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Preface

Recent years have seen a rapid development of neural network control techniques
and their successful applications. Numerous theoretical studies and actual industrial
implementations demonstrate that artificial neural network is a good candidate for
function approximation and control system design in solving the control problems
of complex nonlinear systems in the presence of different kinds of uncertainties.
Many control approaches/methods, reporting inventions and control applications
within the fields of adaptive control, neural control, and fuzzy systems, have been
published in various books, journals, and conference proceedings. In spite of these
remarkable advances in neural control field, due to the complexity of nonlinear
systems, the present research on adaptive neural control is still focused on the
development of fundamental methodologies.

The advantage of neural networks is that a suitable number of neural network
functions can model any (sufficiently smooth) continuous nonlinear function in
a compact set, and the modeling error is becoming smaller with an increase of neural
network functions. It is even possible to model discontinuous nonlinearities assuming
the right choice of discontinuous neural network functions. Thus, an adaptive neural
network approach is most suitable in an environment where system dynamics are
significantly changing, highly nonlinear, and in principle not completely known.

This book is motivated by the need for systematic design approaches for stable
adaptive control system design using neural network approximation-based
techniques. The main objectives of the book are to introduce the concrete design
method and Matlab simulation of stable adaptive RBF (Radial Basis Function)
neural control strategies.

It is our goal to accomplish these objectives:

e Offer a catalog of implementable neural network control design methods for
engineering applications.

» Provide advanced neural network controller design methods and their stability
analysis methods.

» For each neural network control algorithm, we offer its simulation example and
Matlab program.



vi Preface

This book provides the reader with a thorough grounding in the neural network
control system design. Typical neural network controllers’ designs are verified
using Matlab simulation. In this book, concrete case studies, which present the
results of neural network controller implementations, are used to illustrate the
successful application of the theory.

The book is structured as follows. The book starts with a brief introduction
of adaptive control and neural network control in Chap. 1, RBF neural network
algorithm and design remarks are given in Chap. 2, RBF neural network controller
design based on gradient descent algorithm is introduced in Chap. 3, since only
local optimization can be guaranteed by using the gradient descent method, and
several adaptive RBF neural network controller designs are given based on
Lyapunov analysis from Chaps. 4, 5, 6, 7 and 8, which include simple adaptive
RBF neural network controller, neural network sliding mode controller, adaptive
RBF controller based on global approximation, adaptive robust RBF controller
based on local approximation, and backstepping adaptive controller with RBF.
In Chap. 9, digital RBF neural network controller design is given. Two kinds of
discrete neural network controllers are introduced in Chap. 10. At last, a neural
network adaptive observer is recommended and a speedless sliding mode controller
design is given in Chap. 11.

I would like to thank Prof. S. S. Ge for his fruitful suggestions. I wish to thank
my family for their support and encouragement.

In this book, all the control algorithms and their programs are described sepa-
rately and classified by the chapter name, which can be run successfully in Matlab
7.5.0.342 version or in other more advanced versions. In addition, all the programs
can be downloaded via http://ljk.buaa.edu.cn/. If you have questions about
algorithms and simulation programs, please E-mail ljk@buaa.edu.cn.
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Chapter 1
Introduction

Abstract This chapter gives the review of several kinds of neural network control
and introduces the concept of RBF neural network and RBF neural network control.
To illustrate the attendant features of robustness and performance specification of
RBF adaptive control, a typical RBF adaptive controller design for an example
system is given. A concrete analysis, simulation examples, and Matlab programs
are given too.

Keywords Neural network control « RBF neural network  Adaptive control

1.1 Neural Network Control

1.1.1 Why Neural Network Control?

Since the idea of the computational abilities of networks composed of simple
models of neurons was introduced in the 1940s [1], neural network techniques
have undergone great developments and have been successfully applied in many
fields such as learning, pattern recognition, signal processing, modeling, and system
control. Their major advantages of highly parallel structure, learning ability, non-
linear function approximation, fault tolerance, and efficient analog VLSI imple-
mentation for real-time applications greatly motivate the usage of neural networks
in nonlinear system identification and control [2].

In many real-world applications, there are many nonlinearities, unmodeled
dynamics, unmeasurable noise, multi-loop, etc., which pose problems for engineers
to implement control strategies.

During the past several decades, development of new control strategies has been
largely based on modern and classical control theories. Modern control theory such
as adaptive and optimal control techniques and classical control theory have been
based mainly on linearization of systems. In the application of such techniques,
development of mathematical models is a prior necessity.

J. Liu, Radial Basis Function (RBF) Neural Network Control for Mechanical Systems: 1
Design, Analysis and Matlab Simulation, DOI 10.1007/978-3-642-34816-7_1,
© Tsinghua University Press, Beijing and Springer-Verlag Berlin Heidelberg 2013



2 1 Introduction

There are several reasons that have motivated vast research interests in the
application of neural networks for control purposes, as alternatives to traditional
control methods, among which the main points are:

* Neural networks can be trained to learn any function. Thus, this self-learning
ability of the neural networks eliminates the use of complex and difficult
mathematical analysis which is dominant in many traditional adaptive and
optimal control methods.

¢ The inclusions of activation function in the hidden neurons of multilayered
neural networks offer nonlinear mapping ability for solving highly nonlinear
control problems where to this end traditional control approaches have no
practical solution yet.

¢ The requirement of vast a priori information regarding the plant to be controlled
such as mathematical modeling is a prior necessity in traditional adaptive and
optimal control techniques before they can be implemented. Due to the self-
learning capability of neural networks, such vast information is not required for
neural controllers. Thus, neural controllers seem to be able to be applied under a
wider range of uncertainty.

¢ The massive parallelism of neural networks offers very fast multiprocessing
technique when implemented using neural chips or parallel hardware.

« Damage to some parts of the neural network hardware may not affect the overall
performance badly due to its massive parallel processing architecture.

1.1.2 Review of Neural Network Control

Conventional methods of designing controllers for a MIMO plant like a multi-joint
robot generally require, as a minimum, knowledge of the structure and accurate
mathematical model of the plant. In many cases, the values of the parameters of the
model also need to be precisely known.

Neural networks, which can learn the forward and inverse dynamic behaviors of
complex plants online, offer alternative methods of realizing MIMO controllers
capable of adapting to environmental changes. In theory, the design of a neural
network-based control system is relatively straightforward as it does not require any
prior knowledge about the plant.

The approximation abilities of neural networks have been proven in many
research works [3-7], and many adaptive neural network controllers based on the
approximation abilities are introduced in some books [8—14]; several research
groups have involved in the developments of stable adaptive neural network control
techniques.

There have been many papers to be published about neural network control.
For example, a unified framework for identification and control of nonlinear
dynamic systems was proposed in [15], in which the parametric method of both
adaptive nonlinear control and adaptive linear control theory can be applied to
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perform the stability analysis. Through introducing the Ge—Lee operator for ease of
stability analysis and presentation, systematic and coherent treatments of the
common problems in robot neural network control are given in [8]. The typical
stable neural network approximation control schemes based on Lyapunov training
design are given in [16—18].

The popularization of back-propagation (BP) neural network and RBF neural
network have greatly boosted the development of neural control [19]. For example,
many neural control approaches have been developed with BP neural network
[20-28].

1.1.3 Review of RBF Adaptive Control

In recent years, the analytical study of adaptive nonlinear control systems using
RBF universal function approximation has received much attention; typically, these
methods are given in [29-37].

The RBF network adaptation can effectively improve the control performance
against large uncertainty of the system. The adaptation law is derived using the
Lyapunov method so that the stability of the entire system and the convergence of
the weight adaptation are guaranteed.

Many simulation examples in this book have indicated that by using RBF
control, significant improvement has been achieved when the system is subjected
to a sudden change with system uncertainty.

1.2 Review of RBF Neural Network

In 1990, artificial neural networks were first proposed for the adaptive control of
nonlinear dynamical systems [38]. Since that time, both multilayer neural networks
(MNN) and radial basis function (RBF) networks have been used in numerous
applications for the identification and control [39].

RBF neural networks were addressed in 1988 [40], which have recently drawn
much attention due to their good generalization ability and a simple network
structure that avoids unnecessary and lengthy calculation as compared to the
multilayer feed-forward network (MFN). Past research of universal approximation
theorems on RBF has shown that any nonlinear function over a compact set
with arbitrary accuracy can be approximated by RBF neural network [41, 42].
There have been significant research efforts on RBF neural control for nonlinear
systems [24, 43].

RBF neural network has three layers: the input layer, the hidden layer, and the
output layer. Neurons at the hidden layer are activated by a radial basis function.
The hidden layer consists of an array of computing units called hidden nodes. Each
hidden node contains a center ¢ vector that is a parameter vector of the same
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dimension as the input vector x; the Euclidean distance between the center and
the network input vector x is defined by ||x() — ¢;(¢)]|.

The output of hidden layer can be produced through a nonlinear activation
function A;(z) as follows:

2
hj(l‘):exp<—w>, i=1,...,m (1.1)
J

where b; notes a positive scalar called a width and m notes the number of hidden
nodes. The output layer is a linear weighted combination as follows:

yilt) = wihi(t), i=1,....n (1.2)
j=1

where w are the output layer weights, n notes the number of outputs, and y notes the
network output.

1.3 RBF Adaptive Control for Robot Manipulators

The control of a multi-input multi-output (MIMO) plant is a difficult problem when
the plant is nonlinear and time varying and there are dynamic interactions between
the plant variables. A good example of such a plant is a robot manipulator with two
or more joints [44].

Robot manipulators have become increasingly important in the field of flexible
automation. Through the years, considerable research effort has been made in their
controller design. In order to achieve accurate trajectory tracking and good control
performance, a number of control schemes have been developed. Computed torque
control is one of the most intuitive schemes, which relies on the exact cancellation
of the nonlinear dynamics of the manipulator system; however, such a scheme has
the disadvantage of requiring the exact dynamic model. In practical engineering,
the payload of the robot manipulator may vary during its operation, which is
unknown in advance. To overcome these problems, adaptive control strategies for
robot manipulators have been developed and have attracted the interest of many
researchers, as shown in [45—47]. These adaptive control methods have the advan-
tage, in general, of requiring no a priori knowledge of unknown parameters, such as
the mass of the payload.

For rigid robotic manipulators, to relax the requirement for exact knowledge of
dynamics, control techniques based on neural networks have been developed. Many
books and papers have employed neural network-based schemes for stable tracking
control of rigid-link manipulators [8—14, 48-52].
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For flexible link manipulators, there are many works about neural network
adaptive control [53-55]. For example, a neural controller was proposed for joint-
position tracking of flexible link manipulators using singular perturbation
techniques [53]; the key feature of the approach is that no exact knowledge of the
dynamics of the robot arms is assumed for the controller, and no off-line training is
required for the neural network. Neural network-based controllers for tip-position
tracking of flexible link manipulators were developed by utilizing the modified
output redefinition approach [54]; the a priori knowledge of the payload mass is
not needed.

1.4 S Function Design for Control System

1.4.1 S Function Introduction

S function provides a powerful mechanism for extending the capabilities of
Simulink. An S function is a computer language description of dynamic system.
In the control system, S function can be used to describe controller algorithm,
adaptive algorithm, and the plant differential dynamic equation.

1.4.2 Basic Parameters in S Function

1. S function routine: include initialization routine, mdlDerivative routine, and
mdlOutput routine.

2. NumContStates: to express the number of continuous states.

3. NumbDiscStates: to express the number of discrete states.

4. NumOutputs and NumlInputs: to express the number of input and output of the
system.

5. DirFeedthrough: means that the output or the variable sample time is controlled
directly by the value of an input port.
An example of a system that requires its inputs (i.e., has direct feedthrough) is
the operation y = k x u, where u is the input, k is the gain, and y is the output.
An example of a system that does not require its inputs (i.e., does not have direct
feedthrough) is the equation y = x,x = u, where x is the state, u is the input, and
y is the output.

6. NumSampleTimes: Simulink provides the following options for sample times,
such as continuous sample time, discrete sample time, and variable sample time.
For continuous sample time, the output changes in minor steps.
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1.4.3 Examples

In the control system, we can use S function to describe controller, adaptive law,
and plant. Consider Sect. 1.5, we give the explanation as follows:

1. Initialization routine for the plant
Consider S function to describe the plant dynamic equation as mX = u; we notice
the plant is a second-order continuous system. For the S function, if we want to
use two inputs and three outputs and initialize the plant as [0,5,0], consider the
output is not controlled directly by the value of an input port, we can write
initialization routine as:

function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;
sizes.NumContStates =2;
sizes.NumDiscStates =0;
sizes.NumOutputs = 3;
sizes.NumInputs = 2;
sizes.DirFeedthrough =0;
sizes.NumSampleTimes =1;
sys = simsizes (sizes) ;
x0=1[0.5,01;

str=11;

ts=1[00];

2. mdlDerivative routine for the plant
In the control system, the derivative S function can be used to describe the
dynamic plant equation or adaptive law. For example, consider the plant mx = u;
below is the program.

function sys=mdlDerivatives(t,x,u)

m=2;

ut=u(2);

sys (1)=x(2) ;
sys(2)=1/m*ut;

3. mdlDerivative routine for adaptive law
In the control system, the derivative S function can be used to describe the
adaptive law. For example, to realize adaptive law m= —yvs, below is the
program.

function sys=mdlDerivatives (t,x,u)
xm=u(l) ;

dxm=u(2) ;

ddxm=u (3) ;

x1l=u(4);

dxl=u(5) ;

e=x1-xm;
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de=dx1-dxm;

nmn==o ;

s=de+nmn*e;
v=ddxm-2*nmn*de-nmn"2*e;
gama=0.5;
sys(l)=-gama*v*s;

4. mdlOutput routine for plant
In the control system, the output routine in S function can be used to describe
controller or output of the plant. For example, to express the output of the plant,
the program is

function sys=mdlOutputs (t,x,u)

m=2;
sys(1l)=x(1);
sys(2)=x(2);
sys (3)=m;

1.5 An Example of a Simple Adaptive Control System

In this section, based on [56], we give a simulation example of a simple adaptive
control system.

1.5.1 System Description
Consider the control of a mass m by a motor force u, with the plant dynamics being
mi = u. (1.3)

Assume that a human operator provides the positioning command () to the
control system. A reference model with command r(z) is

o A A + Aox = Aor(1) (1.4)

where 1| and 4, are positive constant values; X = x — x,, represent the tracking error.

1.5.2 Adaptive Control Law Design

If m is known, an ideal design adaptive control law can be designed easily as

u = m(¥, — 245 — 1°%) (1.5)
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where 1 a strictly positive number.
Submitting (1.5) into (1.3), we can get the exponential convergent tracking error
dynamics
X+ 2% + 228 = 0. (1.6)
If m is unknown, an adaptive control law was proposed as [56]

u = m(¥, — 245 — 1°%) (1.7)

where 71 is estimation of m.
Letv=1X%, — 205 — 1212; submitting (1.7) into (1.3), the control law leads to

mi = (¥, — 245 — A°X) = mw.
Let m = m — m; the above equation leads to
m(¥ — v) = mv. (1.8)
Define s as a combined tracking error measure
s =X+ A% (1.9)

Due to the relation (1.9), we know the convergence of s to zero implies the
convergence of the position tracking error ¥ and the velocity tracking error x.

Since ¥ —v=F—Xp +20 + A2X =X+ W+ A(X + %) = $ +4s, then (1.8)
leads to

m($ + As) = mwv. (1.10)

1
(ms2 + - rh2> .
14

Define Lyapunov function as

V =

N =

Then
; o1 A S
V = mss + —mm = mss + —mmn.
14 4
An adaptive law for parameter /2 was proposed as [56]

W= —yvs. (1.11)
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Fig. 1.1 Position tracking with r(£) =0 (M = 1)
Consider (1.10), we get
; A
V = mss + —m(—yvs)
4
= mss — mvs = mss — (ms + Ams)s = —Ams”.

Using Barbalat’s lemma, one can easily show that s converges to zero, then the
position tracking error X and the velocity tracking error X all converge to zero.

1.5.3 Simulation Example

For the system (1.3), the true mass is assumed as m = 2. In the simulation, the initial
value is set as 71(0) = 0, the control law (1.7) with adaptive law (1.11) is used, the
parameters is set asy = 0.5, 4; = 10, 4, = 25,1 = 6, and the commanded position
is chosen r(#) =0 and r(¢) = sin(4¢), respectively, with initial conditions being
x(0) = %,(0) =0, x(0) = x,,(0) = 0.5.

Figures 1.1 and 1.2 show the results when the desired position is r(z) = 0;
Figs. 1.3 and 1.4 shows the results when the desired position is r(¢) = sin(4¢).

About the convergence analysis of parameter error in adaptive control system,
concrete explanation was given in [56]. In this example, it is clear that the position
tracking errors in both cases converge to zero, while the parameter error converge to
zero only for the latter case. The reason for the non-convergence of parameter error
in the first case can be explained by the simplicity of the tracking task: the
asymptotic tracking of x,(f) can be achieved by many possible values of the
estimated parameter 71, besides the true parameter m. Therefore, the parameter
adaptation law does not bother to find out the true parameter. On the other hand,
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Fig. 1.2

Fig. 1.3

Fig. 1.4
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the convergence of the parameter error in Fig. 1.3 is because of the complexity of
the tracking task, that is, tracking error convergence can be achieved only when the
true mass is used in the control law.

In neural network adaptive control, neural network often be used to approximate
to unknown nonlinear system. For the same reason, the convergence of the approx-
imation error often cannot be achieved.

The Simulink program of this example is chapl_1sim.mdl; the Matlab programs
of the example are given in the Appendix.

Appendix
Programs for Sect. 1.5.3

1. Simulink main program: chapl_1sim.mdl

Position
Chapl_1 input
S-Function 2 Mux Chapl_1 ctrl }*—»‘ Chapl_1 plant
S-Function S-Function 1

Clock To workspace Mux|

Velocity

2. Controller program: chapl_lctrl.m

function [sys,x0,str,ts]=spacemodel (t,x,u,flag)
switch flag,

case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
case 1,
sys=mdlDerivatives (t,x,u) ;
case 3,

sys=mdlOutputs (t,x,u);
case {2,4,9}
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sys=1I[1;
otherwise

error ([ ’Unhandled flag = ' ,num2str (flag) 1) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;
sizes.NumContStates =1;
sizes.NumDiscStates = 0;
sizes.NumOutputs = 2;
sizes.NumInputs = 6;
sizes.DirFeedthrough = 1;
sizes.NumSampleTimes = 0;
sys = simsizes (sizes);

x0 = [0];
str =1[1;
ts=1[1;

function sys=mdlDerivatives (t,x,u)
xm=u (1) ;

dxm=u(2) ;

ddxm=u (3) ;

x1l=u(4);

dxl=u(5) ;

e=x1-xm;
de=dx1-dxm;

nmn==o ;
s=de+nmn*e;
v=ddxm-2*nmn*de-nmn"2*e;

gama=0.5;

sys(l)=-gama*v*s;

function sys=mdlOutputs (t,x,u)
xm=u (1) ;

dxm=u(2) ;

ddxm=u (3) ;

x1l=u(4);

dxl=u(5) ;

e=x1-xm;
de=dx1-dxm;

nmn==o ;

mp=x (1) ;

1

Introduction
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ut=mp* (ddxm-2*nmn*de-nmn"2*e) ;

sys(1l)=mp;
sys(2)=ut;

3. Plant program: chapl_1plant.m

function [sys,x0,str,ts] = spacemodel (t,x,u,flag)
switch flag,
case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
case l,
sys=mdlDerivatives (t,x,u);
case 3,
sys=mdlOutputs (t,x,u) ;
case {2,4,9}
sys=1I[1;
otherwise
error ([ ’Unhandled flag = ', num2str (flag) 1) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;
sizes.NumContStates = 2;
sizes.NumDiscStates = 0;
sizes.NumOutputs = 3;
sizes.NumInputs = 2;
sizes.DirFeedthrough = 0;
sizes.NumSampleTimes = 1;
sys = simsizes (sizes);
x0=10.5,0];
str =1[1;
ts=1[00];
function sys=mdlDerivatives (t,x,u)
m=2;
ut=u(2);
sys(1l)=x(2);
sys(2)=1/m*ut;
function sys=mdlOutputs (t,x,u)

m=2;

sys (1)=x(1);
sys (2)=x(2) ;
sys (3)=m;

4. Input program: chapl_linput.m

function [sys,x0,str, ts] = spacemodel (t,x,u,flag)
switch flag,
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case 0,

[sys,x0,str,ts]=mdlInitializeSizes;
case 1,

sys=mdlDerivatives (t,x,u);
case 3,

sys=mdlOutputs (t,x,u);
case {2,4,9}

sys=1I[1;
otherwise

error ([ 'Unhandled flag = ' ,num2stxr (flag) 1) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
global M
M=2;
sizes = simsizes;
sizes.NumContStates =2;
sizes.NumDiscStates =0;
sizes.NumOutputs = 3;
sizes.NumInputs = 0;
sizes.DirFeedthrough =1;
sizes.NumSampleTimes = 0;
sys = simsizes (sizes) ;

x0=1[0.5,0];

str=1[1];

ts=1[1;

function sys=mdlDerivatives (t,x,u)
global M

if M==1

r=0;

elseif M==2
r=sin(4*t);

end

nmnl=10;

nmn2=25;

sys(l)=x(2);

sys(2)=—nmnl*x(2) nmn2*x(1l)+nmn2*r;
function sys=mdlOutputs (t,x,u)
global M

if M==1

r=0;

elseif M==2
r=sin(4*t);
end

nmnl=10;
nmn2=25;

1

Introduction
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xm=x (1) ;
dxm=x(2) ;
ddxm=-nmnl*x(2) -nmn2*x (1) +nmn2*r;

sys(1l)=xm;
sys (2)=dxm;
sys (3)=ddxm;

5. Plot program: chapl_1Iplot.m
closeall;
figure (1) ;
plot(t,v(:,1),'r’",t,y(:,4),'k:", " linewidth’,2);
xlabel ('time(s) ') ;ylabel (‘position signal’) ;
legend(’ideal position signal’, 'position tracking’) ;
figure (2) ;
plot(t,p(:,3),'r',t,p(:,4),’k:","linewidth’,2);
xlabel ('time(s) ') ;ylabel (‘estimation value’) ;
legend(’'True value,m’, 'estimation value’) ;
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Chapter 2
RBF Neural Network Design and Simulation

Abstract This chapter introduces RBF neural network design method, gives RBF
neural network approximation algorithm based on gradient descent, analyzes the
effects of Gaussian function parameters on RBF approximation, and introduces
RBF neural network modeling method based on off-line training. Several simula-
tion examples are given.

Keywords Neural network control ¢« Gradient descent rule « Gaussian function
« RBF training

2.1 RBF Neural Network Design and Simulation

2.1.1 RBF Algorithm

The structure of a typical three-layer RBF neural network is shown as Fig. 2.1.
In RBF neural network, x = [x;]" is input vector. Assuming there are mth neural

nets, and radial-basis function vector in hidden layer of RBF is h = [hj}T, h; is
Gaussian function value for neural net j in hidden layer, and
2
h = exp| — [ = ol @2.1)
! 202
J
C11 Clm
wherec=[c;]=| : ... i |representsthe coordinate value of center point of the
Cnl * Cum
Gaussian function of neural net j for the ith input, i = 1,2,...,n, j=1,2,...,m.
For the vector b = [by, ..., bm]T, b; represents the width value of Gaussian function
for neural net j.
J. Liu, Radial Basis Function (RBF) Neural Network Control for Mechanical Systems: 19

Design, Analysis and Matlab Simulation, DOI 10.1007/978-3-642-34816-7_2,
© Tsinghua University Press, Beijing and Springer-Verlag Berlin Heidelberg 2013
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Fig. 2.1 RBF neural network
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The weight value of RBF is

w=[wi,...,wal. (2.2)

The output of RBF neural network is

¥(1) = wTh = wihy +wahy + -+ + Wyl (2.3)

2.1.2 RBF Design Example with Matlab Simulation

2.1.2.1 For Structure 1-5-1 RBF Neural Network

Consider a structure 1-5-1 RBF neural network; we have one input as x = x;, and
b=[b by by by bs]',e=[cu cn ci cu sl h=[h h h hy hs],
w= [Wl Wy W3 W4 Ws ]T, and y(t) =wlh = wihy + wahy + wshs + wahyg + wshs.

