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ABSTRACT

In this project, we present the design of an adaptive output feedback control methodology
for the flexible robot benchmark problem. Its model is presented with some proposed solu-
tions for the uncertainties due to unmodeled dynamics and parameteric uncertainties/ Our
objective is to design a controller that forces the system output (the angular joint positions)
to track a smooth reference trajectory with bounded errors. The proposed method is based
on a feedback linearization controller associated to a feed-forward neural network and it has
proven to be a very effective way to design controllers based on approximate knowledge of
the system dynamics.

Key words: flexible robot, benchmark, feedback linearisation, neural networks
RESUME

Dans ce projet, nous présentons la synthése d’une loi de commande adaptative par
bouclage non linéaire des sorties pour le probléme de controle des robots flexibles. Son
modele est présenté avec quelques solutions proposées pour les incertitudes dues a la dy-
namique non modélisée et aux incertitudes paramétriques.

Notre objectif est de concevoir un controleur qui force la sortie du systeme (les positions
des joints angulaires) a suivre une trajectoire de référence lisse avec des erreurs limitées.

La méthode proposée est basée sur un controleur de linéarisation a rétroaction associé
a un réseau de neurones FFNN et s’est avérée étre un moyen tres efficace de concevoir des
contrbleurs basés sur une connaissance approximative de la dynamique du systéme.

Mots clés : robot flexible, benchmark, lin¢arisation par bouclage nonlinéaire, réseaux
de neurones
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INTRODUCTION

Industrial robots, are often designed to perform repetitive tasks that aren’t easy to ac-
complish by human beings. A robot can be remotely controlled by a human operator to do
hard and dangerous tasks. These tasks are sometimes to be realized from far distances and
that causes increasing demand to improve movement speed, accuracy, trajectory tracking
and eliminating uncertainties. [9]

Lately, trajectory following control of flexible-link manipulator system has been an
important area of research. A non-rigid link bears resemblance to a flexible beam often
used as a starting point in modelling the dynamics of a flexible link.

The trajectory control of a flexible robot can be divided into two parts. Tracking the
desired trajectory on the dynamic phase of the movement and positioning the tip of the
link on the final phase of the movement. Most of the existing researches on the control of
flexible link manipulators focus on the positioning phase of the movement, while very few
of them deal with the dynamic phase of the movement.[9]

The joint flexibility is fundamental in many robotic applications, on the other hand, it
is well known that ignoring the modelling of elastic coupling between the actuators can
result in oscillatory problems and the robot joints can cause instability, high frequency vi-
brations and reduced performance in some severe cases, joint flexibility in robots can be
caused by naturally inherent of used material in structure of robots or human made that is
applied intentionally. When harmonic drives, belts or long shafts are used as motion trans-
mission elements, a dynamic displacement is introduced between the position of the driving
actuators and that of the driven links, which is the output to be controlled.[16]

It is possible to consider the dynamic behaviour of a flexible manipulator as a combina-
tion of rigid-body and flexible dynamics. Accordingly, control strategies devised for such
systems are to take account of both rigid-body motion and flexible motion control.

When it comes to the development of modern robot manipulators, it is necessary for
the robot controller to have certain characteristics. the robot controller should have the
following properties: the capability to overcome unmodeled dynamics, variable payloads,
friction torques, torque disturbances, parameter variations and measurement noises which
can be often presented in the practical environment. Industrial projects are expected to have
accuracy, repeatability and simplicity in the realization of the control law, that is why using
most excellent controllers such as nonlinear and intelligent classes are justified.[13]

The early nonlinear techniques such as computed torques, which is based essentially on
input-output linearization via static feedback. When the linearized output is chosen to be
the tip position, non-minimum phase behavior is introduced special inversion techniques
has been presented.

There exists a gap between control theory and practise, i.e, many control methods sug-
gested by researchers are seldom implemented in real systems and on the other hand many
important industrial control problems are not studied in the academic research. In order to
fill this gap we are about to present an industrial robot benchmark problem with the intention
to apply advanced control algorithms in the area of adaptive control for flexible industrial
manipulators using neural networks .



This master project is inspired from the research paper [ 12] where a benchmark problem
is presented as a benchmark problem from an industrial robot constructed by ABB and the
authors encourage researchers to apply advanced adaptive and robust control techniques
to this real problem. A simple feedback control law was proposed for a two flexible link
manipulator as a starting point for researchers to compete to achieve better performance.
Our objective is to achieve a better performance by working on this benchmark problem
using different controller design method and in our case we opted for the neural network as
an advanced control technique that can be used to approximate uncertain terms.

The main theme of the research presented in this report is controlling a flexible robot
manipulator using adaptive neural networks. The thesis is organized as follows: The first
chapter gives an introduction to robotics in general, and the modeling of robot manipulators
besides an overview of the benchmark problem

The second chapter is devoted for the basic notions related to nonlinear control theory,
beginning from the feedback linearization to the neural network theory, where some basic
definitions are given, including learning processes for neural networks

The third chapter, illustrates the main control strategy based on the augmentation of
feedback linearization by neural networks.

The last chapter introduces a method consisted of applying a nonlinear controller to
stabilize the output tracking error, whereas the unmatched uncertainty was canceled by
choosing an appropriate reference signal. Furthermore, NNs have been applied for solv-
ing problems of trajectory tracking in the presence of parametric variation and unmodeled
dynamics by employing their property of function approximation.

Finally, we will end up this study with a general conclusion in which we will summarize
the main findings and results followed by presenting some perspectives for further and
future research.



Chapter 1

Benchmark Robot Presentation and
Modeling



1.1 Introduction

Despite the fact that there exist various types of industrial manipulators, the ones with
six serially mounted links are the commonly used, their links are all controlled by electrical
motors via gears. We had chosen the IRB6600 from ABB equipped with a spot welding
gun as model for our control study, the dynamic of manipulator change rapidly when the
robot links move fast within the manipulator workspace and dynamic coupling between the
links are in general strong. Besides, the structure is elastic and the gears have nonlinearities
such as hysteresis, backlash, friction and nonlinear elasticity [12].

Figure 1.1: IRB6600 from ABB equipped with a spot welding gun

The purpose of the motion control is, however, orientation control and the position of
the tool when moving the tool along a certain desired path. In this chapter, we provide a
brief introduction to robot dynamics together with some of its properties.

The ABB IRB 6600 robotics system is very flexible with bend-over-backwards capa-
bility. Available in five versions with a handling capacity of up to 225 kg, reach of up to
3200 mm, and a wrist torque of up to 1320 Nm. The IRB 6600 S4C+ comes with a built-in
Service Information System, allowing for it to easier plan service and maintenance [1]

1.2 Rigid robots

Rigid manipulators have increased tensile strength with more precision due construction
material such as steel or aluminum frames but have high cost and weight.

We are interested here in the general dynamic model of robot manipulators with n elastic
joints of finite, but constant stiffness. The model contains the dynamics of 2n rigid bodies
(n links and n actuators), coupled through the elastic joints. Let ¢ € R, and § € R, be,
respectively, the generalized coordinates of the driven links and of the driving actuators.



Figure 1.2: A rigid dynamic model with 3 DOF.

1.2.1 The Rigid Robot Dynamic Model

There are several methods for obtaining a rigid dynamic model. The two most com-
mon approaches are the Lagrange formulation and the Newton-Euler formulation. A third
method is Kane’s. All methods are based on classical mechanics.

All methods produce the same result even though the equations may differ in computa-
tional efficiency and structure.

The dynamics of n-link rigid robot manipulator is driven by the Euler-Lagrange equa-
tions as :

M(q)§+ N(q,q) + K(g—0)=0 (1.1)
Bo+ K(g—0)=r (1.2)

Where M (q) is the inertia matrix of the robot links, vector N (g, ¢) contains the cen-
trifugal, Coriolis and gravity forces, K = diag{ki, ..., k,} > 0 is the joint stiffness matrix.
B = diag{by, ..., b, } is the inertia matrix of the actuators, and 7 € R,, are the motor torques.

1.3 Flexible robots

T he flexible robot system consists of a single lightweight flexible arm counterbal-
anced with a rigid appendage. The arm is actuated by DC motor located at the base. A
servo amplifier is used to control the DC motor; this amplifier accepts control inputs from
the computer through the DAS20 D/A converter in the range [-5,5] Volts. An optical en-
coder attached to the shaft of the DC motor is used to measure the angular position of the
shaft at each sampling instant. The optical encoder’s outputs are passed through a signal
conditioning circuit before being acquired by the computer.[§]
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Figure 1.3: Flexible joint robot arm by Quanser.

