89.9357 | 418.7053 | 43.7568 | 6.0632¢e-10
8 100 | 663.2064 | 113.7360 | 695.1595 | 105.5423 | 1.5916e-14

Optimization results show that the method is able to find the optimal solution and
reduce the error efficiently within 100 iterations. We note that the best value of MAE
which corresponds to the best estimate of PD and PID gain parameters are given in
case 8 of Table 5.3 and case 7 of Table 5.4, respectively.

The convergence of the fitness functions are shown in Figure 5.4 and Figure 5.5 for
PD and PID controllers; respectively, where we notice that the MAE is decreased at
most after 10 iterations, which confirms the convergence and the stability of optimization

process.

96



CHAPTER 5. METAHEURISTIC OPTIMIZATION OF PD AND PID

CONTROLLERS

ST-99G9T'T | 9€80°€8 | FREL'OFG | OLFSTFO | CG0G'9L | PSOTFTT | 1288°9gF | 00T | 8
61-099FL°E | 890T'6¢ | GPER'LTG | 16LL7129 | 8TOF'OS | €18'00L | OFEGGE | 09 | L |\ oo
8T-FZG0'E | 0TGR'EL | 9079199 | E€PTL'GLL | F600°G9 | OLLTIST | €9T€°60¢ | 0 | 9
81-90GGLE | TF8S'6L | GGGF'GT9 | LEE6FF9 | 606G TL | #806'€TT | 6059 LTy | 0F | G
G009G8ET | LITT'OT | 08G€°GEY | 0LLLFPE | 0T SOT | 0G0L9GE | $TS0°LLS | 00T | F
PO-969I8°T | 10096 | 69SF29Y | 018FZ6E | STESTIT | E8GETOE | 10968°GLG | 09 | € | |\ oo
F0-96918°T | T00S'6 | 6957 C9% | 0ISFT6E | 8TESTIT | €86£7T68 | T0968°GLG | 0S5 | T
70-269T8'T | T00S'6 | 69S7°59¥ | 0TS T6E | 8T TIT | 8687368 | 0968°GLS | OF | T
porjewa
uorjyez
AVIN Py "y 'l P31 Uy ') [ |esep | -undQ

‘OSd wgﬁwﬁ IoT[OI3UOO (1 10] w@oQ@EMO.%,HQQ 1ol pue mm@w@gﬁm,ﬁmg @@NZCSQO G 91qe],

97



CHAPTER 5. METAHEURISTIC OPTIMIZATION OF PD AND PID
CONTROLLERS

0.05 . . . .

0.04 1

o

o

w
T

Fitness function
o
o
(K]

0.01¢

20 40 60 80 100
Iterations

Figure 5.4: Evolution of the fitness function relative to PD (case of 8 iterations in
Table 5.3).
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Figure 5.5: Evolution of the fitness function relative to PID (case of 8 iterations in
Table 5.4).

Simulation results for PD controller are shown in Figure 5.6 where we can see clearly that
the performances of PSOVIW are better than those of PSOCIW for both cases constant
desired trajectory (Figure 5.6(a)) and sinusoidal desired trajectory (Figure 5.6(b)).
We also present in Figure 5.7 and Figure 5.8 the corresponding tracking error and

control action relative to the first articulation. Remark that the tracking error converges
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exponentially to zero.

Same interpretation for PID controller (see Figure 5.9) in which we visualize also an
excellent perturbation rejection performance. Note that the perturbation was applied
at t = 5s with amplitude 5N. The corresponding tracking error and control action
relative to the first articulation of the robot are presented in Figure 5.10 and Figure 5.11

where we denote perfect performances.

=
P
=0
%- —_— PSOVIW
=i (A PSOCIW |1
0.1 e
0.2
0.3 ' : I I
0 1 2 3 ’ 5
Time (sec)
(a)
2 ' ' '
— PSOVIW
S PSOCIW | |

Gull' 94;11

Output angles (rad)

4] 1 2 3 4 5
Time (sec)

(b)

Figure 5.6: PD Positions tracking with the best optimized parameters (a) Constant
desired trajectory (b) Sinusoidal desired trajectory.
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Figure 5.7: Tracking position error e; of the first articulation.
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Figure 5.8: Input control action u; of the first articulation.