Choose the input as sin #; the output of RBF is shown in Fig. 2.2, and the output
of hidden neural net is shown in Fig. 2.3.
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The Simulink program of this example is chap2_lsim.mdl, and the Matlab
programs of the example are given in the Appendix.

2.1.2.2 For Structure 2-5-1 RBF Neural Network

Consider a structure 2-5-1 RBF neural network; we have x= [xl,xz]T,
b=[by by by by bs|, c= | 2 B 4GSl Gy by by by hs|T
€21 Cxp (€23 (24 (25
w={[w; wy ws wy ws ]T7 and y(¢t) = wTh = wihy + wohy + wshs + wahy + wshs.
Two inputs are chosen as sin z. The output of RBF is shown in Fig. 2.4, and the

output of hidden neural net is shown in Figs. 2.5 and 2.6.



22 2 RBF Neural Network Design and Simulation
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The Simulink program of this example is chap2_2sim.mdl, and the Matlab
programs of the example are given in the Appendix.

2.2 RBF Neural Network Approximation Based
on Gradient Descent Method

2.2.1 RBF Neural Network Approximation

We use RBF neural network to approximate a plant; the structure is shown in
Fig. 2.7.
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Fig. 2.7 RBF neural network Plant

approximation u(k) L y(k)
>+
(k)
RBF

In RBF neural network, x =[x x, - - X, ]T is the input vector, and #4; is

Gaussian function for neural net j, then
2
h-exp<M> i=1,2,....m 2.4)
;= 5 , j=1,2,... m .
2b;
where ¢; = [cji, ..., Cju] is the center vector of neural net j.

The width vector of Gaussian function is
b=1[by,....by"

where b; > 0 represents the width value of Gaussian function for neural net ;.
The weight value is

w=[wi,...,wnl" (2.5)
The output of RBF is
ym(t) = wihy +wahy + - + Wyl (2.6)
The performance index function of RBF is

1

E(1) = 5 (57(1) = ym(1)™. 2.7)

According to gradient descent method, the parameters can be updated as
follows:

Aw,(1) = —n% = n(y(t) = ym(t))hy

wi(1) = wi(t — 1) 4+ Aw;(t) + a(wi(t — 1) — wy(t — 2)) (2.8)

OE =l

Ab; = _”a_b,- = n(y(t) — ym(1))wihj (2.9)
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bi(t) = byt — 1) + Ab; + a(b;(t — 1) — bi(t — 2)) (2.10)
OF -

Aoy = e = 1000 =)= @11

Cji(l) = Cj,'(l — 1) + AC]',' +G(Cﬁ(f — l) — Cj,'(l — 2)) (212)

where 5 € (0, 1) is the learning rate and « € (0, 1) is momentum factor.

In RBF neural network approximation, the parameters of ¢; and b; must be chosen
according to the scope of the input value. If the parameter values are chosen
inappropriately, Gaussian function will not be effectively mapped and RBF net-
work will be invalid. The gradient descent method is an effective method to adjustc;
and b; in RBF neural network approximation.

If the initial ¢; and b are set in the effective range of input of RBF, we can only
update weight value with fixed ¢; and b.

2.2.2 Simulation Example

2.2.2.1 First Example: Only Update w
Using RBF neural network to approximate the following discrete plant

133

G(s) =5———.
(s) s2 4 25s

Consider a structure 2-5-1 RBF neural network, and we choose x(1) = u(),

x(2) = y(t), and a = 0.05, # = 0.5. The initial weight value is chosen as random

value between 0 and 1. Consider the range of the first input is [0,1] and the range of

the second input is about [0,10]; we choose the initial parameters of Gaussian

T
7110 ?55 8 055 110 ,bj=15,j=1,2,3,4,5.
Choose the input as u(t) = sin¢ : in the simulation, we only update w with fixed
¢; and b in RBF neural network approximation. The results are shown in Fig. 2.8.
The Simulink program of this example is chap2_3sim.mdl, and the Matlab
programs of the example are given in the Appendix.

function as ¢; =

2.2.2.2 Second Example: Update w, c;, b by Gradient Descent Method
Using RBF neural network to approximate the following discrete plant

yk—1)

y(k) = u(k)’ +m~
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Fig. 2.8 RBF neural network approximation

Consider a structure 2-5-1 RBF neural network, and we choose x(1) = u(k),
x(2) = y(k) and a@ = 0.05, n = 0.15. The initial weight value is chosen as random

value between 0 and 1, and the initial parameters of Gaussian function are chosen as
T

-1 -05 0 05 1 .
=1_1 05 0 05 1 , b;=3.0,=1,2,3,4,5.

Choose the input as u(k) = sint, t =k x T, T = 0.001: in simulation, M = 1
indicates only update w with fixed ¢; and b and M = 2 indicates update w, ¢;, b in
RBF neural network approximation; the initial value of the input is set as [0,1], and
the results are shown from Figs. 2.9 and 2.10.

From the simulation test, we can see that better results can be gotten by the
gradient descent method, especially the initial parameters of Gaussian function ¢;
and b are chosen not suitably.

The program of this example is chap2_4.m, which is given in the Appendix.

Cj

2.3 Effect of Gaussian Function Parameters
on RBF Approximation

From Gaussian function expression, we know that the effect of Gaussian function is
related to the design of center vector ¢;, width value b;, and the number of hidden
nets. The principle of ¢; and b; design should be as follows:

1. Width value b; represents the width of Gaussian function. The bigger value b; is,
the wider Gaussian function is. The width of Gaussian function represents the
covering scope for the network input. The wider the Gaussian function is, the
greater the covering scope of the network for the input is, otherwise worse
covering scope is. Width value b; should be designed moderate.
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Fig. 2.10 RBF neural network approximation by updating w,b,c(M = 2)

2. Center vector ¢; represents the center coordination of Gaussian function for
neural net j. The nearer ¢; is to the input value, the better sensitivity of Gaussian
function is to the input value, otherwise the worse sensitivity is. Center vector ¢;
should be designed moderate.
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Fig. 2.11 Five Gaussian membership function

3. The center vector ¢; should be designed within the effective mapping of Gaussian
membership function. For example, the scope of RBF input value is [—3, +3],
then the center vector ¢; should be set in [—3, +3].

In simulation, we should design the center vector ¢; and the width value b;
according to the scope of practical network input value; thus, input value the can be
within the effective mapping of Gaussian membership function. Five Gaussian
membership functions are shown in Fig. 2.11.

In the simulation, we choose the input of RBF as 0.5 sin(2x¢) and set the structure
as 2-5-1. By changing c¢; and b; value, the effects of ¢; and b; on RBF approximation
are given.

Now we analyze the effect of different ¢; and b; on RBF approximation as
follows:

. RBF approximation with moderate b; and ¢; (Mb = 1, Mc = 1)
. RBF approximation with improper b; and moderate ¢; (Mb = 2, Mc = 1)
. RBF approximation with moderate b; and improper ¢; (Mb = 1, Mc = 2)
. RBF approximation with improper b; and ¢; (Mb = 2, Mc = 2)

AW N =

The results are shown from Figs. 2.12, 2.13, 2.14, and 2.15. From the results, we
can seeif we design improper ¢; and b;, the RBF approximation performance will
not be ensured.

The program of this example is chap2_5.m and chap2_6.m, which are given in
the Appendix.
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Fig. 2.13 RBF approximation with improper b; and moderate ¢; (Mb = 2, Mc = 1)

2.4 Effect of Hidden Nets Number on RBF Approximation

From Gaussian function expression, besides the moderate center vector ¢; and width

value b;,

the approximation error is also related to the number of hidden nets.

In the simulation, we choose @ = 0.05, # = 0.3. The initial weight value is chosen
as zeros, and the parameter of Gaussian function is chosen as b; = 1.5. The inputs of
RBF are u(k)=sint and y(k). Set the structure as 2-m-1: m represents the
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Fig. 2.15 RBF approximation with improper b; and ¢; (Mb = 2, Mc = 2)

number of hidden nets. We analyze the effect of different number of hidden nets
on RBF approximation as m=1, m=3, and m=7. According to the
practical scope of the two inputs u(k) and y(k), for different m, the parameter c; is
chosen ¢; =0 c<:1[—1 0 1]Tandc4:l -3 -2 -1o 1237

ST s 93 2 -1 01 2 3]

respectively.



30 2 RBF Neural Network Design and Simulation

g
o

e
%

g
=N

Membership function degree
[}
~

o
n

0.4 . . . . . . . . .
-10 -08 -06 04 02 0 02 04 06 08 1
Input value of redial basis function

Fig. 2.16 One Gaussian function with only one hidden net (m = 1)

- T T T T T T T T T

———Ideal value
LE et T T e e Approximation value

-2 1 1 L L L
0 0.5 I 1.5 2 2.5
Time (s)

0.02 T : T T T T T T T

i
et
vil
e
pey
th
h

Approximation error

I's

0 0.5 1 1.5 2 2.5
Time (s)

s -
et
th
,—
Fes
th
S

Fig. 2.17 Approximation with only one hidden net (m = 1)

The results are shown from Figs. 2.16,2.17, 2.18, 2.19, 2.20, and 2.21. From the
results, we can see that the more number the hidden nets is chosen, the smaller the
approximation error can be received.

It should be noted that the more number the hidden nets is chosen, to prevent
from divergence, the smaller value of # should be designed.

The program of this example is chap2_7.m, which is given in the Appendix.
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2.5 RBF Neural Network Training for System Modeling
2.5.1 RBF Neural Network Training

We use RBF neural network to train a data vector with multi-input and multi-
output or to model a system off-line.

In RBF neural network, x = [x; x --- xn]T is the input vector, and #; is
Gaussian function for neural net j, then
2
[x — ¢ -
h; = exp — Ty ) j=1,2,...,m (2.13)
J
where ¢; = [cji, ..., Cju] is the center vector of neural net j.

The width vector of Gaussian function is
b=1[b,....by"

where b; > 0 represents the width value of Gaussian function for neural net j.
The weight value is

w:[wl,...,me (2.14)
The output of RBF is
i =wihi +wahy + -+ + Winh (2.15)

where y? denotes the ideal output, / = 1,2,...,N.
The error of the /th output is

(4] :y;i — )i

The performance index function of the training is

N
E(t)=>) e (2.16)
=1

According to gradient descent method, the parameters can be updated as
follows:

OE N

Aw(t) = M= ﬂze/hj
J =1
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Table 2.1 One training

Input Output
sample
1 0 0 1 0
0.7 T T T T T
061 1
o 051 1
‘-"__J'a
5 04f -
“
3
€ 03} J
= 02} ]
0.1+ 3
0 ; -
0 5 10 15 20 25 30
k
Fig. 2.22 Error index change
wi(1) = wi(t — 1) 4+ Aw;(t) + a(wj(t — 1) — wy(t — 2)) (2.17)

where 5 € (0, 1) is the learning rate and « € (0, 1) is momentum factor.

2.5.2 Simulation Example

2.5.2.1 First Example: A MIMO Data Sample Training

Choosing three inputs and two outputs data as a training sample, which are shown in
Table 2.1.
RBF network structure is chosen as 3-5-1. The choice of Gaussian function
parameter values c;; and b; must be chosen according to the scope of practical input
value. According to the practical scope of x; and x;, the parameters of ¢; and b; are
-1 -05 0 05 1

designed as [—1 —-05 0 05 1} and 10, the initial weight value is chosen as
-1 05 0 05 1

random value in the interval of [—1 +1], and # = 0.10 and a = 0.05 are chosen.

Firstly, we run chap2_8a.m, set the error index as E = 102, Error index change
is shown as Fig. 2.22, and the trained weight values are saved as wfile.dat.
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Table 2.2 Test samples and

Input Output
results
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u
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0.005+
0 -
0 100 200 300 400 500 600
k

Fig. 2.23 Error index change

Then we run chap2_8b.m, use wfile.dat, the test results with two samples are
shown in Table 2.2. From the results, we can see that good modeling performance
can be received.

The programs of this example are chap2_8a.m and chap2_8b.m, which are given
in the Appendix.

2.5.2.2 Second Example: System Modeling

Consider a nonlinear discrete-time system as

_05y(k— 1)(1 - y(k — 1))
y(k) T + exp(—O.ZSy(k - 1))

+u(k—1).

To model the system above, we choose RBF neural network. The network

structure is chosen as 2-5-1, according to the practical scope of two inputs; the
. -3 -2 -1 01 2 3

parameters of ¢; and b; are designed as 3 2 101 2 3 and 1.5.
Each element of the initial weight vector is chosen as 0.10; 7 = 0.50 and @ = 0.05
are chosen.

Firstly, we run chap2_9a.m, the input is chosen asx = [u(k) y(k)], u(k) = sin
t, and t =k x ts, ts = 0.001 represents sampling time. The number of samples is
chosen as NS = 3,000. After 500 steps training off-line, we get the error index
change as Fig. 2.23. The trained weight values and Gaussian function parameters
are saved as wfile.dat.
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Fig. 2.24 Modeling test

Then we run chap2_9b.m, use wfile.dat, the test results with input sin¢ are
shown in Fig. 2.24. From the results, we can see that good modeling performance
can be received.

The programs of this example are chap2_9a.m and chap2_9b.m, which are given
in the Appendix.

2.6 RBF Neural Network Approximation

Since any nonlinear function over a compact set with arbitrary accuracy can be
approximated by RBF neural network [1, 2], RBF neural network can be used to
approximate uncertainties in the control systems.

For example, to approximate the function f(x), the algorithm of RBF is

expressed as
hj = 8<|\x - Cz:i||2/bf)

f=wWTh(x)+e

where x is the input vector, i denotes input neural net number in the input layer,
J denotes hidden neural net number in the hidden layer, h = [hy,hy,. .. ,hn]T
denotes the output of hidden layer, W* is ideal weight vector, and € is approximation
error, € < eN.

In the control system, if we use RBF to approximate f, we often choose the
system states as the input of RBF neural network. For example, we can choose
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the tracking error and its derivative value as the input vector, that is, x = [e ¢ ]T
then the output of RBF is

)

Fx) = W' h(x) (2.18)

where W is the estimated weight vector, which can be tuned by the adaptive
algorithm in the Lyapunov stability analysis.

Appendix
Programs for Sect. 2.1.2.1

Simulink main program: chap2_1sim.mdl

Sine wave S-function Position 1
EN
Clock To workspace
RBF function: chap2_1rbf.m
function [sys,x0,str, ts] = spacemodel (t,x,u,flag)
switch flag,
case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
case 3,
sys=mdlOutputs (t,x,u);
case {2,4,9}
sys=I[1;
otherwise
error ([ ’Unhandled flag = ' ,num2str (flag) ]) ;

end

function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;
sizes.NumContStates =0;
sizes.NumDiscStates =0;
sizes.NumOutputs = 7;
sizes.NumInputs =1;
sizes.DirFeedthrough =1;
sizes.NumSampleTimes = 0;
sys = simsizes (sizes) ;
x0=11;
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str=11;

ts=1[1];

function sys=mdlOutputs (t,x,u)
x=u(l); $Input Layer

-0.5-0.2500.250.5]; %cij
0.20.20.20.20.21"; %bj

=ones (5,1); %$WJ
h=zeros (5,1); %$hj
for j=1:1:5
h(j)=exp (-norm(x-c(:,3))"2/(2*b(J)*b(j))); %Hidden
Layer
end
vy=W'*h; $0Output Layer

Plot program: chap2_1plot.m

closeall;

figure (1) ;
plot(t,v(:,1),'k’, " linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('y"');

figure (2) ;

plot(y(:,2),y(:,3),'k’, "linewidth’,2) ;
xlabel ('x’) ;ylabel('hj’);

hold on;

plot(y(:,2),y(:,4),'k’, "linewidth’,2);
hold on;
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plot(y(:,2),y(:,5),'k’, "1linewidth’,2) ;
hold on;
plot(y(:,2),y(:,6),’k’, "linewidth’,2);
hold on;
plot(y(:,2),y(:,7),'k’, "linewidth’,2);

Programs for Sect. 2.1.2.2

Simulink main program: chap2_2sim.mdl

V Mux{—={ Chap2 2tbf = 'y
Sin wave ”
S-function Position 1
0 t
Clock To workspace

RBF function: chap2_2rbf.m

function [sys,x0,str, ts] = spacemodel (t,x,u,flag)
switch flag,
case 0,
[sys,x0,str,ts]l=mdlInitializeSizes;
case 3,
sys=mdlOutputs (t,x,u);
case {2,4,9}
sys=1I[1;
otherwise
error ([ 'Unhandled flag = ' ,num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;
sizes.NumContStates = 0;
sizes.NumDiscStates =0;
sizes.NumOutputs = 8;
sizes.NumInputs = 2;
sizes.DirFeedthrough =1;
sizes.NumSampleTimes = 0;
sys = simsizes (sizes) ;
x0=11;
str=1[];
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function sys=mdlOutputs (t,x,u)

x1=u(l); $Input Layer
x2=u(2) ;
x=[x1x2]";

i=2
%$j=1,2,3,4,5
k=1

5-0.2500.250.5;
5-0.2500.250.5];
b=[0.20.20.20.20.2]1";

c=[-0.
-0.

W=ones (5,1) ; W
h=zeros (5,1); %hj
for j=1:1:5

%cij

Q

%bj

h(j)=exp(-norm(x-c(:,3))"2/(2*b(J)*b(J))); $Hidden

Layer

end
yout=W'*h; $Output Layer

sys (1) =yout;
sys(2)=x1;

sys(3)=x2;

sys (4)=h(1);
sys(5)=h(2);
sys(6)=h(3);
sys(7)=h(4);
sys(8)=h(5);

sy=y(:,1);
Exl=y(:,2);
$x2=y(:,3);
$hl=y(:,4);
$h2=y(:,5);
$h3=y(:,6);
Shd=y(:,7);
$h5=y(:,8);
figure (1) ;

plot(t,y(:,1),'k’, " linewidth’,2);
xlabel ('time(s) ') ;yvlabel('y’);

figure (2) ;

plot(y(:,2),v(:,4),'k’, "linewidth’,2);
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xlabel ('x1°
hold on;

plot(y(:,2),y(:

hold on;

plot(y(:,2),y(:

hold on;

plot(y(:,2),v(:

hold on;

plot(y(:,2),v(:

figure (3) ;

plot(y(:,3),y(:

hold on;

plot(y(:,3),y(:

hold on;

plot(y(:,3),y(:

hold on;

plot(y(:,3),y(:

hold on;

plot(y(:,3),v(:

14)1

) ;ylabel (‘hj’");

'k’ , "linewidth’,2);

'k’ , "linewidth’,2);

lkl,

'linewidth’,2);

'k’ ,"linewidth’,2);

'k’,"linewidth’,2) ;
xlabel ('x2');ylabel('hj’);

'k’ ,"linewidth’,2);

'k’ , "linewidth’,2);

Programs for Sect. 2.2.2.1

Simulink main program: chap2_3sim.mdl

=~

Sine wave

Clock

Chap2_3plant

S-function 2

To workspace

Mux

Chap2_3rbf

S-function 1

S function for plant: chap2_3rbf.m

Mux

, 'linewidth’,2);

, "linewidth’,2);

Scope 1

To workspace 2

function [sys,x0,str,ts]=s_function(t,x,u,flag)

switch flag,
case 0,

[sys,x0,str,ts]=mdlInitializeSizes;

case 3,

sys=mdlOutputs (t,x,u);

41
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case {2, 4, 9}

sys=1[1;
otherwise

error ([ 'Unhandled flag = ’ ,num2stxr (flag) 1) ;
end

function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;
sizes.NumContStates =0;
sizes.NumDiscStates =0;
sizes.NumOutputs = 1;
sizes.NumInputs = 2;
sizes.DirFeedthrough =1;
sizes.NumSampleTimes = 0;
sys=simsizes(sizes);

x0=[1];

str=I[1;

ts=[1];

function sys=mdlOutputs (t,x,u)
persistentww_1lw 2 Dbci

alfa=0.05;
xite=0.5;
if t==
b=1.5;
ci=[-1-0.500.51;
-10-5051017;

w=rands (5,1) ;
w_l=w;w_2=w_1;
end
ut=u(l);
yvout=u(2) ;
xi=[ut yout]’;
for j=1:1:5
h(j)=exp(-norm(xi-ci(:,3))"2/(2*b"2));
end
ymout=w’*h’;

d_w=0%*w;

for j=1:1:5 %0nly weight value update
d_w(j)=xite* (yout-ymout) *h(j);

end

w=w_1l+d_w+alfa*(w_1-w_2);

w_2=w_1;w_1=w;
sys (1) =ymout;

S function for plant: chap2_3plant.m

function [sys,x0,str, ts]=s_function(t,x,u,flag)
switch flag,
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case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
case 1,
sys=mdlDerivatives (t,x,u) ;
case 3,

sys=mdlOutputs (t,x,u);
case {2, 4, 9}

sys=1[1;
otherwise

error ([ 'Unhandled flag = ' ,num2stxr (flag) 1) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;
sizes.NumContStates =2;
sizes.NumDiscStates =0;
sizes.NumOutputs = 1;
sizes.NumInputs =1;
sizes.DirFeedthrough =0;
sizes.NumSampleTimes = 0;
sys=simsizes (sizes);
x0=[0,0];
str=I[1;
ts=I[1;
function sys=mdlDerivatives(t,x,u)
sys(l)=x(2);
sys (2)=-25*x(2)+133*u;
function sys=mdlOutputs (t,x,u)
sys(1)=x(1);

Plot program: chap2_3plot.m

closeall;

figure (1) ;
plot(t,yv(:,1),'r’',t,y(:,2),'k:","linewidth’,2) ;
xlabel (‘time(s) ') ;ylabel (‘yandym’) ;
legend(’ideal signal’, ‘'signal approximation’) ;

Programs for Sect. 2.2.2.2

Matlab program: chap2_4.m

%RBF identification
clear all;
closeall;
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alfa=0.05;
xite=0.15;
x=[0,1]1";

b=3*ones (5,1) ;

c=[-1-0.500.51;
-1-0.500.511;

w=rands (5,1) ;

w_l=w;w_2=w_1;
c_l=c;c_2=c_1;
b_1=b;b_2=b_1;
d_w=0*w;
d_b=0*b;
y_1=0;

ts=0.001;

for k=1:1:10000

time (k)=k*ts;
u(k)=sin(k*ts);
yv(k)=u(k)"3+y_1/(1+y_1"2);

x(1)=u(k);
x(2)=y_1;

for j=1:1:5

h(j)=exp(-norm(x-c(:,3))"2/(2*b(3)*b(J)));

end
ym(k)=w’*h’;
em(k)=y (k) -ym(k) ;

M=2;
if M==1 %0nly weight value update
d_w(j)=xite*em(k)*h(j);
elseif M==2 %Updatew, b, c
for j=1:1:5
d_w(j)=xite*em(k)*h(j);

d_b(j)=xite*em(k)*w(j)*h(j)*(b(j)"-3)*norm

(x-c(:,3))"2;
fori=1:1:2

d_c(i,j)=xite*em(k)*w(J)*h(J)*(x(i)-c(i,3))*(b(3J)

~=2);
end
end
b=b_1+d_b+alfa* (b_1-b_2);
c=c_1l+d_c+alfa*(c_1l-c_2);
end
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w=w_1l+d_w+alfa*(w_1-w_2);

figure (1) ;

subplot (211) ;

plot(time,y, 'r’,time,ym, ‘'k:’, "linewidth’,2);
xlabel (‘time(s) ') ;ylabel (‘yandym’) ;
legend(’ideal signal’, ‘'signal approximation’) ;
subplot (212) ;
plot(time,y-ym, ‘k’, "linewidth’,2);

xlabel (‘time(s) ') ;ylabel (‘error’);

Programs for Sect. 2.3

Program of Gaussian membership function design: chap2_5.m

%RBF function
clear all;
closeall;

c=[-3-1.501.53];

M=1;

if M==1
b=0.50*ones (5,1) ;

elseif M==2
b=1.50*ones(5,1);

end

h=[0,0,0,0,01";

ts=0.001;
fork=1:1:2000

time (k)=k*ts;

%RBF function
x(1)=3*sin(2*pi*k*ts);
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for j=1:1:5
h(j)=exp(-norm(x-c(:,3))"2/(2*b(3)*b(3)));
end

x1(k)=x(1);

%First Redial Basis Function

hl(k)=h(1);

%Second Redial Basis Function

h2 (k)=h(2);