Every mechanical system is inherently flexible, due to the elasticity of the material
which composes its elements. Therefore, the rigidity assumption remains an approxima-
tion in all cases. In practice, neglecting the flexibilities of a system amounts to considering
that:

- Its deformation under a maximum static load (depending on the application) is negligible.
- Its vibrations, caused by its own movements or by external stresses, give rise to negligible
effects (accelerations, displacements, noise, and material fatigue)

Classic industrial robots are very massive and very rigid; their flexibility is therefore ne-
glected in their normal conditions of use.

The flexibility of conventional industrial robots becomes significant under the effect
of extreme mechanical loads (handling heavy loads) or external vibration loads (robotized
machining applications, for example).[17]

1.3.1 Flexible link robot

Generally, if the segments have a significant stiffness compared to that of the con-
nections, we can calculate equivalent joint stiffness which gives a simple model, but still
representative of the real dynamics of the robot.

This approach has the advantage of introducing only one additional degree of freedom
per articulation, which limits the dimension of the model obtained (number of variables and
dimension of the matrices) and generally makes it possible to meet all the needs, including
simulation and control.

However, this model is too limited to be able to represent complex behavior of a robot
with very flexible segments.

The model of flexible joints is generally kept to represent the behavior of connections,
but it must be associated with a flexible segment behavior model



Figure 1.4: two flexile-link manipulator.

The figure 1.4 shows a two-flexible-link manipulator. This system moves in the hori-
zontal plane and consists of two motors that generate two torques, two flexible links with
mass m; length L; linear density p; and rigidity E'J; i= (1,2), and a payload that has a mass
my, The first link is attached to the first motor, and the second link is clamped to the rotor
of the second motor. The flexible links are supposed uniform and are modeled as Euler-
Bernoulli beams, and the deformations are assumed to be small.

1.3.2 Flexible Link Models

Ifthe elasticity of the links cannot be neglected a distributed elasticity model can be used
to increase the accuracy of the model. These models are described by partial differential
equations with infinite dimension. One way to reduce the model to a finite-dimensional
model is to use the assumed modes method. The link deflections are then described as an
infinite series of separable modes that is truncated to a finite number of modes.[7]

Using Lagrange equations, the dynamical model of an n DOF flexible manipulator is
given by [8]

M(q)g+ H(q,q) + D¢+ K(q) = (1.3)

Where M is the inertia and mass matrix , H (g, ¢)) is the Coriolis and centrifugal forces
vector, D is the friction matrix, and K is the rigidity matrix. q Represents the vector of the
generalized coordinates and 7 is the vector of the applied torques. For the n rigid coordi-
nates and n flexible links, the deformation of the 7;;, flexible link is given by the following
equation:

Vi(z,t) = Z ¢l]( )aij (t) (1.4)
Z by(@)ay (1), i =1, ..m.



Where g;; is the j;;, generalized flexible coordinate, ¢(x) is its jy, shape function, and Z;
is the number of the retained flexible modes of the #;,flexible link. We may notice that the
total number of the flexible modes is Z = > | Z; and the number of the rigid modes is n.

1.3.3 Flexible joint robot

Elastic gear transmissions and rigid links can be described by the so called simplified
flexible joint model where the inertial coupling between the links and the motors are ne-
glected. This approximation is valid for a reasonable high gear ratio. Furthermore, the
viscous damping is also neglected in the simplified model.[11]

The equations of motion are derived by computing the linear and angular momentum
and their time derivatives. By using Kane’s method (Kane and Levinson, 1985; Lesser,
2000) the projected equations of motion are derived to yield a system of ordinary differential
equations (ODE) with minimum number of DOF.

Figure 1.5: Schematic representation of a flexible joint.

1.3.4 The Flexible Joint Dynamic Model

This robot can be modeled by the so called flexible joint model which is illustrated in Figure
1.5
The model equations can be described as a system of second order ODE’s [11]

Ma(Qa)qa + n(Qaa qa> + K(Qa - Qm) =0 (1.5)

MG + K(Gm — qa) = u (1.6)
Where & Denotes dx/dt. M,(q,) € RNV is the inertia matrix for the links.

(Qas da) = (as Ga) + 9(qa) (1.7)

where ¢(qq,G.) € RY and g(q.) € RN describes the Coriolis, centrifugal and gravity
torques.

M,, € RN*N N is the diagonal inertia matrix of the motors.
The link and motor angular positions are denoted ¢, € R" and ¢,, € R respectively.
Note that the gear ratio matrix, r, is not explicitly shown in the equations. All equations are
expressed on the link side and M,, = % M,,"r, where M,,” is the motor inertia matrix on
the motor side.



1.4 The benchmark problem

We are focusing only on the regulator problem, a method is presented where a feedback
controller should be designed such that the tool position is closed to the desired reference,
in the presence of motor torque disturbance. In order to get a powerful dynamic coupling,
just the second and third links of the manipulator are taken in the benchmark model. The
nonlinear rigid body dynamics related with the change of configuration (link positions) as
well as gravity, centripetal and Coriolis torques are included in the model.[12]

1.5 Mathematical models

The figure below illustrates the planar model, all movements are constrained to the x,
z plane. The links are indicated as link 1 and link 2 each of the two has the following rigid
body attributes:

Junzs Qanzs T2l

Figure 1.6: Two link robot model

- mass my and ms
- link length /; and [,
- center of mass €, and ¢, (distances from the centers of rotation)
- inertia w.r.t. center of mass j; and js

The links are actuated by electrical motors, connected to the links via elastic joints.
The nonlinear spring torque 7,(¢q) describes the joints (gear transmissions)
D is the linear damping matrix, f(¢) the friction torque n; and n, the gear ratios, jm; and
Jjms motors inertias There are two degrees of freedom (DOF) for each axis described by
the motor angular positions qm1, qm2 and link angular positions qal, qa2.



The motor torques um; and ums represents the control signals, which are subject to satu-
ration. The motor torque control is modeled as a gain uncertainty v Time delay 7'd;, T'ds
Two sources of disturbance are acting on the system. A force F is applied at the tool cen-
ter point (TCP) at angle ¢F and a motor torque disturbance is applied as input disturbance
signals ud; and uds. The angular positions and the model inputs are described by :

qai
qas
= 1.8
q gma/m (1.8)
C]mz/nz

uay

uas
umy + udy /ny
ums + uds /ngy

u =

(1.9)

1.6 Dynamic robot models

Dynamic robot models describe the relations between the motions of the robot and
the forces that cause the motions. [7] To obtain the dynamic model, we can use several
formalism: - Newton-Euler formalism. - The Alembert formalism which uses the principle
of virtual powers. - The formalism of Lagrange equations. -The general robot dynamics
equation is shown as

u= M(q)(4) + C(q,q) + G(q) + Dg + 75(q) + f(q) (1.10)

Since the gear ratio is high we neglect the inertial coupling between the motor and link
rotation. The inertia matrix M, gravity vector G and vector of speed dependent torques
(Coriolis and centripetal) C, can then easily be described as

Jit Ji2 0 0

N V) 0 0
M@=17""0 jmmz 0 (11D

0 0 0  jmaon?

J11(q) = J1 + ma&a® + ja + ma(lh® + &° — 21165 5in a) (1.12)

j12(q) = j21(q) = ja + ma(&5 — L& sin o) (1.13)

| jaa(a) = o + mate” (1.14)
G(q) = [91(q) 92(q) 00)" (1.15)

91(q) = —g(m1&1(sing,1) + ma(ly sin (gu1) + &2 €08 gl + ¢a2))) (1.16)

92(q) = —maag cos (qu1 + Ga2) (1.17)

10



—mil1€29 €08(qa2)(2qa1 a2 + qu)

PR— .2
C’(q, q') _ mal1&29 C(())S (Qa2>(qa2>
0

Where g is the gravitational constant
The nonlinear torque is given by

Aqi = Gai — qmz/nlz = 17 2
With

T = KinAgi + KisAyi®, | Agi] < 1
Tsi = sign(Dgi) (mio + mit (|Agi| — ¥5)) > s
fiy = ko
kig = (k™" = k') /(337

mio = Knv; + Kz‘s%‘,s

high
mi = ki

dy 0 —di O

0 d2 0 —dg
—dy 0 dy 0

0 —dg 0 dQ

£(@) =100 f1(9) fo(@)]"

D =

(1.18)

(1.19)

(1.20)

(1.21)

(1.22)

(1.23)

(1.24)

(1.25)

(1.26)

(1.27)

(1.28)

£i(@) = ni(faiGmi + (fei (s + (1 — pgi) cosh™ (BiGini)) tanh (i), i = 1,2 (1.29)

If we take into consideration the absence of friction and disturbances, the dynamics of ma-

nipulator can be generalized in the following form

u = Mm(Q)(Q) + Cm(Q» Q) + Gm(Q) + Dq + TS(C])

(1.30)

11



with

g= (qml/m) = ((Um1 +Ud1)n1> (131)

Qm2/ M2 (Uma + Uga) N

. Ji(q) Ji2(q) _ _m2l1£2gCOS(Qa2>(QQaIQa2+q.3 ))
Mnla) = (Ju(Q) Jzz(Q)) O = ( —mal1€29 €08 (qa2) (d2s) 2 (1.32)

_ (—9(mi&(singal) +mo(ly sin (ga1) + 2 €08 gul + ¢a2)))
Cm = ( —m2&29 08 (a1 + Ga2) ) (1.33)

1.6.1 Dynamic model properties

We will present the properties of the different terms constituting the equation of the
dynamic model of a flexible manipulator robot.