To validate the proposed approach, we will present in what follows a short compara-
tive study in which we compare the introduced method with Genetic Algorithm.
Genetic Algorithm will play now the same role as PSO, which means that we replace
in Figure 5.3 the PSO block by a GA block. For this purpose, GA will estimate and

optimize the controller parameters in two steps as in the case of PSO.
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Figure 5.9: PID Positions tracking and perturbation rejection with the best optimized
parameters: Constant desired trajectory (a); Sinusoidal desired trajectory (b).

The parameters of GA are chosen as shown in Table 5.5 where we have selected different
generations I = 40, 50, 60, 100 with the following parameters: population size N = 20,
mutation probability M = 0.2 and crossover probability C' = 0.5.

GA fitness functions evolution are presented in Figure 5.12 and Figure 5.13 for PD and
PID controllers; respectively, where we notice that the MAE is converged in 20 itera-

tions max, contrary to PSO case which converges in 10 iterations max (see Figure 5.4,
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Figure 5.10: Tracking position error e; of the first articulation.
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Figure 5.11: Input control action u; of the first articulation.

Figure 5.5, Figure 5.12 and Figure 5.13) which confirm that PSO is faster than GA.
Note also that both PSO methods (PSOCIW and PSOVIW) give more accurate results
compared to GA method (see Table 5.3, Table 5.6, Table 5.4 and Table 5.7).

By this short comparative study, we confirm the effectiveness of the proposed method
and its superiority in speed convergence high resolution (see Figure 5.14, Figure 5.15,

Figure 5.16, Figure 5.17, Figure 5.18 and Figure 5.19).
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Table 5.5: Parameters of the genetic algorithm.

Designation Variable Value
Population size N 20
Generations I 40, 50, 60, 100
Mutation probability M 0.2
Crossover probability C 0.5

Table 5.6: Optimized parameters and their performances for PD controller using GA.

Optimization | Case | [ K Ku Ky Ko MAE
method
1 40 | 64.6040 | 28.6951 | 46.9204 | 10.1212 | 1.8757e-04
GA 2 50 | 76.2287 | 30.2603 | 74.9499 | 13.9796 | 6.3897¢-05
3 60 | 52.9399 | 23.6698 | 79.5247 | 14.4101 | 9.3264¢e-05
4 100 | 89.0021 | 30.7783 | 49.2828 | 1.3190 | 9.9626¢-05

Table 5.7: Optimized parameters and their performances for PID controller using GA.

Optlml— Case I Kpl Kil Kdl Kp2 Kil KdQ
zation
method
1 40 45.9883 3.7957 | 23.2161 | 44.7578 | 10.5608 | 2.2023 | 1.0940e-03
GA 2 50 77.2967 7.7502 | 30.5331 | 64.3610 | 49.7162 | 5.1843 | 3.3240e-03
3 60 77.6165 7.5343 | 32.2968 | 87.5616 | 19.1396 | 3.1810 | 8.7338e-04
4 100 | 110.8116 | 15.3839 | 33.3837 | 75.5687 | 22.9882 | 3.9823 | 1.5665e-04

To confirm the efficiency of the proposed control, we present in the following a
statistical comparison between the best obtained results of PSOVIW and GA for PID
case. As a statistical analysis tool, we are going to use the error bars for the optimized
parameters to evaluate the accuracy of the control quality. This technique is a graphical
representation of the variability of the optimized parameters (on graphs) to indicate the
uncertainty and provides a general idea of the tracking precision. If the bars are large,
this means we have bad optimization (high variability or high uncertainty), contrary, if
the bars are narrow, then the optimization quality is better (less uncertainty).

We present in Figure 5.20 and Figure 5.21 error bars comparison between the
PSOVIW and GA of the first and the second joints of the robot using the best parameters
given in the last line in Table 5.4 for PSOVIW case and the best parameters given in

the last line in Table 5.7 for GA case. For this purpose, we introduce state random
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Figure 5.12: Evolution of the fitness relative to PD (case 4 iterations in Table 5.6).
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Figure 5.13: Evolution of the fitness relative to PID (case 4 iterations in Table 5.7).

noise n(t) with variance one and mean value zero i.e., n(t) ~ N(0,1). Figure 5.20 and
Figure 5.21 suggest clearly that widths of the error bars for the PSOVIW method are
the narrowest and more centered compared to the GA case. Error bars in Figure 5.20
and Figure 5.21 confirm the efficiency of PSOVIW method compared to GA method

where we notice that PSOVIW tracking variance is tighter and well centered.
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Figure 5.14: PD Positions tracking with the best optimized parameters: Constant
desired trajectory (a); Sinusoidal desired trajectory (b).