%Third Redial Basis Function

h3 (k)=h(3);

$Fourth Redial Basis Function

h4 (k)=h(4);

$Fifth Redial Basis Function

h5(k)=h(5);

end

figure (1) ;

plot(x1l,hl, 'b’);

figure (2) ;

plot(xl,h2,'g’);

figure (3) ;

plot(xl,h3,'r");

figure (4) ;

plot(xl,h4,’'c’);

figure (5) ;

plot (x1,h5, 'm’) ;

figure (6) ;

plot(xl,hl, 'b");

holdon;plot(x1,h2,'g’);

holdon;plot(x1,h3,’r")

holdon;plot(x1,h4d,’'c’);

hold on;plot(x1l,h5, 'm’);

xlabel ('Input value of Redial Basis Function'’) ;ylabel
('Membership function degree’) ;

’

Program of RBF approximation to test the effect of b and c: chap2_6.m
%RBF approximation test

clear all;
closeall;

alfa=0.05;
xite=0.5;
x=[0,01";

%The parameters design of Guassian Function
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%The input of RBF (u(k),yv(k)) must be in the effect range of
Guassian function overlay

%$The value of brepresents thewidenth of Guassian function

overlay

Mb=1;

if Mb== %The width of Guassian function is moderate
b=1.5*ones(5,1);

elseif Mb== %$The width of Guassian function is too nar-

row, most overlap of the function is near to zero
b=0.0005*ones (5,1) ;
end
%The value of ¢ represents the center position of Guassian
function overlay
%the NN structure is 2-5-1: i=2; j=1,2,3,4,5; k=1
Mc=1;
if Mc==1 $%$The center position of Guassian function is
moderate
c=[-1.5-0.500.51.5;
-1.5-0.500.51.57; %cij
elseif Mc==2 %The center position of Guassian
function is improper
c=0.1*[-1.5-0.500.51.5;
-1.5-0.500.51.5]; %cij
end
w=rands (5,1) ;
w_l=w;w _2=w_1;
y_1=0;

ts=0.001;

fork=1:1:2000

time (k)=k*ts;
u(k)=0.50*sin(1*2*pi*k*ts) ;

y(k)=u(k)"3+y_1/(1+y_172);

x(1)=u(k);
x(2)=y(k);

for j=1:1:5
h(j)=exp(-norm(x-c(:,3))"2/(2*b(3)*b(3)));

end

ym(k)=w’*h’;

em (k) =y (k) -ym (k) ;

d_w=xite*em(k)*h’;
w=w_1+d w+talfa* (w_1l-w_2);
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y_1=y(k);

w_2=w_1;w_1l=w;

end

figure (1) ;

plot(time,y, 'r’,time,ym, 'b:’, 'linewidth’,2);
xlabel (‘time(s) ') ;ylabel (‘yandym’) ;

legend(’'Ideal value’, 'Approximation value’) ;

Programs for Sect. 2.4

Program of RBF approximation to test the effect of hidden nets number: chap2_7.m

%RBF approximation test
clear all;
close all;

alfa=0.05;
xite=0.3;
x=[0,01";

%The parameters design of Guassian Function

%The input of RBF (u(k),yv(k)) must be in the effect range of
Guassian function overlay

%The value of brepresents thewidenth of Guassian function
overlay

bj=1.5; %$The width of Guassian function
%The value of ¢ represents the center position of Guassian
function overlay

%the NN structure igs 2-m-1: i=2; j=1,2,...,m; k=1
M=3; %Different hidden nets number
if M==1 %only one hidden net
m=1;
c=0;
elseif M==2
m=3;
c=1/3*[-101;
-101];
elseif M==3
m=7;

c=1/9*[-3-2-10123;
-3-2-1012371;

end

w=zeros (m, 1) ;
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w_l=w;w_2=w_1;
y_1=0;

ts=0.001;
fork=1:1:5000

time (k)=k*ts;
u(k)=sin(k*ts) ;

y(k)=u(k)"3+y_1/(1l+y_1"2);

x(1)=u(k);
x(2)=y(k);

for j=1:1:m
h(j)=exp(-norm(x-c(:,3J))"2/(2*bj"2));

end

ym(k)=w’*h";

em (k) =y (k) -ym(k) ;

d_w=xite*em(k)*h’;
w=w_1l+d _w+alfa*(w_1-w_2);

y_1=y(k);
w_2=w_1;w_1=w;

x1(k)=x(1);

for j=1:1:m
H(j,k)=h(3);

end

if k==5000
figure (1) ;
for j=1:1:m
plot(x1,H(j,:), " linewidth’,2);
hold on;
end
xlabel (' Input value of Redial Basis Function’);ylabel
('Membership function degree’) ;

end

end

figure (2) ;

subplot (211) ;

plot(time,y, 'r’,time,ym, 'b:’, 'linewidth’,2);
xlabel (’'time(s)’);ylabel (‘yandym’);
legend(’'Ideal value’, 'Approximation value’) ;
subplot (212) ;
plot(time,y-ym, ‘r’, 'linewidth’, 2);

xlabel (‘time(s) ') ;ylabel ('Approximation error’) ;
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Programs for Sect. 2.5.2.1

Program of RBF training: chap2_8a.m

%RBF Training for MIMO
clear all;
closeall;

xite=0.10;
alfa=0.05;

W=rands (5, 2) ;
W_1=W;

W_2=W_1;
h=[0,0,0,0,01";

c=2*[-0.5-0.2500.250.5;
-0.5-0.2500.250.5;
-0.5-0.2500.250.5]; $cij
b=10; %bj

xs=[1,0,0];%Ideal Input
yvs=[1,0]; $Ideal Output
ouT=2;

NS=1;

k=0;

E=1.0;

while E>=1e-020

%$for k=1:1:1000

k=k+1;

times (k) =k;

for s=1:1:NS $MIMO Samples
x=xs (s, :);

for j=1:1:5

h(j)=exp(-norm(x’'-c(:,3))"2/(2*b"2)); $Hidden Layer
end
v1=W’*h; $O0utput Layer
el=0;
y=ys (s, :);

for 1=1:1:0U0T

el=el+0.5*(y(1l)-y1(1l))"2; $Output error
end
es(s)=el;

E=0;
if s==NS
for s=1:1:NS
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E=E+es(s);
end
end
error=y-yl’;
dWw=xite*h*error;

W=W_1l+dW+alfa* (W_1-W_2);

W _2=W_1;W_1=W;

end %End of for

Ek (k) =E;

end $End of while

figure (1) ;
plot(times,Ek, 'r’, 'linewidth’,2);

xlabel (k') ;ylabel ('Error index change’) ;
save wiile b c W;

Program of RBF test: chap2_8b.m

%$Test RBF
clear all;
load wfileb c W;

$N Samples

x=[0.970,0.001,0.001;
1.000,0.000,0.0001;

NS=2;

h=zeros (5,1); %hj

for i=1:1:NS
for j=1:1:5

h(j)=exp(-norm(x(i,:)"-c(:,3))"2/(2*b"2)); %$Hidden
Layer

end

v1(i, :)=W’*h; %$Output Layer

end

vl

Programs for Sect. 2.5.2.2

Program of RBF training: chap2_9a.m

%RBF Training for a Plant
clear all;
closeall;

ts=0.001;
xite=0.50;
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alfa=0.05;

u_1=0;y_1=0;
fx 1=0;

W=0.l*ones(1l,7);
W_1=W;

W_2=W_1;
h=zeros(7,1);

cl=[-3-2-101231;
c2=[-3-2-101231;
c=[cl;c2];

b=1.5; %bj

NS=3000;
for s=1:1:NS $Samples
u(s)=sin(s*ts);

fx(s)=0.5*y_1*(1-y_1)/(l+exp(-0.25*y_1));
vis)=fx_1+u_1;

u_l=u(s);
y_ 1=y(s);
fx 1=fx(s);
end

k=0;

fork=1:1:500
k=k+1;
times (k) =k;

for s=1:1:NS $Samples
x=[u(s),y(s)];
for j=1:1:7
h(j)=exp(-norm(x’-c(:,3))"2/(2*b"2)); $Hidden Layer
end
vl (s)=W*h; $Output Layer

el=0.5*(y(s)-yl(s))"2; $Output error
es (s)=el;

E=0;
if s==NS

for s=1:1:NS

E=E+es (s) ;

end
end
error=y(s)-yl(s);
dWw=xite*h’'*error;
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W=W_1l+dW+alfa* (W_1-W_2);

W _2=W_1;W_1=W;

end %End of for

Ek (k) =E;

end $End of while

figure (1) ;
plot(times,Ek, 'r’, 'linewidth’,2);

xlabel (k') ;ylabel ('Error index change’) ;
savewfile b ¢ W NS;

Program of RBF test: chap2_9b.m

%0Online RBF Etimation for Plant
clear all;
load wfile b c WNS;

ts=0.001;

u_1=0;y_1=0;

fx 1=0;

h=zeros(7,1);

for k=1:1:NS
times (k) =k;
u(k)=sin(k*ts) ;

fx(k)=0.5*y_1*(1l-y_1)/(l+exp(-0.25*y 1)) ;
vik)=fx_1+u_1;

(j)=exp(-norm(x’'-c(:,3))"2/(2*b"2)); $Hidden Layer
end
vp (k) =W+*h; %Output Layer
u_l=u(k);y_1l=y(k);
fx 1=fx(k);
end
figure (1) ;
plot(times,y, 'r’,times,yp, ‘b-.’, "linewidth’,2) ;

xlabel ('times’) ;ylabel('yvandyp’);
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Chapter 3
RBF Neural Network Control Based on Gradient
Descent Algorithm

Abstract This chapter introduces three kinds of RBF neural network control laws
based on gradient descent rule, including supervisory control law, model reference
adaptive control law, and self-adjust control law; the weight value learning
algorithms are presented. Several simulation examples are given.

Keywords Neural network control ¢ Gradient descent rule ¢ Supervisory control

» Model reference adaptive control ¢ Self-adjust control

Gradient descent rule is often used in the weight value optimization in neural
network discrete control; two typical examples are given in [1, 2].
3.1 Supervisory Control Based on RBF Neural Network

3.1.1 RBF Supervisory Control

The structure of RBF supervisory control is shown in Fig. 3.1.

The radial basis vector is h = [y, . .. ,hm]T, h; is Gaussian function:
lx(k) — ¢l
h; = exp <_2—b,2 (3.1
where i =1; j=1,...,m; x(k) is the input of RBF; ¢; = [ci1,...,C1], and

b=1[by,....bn".
The weight vector is

w=[wi,...,wa. (3.2)
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Fig. 3.1 RBF supervisory
control system RBF Q)
Yah) | + ~ e® . + 1F Prant | y(k)
_ u (k)U u(k) L]

The output of RBF is
I/ln(k) = h1w1 =+ - thj R thm (33)

where m is the number of hidden layer.
The criterion on function used here is u, (k) as follows:

[

E(k) = 5 (un(k) — u(k))*. (3.4)

According to the steepest descent (gradient) method, the learning algorithm is as
follows:

B8] = =0 S = a0 (k)4

w(k) =wlk—1)+ Aw(k) + a(w(k — 1) —w(k —2)) (3.5)

where # is learning rate, & is momentum factor, # € [0, 1], and « € [0, 1].

3.1.2 Simulation Example

The plant is

7 1,000
¢34+ 87.3552 + 10,470s

G(s)
Discrete plant with sampling time 1 ms is
y(k) = —den(2)y(k — 1) — den(3)y(k — 2) + num(2)u(k — 1) + num(3)u(k — 2).

The structure is 1-4-1, x(k) = yq(k), the initial value of weight vector is chosen
as random value in [0,1], and the initial Gaussian parameters are
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;
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Fig. 3.2 Square position tracking
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Control input with RBF
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Fig. 3.3 Control input of NN, PD, and overall

c=[-5 =3 0 3 5", b=[05 05 05 0.5]". Choosing n =0.30, a
= 0.05.

The results are shown in Figs. 3.2 and 3.3. The program of RBF supervisory
control is chap3_1.m.
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3.2 RBFNN-Based Model Reference Adaptive Control

3.2.1 Controller Design

The control system is shown in Fig. 3.4.
The reference model is y,,(k); then the tracking error is

e(k) = ym(k) — y(k). (3.6)

The criterion on function used here is u, (k) as follows:

E(k) = Eec(k)z. (3.7)
The controller is the output of RBF:
M(k) = h1W1 + - /’lej SR o l’lme (38)

where m is the number of neural nets in hidden layer, w; is weight value of netj, 4, is
output of Gaussian function.

In RBF, x = [x},...,x,|" is input vector, h = [hy, ..., h,]", and & is Gaussian
function:
[Ix — ¢
h: = — 3.9
where i=1,...,n and j=1,...,m. b>0, ¢ =|[ci,....Cji,...,Cjn|, and
b=1[by,....bn".
The weight vector is
W= (Wi, .., Wl (3.10)
Reference Y (k)
model
ec (k) +

lant

.
Ya) |+ o~ ek 1—4 uk) o] y(k)
RBF P
\74 L

Fig. 3.4 RBF-based model
reference adaptive control
system
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According to the steepest descent (gradient) method, the learning algorithm is as
follows:

OE (k) Ay(k)

Aw;(k) = I - nec(k) mhj
wj(k) = wi(k — 1) + Aw;(k) + aAw;(k) (3.11)

where 7 is learning rate,  is momentum factor, 7 € [0, 1], and « € [0, 1].
For the same reason, we can get

) = =1 25 =t 200 58D ety 28 22 o
bi(k) = bj(k — 1) + nAb;(k) + a(b;(k — 1) — bj(k — 2)) (3.13)
Acy(k) = —n asc(,f) = nec(k) gﬁg agc(f) = nec(k) gi—gkkiwjhj i ;}CU (.14)
Cij(k) = C,:j(k -1+ nAC,‘j(k) + a(cij(k -1) - cij(k -2)) (3.15)

Oy(k)

Pu(l) is Jacobian value,which expresses the sensitivity of output and input of the

system. Jacobian value can be gotten by the sign of gﬁ—gl‘k;.

3.2.2 Simulation Example

The plant is

y(k) = (—0.10y(k — 1) + u(k — 1))/(1 ok — 1)2)

The sampling time is s = 1 ms; the reference model is y,,(k) = 0.6y,,(k — 1)
+ya(k), ya(k) = 0.50sin(2zk x ts).

Choose y,(k), e(k), and u(k) as input of RBF, and set # = 0.35, a = 0.05.

The initial value of Gaussian function is

3 2 -1 1 2 371"
c=|-3 —2 -1 1 2 3],
3 2 -1 12 3



60 3 RBF Neural Network Control Based on Gradient Descent Algorithm

Ideal position signal
---------- Tracking position signal

0 0.5 1 1.5 2
Time (s)

L&

[
h
e

Fig. 3.5 Sine position tracking

Control input

= — I i 1 =
0 0.5 1 25 2 2.5 3
Time (s)
Fig. 3.6 Sine position tracking
and b=12,2,2,2,2, 2]T, the initial weight  value is

w=1[-0.0316 —0.0421 —0.0318 0.0068 0.0454 —0.0381].
The simulation results are shown in Figs. 3.5 and 3.6. The program of model
reference adaptive control is chap3_2.m.
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3.3 RBF Self-Adjust Control

3.3.1 System Description

Considering plant,

y(k+1) = gly(k)] + ply(k)]u(k) (3.16)

where y(k) is output and u(k) is control input.
Assuming y, (k) is ideal position signal. If g[-] and ¢[-] are known, then the self-
adjust controller can be designed as

—gf- k+1
u(k) ZLH_FM. (3.17)
¢l] ¢l
However, the items g[-] and ¢[-] are often unknown, so it is difficult to realize the
control law (3.17).

3.3.2 RBF Controller Design

If g[-] and ¢[-] are unknown, we can use two RBF to identify g[-] and ¢[], and we can
get the estimated value of g[] and @[], that is, Ng[-], Ng[-]. Then the self-adjust
controller can be designed as

~ —Ng[] | yalk+1)

“®) =Nl T Nell

(3.18)

where Ng[-] and Ng[] are output of RBF NN identifier.
Using two RBF to approximate g[-] and ¢[-], respectively, W and V are weight
vector of RBFNN, respectively.

In RBF neural network, choosing y(k) as input k= [h; --- h,]", h is
Gaussian function:
ly(k) — &l
hy = exp (—2—17]2 (3.19)
wherei=1; j=1,...,m; b; > 0; ¢; = [c11,...,C1n; and b = [bl,...,bm]T.

The weight vector of RBF is expressed as

W=[wi,...,wa]" (3.20)
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Adaptive
mechanism

No[-] |Ngl]

Y u y
—<4 ! Controller O Y

Fig. 3.7 The closed-loop neural-based adaptive control scheme

V=0 (3.21)

The outputs of two RBF are
Ng(k) = hwy + - hw; - - + hyw, (3.22)
Ny(k) = hivi + - hjvj - + By (3.23)

where m is the number of hidden layer net.
Using the output of two RBF, the plant can be written as

ym(k) = Ngly(k = 1); W(K)] + Nop[y(k — 1); V(k)]u(k — 1). (3.24)
The closed-loop neural-based adaptive control scheme with two RBF neural

networks to identify Ng[-] and Ng[] is shown in Fig. 3.7.
The criterion on function used here is an error square function as follows:

E(k) = = (y(k) — ym(k))’. (3.25)

N —

According to the steepest descent (gradient) method, the learning algorithm is as
follows:

Auyl) = 1 GG = 1 5(4) = 3l 4
8l8) = =1, 8 = 100 =m0k = 1)
W(k) = Wk — 1)+ AW(K) + a(W(k — 1) — W(k — 2)) (3.26)
V) =V(k— 1)+ AV(E) + a(V(k — 1) — V(k — 2)) (3.27)

where 7,, and 7, are learning rates and « is a momentum factor.
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Fig. 3.8 Sine position tracking

3.3.3 Simulation Example

The plant is
y(k) = 0.8sin(y(k — 1)) + 15u(k — 1)

where g[y(k)] = 0.8 sin(y(k — 1)) and ¢[y(k)] = 15.
The ideal signal is y4(f) = 2.0sin(0.1z¢). RBF neural network structure is 1-6-1.

The initial weight value and Gaussian parameters are W = [0.5,0.5,0.5,0.5,0.5,0.5]",

V =10.5,0.5,0.5,0.5,0.5,0.5]", ¢; = [0.5,0.5,0.5,0.5,0.5,0.5]", b = [5,5,5,5,5,5]".
Let#; = 0.15 and 5, = 0.50, a = 0.05. The simulation results are shown from

Figs. 3.8, 3.9 and 3.10. The program of RBF self-adjust control is chap3_3.m.

Appendix
Programs for Sect. 3.1.2

The program of RBF supervisory control: chap3_1.m

%RBF Supervisory Control
clear all;
closeall;

ts=0.001;

sys=tf (1000, [1,50,20001]);
dsys=c2d(sys,ts, 'z’);

[num, den]=tfdata(dsys, 'v’');
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b=0.5*ones(4,1) ;
c=[-2-1127];
w=rands (4,1) ;
w_1l=w;

w_2=w_1;

xite=0.30;
alfa=0.05;

kp=25;

kd=0.3;

fork=1:1:1000
time (k)=k*ts;

S=1;

if ==
yvd(k)=0.5*sign(sin(2*2*pi*k*ts)); $Square Signal

elseif S==2
yvd(k)=0.5*(sin(3*2*pi*k*ts)); %¥Square Signal

end

v(k)=-den(2)*y_1l-den(3)*y_2+num(2) *u_l+num(3) *u_2;
e(k)=yd(k)-y(k);

xi=yd (k) ;
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Fig. 3.10 f(x,t) and its estimated £ (x, 1)

for j=1:1:4

80 90

100

h(j)=exp(-norm(xi-c(:,3))"2/(2*b(3)*b(3)));:

end

un (k)=w’*h’;

7

%$PD Controller
up (k) =kp*x (1) +kd*x (2) ;

M=2;
if M==1

%$0nly Using PID Control

u (k) =up (k) ;

elseif M==

$Total control output

u (k) =up (k) +un (k) ;

end

ifu(k)>=10

u(k)=10;
end
ifu(k)<=-1

u(k)=-10
end

0

7

%Update NN Weight
d_w=-xite* (un(k)-u(k))*h’;
w=w_1l+d w+alfa*(w_1-w_2);

w_2=w_1;
w_l1l=w;
u_2=u_1;
u_l=u(k);

65
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) ; %Calculating P
k)-e_1)/ts; %Calculating D

figure (1) ;
plot(time,yd, 'r’,time,y, "'k:’, "linewidth’,2) ;

xlabel ('Time (second) ') ;ylabel (' Position tracking’) ;
legend(’'Ideal position signal’,’'Tracking position
signal’);

figure (2) ;

subplot (311);
plot(time,un, 'k’, 'linewidth’,2) ;
xlabel (‘time(s) ') ;ylabel (‘un’) ;
legend(’'Control input with RBF’) ;
subplot (312) ;

plot (time,up, 'k’, 'linewidth’,2) ;
xlabel (‘time(s) ') ;ylabel (‘up’) ;
legend(’'Control input with P’) ;
subplot (313);
plot(time,u, 'k’, "linewidth’,2) ;
xlabel (‘time(s) ') ;ylabel('u’);
legend(’'Total control input’) ;

Programs for Sect. 3.2.2

Programs: chap3_2.m

%Model Reference Aapative RBF Control
clear all;
closeall;

u_1=0;

y_1=0;

ym_1=0;

x=[0,0,0]";

c=[-3-2-10123;
-3-2-10123;
-3-2-10123];

b=2;

w=rands (1,7) ;

xite=0.35;
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alfa=0.05;
=[0,0,0,0,0,0,01"

c;c_2=c;

b;b_2=b;

W;W_2=W;
01

s 6 o)
l—\l—\l—‘
I
Il

— 7

ts=0.0

for]c—l.l.BOOO

time (k)=k*ts;

vd(k)=0.50*sin(2*pi*k*ts) ;

ym(k)=0.6*ym_1+yd(k) ;

y(k)=(-0.1*y_1+u_1)/(1l+y_172); %$Nonlinear plant

for j=1:1:7
h(j)=exp(-norm(x-c(:,3))"2/(2*b"2));

end
u(k)=w*h;

c(k)=ym(k) -y (k) ;

u( )=sign((y(k)-y_1)/(u(k)-u_1));
d_w=0*w;

for j=1:1:7
d_w(j)=xite*ec(k)*h(j) *dyu (k) ;

end

w=w_1+d _w+alfa*(w_1l-w_2);

%$Return of parameters

u_l=u(k);

y_1=y(k);

ym_l=ym(k) ;

x(1)=yd(k);

x(2)=ec(k);

x(3)=y(k);

w_2=w_1;w_1l=w;

end

figure (1) ;
plot(time,ym, 'r’,time,y, 'k:’, 'linewidth’,2);

xlabel ('time(s) ') ;ylabel ('ym,y"’);

legend(’'Ideal ©position signal’, 'Tracking position
signal’);

figure (2) ;

plot(time,u, 'r’, 'linewidth’,2) ;

xlabel (‘time(s) ') ;ylabel ('Control input’) ;
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Programs for Sect. 3.3.3

RBF NN Self-adjust Control:chap3_3.m

%$Self-Correct control based RBF Identification
clear all;
close all;

xitel=0.15;
xite2=0.50;
alfa=0.05;
w=0.5*ones(6,1);
v=0.5%*ones (6,1) ;
cij=0.50*%*ones(1,6);
bj=5*ones(6,1);
h=zeros(6,1);

w_l=w;w _2=w_1;
v_1l=v;v_2=v_1;
u_1=0;y_1=0;

ts=0.02;

fork=1:1:5000

time (k)=k*ts;
vd(k)=1.0*sin(0.1l*pi*k*ts);

%$Practical Plant;
g(k)=0.8*sin(y_1);
f(k)=15;

vy (k)=g(k)+£ (k) *u_1;

for j=1:1:6
h(j)=exp(-norm(y(k)-cij(:,3))"2/(2*bj (3)*bj(3)));
end

Ng (k) =w’*h;
Nf (k)=v’*h;

ym (k) =Ng (k) +N£ (k) *u_1;
e (k) =y (k) -ym(k) ;
d_w=0%*w;
for j=1:1:6
d w(j)=xitel*e(k)*h(j);
end
w=w_1+d _w+alfa*(w_1-w_2);

d_v=0*v;
for j=1:1:6
d_v(j)=xite2*e(k)*h(j)*u_1;
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end
v=v_1+d_v+alfa*(v_1-v_2);

u (k) =-Ng (k) /Nf (k) +yd (k) /Nf (k) ;

u_l=u(k);
y_1=y(k);

w_2=w_1;
w_l=w;

v_2=v_1;

v_1l=v;

end

figure (1) ;
plot(time,yd, 'r’,time,y, 'k:’, "linewidth’,2) ;
xlabel ('Time (second) ') ;ylabel (' Position tracking’) ;
legend(’'Ideal position signal’,’'Tracking position
signal’);

figure (2) ;

plot(time,g, 'r’,time,Ng, 'k:’, 'linewidth’,2);
xlabel ('Time (second) ') ;ylabel (‘gandNg’) ;
legend(’'Ideal g’, 'Estimationof g’);

figure (3) ;

plot(time, f, 'r’,time,Nf, 'k:’, 'linewidth’,2);
xlabel ('Time (second) ') ;ylabel ('f andNf’) ;
legend(’'Ideal f’, "Estimationof £’);
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Chapter 4
Adaptive RBF Neural Network Control

Abstract This chapter introduces several online adaptive RBF neural network
control methods, including adaptive control based on neural approximation, adap-
tive control based on neural approximation with unknown parameter, and a direct
robust adaptive control. For above control laws, the adaptive law is designed based
on the Lyapunov stability theory, the closed-loop system stability can be achieved.