These properties can be used for the analysis of the behavior of the system and the
calculation of the control law.

Properties of the inertia matrix

The inertia matrix M(q) is a symmetric positive definite matrix which checks:
pily < M(g) < poly (1.34)

{11, po are two strictly positive values and Iy the identity matrix Likewise, we have the
property :

1 1
—Iyn < M(q) < —1Iy (135)
M1 K2

This property is a very well-known result in mechanics; it determines the borders of the
Inertia matrix M (g) in the case of rotoid joints.

If the joints are prismatic, the above property can be stated as follows:

M, < M(q) < M, (1.36)

Properties of the vector of the Coriolis and centrifugal forces

The matrix C(q, q ) is characterized by three properties:

Property 1 :
The matrix
N(q,q) = M(q) +2C(q,4q) (1.37)

is an skew-symmetric matrix.
It means ¢" N(q,q) = 0q € R",

This equation means that the sum of the internal interaction forces of the mass of the
manipulator robot is zero.

12



Property 2 :
Whatever the two vectors x, y then:

Clq,z)y = Clq,y)x(x,y) € R¥zRY (1.38)

Property 3 :
The vector C(q,q)q represents the torques due to the Coriolis force and centrifugal.
It verifies:

C(q,4)4 < Co, ||4|” (1.39)

For a certain constant Cj; > 0. The constant Cj, , can be interpreted as being the total
torque generated by the centrifugal forces of the manipulator robot.

Properties of the vector of the forces of gravity

The vector G(q) checks:
G(q) Z gm

Or g, is a scalar function, constant in the case of only rotoid joints. It depends on q in
the case of only prismatic joints.
Based on their make, robotic manipulators can be categorized as rigid and flexible.

1.7 Conclusion

The industrial manipulator control problem is a challenging task. The control of such
manipulators can be described and classified in many ways. According to the type of me-
chanical arm to control, the type of drive system, control of Robot Manipulators, type of
model used for the (model-based) control etc...

Flexible joint and flexible link manipulators control is a large research area with various
publications, and almost every possible control method ever invented has been suggested
for dealing with these systems.

In this thesis we will try to solve the tracking problem to a flexible robot manipulator us-
ing adaptive neural network controland the adpative law is derived and ensured to converge
by Lyaponov’s second method.
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Chapter 2

Nonlinear Flexible Robot Control
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2.1 Introduction

A countless control strategies for manipulators have been the focus of several studies
in recent years, among these strategies, controlling robots with flexible arms in order to
reach and maintain a desired position is a challenge. Many control methods with efficient
controllers can be created if the parameters are fixed and known, but the variation in system
parameters due to changes in working conditions requires control laws that use variable
gains.

If we are treating a non-linear system where the conditions on the precision and other
dynamic characteristics are precise, this kind of controller can prove to be very ineffective.
In this case it is necessary to develop control laws which are insensitive to disturbances and
non-linearities. A common problem to many systems, for which there are many solutions,
non-linear control laws are the formula to these obstruction.

The objective of this chapter is to present an overview on advanced nonlinear control
techniques for robot control and the neural networks methods in control.

2.2 Nonlinear robot control

The aim of a robot controller is to calculate the torque that must be developed by actua-
tors to make it perform the desired task. In the development of modern robot manipulators,
it is required that the robot controller has the capacity to overcome unmodeled dynamics,
variable payloads, friction torques, torque disturbances, parameter variations, measurement
noises which can be often presented in the practical environment.

In nonlinear control field, a common strategy is called model based control, which can
be derived from the mathematical model of the system.

However, in case of robot manipulator, it is weakened by inaccuracies presented in
the robot model, where the performance of the control algorithm is not guaranteed. These
inaccuracies can be defined as parametric uncertainties, unmodeled dynamics, and unknown
external disturbances. To overcome the uncertainties drawback, robust nonlinear control
can be a solution.

The goal of robust control is to maintain performance in terms of stability, tracking
error, or other specifications despite inaccuracies present in the system.

2.3 PD controller

We are going to present the most common controller applied to manipulator robots,
which we can integrate into our mechanism. First this command deals with the regulation
problem. The PD (Proportional and Derivative) command is the simplest command among
the dynamic commands, it ensures the overall asymptotic stability of the robot’s dynamics
in a closed loop but using large gains.

It is only effective in the case where the parameters of the system to be controlled (robot)
are well defined, i.e. no uncertainties, no friction and no disturbances. Otherwise, it is
recommended to use the so-called robust control laws.
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2.4 PD type control law

As a first step we apply a PD command on the manipulator robot, neglecting terms of
friction and external disturbances, the equation of the robot becomes

(0)a(§) +C(q,4) +G(q) =7 (2.1)

The tracking objective is to maintain the position of the robot joint position g constant
around a constant desired position denoted g;. The derived proportional control (PD) has
the following basic form

T = Kp(Qd - Q) - qu (22)

Let’s take ¢ = q - g4 position error then we have 52 ¢ and 2.1;2 q
since ¢; = 0 by applying This control law on the dynamics of the robot, we obtain the
dynamics of the closed loop system

M(q)q(§) + C(q, q) + G(q) + Koq + Kpg =0 (2.3)
“ *‘-‘-{:} s K +‘;{:-} » Rabaot 1
A & q
K, +

Figure 2.1: Block diagram of the PD command

2.5 Feedback linearization

The basic idea of simplifying the form of a system by choosing a different state repre-
sentation is not completely unfamiliar; rather it is similar to the choice of reference frames
or coordinate systems in mechanics. [7]

It is known as a way of transforming original system models into equivalent linear mod-
els of a simpler form.

2.5.1 Input/Output Linearization

A control technique where the output y of the dynamic system is differentiated until the
physical input u appears in the » — th derivative of y. Then w is chosen to yield a transfer
function from the “synthetic input”,v, to the output y which is:

Y(s) 1

v(s) s
If r, the relative degree, is less than n, the order of the system, then there will be internal
dynamics. If » = n, then I/O and I/S linearizations are the same.
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2.5.2 Input/State Linearization

A control technique where some new output ¥y,,e., = hnew(X) is chosen so that with respect
to ynew, the relative degree of the system is n. Then the design procedure using this new
output ynew is the same as for I/O linearization.

2.5.3 Input/State Linearization

A control technique where some new output ¥,e, = hnew(X) 1s chosen so that with
respect to ynew, the relative degree of the system is n. Then the design procedure using this
new output ¥,,.,, 1s the same as for I/O linearization.

Input/Output Input/State

linearization

/O and I'S

coincide

linearization

Natural Where thenatural output v has Choose new output Ve
Output r < n relative degreen with relative degree n

Figure 2.2: Input/State Linearization

2.5.4 Feedback Linearization for MIMO Nonlinear Systems

Consider a “square” system (where the number of inputs is equal to the number of
outputs = n)

&= fz)+ ZZZ il
{ y = [hl,hg,....hin]T (2.4)
v = Lp(hi) + > Ly hwws (2.5)
i=1

Let r, the relative degree, be defined as the relative degree of each output, i.e.
For some I,L,,(L;" ' (hy)) # 0. Let J(x) be an mxm matrix such that:

Lgl (LfT_ll (hl) Lgm (LfT_ll (hl)
(2.6)
Lo (Ly" ' (hn) oo Lg, (Lg" 7 (Bi)
J(z) is called the invertibility or decoupling matrix. We will assume that .J(z) is non-
singular.
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Let:
d"ly;
dtr1
ro__
y = 2.7)
drm Y1
dtmm

where y" is an mx1 vector

(L™ 1 ()
= B 2.8)
(Ls™ b ()

Then we have
y =l(x)+ J(z)u=wv

We obtain a decoupled set of equations :

dn dm
{ = Vg.eenn. — =y (2.9)

SOY & v
Design v any way you want to using linear techniques

w=J(v—1) (2.10)

Applying feedback linearization on physical systems (e.g., robot manipulators) is called
computed torque control. Computed torque controller (CTC) is a powerful nonlinear con-
troller used in control of robot manipulator. It is based on feedback linearization and com-
putes the required arm torques using the nonlinear feedback control law.