5.4 Conclusion

In this chapter, PD and PID gains have been adjusted by particle swarm optimization.

The introduced algorithm was tested on the control of a two link robot manipulator.

Simulation results show that the method gives an excellent performance. Also, the

effectiveness of the approach was confirmed by a short comparative study in which we
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found that it outperforms the genetic algorithm technique for this type of applications,
where the resulting estimates are more precise and the optimization is faster than GA.
Furthermore, we concluded that the PSOVIW approach, which used variable inertia
weight, performed better results than GA and PSOCIW.

{]‘ﬁ T T T T

— PSOVIW |4
---------- PSOCTW
--- GA

Traking error

_{}‘[ ] 1 1 1
0 1 2 3 - 5

Time (sec)

Figure 5.15: Tracking position error e; of the first articulation.
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Figure 5.16: Input control action wu; of the first articulation.
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Figure 5.17: PID Positions tracking and perturbation rejection with the best optimized
parameters: Constant desired trajectory (a); Sinusoidal desired trajectory (b).
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Figure 5.21: Error bar comparison of tracking variability of the second joint.
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6.1 Introduction

n this chapter, we develop an indirect adaptive control approach based on type-2
Ifuzzy logic, to control the nonlinear dynamic system defined in chapter 1. In this
chapter, we have presented an indirect adaptive control structure, where the fuzzy
system was used as a fuzzy model to identify the system to be controlled. Another

supervisor regulator is added to stabilize the closed loop system once it tends to

destabilize [1].
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6.2 Induction motor and vector control

The dynamic behaviour of an induction machine in dq synchronous reference is

described by:

d;;ls _ 028 (—(Rs + (I[ﬁ")?Rr)ids + 0 Lswyigs + Lz;?ﬁdr + IE:QSquT +ugs)  (6.1)
d;qgs - UlLs (=0 Lswsias — (s + ([Z‘)?Rr)iqs - [gfcbdrwr + L’E?qbqr +uge)  (6.2)
B _ iy % (o )oy 63

djf = [;nlq - ?ﬁ’ — (ws — wy)ar (6.4)

R CRE T o (6.5)

where ugs, u4s are d— and g—axis stator voltages; i4s, 745 are d— and g—axis stator
currents; ¢4, ¢4 are d— and g—axis rotor flux linkages; w,, w, are stator angular
frequency and rotor electrical angular speed; Ry, R, are stator and rotor resistances; L,
L, and L,, are stator inductance, rotor inductance and mutual inductance; T, = L,/ R,
is the rotor time constant; o is the total leakage factor o0 = 1 — L2 /(L,L,); T., Ty
are electromagnetic torque and load torque; p is the number of poles; J is the inertial
moment of the motor; and B is viscous friction coefficient. The produced electromagnetic
torque can be written in terms of stator currents and rotor fluxes as:

pLm,
L,

Te = (iqs¢dr - idsqbqr) (66)

The decoupling control of torque and rotor flux can be obtained using the vector
control technique [2, 3]. In the rotor flux oriented vector, the flux is oriented to the
d—axis, so that ¢, = 0, and kept at a constant rated value ¢q. = ¢,. At steady-state,

slip angular frequency can be expressed as:

Ly Ryigs

Wy = Wg — Wy = Too (6.7)

the generated motor torque T, (6.6) is reduced to a linear function of the torque current

component 74:

_ PLnor

T, 7 lgs

(6.8)
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the application of vector control in the current model of IM leads to the following

equations:
Ao ¢r | Ly,
dt = f TT 1ds (69)
dN B 30pLy, ¢y . 30
— =——N+4+ —— 0, — —T 6.10
dt 7N T gL, e T w (6.10)

where ¢, is the rotor flux, IV is the motor speed expressed in revolution per minute and

(i4s,14s) are the components of stator current.