Keywords RBF neural networke Adaptive controle Neural approximatione
Lyapunov stability

Note that using the gradient descent method to design the neural network weights
adjustment law, neural network parameters are selected by experience, only local
optimization can be guaranteed, closed-loop system stability cannot be guaranteed,
and closed-loop system control is easy to diverge. To solve this problem, there has
been online adaptive neural network control method, the adaptive law is designed
based on the Lyapunov stability theory, and the closed-loop system stability can be
achieved.

4.1 Adaptive Control Based on Neural Approximation

4.1.1 Problem Description

Consider a second-order nonlinear system
X =f(x,%) + g(x, X)u 4.1)

where f is unknown nonlinear function, g is known nonlinear function, and u € R"
and y € R" are input and output.

J. Liu, Radial Basis Function (RBF) Neural Network Control for Mechanical Systems: 71
Design, Analysis and Matlab Simulation, DOI 10.1007/978-3-642-34816-7_4,
© Tsinghua University Press, Beijing and Springer-Verlag Berlin Heidelberg 2013
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The Eq. (4.1) can also be written as

f(l = X2
Xy = f(x1,x2) + g(x1,x2)u
y=x. (4.2)

We assume the ideal position signal is y4. Let
T
e=ys—y=ya—x1, E=(e ¢é).
We design the control law as

u = ﬁ [—f(x) + 4+ K"E] 4.3)

substituting (4.3) into (4.1), we can get the closed control system as

¢ + kye + kaé = 0. (4.4)
We designK = (k,, kq)" so that all the roots of the polynomial s2 + kqs + k, = Oare
in the left part of the complex plane. Then we have t — oo, e(¢) — 0and é(¢) — 0.

From (4.3), we know if the function f(x) is unknown, the control law will not be
realized.

4.1.2 Adaptive RBF Controller Design

4.1.2.1 RBF Neural Network Design

In this section, we use RBF to design f(x) to approximate f(x). The algorithm of

RBF is described as
by =g(llx = esl* /17)

f=Wh(x)+e

where x is the input vector, i denotes input neural nets number in the input layer,
j denotes hidden neural nets number in the hidden layer, h = [h}, h,. .. 7hn]T
denotes the output of hidden layer, W is weight value, € is approximation error,
and € < gn.
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Fig. 4.1 Block diagram Adaptive
of the control scheme mechanism
RBF NN
Fe)
Ya Ve
Controller 4 Y )<—/
-+
We use RBF to approximate f, the input vector is chosen as x = [e¢ ¢ ]T, the
output of RBF is
- - T
f(x) =W h(x). 4.5)

4.1.2.2 Control Law and Adaptive Law Design

The fuzzy system approximation algorithm was applied to design indirect adaptive
fuzzy controller [1]. Now we used RBF to replace fuzzy system to design RBF
adaptive controller.

If we use RBF neural network to represent the unknown nonlinear function f, the
control law becomes

u= g%x) [—f(x) + 3, + K"E] (4.6)

f(x) =W h(x) (4.7)

where h(x) is Gaussian function and W is the estimated parameter for W.
Figure 4.1 shows the closed-loop neural-based adaptive control scheme.
We choose the adaptive law as

W = —yE"Pbh(x) 4.8)

4.1.2.3 Stability Analysis

Submitting the control law (4.6) into (4.1), the closed-loop system is expressed as

é¢=-K'E+ [f(x) - f(x)]. (4.9)
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Let

0 1 0
A_[_kp _kd:|, B_L]. (4.10)

Now, (4.9) can be rewritten as
E = AE + B[f(x) — f(x)]. (4.11)
The optimal weight value is
W = arg min [sup |f(x) —f(x)|]. (4.12)
Define the modeling error as
o = f(x|W") - f(x). (4.13)
Then Eq. (4.11) becomes
E =AE + B{[f(x]) —f(x|W")] + w}. (4.14)

Submitting (4.7) into (4.14), we can get closed equation as
E :AE+B[(W— W) h(x) +w} 4.15)

Choose a Lyapunov function as

1 1 )
V:EETPE+2—}/(W— W) (W — W) (4.16)

where y is positive constant. W — W* denotes the parameter estimation error, and
the matrix P is symmetric and positive definite and satisfies the following Lyapunov
equation:

ATP + PA = —Q. 4.17)

With Q > 0, A is given by (4.10).
Choose Vi = E"PE, V> = 3 (W — w*) (W — w*), andlet M = B[(W — W*) h(x) + a)],
then (4.15) becomes

E=AE+M.
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Then
. 1.7 | PP (T T L7
Vi= JE PE+ E'PE = (E'AT + M")PE + S E"P(AE + M)
1 1 1
= EET(ATP +PA)E + EMTPE + 5ETPM

1 1 1
= — 5ETQE +5 (M"PE + E"PM) = — 5ETQE +E"PM.

Submitting M into above, noting that ETPB(W — W*)Th(x) = (W — W")T [E"PB
h(x)], we get

. 1 ~
Vi=—3E"QE + E"PB(W - W) h(x) + E"PBo

1 .
= —JE"QE + (W —W") E"PBh(x) + E"PBo

Then the derivative V becomes
. . . 1 1 . X
V= Vi+Va = —E"QE + E"PBo +— (W —W*)" W+ yE"PBh(x)) .
4
Submitting the adaptive law (4.8) into above, we have
; 1ot T
V= fEE OF + E'PBow.

Since — %ETQE < 0, consider the adaptive fuzzy control system convergence
analysis in the book [1]; if we can make the approximation error @ very small by
using RBF, we can get V < 0.

4.1.3 Simulation Examples

4.1.3.1 First Simulation Example
Consider a linear plant as follows:

Xl = X3
X = fx) + g(x)u
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Fig. 4.2 Position and speed tracking

where x; and x;, are position and speed, respectively; u is control input; f(x) =
—25x,, and g(x) = 133.

We use ideal position signal as y4(#) = 0.1 sin #, and choose the initial states of
the plant as [z/60,0]. RBF network structure is chosen as 2-5-1. The choice of
Gaussian function parameters value c¢;; and b; must be chosen according to the scope
of practical input value, which have important role in the neural network control. If
the parameter values are chosen inappropriately, Gaussian function will not be
effectively mapped, and RBF network will be invalid.

According to the practical scope of x; and x,, the parameters of ¢; and b; are
designed as [-2 —1 0 1 2] and 0.20; the initial weight value is chosen as
Zero.

. . . 500 O

Adopting control law (4.6) and adaptive law (4.8), choosing Q = { 0 5 00],
kq = 50, k, = 30, and y = 1,200.

The results are shown in Figs. 4.2 and 4.3. The Simulink program of this
example is chap4_1sim.mdl; the Matlab programs of the example are given in the
Appendix.

4.1.3.2 Second Simulation Example

Consider a single inverted pendulum system as in Fig. 4.4.
The dynamic equation is described as

).Cl = X3
Xy = f(x) + g(x)u
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6

.
Practical fx
v estimation

\
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Time (s)

Fig. 4.3 f(x) and f(x)

Fig. 4.4 Single inverted Vv

pendulum system

L m
6
u o m, H
—x

_ gsin x;—mlx3 cos x sin x; /(mc+m) | o cos xy /(mq+m)
Wheref(x) - 1(4/3—mcos? xy [ (mc+m)) ’ g(x) ~ I(4/3—mcos?x; [(m.+m)) X1 and x; are

angle and angle speed value, respectively; g = 9.8 m/s?, m. = 1 kg is mass of cart;
m = 0.1 kg is mass of the pendulum; / = 0.5 m is the half length of the pendulum;
and u is control input.

Consider ideal position signal as y4(f) = 0.1 sin 7, the initial states are chosen as
[z/60,0]. RBF network structure is chosen as 2-5-1.

According to the practical scope of x; and x,, the parameters of ¢; and b; are
designed as [-2 —1 0 1 2] and 0.20; the initial weight value is chosen as
Zero.

Use control law (4.6) and adaptive law (4.8), and choose Q = [ 0 500
=50, kp = 30, and y = 1,200.

The results are shown in Figs. 4.5 and 4.6. The Simulink program of this
example is chap4_2sim.mdl; the Matlab programs of the example are given in the

Appendix.

500 O :|;kd
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4.2 Adaptive Control Based on Neural Approximation
with Unknown Parameter

4.2.1 Problem Description

Consider a second-order nonlinear system

= f(x,X) + mu

79

(4.18)

where f is unknown nonlinear function, m are unknown, the lower bound of m is

known, m > ~m, and -m>0.
The Eq. (4.18) can also be written as

X = X2
X2 = f(x) + mu
y=x

We assume the ideal position signal is yq4, and let

e=yi—y=ya—x, E=[e ¢]".

We design the control law as

ut =

% [—f(x) + 4 + K"E]

Substitute (4.20) into (4.18), we can get the closed control system as

é + ke + kaé = 0

(4.19)

(4.20)

421

We design K =[k, kq]' so that all the roots of the polynomial
§% + ks + kp = 0 are in the left part of the complex plane. Then we have t — oo,

e(t) — 0,and é(r) — 0.

From (4.20), we know that if the functionf(x) and parameter m are unknown,the

control law will not be realized.

4.2.2 Adaptive Controller Design

4.2.2.1 RBF Neural Network Design

In this section, just like Sect. 4.1, with reference to the indirect adaptive fuzzy
controller tactics given in [1], now we use RBF to replace fuzzy system to design

RBF indirect adaptive controller.
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The algorithm of RBF to approximate f(x) is described as

b= g(llx = e /17)

f=Whx) +e

where x is the input vector, i denotes input neural nets number in the input layer,

Jj denotes hidden neural nets number in the hidden layer,h = [y, hy, . . ., h,,]T denotes
the output of hidden layer, W is weight value, € is approximation error, and € < ey.

We use RBF to approximate f, the input vector is chosen asx = [e ¢ ]T, and the
output of RBF is

LT

f(x) =W h(x). (4.22)

4.2.2.2 Control Law and Adaptive Law Design

If we use RBF neural network to represent the unknown nonlinear function f, the
control law becomes

| —

u=—[~f(x) +js + K'E| (4.23)

3

Fx) = W h(x) (4.24)

where h(x) is Gaussian function and W is the estimated parameter for W.

4.2.2.3 Stability Analysis

Submitting the control law (4.23) into (4.18), the closed-loop system is expressed as
¢=—K"E+ (f(x) — f(x)) + (m — i)u. (4.25)

Let

0o 1 0
A_[_kp _kd:|’ B_L]. (4.26)

Now, (4.25) can be rewritten as

E = AE + B[(f(x) — f(x)) + (m — i)u]. (4.27)
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The optimal weight value is
W* = arg welg [sup| f(x) —f(x)[]. (4.28)
Define the modeling error as
o = f(x|W") — f(x) (4.29)
Then Eq. (4.27) becomes
E =AE + B{[f(x]) — f(x|W")] + @ + (m — m)u}. (4.30)

Submitting Eq. (4.24) into (4.13), we can get closed equation as
E:AEJrB[(WfW*)Th(x) to+ (m—m)u] 431)

Define a Lyapunov function as

_Llpr L —w\ T (W — W) L2
szEPE+2y(W W) (W — W) + S (4.32)

where y is positive constant. W — W* denotes the parameter estimation error, and
the matrix P is symmetric and positive definite and satisfies the following Lyapunov
equation

ATP + PA = —0Q. (4.33)

With Q > 0, A is given by (4.26), >0, and m = m — m.
Choose Vi = 1ETPE, V=L (W— W) (W—-W"), and Vs = Lpi®, let

M =B {(VAV - W*)Th(x) +w+ ﬁm} , and then Eq. (4.31) becomes
E=AE+M.

Then

1. 1 .1 1
Vi ZEETPE +5E"PE = 2 (E"A" +- M")PE + S E"P(AE + M)
1 1 1
=—ET(A"P + PA)E + ~M"PE + —-E"PM
SE' (AP +PAJE +5 +5

1 1 1
=— zETQE +5 (M"PE + E'PM) = — zETQE +E"PM.
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Submitting M into above, noting that ETPB(W — W*)Th(x) = (W-— W*)T [E"PB
h(x)], we get

. 1 N
Vi=—3E"QE + E"PB(W - W) h(x) + E"PBo + E"PBii

1 X
=—5 E"QE + (W — W*) E"PBh(x) + E"PBw + E"PBinu

Vy = % (W - w)"W
Vi = 717}’711’;1

Then the derivative V becomes
V :Vl + Vz + V3

1 1, B .
— — SE"QE + E"PBo + - (W - w)' [W + yETPBh(x)} + it (E"PBu — i)
14
We choose the adaptive law as

W = —yE"Pbh(x). (4.34)

To guarantee 7(E"PBu —nm) < 0, at the same time to avoid singularity in
(4.23) and guarantee 72 > m, we used the adaptive law tactics proposed in [2] as

%ETPBM, if ETPBu>0
+E"PBu, if E'PBu <0 and i >m (4.35)
<

%, if ETPBu<O0andm <n

3
|

where m(0) > m.
Reference to [2], the adaptive law (4.35) can also be analyzed as:

1. If E"PBu>0, we get m(E"PBu — i) = 0 and m>0, thus, r#i>m;

2. If E"PBu < 0 and ri>m, we get m(E"PBu — nm) = 0;

3. If E"PBu < 0 and 1 <m, we have m = m — i > m — m>0, thus, m(E"PBu
—m%) = mE"PBu — i < 0, m will increase gradually, and then > m will be
guaranteed with m>0.

Submitting the adaptive law (4.34) and (4.35) into above, we have

5 1 T T
V=—2E"QE +E"PBo.
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Since — %ETQE < 0, consider the adaptive fuzzy control system convergence
analysis in [1]; if we can make the approximation error @ very small by using RBF,
we can get 1% <0.

4.2.3 Simulation Examples

Consider a simple plant as

)'(1 = X2
X = f(x) + mu

where x; and x, are position and speed, respectively; u is control input; f(x) =
—25x, — 10x;, and m = 133.

We use ideal position signal as y4(f) = sin ¢, and choose the initial states of the
plant as [0,50,0].

We use RBF to approximate f(x), and design adaptive algorithm to estimate
parameter m. The structure is used as 2-5-1; the input vector of RBF is

z=[x1 x ]T. For each Gaussian function, the parameters of ¢; and b; are designed
as[—1 —0.5 0 0.5 1]and?2.0.The initial weight value is chosen as zero.

In simulation, we use control law (4.23) and adaptive law (4.34) and (4.35); the
580 580} kp =30, kg =50, y =1,200, n =
0.0001, m = 100, and m(0) = 120.

The results are shown from Figs. 4.7, 4.8, and 4.9. The estimation of f(x) and m
do not converge to true value of f(x) and m. This is due to the fact that the desired
trajectory is not persistently exciting, and this occurs quite often in real-world
application, which has been explained in the Sect. 1.5 in Chap. 1.

The Simulink program of this example is chap4_3sim.mdl; the Matlab programs
of the example are given in the Appendix.

parameters are chosen as Q = {

4.3 A Direct Method for Robust Adaptive Control by RBF

4.3.1 System Description

Considering the proposed controller in paper [3] and book [4], we analyze design
and simulation method of a direct method for robust adaptive control by RBF.
Consider the SISO second-order nonlinear system in the following form:


http://dx.doi.org/10.1007/978-3-642-34816-7_1
http://dx.doi.org/10.1007/978-3-642-34816-7_1
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Fig. 4.7
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X‘] = X2
32 = a(x) + A)u + d(1)
y=x (4.36)

where x = [x] 1, ]T € R, u € R, and y € R are state variables, system input, and
output, respectively; a(x) and (x) are unknown smooth functions; and d(¢) denotes
the external disturbance bound by a known constant dy>0, that is, |d()| < dj.

Assumption 4.1. The sign of #(x) is known and f(x) # 0, Vx € Q.
Since the sign of f(x) is known, without losing generality, assume that $(x)>0.

Assumption 4.2. There exists a known smooth function 3 such that |5(x)| < f.
Define vector x4, e, and an augmented s item as

xo=[ya Yl
e=x—xqs=[e é]", s=[1 lle=le+é (4.37)

where 4 is chosen as 4 > 0 such that polynomial s + 4 is Hurwitz.
From (4.37), we have

S=A6+E=26+3 —,
= 26+ a(x) + B +d(1) — 5 (4.38)
= a(x) + v+ p(x)u+d(r)

where v = —y, + Aé.
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4.3.2 Desired Feedback Control and Function Approximation

Lemma 4.1. Consider system (4.36) with Assumptions 4.1 and 4.2 satisfied and
d(t) = 0. If the desired controller is chosen as

*——Lax V) — : ! _ﬁ(x) s
Y AN (E/f(X)+eﬂ2(X) 2/)’2(X)) 39

where ¢ > 0 is a design parameter, then lim ||e()|| = 0.
t—00

Proof. Substituting u = u* into (4.38) and noting d(¢) = 0, we have

§= ato) 0 () 0 = (G g 2?8)))

- (l i €ﬁ1(X) B f;())) - (1 i eﬁ1<x>>“ " 2ﬁﬁ(())

Choosing a Lyapunov function as V = %sz, then

I p(x) §
B 257(x)
U SO SR VY S IR B O
‘ﬁ(x)‘[ (€+8ﬁ(X))‘+2ﬁ(X)l ()
1 1\,
- (G ) =0 o

Since f3(x)>0, then we have V < 0, which implies that lim |s| = 0; subsequently,
t—00
we have lim ||e(7)|| = 0.
t—00

From (4.40), it is shown that the smaller the parameter ¢ is, the more negative V
is. Hence, the convergence rate of the tracking error can be adjusted by tuning the
design parameter e.

From (4.39), the desired controller #* can be written as a function of x, s, and v as

_|,T s T 5
2= |xT s v| €Q CR (4.41)

where compact set €, is defined as

Q={(x" s 2 v)eQlueQus=[1 lev=—i,+i} @42

'z
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When nonlinear functions a(x) and (x) are unknown, u*(z) is not available. In the
following, RBF neural network is applied for approximating the unknown function
u*(z).

It should be noted that though the elements s and £ in the input vector z are
dependent due to constant ¢, they are in different scales when a very small ¢ is
chosen. Thus, ¢ is also fed into neural network as an input for improving the NN
approximation accuracy.

There exist an ideal constant weight vector W*, such that
w(z) =W h(z) +u, VzeQ. (4.43)

where h(z) is radial-basis function vector, y; is called the NN approximation error
satisfying |y;| < ug, and

W* = arg min {sup |WTh(z) - u*(z)‘}

WeR! zeQ,

4.3.3 Controller Design and Performance Analysis

Figure 4.10 shows the closed-loop neural-based adaptive control scheme.

Let W be an estimate of the ideal NN weight W*, the direct adaptive controller is
designed as

u=W h(). (4.44)

The adaptive law is designed as

W = —I'(h(z)s + oW) (4.45)

where I' = I'">0 is an adaptation gain matrix and ¢>>0 is a constant.
Substituting controller (4.44) into (4.38), error equation (4.38) can be rewritten
as

§=alx) +v+ )W h(z) +d(0). (4.46)

Adding and subtracting on the right-hand side of (4.46) and noting (4.43), we
have

T

§ = alx) + v+ ) (Wh(z) = Wh(E) — ) + B’ @) + (). 447)
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Fig. 4.10 Block diagram of

. Adaptive
direct RBF control scheme

mechanism

Vi ‘
J RBF u y L )d
|
controller Plant +( —~———

/

From (4.39) we have

e U (] L /69
W= e ) <6ﬁ(X)+eﬂ2(X) z/ﬂ(x))s'

Substituting above equation into (4.47) leads to

. - T 1 1 B(x)
=B (W'h(z) ~ ) = (- - (1 4.48
$=p) (Whia) ) — (14 o= L) wd) @a
where W = W — W*.
The item f(x) exists as a coefficient of W' in (4.48), which can make f(x) appear
in V if we design %52 as a part of Lyapunov function V, and can cause $(x) to be

included in the adaptive law w.
2

To avoid f(x) being included in the adaptive law W, % /;(—X) should be used

instead of %sz, then the Lyapunov function is designed as

1 52 “T .
VE(MJrWF W). (4.49)

Differentiating (4.49) along (4.45) and (4.48) yields

V= o 24+ WTW
:/)’_) (0 (Wnte) ) = (3 g~ g0 )5 +40)
px)

S+wr! (=I(h(z)s + O'W))

— (L ! s @s— s—oW'W
- (eﬁx)+eﬁ2(x)> T s W

—~



4.3 A Direct Method for Robust Adaptive Control by RBF 89

Use the facts that

QWW =W (W W)+ (W—W)' W
= W'W A+ (W — W) W W — wTW
7112 7112 %112 7112 %112
= [W[I"+ IWI]" = [IW*[|” = [IW]]” — [[w"]

o) o ey
i) = e T2l

2 2

|Ml | ) ﬂ( )+ ﬂlzﬂ( )<2€ﬂ(x)

€ -
+ E'ulﬂ
and note that |y;| < g, |d(t)| < dp, the following inequality holds

. s G, =~ € o= € o
V< ||W|P =2 +=d2+ =W
< =200 S IWIT A+ S0P + 5 do +5 W]

Considering Wl < 7/[W||* (7 is the largest eigenvalue of '), we obtain
. 1 £ o € 5, © 2
V<——V4i SR+ Zwr
S "% +2#0ﬂ+4 0+2H I

where ay = max{e,7/c}. Solving the above inequality using Lemma B.5 in [5], we
have

t
E H— £
V() < e—t/a('V(O) + (E#éﬁ+zd§ +%||W*||2)/0 e (=0)/a0 g,
< e /V(0) + ag (guéﬁ + gd?, +§|\W*||2)7 Ve>0.  (4.50)

Since V(0) is bounded, inequality (4.50) shows that s and W (¢) are bounded. By
1
(4.49) it follows that V > —

_2/3( 7 thus, s < \/2B(0)V < /25V.

Combining with (4.50), noting v/ab < \/a + v/b(a > 0,b > 0), we obtain

- - _ 1/2
|s\ge”/zaoy/ZﬂV(O)+\/a0/)’(8/4(2)ﬁ+§d(2)+0|\s||2) . V0.
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4.3.4 Simulation Example

4.3.4.1 First Example

The plant dynamics can be expressed in the form of system (4.36) as follows

Xl = X2
Xy = — 25x + 133u +d(t)
y =X

where a(x) = —25x,, f(x) = 133,d(r) = 100sin 7, andx = [x; x]" =[0 0}T

The initial states are x = [0.5 O]T, and the reference signal is yq = sin ¢. The
input vector of RBFisz=[x; x s s/e v]", the network structure 5-9-1 is
used. The parameters of ¢; and b; must be chosen according to the scope of the input
value. If the parameter values are chosen inappropriately, Gaussian function will
not be effectively mapped, and RBF network will be invalid. In this example,
according to the practical scope of x;, X, s, /¢, and v, according to (4.42), for
each Gaussian function, the parameters of ¢; and b; are designed as
[-2 =15 -1 —-05 0 05 1 1.5 2]andS5.0.