It works very well when all dynamic and physical parameters are known but when the
robot manipulator has variation in dynamic parameters the controller has no acceptable
performance.

In practice, real physical systems have unmodelled dynamics and uncertainties and in
this project we are trying to use Neural Networks as a tool that estimates uncertainties com-
bined with existing controllers.

2.6 Neural networks

2.6.1 History of Neural Networks

Neural networks are composed of a massive connection of simple elements called neu-
rons. The philosophy behind these neural networks is to imitate the human brain and un-
derstand how it works to build artificial intelligent systems.

The first appearance of neural networks was in 1943 when Warren McCulloch, a neu-
rophysiologist, and a young mathematician, Walter Pitts, wrote a paper on how neurons
might work. They employed electrical circuits to model a simple neural network. [3]

After that, Donald Hebb affirmed the last approach by writing The Organization of
Behavior in 1949, a book which indicates that neural pathways are strengthened each time
that they are used.
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The evolution of computers in 1950s allowed the possibility to begin modeling the rudi-
ments of these theories concerning human thought and the first simulation of the neural net-
work was made by Nathanial Rochester from the IBM research laboratories even but that
first attempt has failed.

In 1959, Bernard Widrow and Marcian Hoff of Stanford developed models they called
ADALINE and MADALINE. These models were named for their use of Multiple ADAp-
tive LINear Elements. MADALINE was the first neural network to be applied to a real
world problem. It is an adaptive filter which eliminates echoes on phone lines. This neural
network is still in commercial use. [3]

In 1982 several events caused a renewed interest. John Hopfield of Caltech presented a
paper to the national Academy of Sciences. Hopfield’s approach was not to simply model
brains but to create useful devices. With clarity and mathematical analysis, he showed how
such networks could work and what they could do. Yet, Hopfield’s biggest asset was his
charisma. He was articulate, likeable, and a champion of a dormant technology.[3]

Today, neural networks discussions are occurring everywhere. Their promise seems
very bright as nature itself is the proof that this kind of thing works. Yet, its future, indeed
the very key to the whole technology, lies in hardware development. Currently most neural
network development is simply proving that the principal works. This research is develop-
ing neural networks that, due to processing limitations, take weeks to learn. To take these
prototypes out of the lab and put them into use requires specialized chips. Companies are
working on three types of neuro chips - digital, analog, and optical. Some companies are
working on creating a “’silicon compiler” to generate a neural network Application Spe-
cific Integrated Circuit (ASIC). These ASICs and neuron-like digital chips appear to be the
wave of the near future. Ultimately, optical chips look very promising. Yet, it may be years
before optical chips see the light of day in commercial applications. [3]

2.6.2 Biological Neural Network

A neuron (or nerve cell) is an information-processing biological organ. This consists
of one cell nucleus, or soma, and two types of tree-like out-reaching branches: the axon and
the dendrites.

dend‘yl}es ] l ) axon terminals

cell bOd)‘ output
Figure 2.3: The-biological-neuron

The cell body has a nucleus containing information on generic traits and plasma which
holds the molecular equipment required by neuron to produce material.
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A neuron, through its dendrites (receivers) receives signals (impulse from other neurons
and transmits signals produced by its cell body along the axon (transmitter), which gradually
branches into strands and sub strands. A synapse is a simple structure and functional unit
between two neurons (one axon strand of one neuron and the other dendrite).[2]

Once the impulse hits the terminal of the synapse, certain chemicals called neurotrans-
mitters are produced. The neurotransmitters spread through the synaptic distance to boost
or suppress the receptor neuron’s own ability to release electrical impulses, depending on
the form of synapse.

The strength of the synapses can be modified by the signals that pass through it, so that
the synapses can benefit from the behaviors they engage in. This dependence on history
serves as a memory which could be responsible for human memory.[2]

2.6.3 Artificial (formal) Neuron

The first model of the formal neuron dates from the forties. It was presented by Mc Cul-
loch and Pitts[1]. Inspired by their work on biological neurons they proposed the following
model:

Biais
Weights IIl
X W,
X, W,
o @
W, . Activation Output
X Summation .
n 3 function
function

Inputs

Figure 2.4: The formal neuron model

An artificial neuron is a mathematical function conceived as a crude model, or abstrac-
tion of biological neurons.

Artificial neurons are the constitutive units in an artificial neural network. Depending
on the specific model used, it can receive different names, such as semi-linear unit, Nv
neuron, binary neuron, linear threshold function or McCulloch-Pitts (MCP) neuron.

The artificial neuron receives one or more inputs (representing the one or more den-
drites) and sums them to produce an output (representing a biological neuron’s axon). Usu-
ally the sums of each node are weighted and the sum is passed through a non-linear function
known as an activation function or transfer function. The transfer functions usually have
a sigmoid shape, but they may also take the form of other non-linear functions, piecewise
linear functions, or step functions. [2]

More generally, a formal neuron is a processing element (operator mathematical) with
n inputs (which are the external neurons or the outputs of others neurons), and only one
output.
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This model is described mathematically by the following equations:

n+1
S=> wa; (2.11)
y= f(x) (2.12)

Where w;, x;, f, y are respectively, the synaptic weights (parameters), the inputs, the
activation function and neuron output.

We can summarize the difference between artificial and biological neuron in the figure
2.5

dendrites
‘ nucleus
|
APV (l;ilcliy axon
axon
. terminals
II’I1
. out
in, 2 f
in
n

bias

Figure 2.5: Artificial and biological neuron

2.6.4 The activation function

Activation functions generally represent certain forms of no linearity. One of the sim-
plest forms of non-linearity, which is suitable for networks discrete, is the sign function
2.6a.

Another variant of this type of nonlinearity is the step function 2.6b. For the majority
of learning algorithms it is necessary to use differentiable sigmoid functions, such as the
sigmoid function unipolar, Figure 2.6¢ and the bipolar sigmoid function 2.6d. [1]
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Figure 2.6: activation function types

2.6.5 Selecting the activation function

The selection of activation function bears an important effect on the neural network
results. It constitutes a mathematical transformation of the summarized weighted input
units to generate the output of the neuron. the most used activation functions, in the field
of modeling and control of nonlinear systems is the bipolar sigmoid function.

Technically speaking an activation function comprises of two parts; a combination func-
tion that factors in all the input units into a single value (Weighted sum of inputs) and a trans-
fer function which applies a nonlinear transformation to these Summarized units to trigger
an output unit. Usually, the data pattern determines the forms of the transfer functions.

Most studies resort towards the sigmoid transfer functions. The benefits of logistic
or sigmoid function is that they are continuous functions that monotonically rise or fall,
saturate towards the minimum and maximum values, approximate the step function very
well and are differentiable on the whole domain and can thereby dramatically reduce the
computation burden for training It is important to note that NN where the hidden neurons
have sigmoid activation function and the output neurons the sigmoidal or identity function
are called Multi-Layer Perceptrons (MLP).[2]

2.6.6 Multi-Layer Perceptron

We present here one of the most used network architectures. It is a class of feedforward
artificial neural network that has at least three layers of nodes.

It generates a set of outputs {y1, ¥, ....ym } asetof inputs {x1, zo, ....z, }. Except for the
input nodes, each node is a neuron that uses a nonlinear activation function. The spread of
information is thus proceeds in one direction from the input layer to the output layer. The
activation function used for neurons can be any function increasing and differentiable.
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Figure 2.7: MLP model

A neural network is trained with input and target pair patterns with the ability of learning.
MLP can separate data that is not linearly distinguishable. It is especially trained using
a supervised learning technique called back-propagation (PB) algorithm, which aims at
minimizing the global error measured at the output layer by the relation bellow [15]

e(t) = ya(t) — ym(?) (2.13)

Where y,(t) denotes the desired output, and y,,(¢) the measured output of the neuron.

The BP algorithm uses an iterative supervised learning procedure, where the MLP is
trained with a set of predefined inputs and outputs. The global error E,(t) calculated by the
equation below, this error can be minimized by the gradient descent technique.[11]

Ei(t) = 5 3 (st) — o s0)? 214

=1

2.6.7 Network Architecture

Neural networks composed of only two layers, the input and output layer is the simplest
that means no hidden layers. This is often called the skip layer which basically constitutes
a conventional linear regression modeling in a NN design whereby the input and output
layers are connected directly, hence bypassing the hidden layer.