6.3 Problem formulation

Consider the first order nonlinear dynamical system of the form:

= f(x)+gx)ut+d (6.11)

y==x
The control objective is to find a feedback control law u such that to make the state z ()
track a given desired bounded reference trajectory y,, (). It is known that if the plant
model is not known, it is intuitively reasonable to replace it by an estimated model
and use this model for designing the controller. This is the basic idea of an indirect
adaptive controller, in which the controller is designed based on an estimated model of
the plant assuming this model is the true model of the plant, and the estimated model
parameters are updated by an on-line algorithm. If the plant dynamics of (6.11) is
known, i.e., f and g are known and the system is free of external disturbance d, we can

solve the control problem stated above by the so-called feedback linearization method.

In this method, f and g are used to construct the following feedback controller:
u=——[=f(2) + §n(t) + ke] (6.12)

where e = e(t) = y,,(t) — y(t) is the tracking error, and k is chosen such that the root
of the polynomial h(s) = s+ k is in the open left-half of the complex plane. Applying
the control law given in (6.12) to the system given in (6.11) we obtain the following
error dynamics:

é+ke=0 (6.13)

where the main objective of the control is tlim e(t) = 0. However, since f and g

are unknown, we cannot use them for constructing the control law given by (6.12).
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Therefore, in the following, we replace them by their estimates f and ¢ to construct an

adaptive controller:

e = uo(x/0,0,) = [~ F (/) + 9u(0) + ke (6.14)

1
9(x/0y)
where 0y and 6, are parameters of the approximating systems f and g, respectively.

Figure 6.3 shows a bloc diagram of control structure based on IFOC induction motor
fed by a current-controlled PWM voltage-source inverter. The procedure of hysteresis
current control used here consists of a comparison between the current errors against
a fixed hysteresis band. The system uses two control loops: flux control and speed
control to yield I4s and I,s which represent the controlled flux and torque components
respectively. In order to maintain the stator current in acceptable range, the current
inputs (Igs, I4s) are transformed into limited inputs (I, I%,). The instantaneous three-
phase reference current (i}, 7;,,147%,) is obtained from the dg stator current (13, I7,) by

applying the inverse Park transform.

- «rof
. {2 @:"
ref
"% Flux type-2 FC -
— > r
ST
T ’ “ Flux Park | das. ibs ics
B Adaptive laws for v+ Estimator o Transform
flux control CS_ igs
ay parameters y o (O8] T T 0 L
]ds —:;
gg o, l l GS Limvh_£!1‘ Use
—
4—3—:] Flux SC I— i I_i '_I
T I_. s

ds Park T’ Hysteresis  [—# ) )
Inverse " gl Current » IPV\.' M | 4 lnlil;n:tuon
5 . ] % nverter Aotor
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Speed type-2 FC Li;n‘ter T
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5( ng T gg Jrqs
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Figure 6.1: Input interval valued MF.
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6.4 Type-2 fuzzy logic system design

Figure 6.1 depicts the structure of a type-2 FLS; it is quite similar to a type-1 FLS,
the only difference being that the antecedent and/or consequent sets in a type-2 FLS
are type-2. There are five principal parts in a type-2 FLS: fuzzifier, rule base, inference
engine, type-reducer and defuzzifier. The type-2 fuzzy rule base consists of a collection

of IF — THEN rules in the following form:
R : IF x,is Fi and...and z, is F., THEN y is G" (6.15)

where F]’ are antecedent type-2 sets (j = 1,2,...,n), y € Y is the output, G* are
consequent type-2 sets, and ¢ = 1, 2, ..., M, and M is the total number of rules.

In an interval type-2 FLS with meet under minimum or product t — norm, the firing
interval W* = [w’, w'] of the rule is an interval type-1 set, which is determined by its

left-most and right-most points w’ and @ such that:

w' = upy (1) % gy (Tn) (6.16)
w' = ,11~1¢(:c1) Kook /]F;'L(xn) (6.17)
Output Processing .
Rule Base | r--zz------oooooooooos | Crisp output
v | Defuzzifier e yey
Crisp input i ;
i Fuzzifier E Tvpe-reducer . | Jype-reduced
' ] i et (tvpe-1)
Tvpe-2|mnput
Fuzzy|sets v

Inference

[

Figure 6.2: The structure of a type-2 FLS, with its two outputs: type reduced set and
crisp defuzzified value.