The adaptive controllers (4.44) and (4.45) are used; we set 4 = 5.0, I';; = 500
(i=9), e=0.25 and ¢ = 0.005, from f(x) expression we set # = 150; and the
initial weight value is chosen as zero.

The results are shown from Figs. 4.11 and 4.12. The Simulink program of this
example is chap4_4sim.mdl; the Matlab programs of the example are given in the
Appendix.

4.34.2 Second Example

A pendulum plant dynamics can be expressed in the form of system (4.36) as
follows [3]:

)31 = X2
2 = alx) + B(x)u + d(t)
y=Xx
where (Z(X) _ 0.5 sin x; (1+40.5 cos x1)x3—10sin x; (1+cos x;) [),(x) . 1

0.25(2+4-cos x1)* ’ T 0.25(2+cos x1)*’
d(t) =d, (t)cos x1, x = [x; Xz]T =6 Q}T, dy = cos (3¢).
The initial states are x = [0 O]T, and the reference signal is yg = £ sin ¢. The

operation range of the system is chosen as Q = {(x1 ,X2) ] x| <%, el < 471}.
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Fig. 4.11

Fig. 4.12
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T T
Ideal position
---------- Position tracking

VV

0 5 10 15 20 25 30 35 40 45 50
Time (s)
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Ideal speed
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0 5 10 15 20 25 30 35 40 45 50
Time (s)

Fig. 4.13 Position and speed tracking

. . : T
The input vector of RBF is z = [xl X2 S 3 v] , the network structure 5-

13-1 is used. In this example, according to the practical scope of xy, x3, s, /¢, and v,
according to (4.42), for each Gaussian function, the parameters of ¢; and b; are
designedas [-6 -5 -4 -3 -2 -1 0 I 2 3 4 5 6]and3.0.

The adaptive controllers (4.44) and (4.45) are used; we set A =10, I';; =15
(i =13), & = 0.25and 6 = 0.005, and from f3(x) expression we set # = 1. The initial
weight value is chosen as zero.

The results are shown in Figs. 4.13 and 4.14. The Simulink program of this
example is chap4_5sim.mdl; the Matlab programs of the example are given in the
Appendix.

Appendix
Programs for Sect. 4.1.3.1

1. Simulink program: chap4_1sim.mdl
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oo
T
Il

pes
1

Control input
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Fig. 4.14 Control input

Positionl

Position

Sine wave

S-functionl
Derivative2

Position5
Clock To workspace

2. S function for controller: chap4_lctrl.m

function [sys,x0,str, ts] = spacemodel (t,x,u,flag)
switch flag,

case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
case 1,
sys=mdlDerivatives (t,x,u);
case 3,

sys=mdlOutputs (t,x,u) ;
case {2,4,9}

sys=1I[1;
otherwise
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error ([ 'Unhandled flag = ', num2str (flag) 1) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
global cb

sizes = simsizes;
sizes.NumContStates =5;
sizes.NumDiscStates =0;
sizes.NumOutputs = 2;
sizes.NumInputs = 2;
sizes.DirFeedthrough =1;
sizes.NumSampleTimes = 0;
sys = simsizes (sizes) ;

x0 = [0*ones (5,1)];
c=[-2-1012;
-2-1012];
b=0.20;
str=11;
ts=1[1];
function sys=mdlDerivatives(t,x,u)
global cb
gama=1200;

yvd=0.1l*sin(t) ;
dyd=0.1l*cos(t) ;
ddyd=-0.1*sin(t) ;
e=u(l);

de=u(2);

xl=yd-e;
x2=dyd-de;

kp=30;kd=50;
K=[kp kd] " ;

E=[e,de]’;

Fai=[01;-kp -kd];

A=Fai’;

Q=[5000;05001;

P=lyap (A, Q) ;

xi=[e;de];

h=zeros(5,1);

for j=1:1:5
h(j)=exp(-norm(xi-c(:,3j))"2/(2*b"2));

end
W=[x(1) x(2) x(3) x(4) x(5)1";

B=[0;1];
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S=-gama*E’ *P*B*h;

fori=1:1:5
sys(i)=S(1);

end

function sys=mdlOutputs (t,x,u)
global cb

yd=0.1l*sin(t);
dyd=0.1l*cos(t) ;
ddyd=-0.1*sin(t) ;

e=u(l);
de=u(2) ;
xl=yd-e;
x2=dyd-de;

kp=30;kd=50;
K=[kp kd] " ;

E=[ede]’;

W=[x(1) x(2) x(3) x(4) x(5)1";

xi=[e;de];

h=zeros(5,1);

for j=1:1:5
h(j)=exp(-norm(xi-c(:,3))"2/(2*b"2));

end
fxp=W’*h;

gx=133;
ut=1/gx* (-fxp+ddyd+K’' *E) ;

sys(1l)=ut;
sys (2)=fxp;

3. S function for plant: chap4_1plant.m

function [sys,x0,str, ts]=s_function(t,x,u,flag)
switch flag,
case 0,
[sys,x0,str,ts]l=mdlInitializeSizes;
case 1,
sys=mdlDerivatives (t,x,u) ;
case 3,
sys=mdlOutputs (t,x,u);
case {2, 4, 9}
sys=[1;
otherwise
error ([ 'Unhandled flag = ' ,num2str (flag) ]) ;

95
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end

function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;
sizes.NumContStates =2;
sizes.NumDiscStates =0;
sizes.NumOutputs = 3;
sizes.NumInputs =1;
sizes.DirFeedthrough =0;
sizes.NumSampleTimes = 0;
sys=simsizes (sizes);

x0=[pi1/600];

str=[1;

ts=I[1;

function sys=mdlDerivatives (t,x,u)
F=10*x(2)+1.5*sign(x(2));
fx=-25*x(2)-F;

sys (1) =x(2);

sys(2)=fx+133*u;

function sys=mdlOutputs (t,x,u)
F=10*x(2)+1.5*sign(x(2));
fx=-25*x(2) -F;

sys(1l)=x(1);

sys (2)=x(2);

sys (3)=fx;

. Plot program: chap4_1plot.m

closeall;

figure (1) ;

subplot (211) ;
plot(t,y(:,1),'r",t,y(:,2),'k:’,"1linewidth’,2);
xlabel ('time(s) ') ;ylabel ('yd,y"’);

legend(’ideal position’, ‘position tracking’) ;
subplot (212) ;

plot(t,0.1*cos(t), 'r',t,y(:,3),'k:’,"linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('dyd,dy’) ;
legend(’ideal speed’, 'speed tracking’) ;

figure (2) ;

plot(t,u(:,1),'r’, "linewidth’,2);

xlabel (‘time(s) ') ;ylabel ('Control input’);
figure (3) ;

plot(t,fx(:,1),'r",t,fx(:,2),'k:", "linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('fx’) ;

legend(’'Practical fx’,'fx estimation’) ;
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Programs for Sect. 4.1.3.2

1. Simulink program: chap4_2sim.mdl;

u

Position1

] Mux

Position

Chap4_2ctrl

S-function

Sine wave

S-function1

Derivative2

:

Clock To workspace

Position5

2. S function for controller: chap4_2ctrl.m

function [sys,x0,str, ts] = spacemodel (t,x,u,flag)
switch flag,
case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
case 1,
sys=mdlDerivatives (t,x,u);
case 3,

sys=mdlOutputs (t,x,u);
case {2,4,9}

sys=I[1;
otherwise

error ([ ’'Unhandled flag = ' ,num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
global cb

sizes = simsizes;
sizes.NumContStates =5;
sizes.NumDiscStates =0;
sizes.NumOutputs = 2;
sizes.NumInputs = 2;
sizes.DirFeedthrough =1;
sizes.NumSampleTimes = 0;
sys = simsizes (sizes) ;
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x0 = [0*ones(5,1)]1;
c=[-2-1012;
-2-1012];
b=0.20;
str=11;
ts=11;
function sys=mdlDerivatives (t,x,u)
global cb
gama=1200;

yvd=0.1l*sin(t) ;
dyd=0.1l*cos(t) ;
ddyd=-0.1*sin(t) ;

e=u(l);
de=u(2) ;
xl=yd-e;
x2=dyd-de;

kp=30;kd=50;
K=[kp kd] " ;
E=[ede]’;

Fai=[01;-kp -kd]l;
A=Fai’;

Q=[5000;0500];
P=1lyap(A,Q);

xi=[e;de];

h=zeros(5,1);

for j=1:1:5
h(j)=exp(-norm(xi-c(:,3))"2/(2*b"2));

end
W=[x(1) x(2) x(3) x(4) x(5)]1";

B=[0;1];
S=-gama*E’ *P*B*h;

fori=1:1:5
sys(i)=S(i);

end

function sys=mdlOutputs (t,x,u)
global cb

yvd=0.1*sin(t) ;
dyd=0.1*cos(t) ;
ddyd=-0.1*sin(t) ;
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e=u(l);
de=u(2) ;
xl=yd-e;
x2=dyd-de;

kp=30;kd=50;
K=[kp kd] " ;
E=[ede]’;

Fai=[01;-kp -kd];
A=Fai’;

W=[x(1) x(2) x(3) x(4) x(5)]1";

xi=[e;de];

h=zeros(5,1);

for j=1:1:5
h(j)=exp(-norm(xi-c(:,3))"2/(2*b"2));

end

fxp=W’*h;
g=9.8;mc=1.0;m=0.1;1=0.5;
S=1*(4/3-m* (cos(x(1)))"2/ (mc+m)) ;
gx=cos (x(1))/ (mc+m) ;

gx=gx/S;

3. S function for plant: chap4_2plant.m;

function [sys,x0,str, ts]=s_function(t,x,u,flag)
switch flag,
case 0,

[sys,x0,str,ts]=mdlInitializeSizes;
case 1,

sys=mdlDerivatives (t,x,u);
case 3,

sys=mdlOutputs (t,x,u);
case {2, 4, 9}

sys=1[1;
otherwise

error ([ 'Unhandled flag = ', num2str (flag) 1) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;

99
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sizes.NumContStates =2;
sizes.NumDiscStates =0;
sizes.NumOutputs = 3;
sizes.NumInputs =1;
sizes.DirFeedthrough =0;
sizes.NumSampleTimes = 0;
sys=simsizes (sizes);

x0=[pi/600];
str=[];
ts=I[];

function sys=mdlDerivatives (t,x,u)
g=9.8;mc=1.0;m=0.1;1=0.5;

S=1*(4/3-m* (cos(x(1)))"2/ (mc+m)) ;
fx=g*sin(x(1l))-m*1*x(2)"2*cos(x(1))*sin(x (1)) / (mc+m) ;
fx=£fx/S;

gx=cos (x(1))/ (mc+m) ;

gx=gx/S;

sys(1)=x(2);

sys (2)=fx+gx*u;
function sys=mdlOutputs (t,x,u)
g=9.8;mc=1.0;m=0.1;1=0.5;

S=1*(4/3-m* (cos(x(1)))"2/ (mc+m)) ;
fx=g*sin(x(1l))-m*1*x(2)"2*cos(x (1)) *sin(x (1)) / (mc+m) ;
fx=£fx/S;

gx=cos (x(1))/ (mc+m) ;

gx=gx/S;

sys (1)=x(1);
sys (2)=x(2);
sys (3)=fx;

4. Plot program: chap4_2plot.m

closeall;

figure (1) ;

subplot (211) ;
plot(t,y(:,1),'r",t,y(:,2),’k:’, " 1linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('yd,v");

legend(’ideal position’, 'position tracking’) ;
subplot (212) ;

plot(t,0.1*cos(t), 'r',t,yv(:,3),'k:’,"linewidth’,2);
xlabel (‘time(s) ') ;ylabel (‘dyd,dy’) ;
legend(’ideal speed’, 'speed tracking’) ;

figure (2) ;
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plot(t,u(:,1),'r’, "linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('Control input’) ;

figure (3) ;

plot(t,fx(:,1),'r’,t,fx(:,2),'k:’, "linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('fx’) ;
legend(’Practical fx’,'fx estimation’) ;

Programs for Sect. 4.2

1. Simulink program: chap4_3sim.mdl;

lqurddl
du/dt
|

Derivative _>

Position1

- Mux
H ‘ Chap4_3ctrl }*ﬁ Chap4_3plant }—» Demux— Position
Sine wave S-function S-functionl I

Derivative2

v ]

Clock To workspace

Position5

2. S function for controller: chap4_3ctrl.m;

function [sys,x0,str, ts] = spacemodel (t,x,u,flag)
switch flag,

case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
case 1,
sys=mdlDerivatives (t,x,u) ;
case 3,

sys=mdlOutputs (t,x,u);
case {2,4,9}

sys=1I[1;
otherwise

error ([ 'Unhandled flag = ' ,num2str (flag) ]) ;
end
function [sys,x0,str,ts]l=mdlInitializeSizes
global nodecb



102 4 Adaptive RBF Neural Network Control

node=5;

sizes = simsizes;

sizes.NumContStates = node+1;

sizes.NumDiscStates =0;

sizes.NumOutputs = 3;

sizes.NumInputs = 2;

sizes.DirFeedthrough =1;

sizes.NumSampleTimes = 0;

sys = simsizes (sizes) ;

x0 = [zeros (1,5),120];

c=[-1-0.500.51;
-1-0.500.5171;

b=2;

str=11;

ts=11;

function sys=mdlDerivatives (t,x,u)

global node cb

yvd=sin(t) ;

dyd=cos (t) ;

ddyd=-sin(t) ;

e=u(l);
de=u(2);
xl=yd-e;
x2=dyd-de;

kp=30;
kd=50;
K=[kp kd]’;
E=[ede]’;

Fai=[01;-kp -kd];
A=Fai’;
Q=[5000;0500];
P=lyap(A,Q);

W=[x(1) x(2) x(3) x(4) x(5)1";

xi=[e;de];

h=zeros (5,1);

for j=1:1:5
h(j)=exp(-norm(xi-c(:,3))"2/(2*b"2));

end

fxp=W"'*h;

mp=Xx (node+1) ;

ut=1/mp* (-fxp+ddyd+K’ *E) ;
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B=[0;1];
gama=1200;
S=-gama*E’ *P*B*h;
for i=1:1:node

sys(i)=S(i);
end

eta=0.0001;

ml=100;

if (E'*P*B*ut>0)
dm=(1/eta) *E’' *P*B*ut;

end

if (E'*P*B*ut<=0)
if (mp>ml)
dm=(1l/eta) *E’' *P*B*ut;
else
dm=1/eta;
end

end

sys (node+1) =dm;

function sys=mdlOutputs (t,x,u)
global node cb

yvd=sin(t) ;

dyd=cos(t) ;

ddyd=-sin(t) ;

e=u(l);
de=u(2);
xl=yd-e;
x2=dyd-de;

kp=30;
kd=50;
K=[kp kd]’;
E=[ede]’;

W=[x(1) x(2) x(3) x(4) x(5)1";

xi=[e;de];

h=zeros(5,1);

for j=1:1:node
h(j)=exp(-norm(xi-c(:,3))"2/(2*b"2));

end

fxp=W'*h;

mp=x (node+1) ;

ut=1/mp* (-fxp+ddyd+K’' *E) ;
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sys(1l)=ut;
sys (2)=fxp;
sys (3) =mp;

3. S function for plant: chap4_3plant.m;

function [sys,x0,str, ts]=s_function(t,x,u,flag)

switch flag,
case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
casel,
sys=mdlDerivatives (t,x,u);
case 3,

sys=mdlOutputs (t,x,u) ;
case {2, 4, 9}
sys=11;
otherwise
error ([ 'Unhandled flag = ', num2str (flag) 1) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;
sizes.NumContStates =2;
sizes.NumDiscStates =0;
sizes.NumOutputs = 4;
sizes.NumInputs = 3;
sizes.DirFeedthrough =0;
sizes.NumSampleTimes =0;
sys=simsizes (sizes);
x0=[0.507;
str=[1;
ts=I[];
function sys=mdlDerivatives (t,x,u)
ut=u(l);

fx=-25*x(2)-10*x(1) ;
m=133;

sys(1l)=x(2);

sys (2)=fx+m*ut;

function sys=mdlOutputs (t,x,u)
fx=-25*x(2)-10*x (1) ;

m=133;
sys(1l)=x(1);
sys (2)=x(2);
sys(3)=£fx;
sys (4)=m;
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4. Plot program: chap4_3plot.m

closeall;

figure (1) ;
subplot (211);
plot(t,v(:,1),'r’',t,y(:,3),'k:", " linewidth’,2) ;

xlabel ('time(s) ') ;ylabel ('yd,yv");
legend(’ideal position’, 'position tracking’) ;
subplot (212) ;
plot(t,y(:,2),'r",t,y(:,4),'k:’,"1linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('dyd,dy’) ;
legend(’ideal speed’, 'speed tracking’) ;

figure (2) ;
plot(t,u(:,1),'r’, " linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('Control input’) ;

figure (3) ;

subplot (211) ;
plot(t,p(:,1),'r",t,p(:,4), 'k:", "linewidth’,2) ;
xlabel (‘time(s) ') ;ylabel ('fx’);

legend ('True fx’, 'fx estimation’) ;

subplot (212) ;

plot(t,p(:,2),'r’',t,p(:,5),’k:", "linewidth’,2);
xlabel (‘time(s) ') ;ylabel('m’) ;

legend('Truem’, ‘'mestimation’) ;

Programs for Sect. 4.3.4.1

Main Simulink program: chap4_4sim.mdl

du/dt
Derivative

Positionl

Po

Sine wave Mux ~—| Chap4_4ctrl Chap4_4plant }

’—» S-function S-functionl

Lo L]

Clock To workspace

Position
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Control law program: chap4_4ctrl.m

function [sys,x0,str, ts] = spacemodel (t,x,u,flag)
switch flag,
case 0,
[sys,x0,str,ts]l=mdlInitializeSizes;
casel,
sys=mdlDerivatives (t,x,u);
case 3,

sys=mdlOutputs (t,x,u) ;
case {2,4,9}
sys=I[];
otherwise
error ([ 'Unhandled flag = ', num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
global node ¢ b 1lambd epc
lambd=5;
epc=0.25;
node=9;
sizes = simsizes;
sizes.NumContStates = node;
sizes.NumDiscStates =0;
sizes.NumOutputs =1;
sizes.NumInputs = 3;
sizes.DirFeedthrough =1;
sizes.NumSampleTimes =0;
sys = simsizes (sizes) ;
x0 = zeros(1,9);

c=[-2-1.5-1-0.500.511.52;
-2-1.5-1-0.500.511.52;
-2-1.5-1-0.500.511.52;
-2-1.5-1-0.500.511.52;
-2-1.5-1-0.500.511.527;

b=5;

str=1[1;

ts=11;

function sys=mdlDerivatives (t,x,u)
global node ¢ b lambd epc

yd=sin(t) ;

dyd=cos (t) ;

ddyd=-sin(t) ;

x1=u(2);

x2=u(3);

e=x1-yd;

de=x2-dyd;
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s=lambd*e+de;
v=-ddyd+lambd*de;
xi=[x1;x%x2;s;8/epc;Vv];

h=zeros(9,1);
for j=1:1:9

h(j)=exp (-norm(xi-c(:,3))"2/(2*b"2));
end

rou=0.005;

Gama=500*eye (node) ;

W=[x(1) x(2) x(3) x(4) x(5) x(6) x(7) x(8) x(9)]1"';
S=-Gama* (h*s+rou*Ww) ;

for i=1:1:node
sys(i)=S(1);

end

function sys=mdlOutputs (t,x,u)

global node ¢ b lambd epc

yd=sin(t) ;

dyd=cos (t) ;

ddyd=-sin(t) ;

x1=u(2);

x2=u(3);

e=x1-yd;

de=x2-dyd;

s=lambd*e+de;

v=-ddyd+lambd*de;

xi=[x1;x2;s;s/epc;Vv];

W=[x(1) x(2) x(3) x(4) x(5) x(6) x(7) x(8) x(9)1";

h=zeros(9,1);

for j=1:1:9
h(j)=exp(-norm(xi-c(:,3J))"2/(2*b"2));

end

betaU=150;

ut=1/betalU*W’ *h;

sys(1l)=ut;
Plant program: chap4_4plant.m
function [sys,x0,str, ts]=s_function(t,x,u,flag)
switch flag,
case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
case l,
sys=mdlDerivatives (t,x,u) ;
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case 3,

sys=mdlOutputs (t,x,u);
case {2, 4, 9}

sys=11;
otherwise

error ([ 'Unhandled flag = ', num2str (flag) 1) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;
sizes.NumContStates =2;
sizes.NumDiscStates =0;
sizes.NumOutputs = 2;
sizes.NumInputs =1;
sizes.DirFeedthrough =0;
sizes.NumSampleTimes =0;
sys=simsizes (sizes);
x0=[0.50];
str=[1;
ts=I[1;
function sys=mdlDerivatives (t,x,u)
ut=u(l);
dt=100*sin(t) ;
sys(1l)=x(2);
sys(2)=-25*x(2)+133*ut+dt;
function sys=mdlOutputs (t,x,u)
sys(1)=x(1);
sys(2)=x(2);
Plot program: chap4_4plot.m
closeall;

figure (1) ;

subplot (211) ;
plot(t,v(:,1),'r’',t,y(:,3),’k:", " linewidth’,2) ;
xlabel ('time(s) ') ;ylabel ('yd,yv");

legend(’ideal position’, 'position tracking’) ;
subplot (212) ;
plot(t,y(:,2),'r",t,y(:,4),'k:’,"1linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('dyd,dy’) ;
legend(’ideal speed’, 'speed tracking’) ;

figure (2) ;
plot(t,u(:,1),'r’, " linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('Control input’) ;
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Programs for Sect. 4.3.4.2

Main Simulink program: chap4_5sim.mdl

du/dt

Derivative

Positionl

Po

Sine wave Mux 4—| Chap4_5ctrl Chap4_Splant I

’—> S-function S-functionl

Clock To workspace

Position

Control law program: chap4_5ctrl.m

function [sys,x0,str, ts] = spacemodel (t,x,u,flag)
switch flag,
case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
casel,
sys=mdlDerivatives (t,x,u) ;
case 3,

sys=mdlOutputs (t,x,u);
case {2,4,9}
sys=I[1;
otherwise
error ([ 'Unhandled flag = ' ,num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
global node ¢ b lambd epc
lambd=5;
epc=0.25;
node=13;
Sizes = simsizes;
sizes.NumContStates = node;
sizes.NumDiscStates =0;
sizes.NumOutputs = 1;
sizes.NumInputs = 3;
sizes.DirFeedthrough =1;
sizes.NumSampleTimes = 0;
sys = simsizes (sizes) ;
x0 = zeros (1,13);
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c=2*[-3-2.5-2-1.5-1-0.500.511.522.53;
-3-2.5-2-1.5-1-0.500.511.522.53;
-3-2.5-2-1.5-1-0.500.511.522.53;
-3-2.5-2-1.5-1-0.500.511.522.53;
-3-2.5-2-1.5-1-0.500.511.522.537];

b=3;

str=1[1;

ts=1[1];

function sys=mdlDerivatives (t,x,u)
global node ¢ b 1lambd epc
yvd=pi/6*sin(t) ;

dyd=pi/6*cos(t);

ddyd=-pi/6*sin(t) ;

x1l=u(2);

x2=u(3);

e=x1-vyd;

de=x2-dyd;

s=lambd*e+de;
v=-ddyd+lambd*de;
xi=[x1;x2;s;s/epc;Vv];

h=zeros (13,1);

for j=1:1:13
h(j)=exp(-norm(xi-c(:,3))"2/(2*b"2));

end

rou=0.005;

Gama=15*eye (13) ;

W=[x(1) x(2) x(3) x(4) x(5) x(6) x(7) x(8) x(9) x(10) x(11)
x(12) x(13)1";

S=-Gama* (h*s+rou*Ww) ;

for i=1:1:node
sys(i)=S(i);

end

function sys=mdlOutputs (t,x,u)

global node ¢ b 1lambd epc

yvd=pi/6*sin(t) ;

dyd=pi/6*cos(t) ;

ddyd=-pi/6*sin(t) ;

x1l=u(2) ;

x2=u(3) ;

e=x1-vyd;

de=x2-dyd;

s=lambd*e+de;
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v=-ddyd+lambd*de;
xi=[x1;x2;s;8/epc;V];

W=[x(1l) x(2) x(3) x(4) x(5) x(6) x(7) x(8) x(9) x(10) x(11)
x(12) x(13)1";
h=zeros (13,1);
for j=1:1:13
h(j)=exp(-norm(xi-c(:,3J))"2/(2*b"2));
end
ut=W’*h;

sys(1l)=ut;
Plant program: chap4_5plant.m
function [sys,x0,str,ts]l=s_function(t,x,u,flag)

switch flag,
case 0,
[sys,x0,str,ts]l=mdlInitializeSizes;
case 1,
sys=mdlDerivatives (t,x,u);
case 3,

sys=mdlOutputs (t,x,u) ;
case {2, 4, 9}
sys=1[1;
otherwise
error ([ 'Unhandled flag = ' ,num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;
sizes.NumContStates =2;
sizes.NumDiscStates =0;
sizes.NumOutputs = 2;
sizes.NumInputs = 1;
sizes.DirFeedthrough =0;
sizes.NumSampleTimes = 0;
sys=simsizes (sizes);
x0=[00];
str=1I[1;
ts=1[1;
function sys=mdlDerivatives (t,x,u)
ut=u(l);
x1=x(1);
x2=x(2);
al=0.5*sin(x1) * (1+cos(x1)) *x272-10*sin(x1) * (1+cos
(x1));
a2=0.25* (2+cos (x1))"2;
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alfax=al/a2;

b=0.25*(2+cos(x1))"2;
betax=1/b;
dl=cos(3*t);
dt=0.1*dl*cos (x1) ;

sys(1l)=x(2);

sys (2)=alfax+betax*ut+dt;
function sys=mdlOutputs (t,x,u)
sys(1l)=x(1);

sys (2)=x(2);

Plot program: chap4_5plot.m
closeall;

figure (1) ;

subplot (211);
plot(t,y(:,1),'r",t,y(:,3),’k:", " 1linewidth’,2);
xlabel ('time(s) ') ;ylabel ('yd,yv");
legend(’ideal position’, 'position tracking’) ;
subplot (212) ;
plot(t,y(:,2),'r",t,y(:,4),'k:’,"1linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('dyd,dy’) ;
legend(’ideal speed’, 'speed tracking’) ;

figure (2) ;
plot(t,u(:,1),'r’, " linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('Control input’) ;
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Chapter 5
Neural Network Sliding Mode Control

Abstract This chapter introduces adaptive neural sliding mode control based on
RBF neural network approximation, including a simple sliding mode controller and
sliding mode control for second-order SISO nonlinear system, the chattering
phenomena is eliminated. The closed-loop system stability can be achieved based
on the Lyapunov stability.