Like any other networks, this form of NN depend on Weight as the connection between
an input and the output; the weight representing the relative Significance of a specific input
in the computation of the output.

It is important to bear in mind that the Output generated will heavily depend on the
activation function type we are going to use. However, since the hidden layer confers strong
learning ability to the NN, in practical applications, a three and over three NN architecture
is used..
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Figure 2.8: Neural networks layers

The figure 2.8 shows the neural networks layers, it is important to differentiate between
two classes of weights in NN; there are those who connect the inputs to the hidden layer
and then those weights that join the hidden layer with the output layer. Otherwise there are
two classes of activation functions; one is in the hidden layer and the other in the output
layer.

An infinite number of ways prevail as to the construction of a NN so there are two
terms used to describe the way in which a NN is organized. First the neurodynamics (fun-
damentally gives the properties of an individual neuron such as its transfer function and
the combination of the inputs) and architecture (defines the structure of NN including the
number of neurons in each layer And the number of types of interconnections) The follow-
ing elements mast be taken into consideration when building up a network. - Best starting
values (weight initialization)

- Number of hidden layers

- Number of neurons in each hidden layer

- Number of input variables or combination of input variables

- Learning rate

- Momentum rate

- Training time or amount of training (i.e., the number of iterations to employ)
- Type of activation function to use in the hidden and output layers

2.6.8 Neural networks Learning

The need for learning arises when the a priori information is incomplete, and its type
depends on the degree of completeness of this information, Like the information that can
acquire a neural network is represented in the weights of the connections between neurons,
learning therefore consists in adjusting these weights in such a way that the network exhibits
certain desired behaviors.[1] Mathematically learning is defined by:

ow
5 70 (2.15)

Where w is weight matrix.
We can distinguish three types of learning, supervised learning, unsupervised learning and
reinforcement learning.

24



Supervised Learning

Network is provided with a correct answer (output) for every input pattern( presence
of a master who provides the desired response).

Besides weights are determined to allow the network to produce answers as close as
possible to the known correct answers. The back-propagation algorithm belongs into this
category.[2]

This procedure is repeated until a performance criterion is satisfied. Once the learning
procedure is completed, the synaptic coefficients take optimal values with regard to the
stored configurations and the network can be operational

Unsupervised Learning

This type of learning does not require a correct answer associated with each input pat-
tern in the training set and the learning procedure is based only on input values. It explores
the underlying structure in the data, or correlations between patterns in the data and orga-
nizes patterns into categories from these correlations.

The network is self-organized in such a way as to optimize a certain cost function,
without being given the answer desired. This property is called self-organization. The
Kohonen algorithm belongs into this category.[1][2]

cnvironncmcml—’ %

lenvironnement|

] L5

¥
4

supervised Learning Unsupervised Learning

Figure 2.9: Principle of supervised and unsupervised learning

Reinforced Learning

Combines supervised and unsupervised learning; Part of the weights are determined
through supervised learning and the others are obtained through a unsupervised learning.

The basic idea of reinforcement learning is inspired by the mechanisms learning in an-
imals. In this type of learning we assume that there is no master (supervisor) who can
provide the correct answer, but the system to be trained is indirectly informed about the
effect of their chosen action. This action is reinforced if it leads to an improvement in the
performance of the driven system, and the elements which contribute in the generation of
this action are either rewarded or punished
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2.7 Robotics and neural networks

There are historical parallels between the study of neural networks and robots. Both
are biologically inspired in their origin, and both have acquired important engineering ap-
plications in their own right.[18]

Robots are physical devices that substitute for (or replicate) human actions which in-
volve interaction with the world such as manipulation or locomotion. Robotics aim to create
systems that can seamlessly combine visual inputs with motor responses, including in the
face of novel stimuli and environmental shifts. Living systms ’ capacity to learn and adapt
offers the quality by which robotic systems are assessed.[18]

A variety of scientists have attempted to develop robot controllers that are based on
known processes in the brain and musculoskeletal system to mimic those abilities. These
theoretical models have two purposes: they form the basis for biologically inspired ap-
proaches to robot control design while at the same time providing some insight into the
brain mechanical conduct.[18]

2.8 Identification of nonlinear systems by neural networks

The modeling of nonlinear systems by neural networks was the subject of a lot of
research over the past ten years because of the capacity learning, approximation and gener-
alization that these networks have.[14] [6]

In indeed, this new approach provides an effective solution through which large classes
nonlinear systems can be modeled without a precise mathematical description.

Identification is the operation of determining the dynamic model of a system from in-
put / output measurements. Often the measured output of systems is tainted with noise.
This is due either to the effect of disturbances acting at different places in the process, or
measurement noises. These disturbances introduce errors in the identification of model
parameters.[1]

The use of neural networks to model non-linear systems naturally follows their approx-
imation and generalization skills. The establishment of neuronal identification model of a
system generally involves the following steps:

- Acquisition of training and test data,
- Choice of model structure.

- Estimating the model parameters.

- Validation of the identified model.

The first step provides the input / output data likely to allow extracting a significant
process model, the second step is to choose the structure of the model likely to represent the
dynamics of the system, the architecture of the neural network and its inputs. Static multi-
layer networks are the most used because of the simplicity of their learning algorithms and
their approximation skills and generalization. There are no general methods for choosing
the number of neurons on each hidden layer as well as the number of these. However, a
hidden single-layer network is in most cases sufficient. In reference to the theory of lin-
ear systems, several nonlinear models have been proposed. If identifying a system allows
a model to reproduce its behavior, then the connectionist models are one solution among
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many. The use of networks of neurons does not, however, lead to an analytical formulation,
or even to know the values of the parameters. The use of a connectionist model allows by
against getting a “mapping” between the input and output space of the system. Her accu-
racy depends on the number of neurons involved and the inherent complexity of the network
structure. [1]

Connectionist models are not parametric models at the conventional meaning. They
have their own representation and their own parameters (weights, activation functions). To
an input stimulus, they “respond” with the output that they have learned to associate with it.
As they have generalization capabilities, at an entrance that never been presented they return
a response which is sort of an average of the outputs associated with the nearest entries.[19]
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Figure 2.10: learning diagram to reproduce the behavior of a process
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Figure 2.11: learning diagram to reproduce the behavior of a process

Learning a process generally involves supervised learning, less for a system defined by
inputs and outputs.

This principle is illustrated by the Figure 2.11. The system then imposes its dimensions
on the neural network that is used to reproduce his behavior. After learning, for a vector of
inputs to a given time, the neural network delivers an output vector.[1]

as close as possible to the system one. The error between its own output and the system’s
is used to adjust its weights so the estimate will be even better at the next iteration. To
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explicitly take into account the dynamic nature of a system with a Connectionist model,
several techniques can be used.

A first method relies on the use of a recurrent neural network or any other network able
to capture, mimic and reproduce the dynamic effect of the system. Another solution is to
provide signals to the neural network representative of the dynamic nature of the system.
This is usually done using delay lines; their number depends on the dynamics.[1]

2.9 Conclusion

This chapter allowed us to outline some basic notions of nonlinear control and neural
networks, then had briefly summarized the general aspect of Identification of nonlinear
systems by neural networks

The objective of the next chapter will be working on the design of control laws of a
flexible manipulator arm using neural networks.
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Chapter 3

Control Of SISO System Using
Feedback Linearization Augmented By
NN
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3.1 Introduction

We consider single-input/ single-output nonlinear systems, whose output has known
and full relative degree. Systems with both parameter uncertainty and unmodeled dynamics
can be included as well.

The aim of this chapter is based on the ordinary Feedback linearisation assocoiated with
NN augmentation will be applied for a class of nonlinear systems with uncertainty

3.2 Problem formulation

The system below is an observable and stabilizable nonlinear single-input-single output
(SISO) system :

T = f(z,u) (3.1
y = g(x) (3.2)

where z € (2 C R" is the state of system, u, y € R are the system input (control) and
output (measurement) signals,respectively.
f and g are smooth partially known functions, and n is not necessarily known.