Type reduction was proposed by Karnik and Mendel [4]. It is an extension of
type-1 defuzzification method. There exist many kinds of type-reduction [5, 6, 7, 8], and

in our work we propose the introduction of MEKM type-reduction method proposed
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in [4] in the control framework. Let’s call centre of sets (cos) the output result of the
type reduction process. In this paper, we propose to apply type-2 FLSs to obtain
the estimates f and g for each of flux and speed controllers. The antecedent type-2
membership functions p Fi will be fixed as shown in Figure 6.2, and the consequent sets
which are the adjustable parameters will be considered as type-1 centroids. Since f and
g are type-2 fuzzy logic systems, their output sets (type-reduced sets) F,.s and Gcos
calculated by the centre of sets method will be given as follows:

M

3 2wy
P00} W W) = [ // /1/1% (6.18)
0} p lw}

[y

M
Clooa(0, -, M W WM) = / // /1/’21% ’ (6.19)

0} 0 w}

where w’ and w), are the firing intervals corresponding to the " rule of the type-2 FSs
f and g, respectively, 6’3} and 6?; are the free parameters of the type-2 FSs 9} and 0;,
respectively. Since each set on the right-hand side of (6.18) and (6.19) is an interval
type-1 set, hence Fl.os and G are also an interval type-1 sets. So, to find Fl.os and

Geos, We just need to compute the two end points of these intervals.

0
-1500 -10ao0 -500 0 a0a 1000 1500

1

0.5
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0.4
0.2

D 2 L 1 1 1
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.g 0.5 1

ph, (4b]

Figure 6.3: Antecedent type-2 membership functions.
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In [9, 10] only one type-1 vector of fuzzy basis functions { (z) was used to obtain
f and g simultaneously. Unfortunately, this does not carry over to type-2 FLSs, due
to that type-reduction will give for each f and ¢ two different vectors of fuzzy basis
functions. Next we will show how type-2 fuzzy logic will associate with every f and §
a self vector of fuzzy basis functions &; (x) and , (z), respectively. For any value of

f € Fcos and for any value of § € GCOS, f and § can be represented as:

Mo

Tt > wif,
f=5— 0="— (6.20)

v 5w

The maximum values of f and g are fr and g, respectively, and the minimum values of
f and g are fl and §; respectively. In the centre of sets (cos)-type reduction method
Karnik and Mendel [7] have shown that the two end points of FCOS, ﬁ and ﬁ. depend
only on a mixture of wlj} or w;; values, since w} € [w?, w}] In the same manner, the
two end points of Geos, § and §, depend only on a mixture of w; or ’LTJ; values, since
w;, € [w!, w;]. In this case, fi, fr, 9 and §, can each be represented as a vector of fuzzy

basis functions (FBF) expansion, i.e.,

R Z wﬂ@@ M
fi= B =S g =t (o) (6.21)
; wfl =1

where chl is the firing strength membership (either w} or w}) contributing to the

left-most point fl, s.t: A
i w
&= (6.22)

are the components of the first FBF vector §ﬂ(g) of f, ie., §?I(g) = [¢h, -, &) and
07 = [6},..., 04] is the parameter vector of the type-2 FLS f. Similarly,

R > w wh 05w
fr:lZIMi_Zeféfr_e &, (x) (6.23)
E

where chr denotes the firing strength membership grad contributing to the right-most

point fr and:

w '
&= (6.24)
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are the components of the second FBF vector éfr(g) of f, ie., §;€T(g) = [g}r, s f%]

Similarly, we have for § two FBF vectors §ng(g) = &3 &)1 and §gTT(§) = [Egrr s Epr]
such that:
M
Z:1 il T¢
@:tﬁff—ZwZ—e (@) (6.25)
& v
M
.21 wgrez Mo -
= z—M Zg; L= §gr<q;) (6.26)
where 9T [91 934] is the parameter vector of the type-2 FLS g,
i wil i wir
glzng" gT_Mg‘ (6.27)
'—21 wy 21 w