Keywords Neural network ¢ Sliding mode control ¢ Neural approximation ¢
Lyapunov stability

Sliding mode control is an effective approach for the robust control of a class of
nonlinear systems with uncertainties defined in compact sets. The direction of the
control action at any moment is determined by a switching condition to force the
system to evolve on the sliding surface so that the closed-loop system behaves like a
lower-order linear system. For the method to be applicable, a so-called matching
condition should be satisfied, which requires that the uncertainties be in the range
space of the control input to ensure an invariance property of the system behavior
during the sliding mode.

Sliding mode control is frequently used for the control of nonlinear systems
incorporated with neural network [1, 2]. Stability, reaching condition, and
chattering phenomena are known important difficulties [3]. For mathematically
known models, such a control is used directly to track the reference signals.
However, for uncertain systems with disturbance, to eliminate chattering phenom-
ena, there is the need to design neural network compensator, and then the sliding-
mode-control law is used to generate the control input.

J. Liu, Radial Basis Function (RBF) Neural Network Control for Mechanical Systems: 113
Design, Analysis and Matlab Simulation, DOI 10.1007/978-3-642-34816-7_5,
© Tsinghua University Press, Beijing and Springer-Verlag Berlin Heidelberg 2013
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5.1 Typical Sliding Mode Controller Design

Sliding mode control (SMC) was first proposed and elaborated in the early 1950s in
the Soviet Union by Emelyanov and several coresearchers such as Utkins and Itkis.
During the last decades, significant interest on SMC has been generated in the
control research community.

For linear system,

x=Ax+bu,x €R", u€cR. (5.1)
A sliding variable can be designed as

n—1

s(e) =cx =Y cmi= i+, (5.2)
i=1 i=1

where x is state vector, ¢ = [¢; -+ ¢ 1 ]T.

In sliding mode control, parameterscy, ¢z, . . . , ¢,—1 should be selected so that the
polynomial p" !+ c,_1p" 2 +---+cp+c; is Hurwitz, where p is Laplace
operator.

For example, n =2, s(x) = c1x; +x;, to guarantee the polynomial p + ¢
Hurwitz, the eigenvalue of p + ¢; = 0 should have negative real part, that is, ¢; >0,
for example, if we set ¢; = 10, then s(x) = 10x; + x,.

For another example, n = 3, s(x) = ¢1x1 + c2x2 + x3, to guarantee the polyno-
mial p? + cop + ¢; Hurwitz, the eigenvalue of p? + cop +¢; = 0 should have
negative real part. For example, we can design 4>0 in (p + 1)2 =0, then we can
get p? + 2Ap + 42 = 0. Therefore, we have ¢, = 24, ¢; = A2, for example, if we set
A =35, we can get ¢c; =25, ¢; = 10, then s(x) = 25x; + 10x; + x3.

Now we consider a second-order system; there are two steps in the SMC design.
The first step is to design a sliding surface so that the plant restricted to the sliding
surface has a desired system response. The second step is to construct a controller to
drive the plant’s state trajectory to the sliding surface. These constructions are built
on the generalized Lyapunov stability theory.

For example, consider a plant as

JO(1) = u(t) + dr (5.3)
where J is inertia moment, 8(¢) is angle signal, u(¢) is control input, dt is disturbance,
and |dt| < D.

Firstly, we design the sliding mode function as

s(t) = ce(t) + é(z) (5.4)

where ¢ must satisfy Hurwitz condition, ¢ > 0.
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The tracking error and its derivative value are

e(r) = 0(r) = 0a(r), (1) = (1) — Oa(r)

where 64(1) is ideal position signal.
Design Lyapunov function as

Therefore, we have
§(t) = cé(t) + é(t) = cé(t) + 0(t) — Ga(t) = cé(t) + % (u+dt) —04(t)  (5.5)
and
5§ —s(céJr}(u—l-dt) —éd>.

Secondly, to guarantee ss<0, we design the sliding mode controller as

u(t) =J(—cé + 04 — nsgn(s)) — Dsgn (s). (5.6)
Then we get
5§ = s(cé—l—}(lﬁ-dt) —éd),
s§ = —nls| —?M < 0.
Thus,

V < 0(V =0 when s =0).

From this example, we can see that the sliding mode control have good robust-
ness performance. However, if we use bigger D value to overcome big disturbance
dt, control input chattering phenomenon can be created, which can decorate the
control performance.

In addition, in the control law (5.6), modeling information J must be known,
which is difficult in practical engineering. In this chapter, we use RBF neural
network to approximate unknown part of the plant.
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5.2 Sliding Mode Control Based on RBF for Second-Order
SISO Nonlinear System

5.2.1 Problem Description

Consider a second-order nonlinear system as follows:
0=1(0,0)+g(6,0)u+d), (5.7)
where f(-) and g(-) are all nonlinear functions, uSR and yER are the control input
and output respectively, and d(¢) is outer disturbance, |d(t)| < D.
Let the desired output be 64, and denote
e=204—0.
Design sliding mode function as
s =é+ce, (5.8)
where ¢ > 0, then
§S=¢4cé=0g—0+4cé=0q—f — gu—d(r) + ce. (5.9)

If f and g are known, we can design control law as
1 - .
u :§[—f+9d+ce+n sgn (s)]. (5.10)

Using (5.4), (5.3) becomes
§=é+ce=04—0+ce=04—f—gu—d(t)+cé =—nsgn(s)—d(r).
If we choose n > D, then we have
s§=—n|s| —s-d() <O0.

Iff(-) is unknown, we should estimate f'(-) by some algorithms. In the following,
we will simply use RBF neural network to approximate the uncertain item f(-).
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5.2.2 Sliding Mode Control Based on RBF for Unknown f(-)

In this control system, we use RBF network to approximate f. The algorithm of RBF

network is
_ ||x - C_in
h.i - exp( 2b]2

f=WTh(x) +e¢

where x is input of the network, i is input number of the network, j is the number of

hidden layer nodes in the network, i = [hj]T is the output of Gaussian function, W*
is the ideal neural network weights, ¢ is approximation error of the neural network,
and € < ey, fis the output value of the network.

The network input is selected as x = [e ¢ ]T, and the output of RBF is

F(x) =W h(x) (5.11)

where h(x) is the Gaussian function of RBF neural network.
Then the control input (5.10) can be written as

u:é [—f + 64 + cé +nsgn (s)]. (5.12)

Submitting (5.9), we have

§=0s—f—gu—dt)+cé=0g—f— [~f +0q+cé+nsgn(s)]

—d(t) +cé
= —f+f—nsen(s) —d(t) = =f = d(t) = nsgn (s) (5.13)
where
F=f—Ff=WTh(x)+e— W h(x) =W h(x) +e (5.14)

and W=W*"—W.
Define the Lyapunov function as

1 1 -1~
L=-s>+-yWW
2s —|—2}/

where y > 0.
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Derivative L, and from (5.12) and (5.13), we have

= s(—WTh(x) —¢e—d(t) —nsgn (s)) — yWTW

= W' (sh(x) +7W) = s(e +d(0) + nsgn (s))

Let adaptive law as
W= ——sh(x). (5.15)

Then
L= —s(e+d(1) +nsen(s)) = —se + d(1)) — nls]-

Due to the approximation error ¢ is limited and sufficiently small, we can design
n > ex + D, then we can obtain approximately L < 0.

5.2.3 Simulation Example

Consider the following single-rank inverted pendulum:

X1 =x2
P _ gsin x; — mix} cos xy sin x; /(m. + m) cos x1/(me +m) .
P I(4/3 —mcos? x; /(m. + m)) 1(4/3 — mcos? x; /(m. + m))

where x; and x, are, respectively, swing angle and swing rate. g = 9.8 m/s?,
m. = 1 kg is the vehicle mass, and m = 0.1 kg is the mass of pendulum./ = 0.5 m
is one half of the pendulum length, and u is the control input.

Let x; = 0, the desired trajectory is 6,(z) = 0.1sin (¢), and the initial state of
the plant is [7/60,0]. We adapt control law (5.12) and adaptive law (5.15), and
we choose ¢ =15, n = 0.1 and adaptive parameter y = 0.05.

The structure of RBF is chosen as 2-5-1, ¢; and b; are designed as
[-1.0 —05 0 0.5 1.0]and b; =0.50, and the initial value of RBF weight
value is set as 0.10.

The curves of position tracking and uncertainty approximation are shown from
Figs. 5.1, 5.2, and 5.3.

The Simulink program of this example is chap5_1sim.mdl; the Matlab programs
of the example are given in the Appendix.
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Fig. 5.3 f(x) and f(x)

5.3 Sliding Mode Control Based on RBF
for Unknown f(-) and g(-)

5.3.1 Introduction

Consider a second-order nonlinear system as (5.7), and assume f(-) and g(-) are all
unknown nonlinear functions, #SR and y&ER are the control input and output,
respectively, and d(¢) is outer disturbance, |d(¢)| < D.

Similarly as Sect. 5.2, let the desired output be 84, denote e = 64 — 6, and design
sliding mode function as s = é + ce, where ¢>0.

In this control system, we use two RBF networks to approximate f(-) and g(+),

respectively. Figure 5.4 shows the closed-loop neural-based adaptive control
scheme.

The algorithm of RBF network is

f() = W*Thf(x) + ¢, g() = V*Thg(x) + &

where x is the input of RBF neural network, 7 is the input number of the network, j is
the number of hidden layer nodes in the network, h = [h_,-]T is the output of Gaussian
function, W* and V* are the ideal neural network weights, and & and ¢, are the
approximation error of the neural network, |&r| < ewmg, |€4] < emg. The itemsf(-) and
g(+) are the ideal output value of the network, respectively.
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Fig. 5.4 Block diagram of the control scheme

The network input is selected as x = [x; X2 ]T, and the output of RBF is

F) = W I, 8() = V() (5.16)

where hy(x) and h,(x) are the Gaussian function of RBF neural network.
Then the control input (5.10) can be written as

1
(%)

u= [~ (x) + 04 + cé +nsgn (s)] (5.17)

where n > D.
Submitting (5.9), we have

§=é4+ce=04—0+cé=04—f—gu—d(l)+cé
=0a—f — gu+ (¢ — gu—d(1) +cé

ba—f — gwﬁ [/ (x) + 6a + cé +n sgn (s)] + (& — g)u —d(1) + cé
=(f—f)—nsgn(s)+ (& — gu—d(t) =f —nsgn(s) + gu — d(t)
— W' (x) — & — nsan(s) + (f/’(pg (x) — 8g)u —d(r) (5.18)

where W = W* — W, V=V*—V, and

hy(x) — Why(x) — & = W hy(x) — &

f=F-r
g=g—g= V (x)fV*Thg(x)feg:f/Thg(x)feg (5.19)

Define the Lyapunov function as
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where y; > 0, y, > 0.
Derivative L, and from (5.18), we have

L =ss+ VLV—i—lf/Tf'/
71 72
~ T =T
= s( he(x) — e —nsgn(s) + (V hy(x) — eg)u - d(z))
1 .12 ~
——WTW——V

1%
Vo 28] 29
+s(—& —n sgn (s) — equ —d(1))

Let adaptive law as

W = —y,shy(x) (5.20)

V=

—ya5he (x)u (5.21)
Then

L=s(—¢e —nsgn(s) — e,u—dlt))
= (—ef — £l — d(t))s —1)s|

Due to the approximation error & and &, is limited and sufficiently small, we can
design 17 > |e; + e,u + d(1)|, then we can obtain approximately L < 0.

5.3.2 Simulation Example

Consider the following single-rank inverted pendulum

Xl = X2

X =f(x) + glx)u

g sin x| ml)g2 cos xy sin xy /(m.+m) cos x1/(m.+m)
where f( ) 1(4/3—mcos? x; /(m.+m)) ’ g( ) 1(4/3— mcosle/ (me+m)) ° xp and xp

are, respectively, swing angle and swing rate, g = 9.8 m/s?, m. = 1 kgis the vehicle
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Fig. 5.5 Position and speed tracking

mass, and m = 0.1 kg is the mass of pendulum. / = 0.5 m is one half of the
pendulum length, and u is the control input.

Let x; = 0, the desired trajectory is 64(¢) = 0.1sin(¢), and the initial state of the
plant is [z/60,0].

For each Gaussian function, the parameters of ¢; and b; are designed as
[-1.0 —0.5 0 0.5 1.0] and 5.0. The initial weight value is chosen as
0.10. We use control law (5.17) and adaptive laws (5.20) and (5.21); the
parameters are chosen as y; = 10, y, = 1.0, and ¢ = 5.0.

The results are shown from Figs. 5.5, 5.6, and 5.7. The variation of f(-) and g(-)
do not converge to f(-) and g(-). This is due to the fact that the desired trajectory is
not persistently exciting and the tracking error performance can be achieved by
many possible values of f(-) and g(-), besides the true f(-) and g(-), which has
been explained in Sect. 1.5, and this occurs quite often in real-world application.

The Simulink program of this example is chap5_2sim.mdl; the Matlab programs
of the example are given in the Appendix.

Appendix

Programs for Sect. 5.2.3

Main Simulink program: chap5_1sim.mdl
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Positionl

-]

Chap5_ Iplant—=|Demux Position

Aot

Sine wave S-function ]
Derivative2
Position5
Clock To workspace
Control law program: chap5_1ctrl.m
function [sys,x0,str, ts] = spacemodel (t,x,u, flag)
switch flag,
case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
casel,
sys=mdlDerivatives (t,x,u);
case 3,
sys=mdlOutputs (t,x,u) ;
case {2,4,9}
sys=I[1;
otherwise
error ([ 'Unhandled flag = ' ,num2str (flag) ]) ;

end

function [sys,x0,str,ts]=mdlInitializeSizes

global cij bj c

sizes = simsizes;

sizes.NumContStates =5;

sizes.NumDiscStates =0;

sizes.NumOutputs = 2;

sizes.NumInputs = 2;

sizes.DirFeedthrough =1;

sizes.NumSampleTimes = 0;

sys = simsizes (sizes) ;

x0 = 0*ones (1,5) ;

str=11;

ts=11;

cij=0.10*[-1-0.500.51;
-1-0.500.5171;

bj=5.0;
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c=15;

function sys=mdlDerivatives (t,x,u)
global cij bj ¢

e=u(l);

de=u(2);

s=c*e+de;

xi=[e;de];

h=zeros(5,1);

for j=1:1:5
h(j)=exp(-norm(xi-cij(:,3J))"2/(2*bj"2));

end

gama=0.015;

W=[x(1) x(2) x(3) x(4) x(5)1";

fori=1:1:5
sys(i)=-1/gama*s*h (i) ;

end

function sys=mdlOutputs (t,x,u)

global cij bj ¢

e=u(l);

de=u(2);

thd=0.1*sin(t);

dthd=0.1*cos(t) ;

ddthd=-0.1*sin(t) ;

x1l=thd-e;

s=c*e+de;

W=[x(1) x(2) x(3) x(4) x(5)1";

xi=[e;de];

h=zeros(5,1);

for j=1:1:5
h(j)=exp(-norm(xi-cij(:,3))"2/(2*bj"2));

end

fn=W’*h;

g=9.8;mc=1.0;m=0.1;1=0.5;
S=1*(4/3-m* (cos(x1))"2/ (mc+m)) ;
gx=cos (x1) / (mc+m) ;

gx=gx/S;

if t<=1.5
xite=1.0;
else
xite=0.10;
end
ut=1/gx* (-fn+ddthd+c*de+xite*sign(s)) ;
sys (1l)=ut;
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sys(2)=fn;
Plant program: chap5_lplant.m
function [sys,x0,str,ts]l=s_function(t,x,u,flag)

switch flag,
case 0,
[sys,x0,str,ts]l=mdlInitializeSizes;
casel,
sys=mdlDerivatives (t,x,u);
case 3,

sys=mdlOutputs (t,x,u) ;
case {2, 4, 9}

sys=[1;
otherwise

error ([ 'Unhandled flag = ' ,num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;
sizes.NumContStates =2;
sizes.NumDiscStates =0;
sizes.NumOutputs = 2;
sizes.NumInputs =1;
sizes.DirFeedthrough =0;
sizes.NumSampleTimes = 0;
sys=simsizes (sizes);

x0=[pi/600];
str=[];
ts=I[1];

function sys=mdlDerivatives(t,x,u)
g=9.8;mc=1.0;m=0.1;1=0.5;

S=1*(4/3-m* (cos(x(1))) "2/ (mc+m)) ;
fx=g*sin(x(1l))-m*1*x(2)"2*cos (x (1)) *sin(x (1)) / (mc+m) ;
fx=£fx/S;

gx=cos (x(1))/ (mc+m) ;

gx=gx/S;

dt=0*10*sin(t) ;

sys(1l)=x(2);

sys (2) =fx+gx*u+dt;

function sys=mdlOutputs (t,x,u)
g=9.8;



128 5 Neural Network Sliding Mode Control

S=1*(4/3-m* (cos(x(1)))"2/ (mc+m)) ;
fx=g*sin(x(1))-m*1*x(2)"2*cos (x(1))*sin(x (1)) / (mc+m) ;
fx=£fx/S;

sys(1)=x(1);

sys (2)=fx;

Plot program: chap5_1lplot.m
closeall;

figure (1) ;

plot(t,y(:,1),'k",t,y(:,2),'r:’, "1linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('Position tracking’) ;
legend(’ideal signal’, 'practical signal’);

figure (2) ;
plot(t,u(:,1),'k’, " linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('Control input’) ;

figure (3) ;
plot(t,fx(:,1), k", t,fx(:,2),'r:’, " linewidth’,2);
xlabel (‘time(s) ') ;ylabel (' fx and estiamted fx’) ;
legend (' fx’, 'estiamted £x') ;

Programs for Sect. 5.3.2

Main Simulink program: chap5_2sim.mdl

To workspacel0

@ L w=! Chap5_2plant ||
Sine wave Mux Chap5_2ctrl L
- S-functionl
S-function

MuxTo workspace7

Mux2 To workspace8

Mux]|
Mux3 o workspace9

Clock  To workspace
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Control law program: chap5_2ctrl.m

function [sys,x0,str, ts] = spacemodel (t,x,u,flag)
switch flag,
case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
casel,
sys=mdlDerivatives (t,x,u);
case 3,

sys=mdlOutputs (t,x,u) ;
case {2,4,9}
sys=I[1;
otherwise
error ([ 'Unhandled flag = ' ,num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
global xitecijbjhc
sizes = simsizes;
sizes.NumContStates = 10;
sizes.NumDiscStates =0;
sizes.NumOutputs = 3;
sizes.NumInputs =5;
sizes.DirFeedthrough =1;
sizes.NumSampleTimes = 0;
sys = simsizes(sizes);
x0=0.1*ones(10,1);
str=11;
ts=1[1;
cij=[-1-0.500.51;
-1-0.500.5171;
bj=5;
h=[0,0,0,0,0];
c=5;
xite=0.01;
function sys=mdlDerivatives(t,x,u)
global xitecijbjhc
thd=u (1) ;
dthd=0.1*cos(t) ;
ddthd=-0.1*sin(t) ;

x1l=u(2) ;
x2=u(3);
e=thd-x1;
de=dthd-x2;

s=c*e+de;
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xi=[x1;x2];

for j=1:1:5
h(j)=exp(-norm(xi-cij(:,3))"2/(2*bj"*2));

end

fori=1:1:5
wf(i,1)=x(1);

end

fori=1:1:5
wg(i,1l)=x(i+5);

end

fxn=wf’*h’;

gxn=wg’*h’+0.01;

ut=1/gxn* (-fxn+ddthd+xite*sign(s) +c*de) ;

gamal=10;gama2=1.0;
Sl=-gamal*s*h;
S2=-gamal2*s*h*ut;
fori=1:1:5
sys(i)=S1(i);
end
for j=6:1:10
sys (j)=S2(j-5);
end

function sys=mdlOutputs (t,x,u)
global xitecijbjhc

thd=u (1) ;

dthd=0.1*cos(t) ;
ddthd=-0.1*sin(t) ;

x1l=u(2);
x2=u(3);
e=thd-x1;
de=dthd-x2;

s=c*e+de;

fori=1:1:5
wf(i,1l)=x(1);

end

fori=1:1:5
wg(i,1)=x(1i+5);

end

xi=[x1;x2];

for j=1:1:5
h(j)=exp(-norm(xi-cij(:,3))"2/(2*bj"2));

end
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fxn=wf’*h’;
gxn=wg’'*h’+0.01;

ut=1/gxn* (-fxn+ddthd+xite*sign(s) +c*de) ;

sys(1l)=ut;

sys (2)=fxn;

sys (3)=gxn;

Plant program: chap5_2plant.m

function [sys,x0,str,ts]l=s_function(t,x,u,flag)

switch flag,
case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
case 1,
sys=mdlDerivatives (t,x,u) ;
case 3,

sys=mdlOutputs (t,x,u) ;
case {2, 4, 9}

sys=[1;
otherwise

error ([ 'Unhandled flag = ’ ,num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;
sizes.NumContStates =2;
sizes.NumDiscStates =0;
sizes.NumOutputs =4;
sizes.NumInputs =1;
sizes.DirFeedthrough =0;
sizes.NumSampleTimes = 0;
sys=simsizes (sizes) ;
x0=[pi/600];
str=I[1;
ts=1[1;
function sys=mdlDerivatives (t,x,u)
g=9.8;mc=1.0;m=0.1;1=0.5;

S=1*(4/3-m* (cos(x(1)))"2/ (mc+m)) ;
fx=g*sin(x(1l))-m*1*x(2)"2*cos(x (1)) *sin(x (1)) / (mc+m) ;
fx=£fx/S;

gx=cos(x(1l))/ (mc+m) ;

gx=gx/S;

sys(1)=x(2);

sys (2)=fx+gx*u;

function sys=mdlOutputs (t,x,u)
g=9.8;mc=1.0;m=0.1;1=0.5;
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S=1*(4/3-m* (cos(x(1)))"2/ (mc+m)) ;
fx=g*sin(x(1l))-m*1*x(2)"2*cos(x (1)) *sin(x (1)) / (mc+m) ;
fx=£fx/S;

gx=cos (x(1))/ (mc+m) ;

gx=gx/S;
sys(1l)=x(1);
sys(2)=x(2);
sys(3)=£fx;
sys (4)=gx;

Plot program: chap5_2plot.m
closeall;

figure (1) ;

subplot (211) ;

plot(t,x(:,1),'r",t,x(:,2),'k:","1linewidth’,2);

xlabel (‘time(s) ') ;ylabel ('Position tracking’) ;

legend (’Ideal position signal’, 'Position signal
tracking’) ;

subplot (212) ;

plot(t,0.1*cos(t),'r',t,x(:,3),'k:’,"linewidth’,2);

xlabel (‘time(s) ') ;ylabel ('Speed tracking’) ;

legend(’'Ideal speed signal’, 'Speed signal tracking’) ;

figure (2) ;
plot(t,u(:,1),'r’, " linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('Control input’) ;

figure (3) ;

subplot (211) ;
plot(t,f(:,1),'r",t,f(:,2),'k:", " "1linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('f and estiamted £’) ;
legend('True £’, "Estimation £’) ;

subplot (212) ;

plot(t,g(:,1),'r’",t,g(:,2),'k:", "linewidth’,2) ;
xlabel (‘time(s) ') ;ylabel (‘g and estimatedg’) ;
legend('True g’, 'Estimationg’) ;
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Chapter 6
Adaptive RBF Control Based on Global
Approximation

Abstract This chapter introduces three kinds of adaptive neural mode control laws
for n-link manipulators based on RBF, including adaptive neural network control
law, adaptive neural network control law with sliding mode robust term, and
adaptive neural network control law with HJI. The closed-loop system stability
can be achieved based on the Lyapunov stability.