3.3 Controller design and tracking error dynamics

3.3.1 Feedback Linearization and Model Inversion Error

Consider the non-affine system with well defined relative degree in the normal form
X - fO (é'a X)

fi:fi_u Zzl, ..... ,T—l

57" = h(€7 X, u)
&=y (3.3)
where h(£, X, u) = Lpg,& = & ... &]7, and X are the states associated with the

internal dynamics, and f; is globally Lipshitz continuous in its arguments.
A linearizing feedback control law is approximated by introducing the following signal:

~

u=h"t(y,v) (3.4)

where v is defined as:

~

v =h(y,u) (3.5)

and it is commonly referred to as pseudocontrol.The function fz(y, u) represents any
available approximation of h(¢, x, ) that is invertible with respect to its second argument.
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It may be constructed from approximate linear models. For now, it is enough to assume its
invertibility With this definition of pseudocontrol the output dynamics can be expressed as

y =v+ A (3.6)
where
Az, u) = A&, x,u)
= W& x, b (y, ) — Ay, b (y,v))

is the difference between the possibly unknown function h(¢, x, u) and its approxima-
tion h(y, u) , usually referred to as modeling error.[10]

(3.7)

The pseudocontrol is chosen to have the form v = yér) + Vge — Vgq Where yﬁ’"> is the

rth derivative of the input signal, generated using an 7" (or higher) order stable reference
model forced by an external input v,. is the output of a linear output feedback dynamic
compensator, and v, is the adaptive control signal designed to cancel A.[10]

the output dynamics is reduced to

y(r) =y(r), + Vge — Vaa + A. (3.8)

From 3.7, notice that A depends on v,4 through v, whereas v, has to be designed to can-
cel A. Therefore, the following assumption is introduced to guarantee the existence and
uniqueness of a solution for v,4.

Assumption: The mapping v,q4 1s a contraction over the entire input domain of interest. A
contraction is defined by the following condition:

0A

8vad

<1 (3.9)

Using 3.7 implies

OA|  Oh—hdu dv 8(h—ﬁ)(8_ﬁ)_l -1
Ovgg|  Ou OvOvy ou ou
which can be rewritten in the following way:
oh
Ju
‘a__iz -1 <1 (3.10)
ou
Condition 3.10 is equivalent
Oh oh
R - A1
sgn<8u> sgn(8u> (3.11)
oh| |5
— > &= : 3.12
ou - 2 >0 (3-12)

The first condition states that unmodeled control reversal is not permissible. The second
condition places a lower bound on our estimate of the control effectiveness in 3.4. [10]
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3.4 Dynamic Compensator and Error Dynamics design

Define the output tracking error

Y="Ye— Y. (3.13)
With this definition, the dynamics in 3.10 can be rewritten
G = —vge + Vag — A (3.14)

For the case 6 = 0, the adaptive term v,4 in 3.9 is not required, and the error dynamics in
3.14 reduce to

7" = —vg. (3.15)
The following linear compensator is introduced to stabilize the dynamics in 3.15:
ﬁ:Acﬁ‘i‘ch, UVde = Cc77+dcg77 eR. (316)

Note that 1) needs to be at least of dimension (r-1). This follows from the fact that 3.15
corresponds to error dynamics that have r poles at the origin. One could elect to design a
compensator of dimension > r as well. In the future, we will assume that the minimum
dimension is chosen. Returning to 3.14, notice that the vector e = [ ¢ g...gr—1) 17
together with the compensator state 1 will obey the following dynamics, hereafter (with a
slight abuse of language) referred to as tracking error dynamics:

e A—dbc —be.| |e b
ol =1 Bl e e
22 [gnt]" (3.18)
where
[0 1 0 ... 0] 0] 117
001 0 0 0
A= |1 o= 1], c=1...],
0 0 1 0 0
000 ... 0] 1) 0
and z is the vector of available measurements. For ease of notation, define the following
matrices: A -
- —dbe —be.| + b 5 |c O
A= { be, AC},b— O_’C_ {O ]1 (3.19)
and a new vector
E2 e} 3.20
{77 (3.20)

With these definitions, the error dynamics in 3.18 can be rewritten
E:AE—I—B[’U@CI—A]
z=CF (3.21)

Note that A, b., C.. and d. in 4.18 should be designed such that A is Hurwitz. Naturally,
there might be multiple approaches for doing this in the most general case.[10]
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3.5 Design and analysis of an observer for the error dy-
namics

consider the following linear observer for the tracking error dynamics in 3.21:
E=AFE+ K(z—32) (3.22)

:=CF (3.23)

where K is a gain matrix and should be chosen such that A — K C is asymptotically stable,
and z is defined in 3.21.
Let

A2 A-KC,E=E-E. (3.24)

then, the observer error dynamics can be written

E=AFE —bvg— Al (3.25)

3.6 Single hidden layer neural network approximation of
the inversion error

An SHL NN has an output given by

N2 N1
yi=Y [myo (Y npe + bug) + i | (3.26)
Jj=1 K=1

This implies that a general function f(x) € C,z € D C 'R" can be written as
f(x) = MTo(NTz) + ¢(x) (3.27)

where €(x) is the function reconstruction error. In general, given a constant real number
€* > 0, f(x) is within €* range of the NN 3.26, if there exist constant weights M and N ,
such that forall x € D € R™, the representation in 3.27 holds with || € ||< €*. The following
theorem extends these results to map the unknown dynamics of an observable system from
available input—output history. [10]
Theorem 1: Given €* > 0, there exists a set of bounded weights M and N, such that A(z, u)
in 3.7 can be approximated over a compact set D C QxR by an SHL NN

Az, u) = MTo(NTp) + e(d, i), le| < € (3.28)
using the input vector
p(t) =10 ga O, | w € p™ 0™ >0 (3.29)
where
v (t) = [wt) vt —d) ... vt —(ng —r —1)d]" (3.30)
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7a (1) = [y@®) y(t —d) ... y(t — (o —7r = 1)d]" (3.31)

with ny > n,d > 0 denoting time-delay and p* being a uniform bound for all (z,u) € D.
In [5], explicit upper bounds and rate of convergence for this approximation are derivedIt
has been shown that when d — 0, then the error bound of such an approximation converges
to Barron’s original result. [4]

Remark 1: To be consistent with 3.7, the input vector 3.29 to the NN must be defined using
the actual control signal and not the pseudocontrol. The use of v(¢) in place of u(t) is
justified by the relationship in 3.4, which represents a static map between these two signals.
The first component in 3.29 is introduced to approximate a nonzero offset of A.

Remark 2:The input—output history of the original nonlinear system is needed to map in
systems with zero dynamics, because for such systems the unobservable subspace is not
estimated by 3.24. If the system has full relative degree, the observer in 3.24 provides all
the estimates needed for the reconstruction of A , and no input—output history is required.
[10]

3.6.1 Adaptive Control
The adaptive signal is chosen to be the output of an SHL NN

Vaa 2 MTo(NT 1) (3.32)

where M and N are estimates of and that are updated according to the following adaptation
laws:

N = —G[2uE" PONITE + k(N — No)] (3.33)

N = —F[2(6 — &' NTp) BT Pb + k(N — Mo)] (3.34)

in which M, and N, are initial values (or guess) of the NN weights, & = o(N ), denotes
the Jacobian matrix, P is the solution of the Lyapunov equation

ATP+ PA=—-Q (3.35)

Using 3.28 and 3.32, the error dynamics in 3.23 can be expressed as

E=AE+b[M"o(N"p) — MTa(NTp) — ¢ (3.36)
2=CE (3.37)
Define -
~ ~ - - ~ M 0
M=M-MN=N-—-N,Z= - (3.38)
0 N
and note that R ) ) R
[ MAI<[f Ml +M% [N [[p <]l + N (3.39)
where M* and N* are the upper bounds for the weights in 3.28
| M [[< M, || N|p<N* (3.40)
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the subscript denoting the Frobenius norm. With 3.39, the representation
Vg — A = MTo(NTp) — MTo(NTp) — e (3.41)

We are about to illustrate the previous study by presenting a second order system with
internal states. using neural networks to solve the problem of uncertainties.

3.7 Van der Pol Example

The Van Der Pol example is probably the best choice to apply our control technique on, in
order to prove that the approach is applicable on systems with both parametric uncertainty
and unmodeled dynamics.

we first consider the following nonlinear system

T1 = T

Ty =z — 0.2(23 — 1)zg — 0223 + Jﬁfm
T3 = T4

.’If4 = —0.2334 — T3+ 2

y=u1x1 + 0.223

the initial conditions are: z1(0) = 0.5, 22(0) = 1.5, and 23(0) = 0. The output y has a
relative degree of r = 2.

From a practical perspective, the system can be thought of as a second-order nonlinear
system model, whose realization consists of states x; and x5, in which the output is modeled
as y = rj.

However, the system also contains a very lightly damped unmodeled mode, with a nat-
ural frequency equal to that of the linearized system. This mode is excited by the system
displacement state z; and coupled to the measurement. The output y does not have full
relative degree in the presence of the unmodeled mode.