To obtain a crisp outputs from the type-2 FLSs f and ¢, we must defuzzify the
type-reduced sets Fios and Geos. Since these type reduced sets are interval sets, therefore,
the defuzzified output of f will be the average of fl and fr, and the defuzzified output

of § will be the average of g; and g, i.e.,

A_fAl—i_f.r A_§l+g'r
N (6.28)
Replacing (6.21), (6.23), (6.25), and (6.26) into (6.28) we obtain:
. 01E, + 03¢ 6, +¢
f= ff =67 ﬂQf] - Q?§f() (6.29)
or¢ +0%¢ € +¢§
A T92g] —92gr T |24l 2gr _ T
= gr S S e (630

where §f = (§ﬂ + §fr>/2 is the average FBF vector of f and §g = (§gl + §gr) /2 is the
average FBF vector of §. In order to compute 6 and §fr (§gl and §gr), we need to
compute wh; and w},i =1, 2,..., M (w}; and w0 =1, 2,..., M). This can be done
using the computational method given in [11, 12]. The crisp values of f and § can be
obtained either by (6.28), or by using the FBFs { ; (x) and §g (x), respectively, as shown
n (6.29) and (6.30). Recall that the above method is applied independently to estimate

the functions f and ¢ for both flux and speed models.
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6.5 Adaptive control structure

In this section, we will develop the IAC-based type-2 fuzzy controller with supervisory
control scheme. Applying (6.11) to (6.14) and after straightforward manipulation, we

obtain the error equation:

e = —ke+ (fw/tg) ~ F@) + (3(0/8,) ~ 9(a)) ue — d (6:31)

we know that there exists a unique positive constant p which satisfies the Lyapunov
equation:

—kp — pk = —q (6.32)

where ¢ is an arbitrary positive constant. Let V, = $pe?, then using (6.31) and (6.32)

we have:

V= _;qg +pel(f(x/0;) — (@) + (3(x/8,) — g(@)) ue —d] ~ (6.33)

then, we must have V, < 0 when V, is greater than a large constant V, however, from
(6.33) we see that it is very difficult to design the wu. such that the last term of (6.33) is
less than zero. We solve this problem by appending another control term (supervisory

control) u, to the u.. So, the final control becomes
U = Ue + Us (6.34)

this additional control term is called a supervisory control. The purpose of this
supervisory control u is to force Ve < 0 when V, > V. Substituting (6.34) into
(6.11) and after some manipulations to force V, to be negative, we obtain the following

supervisory control:

sgn(gTPbc)ng@ Hf’ + fU + |§uc| T ‘gch

if Vo=V
Us = (6.35)
0

if V.<V

+ dm]

where fU(z) an upper bound of f, gY(z) and gr(z) are an upper and an lower bounds
of g, respectively and d,, is the upper bound of a perturbation d. Next, we replace f

and § by the type-2 fuzzy logic systems given in (6.29) and (6.30). In order to adjust
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the parameters 0, and 6, in the type-2 fuzzy logic systems, we derive the following

adaptive laws:

0y = —mept () (6.36)

Qg = —726p§g(x)uc (6.37)

6.6 Simulation results

To prove the effectiveness of the developed controller, simulations on an IM have
been carried out. The overall control system which has been simulated is shown in
Figure 6.3. The three-phase induction motor is characterized by the parameters shown
in Table 6.1. The current-controlled inverter is fed by 514 V DC voltages, and the
hysteresis bandwidth of stator current is fixed to 0.1A. We admit that the influence of
the flux on the dynamic of the speed is neglected. In this case, the bounds fY, ¢V and

g1, for each controller are chosen in according with (6.9) and (6.10) as follows:

e Speed controller bounds:

30pL,,ore!
fv= §N, g“=11q", g, =0.9q¢ with ¢ = }ZTJL@ (6.38)
e Flux controller bounds:
<best Lm
fr=11 7’; , g“=11¢", g, =0.9¢" with ¢ = T (6.39)

The desired flux and speed tracking are involved with regulator coefficients tuned
by trial and error to the values given in Table 6.2. The speed response and the speed
reference (1000rpm) are depicted in Figure 6.4(a), which shows good performances in
tracking and an excellent load charge rejection caused by the applied load torque shown
in Figure 6.4(b). The corresponding electromagnetic torque response is generated, as
shown in Figure 6.4(c), to compensate the load charge and to keep speed regulation,
see also current of phase an in Figure 6.4(d). Figure 6.4(e)-(f), it can be seen that the
flux is well oriented along the d—axis of the synchronous frame and controlled to have
a constant value.

In spite of these sudden changes, the controllers continue to work very well, where we

see in Figure 6.5(a)-(b) the speed and flux tracking errors converge to zero in the steady
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Table 6.1: Parameters of the used machine.