Keywords RBF neural network  Adaptive control  Global approximation ¢
Robotic manipulators

Recently, increasing attention has been paid to the use of neural networks in robot
control. Previous use of neural networks to improve robot path following perfor-
mance has concentrated on replacing either the entire control system or the feed-
forward controller and/or prefilter with neural networks [1, 2]. Such research work
was based on the desire to obtain the benefits of model-based control without a
priori knowledge of system dynamics or without the computational burden of
classical dynamic equations.

However, in many cases, the approximate dynamic model of the robot
manipulators can be found a priori. Actually, the feasibility of model-based control
has been demonstrated [3, 4]. Therefore, a priori knowledge of the robot dynamic
models should be appropriately used rather than totally discarded. Recently, a direct
adaptive control algorithm using neural networks was proposed in [5]. Their
method is based on the BP feed-forward networks and the reinforcement learning.

In this chapter, we introduced three typical examples of neural network control-
ler design, analysis, and simulation.

J. Liu, Radial Basis Function (RBF) Neural Network Control for Mechanical Systems: 133
Design, Analysis and Matlab Simulation, DOI 10.1007/978-3-642-34816-7_6,
© Tsinghua University Press, Beijing and Springer-Verlag Berlin Heidelberg 2013
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6.1 Adaptive Control with RBF Neural Network Compensation
for Robotic Manipulators

In this section, in reference to paper [6], a robot tracking control scheme is
introduced. This scheme takes advantage of the computed torque methods and
incorporates a compensating controller to achieve high tracking performance. The
compensating controller is based on a radial basis function (RBF) neural network,
which is trained on-line to identify the robot modeling error. A main feature of the
proposed scheme is that the resulting closed-loop control system is guaranteed to be
stable. Another important property of the proposed compensating controller is that
the neural network-based correcting controller is an add-on device which can be
added on many existing robot control systems.

6.1.1 Problem Description

Consider dynamic equation of n — /ink manipulator as
M(q)g+C(q.9)q+Glg) =7 +d (6.1)

where M(q) is an n x n inertia matrix, C (¢, §) is an n X n matrix containing the
centrifugal and Coriolis terms, G(g) is an n x 1 vector containing gravitational
forces and torques, g is generalized joint coordinates, 7 is joint torques, and d denotes
disturbances.

However, in practice, the perfect robot model could be difficult to obtain, and
external disturbances are always present in practice. Usually, only a nominal model of
the robot could be obtained. It is supposed that the nominal model of the robot is
denoted byM((q), Co(q, q), Go(q), and we assume AM = My — M, AC =C, — C,
AG = G( — G, then from (6.1), we have

(Mo(q) — AM)g + (Co(q,q) — AC)q + Go(q) — AG(q) =7 +d
Hence,
Mo(q)q +Co(q,9)q + Go(q) =7+ f(q.9,9)
where £(¢,4,4) = AMi + ACq + AG + d.

Therefore, if the nominal model is used for the design of the computed torque
controller, and if f(-) is known, we can design control law as

7 =Mo(q)(§a — kvé — kype) + Co(g,4)q + Golg) —f() (6.2)
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2
where k, = [(’(‘) 32}, k, = ﬁ;" 2(31], a> 0.

Submitting the term (6.2) into (6.1), we can get the closed loop system as
é+ke+kye=0 (6.3)

where ¢, is ideal angle, e = q¢ — q4, € = ¢ — q4.

The goal is to design a stable robust controller based on nominal modeling
information.

In practical engineering, the term f(-) is always unknown. So we must estimate
f(-) and compensate it. In this section, we use RBF to approximate f(-) and
compensate it.

6.1.2 RBF Approximation

The algorithm of RBF is

h,-:g(||x—c,~||2/bl-2), i=1,2....n (6.4)
y = wlh(x) (6.5)
where x is input vector, y is output, & = [Ay, hs, . .. ,h,,]T is the output of Gaussian

function, and w is neural network weight value.
Given a very small positive constant & and a continuous function f(-), there

exists a weight vector w* such that the output f(-) of RBF satisfies

max H/(-) —f"(-)H < & (6.6)

where w* = arg min sup |If (") —f()H , W' is n x n matrix, denote the
0cpMo) | xep(M,)

optimal weight values for f(-) approximation.
Define the approximation error as

A%

n=f0)—f () (6.7)

Assume the modeling error 7 is bounded by a finite constant as
n, =sup [[£() =7 (63)

where £ (-) = w'Th(x).
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6.1.3 RBF Controller and Adaptive Law Design and Analysis

For the system (6.1), the following controller was proposed as [6]
7= Mo(q)(da — kvé — kye) + Colq,4)q + Gol(q) —f (") (6.9)

where W is the estimation value of w*, ||W*||z < Wmax, and f(-) = wh(x).
Submitting (6.9) into (6.1), we have

M(q)§ +C(q,9)q + G(q) = Mo(q)(§q — kvé — kpe) + Co(q,9)q + Go(q) — f(-) +d

Subtracting the right and left sides of above equation with My(q)g + Co(q,q)q
+ Go(g), we have

AM(q)q + AC(q,4)q + AG(q) +d
= My(q)§ — Mo(q) (G — kvé — kpe) +£(-)
= Mo(q)(é + kyé + kpe) +£()

Thus,
é+kye+kpe+ Mo~ (q)f (-) = Mo~ (q)(AM(9)§ + AC(q,§)§ + AG(g) + d)
Then, we can get
é+ ke +kpe =My (q)(F(-) - f())

Choose x = (e ¢)", then, above equation becomes

0 1 0
where A = (—kp —kv)’ B = (Mo_l(q))'

Since
FO=fO=fCO)—-FO+F O =fO)=n+wTh—w'h=n—W"h

where w = w — w*, n=f() —f*('),
then,

x=Ax+B(n—w'h)
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In paper [6], the stability of the closed control system with the controller (6.9)
was given by defining Lyapunov function as

1 1
V = ExTPx +2—}/ ||ﬁ’H2

where y > 0.

The matrix P is symmetric and positive definite and satisfies the following
Lyapunov equation

PA+ATP=—Q (6.10)

where Q > 0.
Define

IR =" |rj|” = t(RRT) = t(R"R)
i

where tr(-) is the trace of matrix; then,
Wl
The derivative of V is

[xTPk + XTPx] + %tr(fvTﬁl)

[xTP(Ax +B(n— ﬁJTh)) + <xTAT + (- WTh)TBT)Px} + ;n(fvTﬁ))

[x"(PA +A"P)x + (x"PBn — x"PB#"h + " B"Px — k"#B"Px)] + %tr(ﬁrTﬁr)

R = = N —

1 L.
= —3¥"Qx+1"B"Px — H"WB"Px + —tr(ﬁlev)
v

where x"PBw"h = h"WwB"Px, x"PBy =n'B"Px.
Since

h"wB"Px = tr[B"Pxh"w|

then,

V= —3x"0x+ ftr(—yBTthTﬁ/ + fva) +4"B"Px 6.11)
7
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In reference to the adaptive law proposed in [6], we design two adaptive laws as
follows:

1. First adaptive law

Choose adaptive law as
W' = yB PxhT
Then
W = yhx"PB (6.12)

Since w = ﬁ/, then submitting (6.12) into (6.11), we have
; 1 ¢ TpT
V= —Ex Ox+n B Px

From known, we have

[ < llmoll, 1B]l = [|Mo~" ()]

o1
VS =5 dmin(Q )l + o | ([0~ (9)] | Aumax (P) 1]

= — el @)1 = 21l [0 () s (P

where A (P) and Ay (Q) denote the maximum eigenvalue of matrix P and the
minimum eigenvalue of matrix Q respectively.

To satisfy V < 0, Amin(Q) > M [|mo]| should be satisfied, that is,

[l[l

2HZWO_1 (q)||/1maX(P)
J'min(Q)

[l*[| = 70| (6.13)

From (6.12), we can get a conclusion: the bigger value the eigenvalue of Q is, or
the smaller value the eigenvalue of Pis, or the smaller value of 5, is, the smaller of x
radius convergence is.

The shortcoming of the first adaptive is the boundedness of w = w — w* can be
guaranteed.

2. Second adaptive law

Choose adaptive law as

W' = yBTPxh" + kyy||x|w"
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then,
w = yhx"PB + kyy||x||w (6.14)

where k; > 0.
Submitting (6.14) into (6.11), we have

1

1 1 AT~
- ExTQx + ;tr(k1y||x||wTw) +n'B"Px
1 -
= - ExTQx + ky||x||tr (" W) +n"BTPx

According to the characteristics of norm F, we have tr[¥" (x — X)] < ||%||g/*||z—

€2, then,
w[WT] = e [B] = 1B+ 9] < [l — 2

Since

Wmax>2 _ & 5

~ ~ 12 ~
— ke[ + it [= e ([ = 23) =Sl

then

) 1 _ i} _
V< = 5570 + kIl (19l w [l — 19112) + " B"Px

1 2 ~ * ~ 112
< — 2 2 @)1 ke 191wl — ] 13 )l
1 _ -2
< x| (2zmm<g>||x|| AT k1||w||p—|no|||zmax<P>)

1 ~ Wmax 2 kl
= = 1l (i@l 1 (11 ~5)” = s = Il (P))

To guarantee V < 0, the following conditions must be satisfied:

1 k
5 min(@) 1] > ol (P) + -7

or

~ Wmax 2 kl
e (191l = 252 > ol man (P) + 5 W
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Then we get the boundedness of the closed-loop system as

2 k
[[x| > (@ <||no|/1max(P) + 41w§m> (6.15)

or

~ Wmax 1 kl
I > = +¢k—l(|no||zmax<P>+zwﬁm)

From (6.15), we can get a conclusion: the bigger value the eigenvalue of Q is,
or the smaller value the eigenvalue of P is, or the smaller value of 7, is, or smaller
value wpax 1S, the smaller radius of x convergence is.

The shortcoming of the controller is that nominal model of the robotic
manipulators must be known.

6.1.4 Simulation Examples

6.1.4.1 First Example
Consider a simple servo system as
M§=rt+d(q)

where M = 10, d(q) denotes friction force, and d(¢) = —15¢ — 30sgn(q).

The desired trajectory is gq = sin ¢, the initial value of the plant is [0.6 0 ]T. In
simulation,we use control law (6.9) and first adaptive law (6.12). The parameters
500 5%} , a=3, y =200, and k; = 0.001.

For RBF neural network, the parameters of Gaussian function ¢; and b; are chosen
as[—2 —1 0 1 2]and5, and the initial weight value is chosen as zero.

In the simulation, S1 = 1 denotes first adaptive law, and S1 = 2 denotes second
adaptive law. S = 1 denotes controller only based on nominal model, S = 2
denotes controller based on precise compensation, and S = 3 denotes controller
based on RBF compensation.

In the simulation, we choose S1 = 1 and S = 3. To test the effect of hidden nets
number on the approximation precision, we use 5 hidden nets and 19 hidden nets,
respectively; the simulation results are shown from Figs. 6.1, 6.2, 6.3, and 6.4. From
the results, it is shown that the more the hidden nets is chosen, the smaller
approximation error can be gotten.

are chosen as Q = {
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Fig. 6.2 f(x) estimation with RBF (five hidden nets, S = 3)
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Only choosing S = 1, the position and speed tracking without compensation is
shown in Fig. 6.5.
The Simulink program of this example is chap6_1sim.mdl; the Matlab programs
of the example are given in the Appendix.
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Fig. 6.4 f(x) estimation with RBF (19 hidden nets, S = 3)

6.1.4.2 Second Example
Consider a two-link manipulator dynamic equation as

M(q)§+C(q,§)qg+G(qg) =t +d
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where
_ [ v+ qoi +2ycos(g2) qor + qo2cos (g2)
M(q) =
qo1 + qoz2 cos (q2) qo1
Clg.q) = —40242510 (¢2)  —q02(q1 + ¢2) sin (q2)
024, sin (¢2) 0
Glg) = 15g cos g1 + 8.75g cos (q1 + ¢2)
8.75g cos (q1 + q2)

and v = 13.33, go; = 8.98, gop = 8.75, and g = 9.8.

|
|

The disturbance is d = d| + d,|le|| + ds||é||, di =2, d, =3, and d3 = 6. The

desired joint trajectory is

q1a = 1+ 0.2sin (0.571)
g2a =1 —0.2cos (0.571)

{

The initial value of the plantis [¢; ¢2 ¢3 q4]' =[0.6 03 0.5 0.5],

and assume AM = 0.2M, AC = 0.2C, and AG = 0.2G.

In simulation, we use control law (6.9) and first adaptive law (6.12), in the

program, we set S = 3, and S; = 1. The parameters are chosen as
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a=3,y=20, k; =0.001.

For RBF neural network, the parameters of Gaussian function ¢; and b; are chosen
as[—2 —1 0 1 2]and3.0, and the initial weight value is chosen as 0.10. In
the simulation, §; = 1 denotes first adaptive law, and §; = 2 denotes second
adaptive law. S = 1 denotes controller only based on nominal model, § = 2
denotes controller based on precise compensation, and S = 3 denotes controller
based on RBF compensation. The simulation results are shown from Figs. 6.6, 6.7,
6.8, and 6.9.

The Simulink program of this example is chap6_2sim.mdl; the Matlab programs
of the example are given in the Appendix.

6.2 RBF Neural Robot Controller Design with Sliding Mode
Robust Term

6.2.1 Problem Description

Consider dynamic equation of n-link manipulator as

M(q)§+C(q,9)q+G(g) +F(g) +7a=7 (6.16)
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where M(q) is an n x n inertia matrix, C(q, ¢) is an n X n matrix containing the
centrifugal and Coriolis terms, G(g) is an n X 1 vector containing gravitational
forces and torques, q is generalized joint coordinates, 7 is joint torques, and 74
denotes disturbances.

The tracking error vector is designed as e(t) = ¢4(t) — q(¢), and defines the
sliding mode function as
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Fig. 6.9 f(x) estimation of link 1 and link 2
r=e+Ae (6.17)

where A=AT=[4 4 - A ]T> 0 is an appropriately chosen coefficient
vector such that s"~' + A,_;8" 2+ -- - + 1, is Hurwitz (i.e.,e — 0 exponentially as
r—0).

The sliding mode tracking error r can be viewed as the real-valued utility
function of the plant performance. When r is small, system performance is good.
For the system (6.16), all modeling information was expressed as f(x) by using the
sliding mode tracking error r [7].

The item (6.17) gives

q=-r+qy+Ae (6.18)
and

Mi=M(Gy — q+Aé) =M(4, +Aé) — Mg
=M(g,+Ae)+Cqg+G+F+14—7
=M(4gy+Ae) —Cr+C(qgs+Ae)+G+F+14—7
= —-Cr—t+f+14 (6.19)

where f(x) =Mg, +Cq,+ G+ F, ¢, =q,+ Ae.

From f(x) expression, we can see that the term f(x) includes all the modeling
information.

The goal is to design a stable robust controller without any modeling informa-
tion. In this section, we use RBF to approximate f(x).
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6.2.2 RBF Approximation

RBF algorithm is described as

lx—el
h; = exp 2 , jJ=1,2,....m
)
f(x)=W'h +e (6.20)
where x is input of RBF, W is optimum weight value,h = [h; hy -+ hy }T, and

€ is a very small value.
The output of RBF is used to approximate f(x),

fx)=Wn (6.21)

where W =W — W, ||W||z < Woax.
From (6.20) and (6.21), we have

f—f=Whte-Wh=Wh+e

From f(x) expression, the input of RBF should be chosen as

x=le" & g i)

6.2.3 Control Law Design and Stability Analysis

For the system (6.16), the control law as proposed as [7],

t=f(x)+K,or—v (6.22)

with robust term v = —(ex + bq)sgn(r), where f(x) is estimation of f(x), and v is
robustness term.
The corresponding RBF adaptive law is designed as

W =i’ (6.23)
where ' =TI'T > 0.
Inserting (6.19) yields

Mi=—Cr— (f(x)+Kyr—v)+f+14

= Ky +O)r + W h+ (e +14) +v
=—(Ky+CO)r+g (6.24)
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where ¢; = WTq) +(e+7q) +v.
The stability proof of the closed system was given with two steps as follows [7].
Firstly, define Lyapunov function as

L= % TMr + %tr(WTF_IVNV)
Thus,

L=r"Mi+ %rTMr + tr(WTF"W)
Secondly, inserting (6.24) into above yields

. 1 . - 3
L= —r"Kyr+ 30" (M = 20)r + uW' (07'W 4 br") 477 (e + 74 +)

Since:

1. According to the skew-symmetric characteristics of manipulator dynamic equa-
tion, r"(M — 2C)r = 0;

2. "W h = (W' hr");

3. W=—W=—Th",
then,

L=—r"Kgo+rT(e+1+v)

Consider

r(e+7q+v) =r"(e+14) +r'(—(ex + ba)sgn(r))
= r'(e +7q) — |Irll(ex + ba) <O

There results finally

L<—r"K,r<0

6.2.4 Simulation Examples

6.2.4.1 First Example
Consider a simple servo system as

MG+ F(¢g) =1
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Fig. 6.10 Position and speed tracking with RBF compensation

where M = 10, F(q) denotes friction force, and F(¢) = 15¢ + 30sgn(q).

From (6.16), (6.17), (6.18), and (6.19), we have f(x)=Mj, +F
= M(gq+Aé) +F.

For RBF neural network, the structure is 2-7-1, the input is chosenasz = [e  ¢é],
the parameters of Gaussian function ¢; and b; are chosen as
[-1.5 —1.0 —-0.5 0 0.5 1.0 1.5] and 10, and the initial weight value is
chosen as zero. The desired trajectory is g4 = sin ¢, and the initial value of the
plant is [0.10 0]".

In simulation, we use control law (6.22) and adaptive law (6.23), the parameters
are chosen as A = 15, I' = 100, and K, = 110. The simulation results are shown
from Figs. 6.10 and 6.11.

The Simulink program of this example is chap6_3sim.mdl; the Matlab programs
of the example are given in the Appendix.

6.2.4.2 Second Example
Consider a plant as

M(q)§+V(q,4)q+G(q) +F(g) +ta=1
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Fig. 6.11 f(x) estimation with RBF

where

M(q) = P1+Dp2+2p3cosqy  pr + p3cosqn
D2 +p3cosqs 2] ’

v _ | —P3gasings —p3(q; + ¢)singa
V(q7q) - |:p3q'1 sil‘qu 0 s

_ | pagcos qi + psgcos (g1 + q2)
G(q) = ,
psgcos (g1 + q2)

F(g) =0.02sgn(q), zq=1[02sin(t) 02sin(t)]",  p=[p1,p2.P3,pasD5s)
=1[2.9,0.76, 0.87,3.04,0.87].

For RBF neural network, the structure is 2-7-1, the input is chosenasz = [e  ¢é],
the parameters of Gaussian function ¢; and b; are chosen as
[-15 —1.0 —-0.5 0 0.5 1.0 1.5] and 10, and the initial weight value is
chosen as zero. The desired trajectory is gjq = 0.1sin ¢, goq = 0.1 sint. The initial
value of the plantis [0.09 0 —0.09 O0].

Using control law (6.22) and adaptive law (6.23), K, = diag{10, 10}, I' = diag
{15,15}, and A = diag{5,5}. The simulation results are shown from Figs. 6.12,
6.13, 6.14, and 6.15.

The Simulink program of this example is chap6_4sim.mdl; the Matlab programs
of the example are given in the Appendix.
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6.3 Robust Control Based on RBF Neural Network with HJI

6.3.1 Foundation

Consider a system as
(6.25)

where d is disturbance and z is critic signal for the system.

Definition. For signal d(7), its L, is ||d(1)[|, = { ;° dT(t)d(t)dt}%, which denotes
the energy of d(z).
To express suppression ability, the following performance index is defined as

J = sup % (6.26)
lajzo 1],

The term J is called L, gain of the system, which denotes the robust performance
index of the system. The smaller J is, the better robust performance is.

With theorem 2 given in [8] and the system (6.25), HJI (Hamilton—Jacobi
inequality) can be described as follows: for a positive number y, if there exists
positive definite quasi-differentiable function L(x) > 0 and

-1
L<o{rlal -1z} (va) (627)

then, J < y.

6.3.2 Controller Design and Analysis

HJI inequation was applied to design robust neural network controller for robots in
[9]. In reference to theorem 3 in [9], a neural network adaptive controller is
designed with HJI for n — link manipulators as follows.

Consider dynamic equation of n — link manipulators as

M(q)§+V(9:4)q4+G(g) +Alg,q) +d=T (6.28)

where M(q) is an n X n inertia matrix, V(q,q) is a n X n matrix containing the
centrifugal and Coriolis terms, G(q) is an n x 1 vector containing gravitational
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forces and torques, ¢ is the angle vector, 7 is joint torques, A(q,q) denotes
uncertainties, and d denotes outer disturbances.

Consider desired angle signal ¢4, the tracking error vector is e = ¢ — ¢4, and
design a feed-forward control law as

T=u+M(q)q,+V(g,9)4qs+G(q) (6.29)

where u is a feedback control law and to be designed in the following.
Submitting (6.29) into (6.28), we get closed system as

M(q)e +V(g.q)e +Alg,q) +d =u (6.30)
Letting Af(q,q) = A(q, ¢) + d, we have
M(q)é+V(q,q)e+Af =u (6.31)
Use RBF to approximate Af, then,

Af = Wior + & (6.32)
where &; denotes the approximation error, oy denotes the Gaussian function of RBF,
and W; is weight value.

From (6.31) and (6.32), we have
M(q)é+V(q,q)ée +Wior +e =u

Define two variables as

X =e€
{ ] (6.33)
X, =é+ ae
where a > 0.
Then,
X1 =X, —ax
o ) (6.34)
Mx;, = —Vx, + o — WfO'f — €& +u

where @ = Mae + Vae.
To utilize the HJI inequation, the Eq. (6.34) should be written as (6.25),

(6.35)

X —ax 10 _
where f(x) = LLW(—VJQ—&-OJ—WFOT-I-IJ)}’ glx) = {_ﬁ} and d = ¢;.
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Since d = &;, we can consider the approximation error &; as the disturbance d,

and define zg = e + ae, then, we can write the L, gain as Jg = supo |||I:fll“22 .
For the system (6.34), we design adaptive law as el
Wf = —nxzt)'tT (6.36)
Design feedback control law as
1 - 1
u=—-w— 272x2 + Wior — Exg (6.37)

where Wf and oy are weight value and Gaussian function of RBF.