The low natural frequency of this mode is encompassed by the bandwidth of the con-
trolled system. We treat this example as if even the nonlinear portion of the model is un-
known to the designer, and only the fact that r = 2 is given, i.e., approximate feedback
linearization in 3.6 is performed using h =u. The following dynamic compensator:

n=95n+y
Ve = —30n +82yn € R
places the poles of the closed-loop error dynamics in 3.18 at -3, -1+ j. The observer

dynamics in 3.22 were designed so that its poles are four times faster than those of the error
dynamics. We implemented ten hidden neurons and the following sigmoidal basis function

1
: = 3.42
o) = (342
A second-order command filter was implemented so that
w?
c = - re 3.43
Y 52+2(wn2+w721y ! (343)

with w,, =1 and ¢ = 0.5, for y,..; defined to be a square wave of amplitude 1
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3.7.1 Simulation results

The results below presents the tracking errors before and after the NN augmentation.

_____ ' 1 b |
ﬂ /\ Y
§ Ny \
05 /\ (\\\r | (\\ Pq ‘ ’ 4‘
£ 1 ( \‘v % I \b/ \V’ \ ﬂ‘ / \0/ \\ /ﬂ
T ’ / f I
05 / "i/\' /‘/LV \// \\/ 4‘ H \ / \ h \J \J \ // j
vV oU | (y /
) J ’ \( \j \J |
% 10 20 3 t.m‘iO(s) 50 % 7 80 8 rom 200 3000 Ao‘mzlme(s)so‘oo 5000 7000 8000 9000
(a) Tracking performance. (b) Control effort.

Figure 3.1: Simulation without NN augmentation.

In Figure 3.1, we show the tracking performance and the control efforts without NN
augmentation,

Best Training Performance is 0.00031286 at epoch 30

_____ Y, Train
Best

05

yandy
o
Mean Squared Error (mse)

05

L i L L L L L i
0 10 20 30 40 50 60 70 80 0 5 20 25 30

time (s) ° 30 E:)ichs
(a) Tracking performance. (b) Training performance with SHL NN.

Figure 3.2: Simulation with NN augmentation.

while in Figure 3.2, we show it with NN augmentation.

3.8 Conclusion

This chapter was illustrated by a technique for controlling nonlinear systems augmented
by neural networks.
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The next chapter will be build up on the idea of extending the previous concept, oth-
erwise to design adaptive neural network that estimates unknown functions and force the
robot to track smooth reference trajectory
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Chapter 4

Adaptive Nonlinear Control For Flexible
Manipulator Using NN
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4.1 Introduction

In the previous chapters, we addressed modeling of all kind of robotic systems, we
have also discussed the problem of controlling uncertain nonlinear systems by feedback
linearization with the augmentation by neural networks.

After having seen those technical descriptions and different concepts, in order to vali-
date the theoretical study of the command, we carried out simulation analyzes on Matlab.

The control of uncertain systems is generally accomplished using either an adaptive
control or a philosophy of robust control. The basic idea of the adaptive approach is to de-
sign a command that tries to know the uncertain parameters of a system, and, if it is properly
designed, it will subsequently be a better command for uncertain system. In general, the
adaptive approach is applicable to the largest range of uncertainties

In what follows we are interested with the benchmark robot trying to include an adaptive
neural network control to eliminate uncertainties and disturbances

4.2 Problem Formulation

Consider the two flexible link manipulator. According to what we have seen in the first
chapter, the dynamic model of multi-flexible link robotic manipulator can be described as

u= M(q)(q) +C(q,q) + G(q) + Dg + 75(q) + f(q) (4.1)

To simplify the study we we suppose f(¢) = 0, then we divide the equation below into two
subsystems

My (q)(G) + Cr(q:4) + Gr(q) + D + Tam(q) =0 (4.2)
M; + D;(q) + 75;(q) = u 4.3)
where
J11( q C] Ga1 —m2l1§29 08 Ga2(2Ga1Gaz + (qa2)?
J12(q)  Ja2(@)| |da2 —mal1€29 €08 a2 (ga2)?
L —g(ma&(singa1) + ma(ly sin ga1 + &2 €08 ¢a1 + a2
—m2€20 COS Qa1 + Qa2

[t~ mfr] o [(Sols —gonfm]

{J’Wh 0 ] |fjalj| [dl/nl(_Qal +q’m1/n1)} n [Kl/nl(le/m _Qal):| _ [um +ud1]

0 Jma| |Ga2 d2/n2(—qa2 + qm2/”2) K2/”2(qm2/n2 - Qaz) Um2 + Udo
(4.4)
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Using the state vector :

dal
qa2
dm1
X = |4 (4.5)
qa1
QaQ
ijl
Qm2_
(..Zal
CjaZ
(jml
X = |m (4.6)
qa1

q.aQ

q.ml

éjm?_

5
Lo
Ty
Iy

X= [(ju(Q) jm(Q)} 1( O [dl(qal )] [Kl(qal — qml/nl)}
Ji2(q)  Ja2(q) ¢ ¢ da(ar — 2) K2(qa2 — Gma /12
|:jm1 0 }1@ i [(dl/nl(Qal - qill} [K1/n1(%1 le/nl):| + [ffm'cl(ff)]
10 Jme " da/no(Gaz — 22) K /n2(qa2 — @ma/n2) Frrica() | |
(4.7)
The outputs of the system are chosen to be the measured angular position of the motors

|3 SIQ

(Z"“) Normally at steady state ¢,,;/n; tends to q,;
m2

Alz) = {jml 0 r( {dl/m@al — (1 /m)} B [(Kl /1 (gar — g /1) } { e (2) } )

0 Jms da/12(daz — Gma/12) K5/n3(qa2 — @ma/n2) Frrie2(2)
(4.8
4.2.1 Control Design

The control objective is that the tool position (the end effector position) follows a given
reference trajectory that can be reached by a given reference ¢'/ = n,;q// The error vector
is

_ ref
_ ref __ ref _ (3173 Qm1>
e=1qy— = Qm - e 4.9
y—y dm — g |:(l‘4 q 2) f‘| (4.9)
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The output feedback linearization suggests the derivation of the output signal until the ap-
pearance of the control signal:

-ref

e e . e Tr— G,
e=y—§el =gy — gl = |77 Il (4.10)

T8 — o

) -1
o sref . ref (33'7 . []ml 0 _ ref
E=y—4" =dm—q, = [ms)] = [ 0 jmz]] U + A(T) — Gy (4.11)

The control signal appears so the pseudo control signal is chosen as

gm0

o ml

v = { 0 jm2:| U, (4.12)
E=v+ Ax) — gt (4.13)

The Pseudo Control Signal is chosen as
V=0 — Vga + G (4.14)

so v is called the pseudo control v, is an adaptive control neural network signal designed to
cancel the effect of all neglected unmodeled dynamics and external disturbances represented
by A(z)

It means that the dynamics of the system’s output has become linear, the only step that
is left here is to calculate the pseudo control so that these dynamics is fully stabilized. This
method is well known as the output feedback linearization technique.[5]

4.3 Linear Control Signal

The Linear Control signal is either the output of a PID/PD controller from classical
control or equivalently a dynamic compensator designed to achieve acceptable performance
for the nominal robot system.

If we used a PID Controller

V=4 /(3/ — YN+ Ky — ) + Ka(y — 977) (4.15)

it can be represented using the error vector

e — / (= Ves = y— g ey = — 7! (4.16)
él 0 O O €1 0 €1 O
el =10 0 1| [ex] + [0 [Ki K, k] |ea| + 0] (A@@) = Vi) (417
el oo 1] les] |1 el |1
o 1 0 0
E=|0 0 1]|E+]|0|(A@) -V 4.18)
K, K, K 1
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So if the adaptive control signal v, is well designed to cancel A(x) Then the closed
loop error dynamics can be stabilized and converge by the right choice of the PID gains :

e 0 1 0] e
el =10 0 1] e (4.19)
ég Kz Kp Kd €3

According to Lyapunov indirect method for A, Hurwitz we can find a Symetric Positive
definite Matrix P such that the Lyapunov equation is satisfied for a given Positive definite
Matrix ()

ATP 4+ PA, = —Q (4.20)

Where the matrices P, Q have the same structure as A, given as P =blockdiag [P ... P,]
and the matrix Q = blockdiag [Q; . .. Q]

4.4 The Neural Network uncertain term Approximator

The essential part of this control method is the uncertainty approximation. There exists a
set of fixed bounded weights W and V , such that the uncertainty term can be approximated
over a compact set by a Single Hidden Layer Neural Network as follows:

Az) =Wo(Vp) +e (4.21)

In the above expressions W and V' indicate constant parameter, these values are not
necessarily unique.
Using the input vector composed of the delayed input

uy = [u(t) u(t—d) ... u(t—mnd)] (4.22)

and the delayed measured vector a subset of the state vector
zg = [2(t) z(t—d) ... z(t—nod)] (4.23)
p=[1 uf 2" (4.24)

where n; > 1 and ny > 1, d > 0 denoting time-delay. The adaptive signal is chosen
to be the output of an SHL NN o
Vag = WO(V ) (4.25)

where W and V are the estimates of W and V that are updated according to the following
adaptation laws:

V = —GEUETPOW S + k(V — V) (4.26)
W = —F(2(d — V) ETPb + k(W — Wy)) 427)

In which V{, and W, are initial values (or guess) of the NN weights, qB’ denotes the
Jacobian matrix Using 4.18 and 4.21, the error dynamics can be expressed as

0
E=A4E+ |0| (WO(Vu)+e—Wo(Vi)) (4.28)
1
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4.5 Application

We applied the MLP NN technique on a two link flexible robot. The dynamic model of
this kind of robots is discussed widely in the first chapter.