Induction Motor 1.5 kW, 220/380 V', 50 HZ
R, | 4.750 Q

Ry | 4.750 Q

L, | 0374 H

Ly | 0374 H

L,, | 0.158 H

B [ 0.070 Nms

J 10.021 Kg m?

P |2

Table 6.2: Regulator parameters.

q |k |p My | My | vp |79 | Vi
Flux controller 10 | 80 | 0.00625 | 15 | 4 3.75 1 0.4 | 0.0001
Speed controller | 10 | 50 | 0.1 400 | 640 | 4 6.4 | 0.1
~ 10 T T T =y
E £ 1000 75
= = :
S speeeeee o S 1 CR U SN . | R —
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2 : ] g : S Reference speed Nref
% 0.8 r 15 2 25 3 o= 9 0s " 15 2 25 3
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Time (s) Time (s)
(® ®

Figure 6.4: Speed responses and flux responses of IM, (a) Motor speed, (b) Applied
load torque, (c) Electromagnetic torque, (d) Phase current, (e) Rotor flux, (f) d and ¢

fluxes.

states. It’s clear from Figure 6.5(c)-(d) that the supervisory control actions of the

two controllers were activated many times in order to stabilize the closed-loop system.
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Simulation results show that the speed and flux type-2 AFC yield excellent dynamic
performances for an induction motor drive and they assure the insensitivity to the
working conditions. In order to evaluate the insensitivity to the parameters variations
of the proposed controller, we keep the same load torque shown in Figure 6.4(b) and at
the same time.

We increase the rotor resistance values with 50% at time 1 sec and 100% at time
2 sec as shown in Figure 6.6(a). It is clearly shown from Figure 6.6(b)-(c) that the
speed and its corresponding tracking errors converge to zero and stay small. Note also
that fluxes responses are very satisfactory as shown in Figure 6.6(d)-(f). To evaluate
the performances of our approach, we will compare it with two other techniques:
an optimized PID controller and a type-1 version of the proposed method. The
parameters of the PID controller (K,, K4 and K;) are optimized by particle swarm
optimization (PSO) technique as explained in [13]. During optimization simulations,
swarm populations are set to 20 particles and its coefficients w, ¢; and ¢y are set to 0.8,

1 and 1.5, respectively [13].
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Figure 6.5: Errors of tracking of speed and flux with their corresponding command
laws, (a) Error of speed (b) Error of flux (c¢) Stator ¢ current (d) Stator d current.
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Figure 6.6: Tests of robustness under parametric variations, (a) Rotor resistance
variation, (b) Speed of the rotor, (c) Error of the speed, (d) Rotor flux, (e) d and ¢
fluxes, (f) Flux tracking error.

The type-1 version of our type-2 adaptive fuzzy controller is obtained just by
eliminating the lower membership functions form the type-2 membership functions
represented in Figure 6.4 which gives us a type-1 membership functions, and then the
type reducer bloc is eliminated as shown in Figure 6.2. Note that the presented type-2
fuzzy adaptive controller gives more accurate rotor speed compared to the PID and the
type-1 fuzzy controllers as shown in Figure 6.7. For quantitative comparison purposes,
the performance of the proposed method is evaluated by using the MSE (mean square
error) criterion between the reference speed N/ and the actual rotor speed N as

follows:

MSE(speed) = [1( fj (N - N7ef)” (6.40)

i=1

We show in Table 6.3 the corresponding MSEs (speed) for the three controllers
where we confirm the superiority with respect to precision of the proposed controller
over the PID and type-1 fuzzy controller. To compare the amount of energy needed by

the three controllers, let’s define the MSE of the torque with respect to zero torque as
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follows:

K
MSE(torque) = ! Z —0)? —ZTQ (6.41)

1:1

The formula (6.41) can be used as a measure of the control effort. According to
(6.41), we see in Table 6.3 that the motor torque reach its minimum values with our
type-2 fuzzy controller, which is a proof that our proposed controller can achieve better
performances (MSE speed) with minimum energy (MSE torque). To confirm more
the efficiency of the proposed method, let’s check it with a very big challenge which
is the zero speed (low speed) tracking. In this case, a reference speed of 20 rpm is
applied, and the obtained results are depicted in Figure 6.8, where we clearly see the
high performances of the type-2 fuzzy adaptive controller over its type-1 counterpart
and the PID controller (very big ripples in the case of PID and type-1 fuzzy controllers
but small ripples with the type-2 fuzzy controller). This fact is confirmed numerically

in Table 6.4.
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Figure 6.7: Superposition of the speed responses of PID, Ordinary FLC and IVFLC
controllers.

Table 6.3: Comparison between PID, ordinary FLC and IVFLC.

PID Type-1 Typ-2
MSE (Speed) | 6.7135e+06 | 2.6960e+06 | 8.3731e+05
MSE (Torque) | 8.8842e+06 | 8.1005e+06 | 8.0135e+05
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Figure 6.8: Superposition of the speed responses of PID, ordinary FLC and IVFLC in
low speed case.

Table 6.4: Comparative table in low speed.

PID Type-1 Typ-2
’MSE (low Speed) | 3.6215e404 | 1.7925e+04 | 1.0466e+03

6.7 Conclusion

In this chapter, an indirect adaptive fuzzy controller based on type-2 fuzzy systems
with a supervisory controller has been designed and applied to the control of an induction
motor drive. Based on Lyapunov synthesis approach, the free parameters of the type-2
fuzzy adaptive controller can be tuned on-line by an adaptive law. It has been shown
that the proposed controller can provide the properties of insensitivity to uncertainties
and external disturbances. Simulation results showed that our proposed approach is
very effective to control an induction motor. The superiority of our algorithm over other
techniques like PID control and the type-1 fuzzy adaptive controller was confirmed by

a short comparative study.
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GENERAL CONCLUSION

he work presented in this dissertation included three major contributions:

T 1) The synthesis of observers for a class of uniformly observable nonlinear systems
with sampled output. We have shown that the state of the system can be estimated
with a continuous discrete-time high gain observer whereas the observer gain has been
optimized by metaheuristic optimization. We have proved the convergence of this
observer in the disturbance and the uncertain environments.

2) A metaheuristic optimization method using particle swarm optimization for the
adjustment of PD and PID gains. Two PSO approaches were used: PSOCIW and
PSOVIW. In this technique, the algorithms were combined with PID and PD controllers
for the purpose of improving controller effectiveness. The approaches were designed to
optimize offline controller parameters. After that, optimal optimized parameters were
injected into the online control loop. The introduced algorithms were validated on the
control of a two link robot manipulator.

3) Apply an indirect adaptive fuzzy controller based on type-2 fuzzy systems with a
supervisory controller to the control of the nonlinear system.

In chapter I, we have described the nonlinear systems and have presented the basic
concepts and theorems related to Lyapunov which garantee systems stability.

In chapter IT we have described the continuous-time high gain and the continuous
discrete-time high gain observers for a class of uniformly observable MIMO nonlinear
systems with the presence of disturbances and uncertainties.

In chapter III we have briefly described the principle of genetic algorithms, particle
swarm optimization algorithm, and biogeography-based optimization algorithm, which
allow providing a sufficiently good solution to an optimization problem.

In chapter IV the observer gain has been optimized by biogeography-based opti-

mization for the estimation of the states used in feedback linearization controller for
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the control of two link robot manipulator. Simulation results showed that the optimal
estimations obtained by BBO are much better than the best solutions obtained by PSO
and GA algorithms.

In chapter V two strategies of PSO algorithm has been used for the adaptation
of PI and PID free parameters: PSOVIW and PSOCIW. The obtained results with
PSOVIW strategy show its superiority and efficiency over PSOCIW.

In chapter VI, an indirect adaptive fuzzy controller based on type-2 fuzzy systems
with a supervisory controller has been presented in order to control the dynamical
nonlinear system induction motor drive. The indirect fuzzy adaptive controller was
constructed from a collection of fuzzy IF-THEN rules whose parameters have been
adjusted on-line by an appropriate laws adaptation. It has made according to the
synthesis of Lyapunov to guarantee the stability of closed-loop system. Simulation
results of an induction motor have been performed to study the efficiency of the proposed
method and the superiority of our algorithm. Comparisons with PID control and the
type-1 adaptive controller show that the results are very efficient and achieve good

performances.
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PERSPECTIVE

O ur future perspectives are to extend this work for unknown nonlinear systems
when f and g are not known.
1) Use fuzzy estimation for the unknown functions f and g.

2) Apply machine learning to enhance the obtained performances.
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