We present the following specifications The PID gains are chosen as
Kpl = 45, Kdl - 15, Kil - 095 Kpg = 15, Kdg - 05, Kig == 095

And the initial weight values are chosen as random values.
For a simplified study we fixed one of the fixed bounded weights witch is the V.

Motor Torque

u
L5
PID 2
PR q
r A Robot "
-
da
Vad
qr — <] AdaptiveNN [ o f
> W

Figure 4.1: adaptive NN controller architecture.

The robot parameters are given in the appendix

4.5.1 Simulation Results

In this study we have implemented the simulations using Matlab/Simulink for the
benchmark robot and the objective is to make the robot joints follw a given sinusoidal ref-
erence trajectories.

The error tracking of the motor angular positions illustrated in Figure 4.2 Denotes a static
error, which is due only to the boundedness of the error signals, not asymptotic stability of
the controller.
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Figure 4.2: Tracking performance of the joint angles

The next two Figures 4.3a and 4.3b show respectively the time evolution of NN weights

for the first output and the second one

44



First NN output weights

Second NN output weights

- S E—
16 —
I s SIS SN ot
e
12
10 \TW\\’ [
8l
6
4k
\/Vf_ TP ISR S N S S
2
0 2 4 6 8 10 12 14 16
Time [s]
st
(a) 1% output
20
15
f;:‘—jr_ij:
10} I R ]
S e S i
-
5
0 2 4 6 8 10 12 14 16

Time [s]
(b) 24 output

Figure 4.3: Weights history



25 T T T
‘ Real trajectory
----- Desired trajectory
2_.
1.5
(2]
£
o
R
®
o™
o
0,
-0.5
0.2

Figure 4.4: Trajecory tracking

The result of trajectory tracking presented in Figure 4.4 shows that the NN approxima-
tion performance is quite good in eliminating the vibrations, and parametric uncertainties
on trajectory tracking, this result confirms that the proposed controller has accomplish the
control objectives.

Finally, Figures 4.5a, and 4.5b present the two estimated functions by NN
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Figure 4.5: NN estimated functions

47



4.6 Conclusion

In this chapter, the main contributions of the thesis are addressed, where adaptive output
feedback control of uncertain nonlinear systems using NN is proposed to control flexible
link manipulator; Under the assumption that the system is feedback linearizable, an SHL
NN is introduced to cancel the inversion error, the approach investigates trajectory tracking
for the joint angles in the presence of link flexibilities.

A simple linear observer is introduced to estimate the derivatives of the tracking error.
From what we have seen previously, we note that the MLP NN technique would be a suitable
way to solve the problem of uncertainties and trajectory tracking .

48



CONCLUSION

In this thesis we present modern nonlinear adaptive control established on geometric
and Lyapunov based control strategies and intelligent function approximators applied on
flexible robot manipulators. The work dealt basically with improving classical nonlinear
control techniques (feedback linearization) using intelligent neural networks to solve the
problem of uncertainties and also reduce the complexity of controllers.

The goal here is to design a control techniques that improve the performance of flexible
manipulators on the dynamic phase of the trajectory and reduce the computational burden.

The controller is elaborated by approximating the robot’s dynamic equation of motion
with an artificial neural network and adding a proportional, integral and derivative term.
The aim of this controller is to provide a stable and fast control, based on the dynamic model
of the system. The adaptive neural network strategy ensure that the real trajectory matches
the desired one by compensating errors due to structured and unstructured uncertainties,
increasing the precision of the control.

The main advantage of neural networks control techniques among others is that they
use nonlinear regression algorithms that can model high dimensional systems with extreme
flexibility due to their learning ability

Simulation study on an industrial manipulator involving an adaptive NNs controller
were presented to verify the effectiveness of the proposed approach.

Firstly, we gave a brief presentation of the robot manipulators in general, after that we
mentioned the benchmark problem adopted. As a second step a nonlinear techniques were
introduced in order to be used in our study.

Before the main application we have illustrated our work by a Van Der Pol example
in the purpose to prove that the approach is applicable to systems with both parametric
uncertainty and unmodeled dynamics.

Finally, the developed methodology was extended to a MIMO system ; an MLP Neural
Network Control was applied on a benchmark problem, Despite its complexities, it was
possible to implement a model for intelligent control simulation under the Matlab environ-
ment. The simulation results show that the controller we developed is able to successfully
converge to the stable state and track the desired references. At the end of this work, by all
counts and with proven results our control strategy offered a great performance in terms of
tracking positional accuracy. In the other hand we did our best to balance between theory
and practice with the intention to increase the relevance of academic research to engineering
practice

After all, this study remains a good experience in terms of learning and discovery on
the pedagogical, scientific and personal level.

We hope that through this study we have been able to present first of all a useful doc-
ument for the future use of the benchmark , with more illustrations. It is also hoped that
the applications outlined in the last chapter and the problems arising from them will form a
substrate for further investigation.

According to the problem that the tracking accuracy is not high enough in trajectory
tracking control of robot manipulators, a model reference adaptive control scheme based
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on neural networks technique could be adopted to achieve robot manipulator model identi-
fication and robot motion control In the onther hand despite of obtaining an efficient control
structure, current effort does not include a stability analysis of the overall control scheme.
Future work includes exploiting sliding mode control to improve stability and performance
of the control strategy proposed.
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Appendix A

Table A.1: Nominal and Uncertain Parameters

Parameter ~ Value Unit Uncertainty
Im2 0.004 kg.m?
Im2 0.001 kg.m?
J 5 kg.m?
J2 50 kg.m?
my 50 kg +10%
ma 150 kg +10%
Iy 1.0 m
lQ 1.5 m
51 0.5 m
& 0.8 m
n 200
gk 0.5.10°  Nm/rad +20%
Jlow 1.5.10  Nm/rad +20%
Py 2 arcmin +20%
Eyeh02.105  Nm/rad +20%
Klew 0.6.106 Nm/rad +20%
o 3 arcmin +20%
dy 600 Nm . s/rad +20%
dsy 200 Nm . s/rad +20%
fo1 0.006 Nm . s/rad +80%
fe1 1.5 Nm +80%
Jo2 0.003  Nm - s/rad +80%
Jo2 1.0 Nm +80%
I 0.5 +50%
Ié] 0.4 +50%
ol 5
9.81 m/s?
~ 1 +10%
Py 3.10712
F 500 N +10%
oOF T rad +7
t1 10 S
tz 10.5 S
Ad 1 Nm
ACQ -1 Nm
t3 0.5 S +0.5%
7 8 S
Ses 00r15 Hz random choice
See 0 Orl5 Hz random choice
T 0.25.1073 s
Ty 0.25.1073 S
umer 35 Nm
ums® 20 Nm
k} 30
k:}) 45
K} 1.5
K? 15
K? 10
K32 0.5
Z 0.95
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Appendix B

B.1 PID controller

The benchmark system,has a discrete-time diagonal PID controller with derivative filter
described by the transfer function.

Gpia(Z) = {gno(z) 9220<z)]

where ' , 4
—i(l—2z)z  KkiT.z

Toz(z — 23) 11—z

) . Z

The benchmark system consists of the manipulator model P described in chapter 1 and a
feedback controller G as illustrated in Figure A.1

ref

qm Uy P

—) G T‘é_' qm
m { ;q-“

Figure B.1: A block diagram of the benchmark system.
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