Then for the closed system (6.30), J <y,

For the closed control system, in reference to the analysis in paper [9], the
stability can be analyzed as follows:

Firstly, define the Lyapunov function as

1 1 = T =
L :§x2Mx2+2—ntr(Wf W)

where Wy = W, — wr.
Then, using (6.34) and (6.37), and considering the skew-symmetric
characteristics of manipulator dynamic equation, we have

L= XM+ xI0ey + Lo Wi W
=X, ) 2x2 XQ—F”'[I‘ r We

1 . 1 2 T
X, (—Vx +© — Wior — e +u) + ExEMxQ + Etr (Wf Wf>

* 1 A 1 1 M 1t .
X —Vx, — Wioy — & — —x —I—WO' — =X +=x Xy +—1r W W
2 2 £Of f 272 2 fOf 2 2 5 2 2 f f

T 1 ~ 1 1 T/ 1 T _
X, 7€f‘72—y2xz+WfO'f7§xz +§x2(M72V)x2+Ztr W: W;

1 ~ 1 1 2 T .
T T T T
= —X,& — _272 X, % + x, Wit — Exzxz + Etr (Wf Wf>

Define

-1 1
H =L =27 |le|” + |1z (638)



156 6 Adaptive RBF Control Based on Global Approximation

Then,

1 . 1 1 2 T . 1 1
H=—xle; — — x3x; + x1 Wior — Exgxz +’7tr<Wf Wf) - 5]/2H8f||2 +§ |lzr >

2y?
Consider
T 1T 1.2 2 11 2
1. — Xy€ — 32X X2 — 37 lle]| :—QH;xZ"‘}’SfH <05

. T .
2. xFZFWfO'f +%tr<Wf Wf) =0;
3. —Ixlx, + 1| = 0.
Therefore we have H < 0, according to H definition in (6.38), we have

| 1
[ <1, 2 1 2
< srlledl]” =5 llze]l

Thus from theorem 1, we can get J <y.

6.3.3 Simulation Examples

6.3.3.1 First Example
Consider a servo system as
MG=T-d

where M = 1.0 is the inertia moment.

Suppose the ideal position signal as ¢q = sin ¢, the disturbance signal is
d =150sgng + 10g, and the initial states of the plant are zero. Choose
n = 1,000, a =200, and y = 0.10, and the parameters of Gaussian function c;
and b; are chosenas [—1 —0.5 0 0.5 1]and 50. Use adaptive law (6.36) and
control laws (6.29) and (6.37); the results are shown from Figs. 6.16 and 6.17.

The Simulink program of this example is chap6_5sim.mdl; the Matlab programs
of the example are given in the Appendix.

6.3.3.2 Second Example
Consider two link manipulators dynamic equation as

M(q)§+V(q,4)§+G(q)+D=T
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where D = A(q, q) +d, My, = (m1 =+ n’lz)l‘% =+ my’% + 2myrir) COS G2, M1p = My,
Vg —Vialg + )

= myr? + myrir, cos gz, Mo = mpra, V= ,Vip=m
215 2112 q2, M2 215 Viaqi 0 12 2
risin gz, Gy = (my + mp)ry cos qa + mary cos (q1 + q2), G2 = mara cos (q1 + q2),
30sgn
= ng ,r1:17r220_87m1:17m2:1.5_
30 sgngy

Suppose the ideal position signals as ¢1q = sin ¢, and g4 = sin ¢, and the initial
states of the plant is zero. Choose 4-7-1 RBF structure, and set 7 = 1,500, a = 20,
y = 0.05, the parameters of Gaussian function ¢; and b; are chosen as



158 6

Adaptive RBF Control Based on Global Approximation

; 2 T T T T T T T T T
= Ideal position for link |
s I e T Position tracking for link 14
£ 0 -
E
£ -l -
E = 1 1 1 1 1 1 1 I 1

0 2 4 6 8 10 12 14 16 18 20

Time (s)

= 2 T T T T T T T T T

Position tracking of link
=

Ideal position for link 2
---------- Position tracking for link 24

(=]
(%]
=
>

8 10 12 14 16 18 20
Time (s)

Fig. 6.18 Position tracking of with RBF compensation (S = 2)
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Fig. 6.19 Speed tracking of with RBF compensation (S = 2)

[-15 —-1.0 —-05 0 05

1.0 1.5] and 10. Use adaptive law (6.36)) and

control laws (6.29) and (6.37); the results are shown from Figs. 6.18, 6.19, and 6.20.
The Simulink program of this example is chap6_6sim.mdl; the Matlab programs
of the example are given in the Appendix.
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Fig. 6.20 Disturbance and its estimation (S = 2)

Appendix
Programs for Sect. 6.1.4.1

Simulink main program: chap6_1sim.mdl

Position

N
L M Ch611}———|ch611
Sine wave ux ap6_lctr ap6_1plant
S-function S-functionl

Position2

(O ]

Clock To workspace — Demux

Position5
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S function for control law and adaptive law: chap6_1lctrl.m

function [sys,x0,str, ts] = spacemodel (t,x,u,flag)
switch flag,
case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
casel,
sys=mdlDerivatives (t,x,u);
case 3,

sys=mdlOutputs (t,x,u) ;
case {2,4,9}

sys=I[];
otherwise

error ([ 'Unhandled flag = ' ,num2str (flag) ]) ;
end

function [sys,x0,str,ts]=mdlInitializeSizes
global c b kv kp

sizes = simsizes;
sizes.NumContStates =5;
sizes.NumDiscStates =0;
sizes.NumOutputs = 3;
sizes.NumInputs = 3;
sizes.DirFeedthrough =1;
sizes.NumSampleTimes = 1;
sys = simsizes (sizes) ;
x0=0.1*ones(1,5);

str=11;
ts=1[00];
c=0.5*[-2-1012;
-2-10127;
b=1.5*ones(5,1);
alfa=3;
kp=alfa"2;
kv=2*alfa;

function sys=mdlDerivatives (t,x,u)
global ¢ b kv kp

gd=u(l) ;

dgd=cos (t) ;

ddgd=-sin(t) ;

ag=u(2);
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dg=u(3);

e=q-qd;
de=dg-dqd;
A=[01;-kp -kv];

D=10;
B=[01/D]";

Q=50*eye(2) ;
P=lyap (A’',Q);
eig(P);

th=[x(1) x(2) x(3) x(4) x(5)]1";

xi=[e;de];

h=zeros(5,1) ;

for j=1:1:5
h(j)=exp(-norm(xi-c(:,3))"2/(2*b(3)*b(3)));

end

gama=1200;

S1=1;

if Sl== % First adaptive Law
S=gama*h*xi’*P*B;

elseif S1==2 % Secod adaptive Law with UUB
k1=0.001;
S=gama*h*xi’*P*B+kl*gama*norm(xi) *th;

end

S=S';

fori=1:1:5
sys(i)=S(1i);
end

function sys=mdlOutputs (t,x,u)
global c b kv kp

gd=u (1) ;

dgd=cos(t) ;

ddgd=-sin(t) ;

g=u(2);
dg=u(3) ;
e=qg-qd;
de=dg-dqgd;
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M=10;

toll=M* (ddgd-kv*de-kp*e) ;

xi=[e;de];

h=zeros (5,1);

for j=1:1:5
h(j)=exp(-norm(xi-c(:,3))"2/(2*b(3)*b(3)));

end

d=-15*dg-30*sign(dq) ;

f=4d;

S=3;

if s==1 $Nominal model based controller
fn=0;
tol=toll;

elseif S== %$Modified computed torgque controller
fn=0;
tol2=-f;
tol=toll+tol2;

elseif S==3 $RBF compensated controller
th=[x(1) x(2) x(3) x(4) x(5)]1";
fn=th’ *h;
tol2=-fn;
tol=toll+1l*tol2;

end

sys(l)=tol;

sys(2)=f;

sys (3)=fn;

S function for plant:chap6_lplant.m

function [sys,x0,str,ts]l=s_function(t,x,u,flag)

switch flag,
case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
case 1,
sys=mdlDerivatives (t,x,u);
case 3,

sys=mdlOutputs(t,x,u) ;
case {2, 4, 9}

sys=1[1;
otherwise

error ([ 'Unhandled flag = ’ ,num2stxr (flag) 1) ;
end
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function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;
sizes.NumContStates =2;
sizes.NumDiscStates =0;
sizes.NumOutputs = 2;
sizes.NumInputs = 3;
sizes.DirFeedthrough =0;
sizes.NumSampleTimes = 0;
sys=simsizes(sizes);

x0=[0.6;0];

str=1[1;

ts=[1];

function sys=mdlDerivatives(t,x,u)
M=10;

d=-15*x(2)-30*sign(x(2));

tol=u(l);

sys (1) =x(2);

sys(2)=1/M* (tol+d) ;

function sys=mdlOutputs (t,x,u)
sys(1l)=x(1);

sys(2)=x(2);

Plot program:chap6_lplot.m
closeall;

figure (1) ;

subplot (211);
plot(t,x(:,1),'r’',t,x(:,2),'k:", " linewidth’,2) ;
xlabel (‘time(s) ') ;ylabel ('Position tracking’) ;

legend(’ideal position’, 'position tracking’) ;
subplot (212) ;

plot(t,cos(t),'r’',t,x(:,3),'k:’,"1linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('Speed tracking’) ;
legend(’ideal speed’, 'speed tracking’) ;

figure (2) ;

plot(t,£(:,1),'r’',t,£(:,2),'b’, "linewidth’,2);

xlabel (‘time(s) ') ;ylabel ('fand fn’);
legend(’'Practical uncertainties’, 'Estimation

uncertainties’) ;
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Programs for Sect. 6.1.4.2

Simulink main program: chap6_2sim.mdl

Position

Chap6_2input

1
1

S-function2 | Mux{—=—|Chap6_2ctrl [-={Chap6_2plant Dermux

— S-function S-function]

Mux
du/dt

Derivative
Mux
e —— —
Position2
Clock To workspace —Demux
Position5
Tracking command program: chap6_2input.m

function [sys,x0,str, ts] = spacemodel (t,x,u, flag)
switch flag,
case 0,

[sys,x0,str,ts]=mdlInitializeSizes;
case l,

sys=mdlDerivatives (t,x,u) ;
case 3,

sys=mdlOutputs (t,x,u);
case {2,4,9}

sys=I[1;
otherwise

error ([ 'Unhandled flag = ' ,num2str (flag) ]) ;
end

function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;

sizes.NumContStates =0;

sizes.NumDiscStates =0;

sizes.NumOutputs = 4;

sizes.NumInputs = 0;
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sizes.DirFeedthrough =0;
sizes.NumSampleTimes =1;
sys = simsizes (sizes) ;

x0=1[1;
str=1[1;
ts=[007;

function sys=mdlOutputs (t,x,u)
gqdl=1+0.2*sin(0.5*pi*t) ;
gqd2=1-0.2*cos (0.5*pi*t) ;
dgdl=0.2*0.5*pi*cos (0.5*pi*t) ;
dgd2=0.2*0.5*pi*sin(0.5*pi*t) ;

S function for control law and adaptive law:chap6_2ctrl.m
function [sys,x0,str, ts] = spacemodel (t,x,u,flag)

switch flag,
case 0,
[sys,x0,str,ts]l=mdlInitializeSizes;
case l,
sys=mdlDerivatives (t,x,u);
case 3,
sys=mdlOutputs (t,x,u);
case {2,4,9}
sys=1I[1;
otherwise
error ([ 'Unhandled flag = ' ,num2str (flag) ]) ;
end

function [sys,x0,str,ts]=mdlInitializeSizes
global c b kv kp

sizes = simsizes;
sizes.NumContStates = 10;
sizes.NumDiscStates =0;
sizes.NumOutputs = 6;
sizes.NumInputs = 10;
sizes.DirFeedthrough =1;
sizes.NumSampleTimes =1;
sys = simsizes (sizes) ;
x0=0.1*ones(1,10);
str=11;

ts=1[001;
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c=[-2-1012;

-2-1012;
-2-1012;
-2-1012];
b=3.0;
alfa=3;
kp=[alfa"2 0;
0alfan2];
kv=[2*alfa 0;
02*alfal;

function sys=mdlDerivatives (t,x,u)
global c b kv kp

A=[zeros (2) eye(2);
-kp -kv];
B=[00;00;10;011;

Q=[500 0 O;
0 500 O0;
0 0 500;
0 0 0 501;
P=lyap(A’,Q);
eig(P);

gdl=u(1)
qd2=u(2)
(
(

7

d_gdl=u(3);
d_gd2=u(4) ;
gl=u(5) ;dgl=u(6) ;g2=u(7) ;dg2=u(8) ;
el=qgl-qdl;

e2=qg2-qd2;

del=dgl-d_qgdl;

de2=dg2-d_qgd2;

w=[x(1) x(2) x(3) x(4) x(5);x(6) x(7) x(8) x(9) x(10)]1";
xi=[el;e2;del;de2];
h=zeros(5,1);
for j=1:1:5
h(j)=exp(-norm(xi-c(:,3))"*2/(2*b"2));

end

gama=20;

S1=1;

if s1== % Adaptive Law
dw=gama*h*xi’ *P*B;

elseif Sl== % Adaptive Law with UUB
k1=0.001;

dw=gama*h*xi’*P*B+kl*gama*norm(x) *w;
end
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dw=dw’ ;

fori=1:1:5
sys(i)=dw(l,1i);
sys (i+5)=adw(2,1) ;

end

function sys=mdlOutputs (t,x,u)
global c b kv kp

gdl=u(l);

gd2=u(2) ;
d_gdl=u(3);
d_gd2=u(4) ;
dd_gdl=-0.2*(0.5*pi)"2*sin(0.5*pi*t) ;
dd_gd2=0.2*(0.5*pi)"2*cos (0.5*pi*t) ;
dd_gd=[dd_qgdl;dd_qgd2];

(
(

gl=u(5);dgl=u(6) ;qg2=u(7) ;dg2=u(8);

ddgl=u(9) ;ddg2=u(10) ;
ddg=[ddqgl;ddqg2] ;

el=qgl-gdl;
e2=qg2-qgqd2;
del=dgl-d_qdl;
de2=dqg2-d_qd2;
e=[el;e2];
de=[del;de2];

v=13.33;
q01=8.98;
qg02=8.75;
g=9.8;

MO=[v+g01+2*g02*cos (g2) g01+g02*cos(g2) ;
g0l+g02*cos(g2) g01];

CO0=[-g02*dg2*sin(g2) -q02* (dgl+dg2) *sin(g2) ;
g02*dgl*sin(g2) 0] ;

GO0=[15*g*cos(gl)+8.75*g*cos (gl+g2) ;
8.75*g*cos (gl+g2) ];

dg=[dqgl;dqg2];
tol1=MO0* (dd_gd-kv*de-kp*e)+C0*dg+G0;

d_M=0.2*MO;
d_C=0.2*C0;
d_G=0.2*GO0;
dl=2;d2=3;d3=6;
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d=[dl+d2*norm([el,e2])+d3*norm([del,de2])];
$d=[20*sin(2*t) ;20*sin(2*t) ];
f=inv (M0) * (d_M*ddg+d_C*dg+d_G+d) ;

xi=[el;e2;del;de2];

h=zeros(5,1);

for j=1:1:5
h(j)=exp(-norm(xi-c(:,3))"2/(2*b"2));

end

S=3;

if s== %Nominal model based controller
tol=toll;

elseif S==2 $Modified computed torgue controller
tol2=-MO*f;

tol=toll+tol2;

elseif S==3 $RBF compensated controller
w=[x (1) x(2) x(3) x(4) x(5);x(6) x(7) x(8) x(9)

x(10)1";

fn=w’*h;

tol2=-MO0*fn;
tol=toll+1l*tol2;

end
sys(l)=tol(1l);
sys(2)=tol(2);
sys(3)=£(1);
sys(4)=£fn(1);
sys(5)=£(2);
sys(6)=fn(2);

S function for plant:chap6_2plant.m
function [sys,x0,str,ts]l=s_function(t,x,u,flag)

switch flag,
case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
case 1,
sys=mdlDerivatives (t,x,u);
case 3,

sys=mdlOutputs(t,x,u) ;
case {2, 4, 9}

sys=1[1;
otherwise

error ([ 'Unhandled flag = ’ ,num2stxr (flag) 1) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;
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sizes.NumContStates =4;
sizes.NumDiscStates =0;
sizes.NumOutputs = 4;
sizes.NumInputs = 6;
sizes.DirFeedthrough =0;
sizes.NumSampleTimes = 0;
sys=simsizes (sizes);
x0=[0.6;0.3;0.5;0.5];
str=1I[1;
ts=1[1;
function sys=mdlDerivatives (t,x,u)
persistent ddxl ddx2
if t==0

ddx1=0;

ddx2=0;
end
gqdl=1+0.2*sin(0.5*pi*t) ;
dgdl=0.2*0.5*pi*cos (0.5*pi*t) ;
gd2=1-0.2*cos (0.5*pi*t) ;
dgd2=0.2*0.5*pi*sin(0.5*pi*t) ;

el=x(1)-qdl;
e2=x(3)-qgd2;
del=x(2)-dgdl;
de2=x(4) -dgd2;

v=13.33;

gl=8.98;

g2=8.75;

g=9.8;

MO=[v+gl+2*g2*cos (x(3)) gl+g2*cos(x(3));
gl+g2*cos(x(3)) gll;

CO=[-g2*x(4) *sin(x(3)) -g2* (x(2)+x(4)) *sin(x(3));
g2*x(2) *sin(x(3)) 0];

GO=[15*g*cos (x(1))+8.75*g*cos (x(1)+x(3)) ;
8.75*g*cos (x(1)+x(3))1;

d_M=0.2*MO;

d_c= O 2*C0;

d_G=0.2*G0;

dl=2;d2=3;d3=6;
d=[dl+d2*norm([el,e2])+d3*norm([del,de2])];
%$d=20*sin (2*t) ;

tol(1)=u(l);

tol(2)=u(2);

dag=[x(2);x(4)1;
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ddg=[ddx1l;ddx2];
f=inv (MO) * (d_M*ddg+d_C*dg+d_G+d) ;

ddx=inv (MO) * (tol’-C0*dg-G0)+1*f;
sys(l)=x(2);

sys(2)=ddx (1) ;

sys(3)=x(4);

sys(4)=ddx(2) ;

ddx1=ddx (1) ;

ddx2=ddx (2) ;

function sys=mdlOutputs (t,x,u)
sys (1)=x(1);

sys (2)=x(2);

sys(3)=x(3);

sys(4)=x(4);

Plot program:chap6_2plot.m
closeall;

figure (1) ;

subplot (211) ;
plot(t,x(:,1),'r’',t,x(:,5),'k:", " linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('Position tracking forlinkl’);

legend(’ideal position forlinkl’, 'position tracking for
link 17);
subplot (212) ;

plot(t,x(:,2),'r’',t,x(:,7),'k:", " linewidth’,2);
xlabel ('time(s) ') ;ylabel ('Position tracking forlink2’);
legend(’ideal position forlink2’, 'position tracking for
link 27);

figure (2) ;

subplot (211) ;
plot(t,x(:,3),'r’',t,x(:,6),'k:", " linewidth’,2);
xlabel ('time(s) ') ;ylabel ('Speed tracking for 1link 17) ;

legend(’ideal speed for 1link 1’,’'speed tracking for
link 17);

subplot (212) ;
plot(t,x(:,4),'r’',t,x(:,8),'k:",’linewidth’,2);
xlabel ('time(s) ') ;ylabel ('Speed tracking for 1ink 2") ;
legend(’ideal speed for link 2’,’speed tracking for
link 2");

figure (3) ;

subplot (211);

plot(t,tol(:,1), 'r’, " linewidth’,2);

xlabel (‘time(s) ') ;ylabel ('Control input of 1ink 1");
subplot (212) ;
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plot(t,tol(:,1),'r’, " linewidth’,2);

xlabel (‘time(s) ') ;ylabel ('Control input of 1ink 2");
figure (4) ;

subplot (211) ;
plot(t,f(:,1),'r",t,£(:,2),’k:’, " linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('fl and fnl"’) ;
legend (' Practical uncertainties of link 1’, "Estimation

uncertainties of 1link 17);
subplot (212) ;

plot(t,£(:,3),'r’',t,f(:,4),'k:", linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('f2 and fn2"') ;
legend (' Practical uncertainties of link 2’, 'Estimation

uncertainties of 1ink 2') ;

Programs for Sect. 6.2.4.1

Simulink main program: chap6_3sim.mdl

Position

N
= -
Sine wave Mux Chap6_2ctr] Chap6_3plant

S-function S-functionl

tol

Position2

(O ]

Clock To workspace ——Demux

Position5

S function for control law and adaptive law: chap6_3ctrl.m

function [sys,x0,str, ts] = spacemodel (t, x,u,flag)
switch flag,
case 0,

[sys,x0,str,ts]=mdlInitializeSizes;
casel,

sys=mdlDerivatives (t,x,u) ;
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case 3,

sys=mdlOutputs (t,x,u);
case {2,4,9}

sys=I[1;
otherwise

6 Adaptive RBF Control Based on Global Approximation

error ([ 'Unhandled flag = ' ,num2str (flag) ]) ;

end

function [sys,x0,str,ts]=mdlInitializeSizes

global node ¢ b Fai

node=7;

c=[-1.5-1-0.500.511.5;
-1.5-1-0.500.511.5];

b=10;

Fai=15;

sizes = simsizes;
sizes.NumContStates = node;
sizes.NumDiscStates =0;
sizes.NumOutputs = 3;
sizes.NumInputs = 3;
sizes.DirFeedthrough =1;
sizes.NumSampleTimes = 0;
sys = simsizes (sizes) ;

x0 = zeros (1, node) ;
str=11;

ts=11;

function sys=mdlDerivatives (t,x,u)
global node ¢ b Fai

gd=u (1) ;

dgd=cos(t) ;

ddgd=-sin(t) ;

a=u(2);
dg=u(3) ;

e=qd-q;
de=dqgd-dqg;
r=de+Fai*e;

z=[e;del;

for j=1:1:node
h(j)=exp(-norm(z-c(:,3))"2/(b*b));

end

Gama=100;

for i=1:1:node
sys(i)=Gama*h (i) *r;
end
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function sys=mdlOutputs (t,x,u)
global node ¢ b Fai

gd=u (1) ;

dgd=cos(t) ;

ddgd=-sin(t) ;

a=u(2);
dg=u(3) ;

e=qd-qg;
de=dgd-dqg;
r=de+Fai*e;

dgr=dgd+Fai*e;
ddgr=ddgd+Fai*de;

z=[e;de];
w=[x(l:node)]"’;

for j=1:1:node
h(j)=exp(-norm(z-c(:,3))"2/(b*b));
end

fn=w*h’;
Kv=110;

epN=0.20;bd=0.1;
v=- (epN+bd) *sign(r) ;
tol=fn+Kv*r-v;

F=15*dg+0.3*sign (dq) ;
M=10;
f=M*ddgr+F;

fn_norm=norm(fn) ;

sys(l)=tol;

sys(2)=f;

sys (3)=fn;

S function for plant:chap6_3plant.m

function [sys,x0,str, ts]=s_function(t,x,u,flag)

switch flag,
case 0,
[sys,x0,str,ts]l=mdlInitializeSizes;
case 1,
sys=mdlDerivatives (t,x,u) ;
case 3,

sys=mdlOutputs (t,x,u);
case {2, 4, 9}
sys=1[1;
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otherwise

error ([ 'Unhandled flag = ' ,num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;
sizes.NumContStates =2;
sizes.NumDiscStates =0;
sizes.NumOutputs = 2;
sizes.NumInputs = 3;
sizes.DirFeedthrough =0;
sizes.NumSampleTimes = 0;
sys=simsizes (sizes);
x0=[0.1;01;
str=1[1;
ts=1[1;
function sys=mdlDerivatives (t,x,u)
M=10;
F=15*x(2)+0.30*sign(x(2));

tol=u(l);

sys(1)=x(2);

sys(2)=1/M* (tol-F);

function sys=mdlOutputs (t,x,u)
sys (1)=x(1);

sys(2)=x(2);

Plot program:chap6_3plot.m
close all;

figure (1) ;

subplot (211) ;
plot(t,x(:,1),'r",t,x(:,2),'k:’","1linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('Position tracking’) ;

legend(’ideal position’, 'position tracking’) ;
subplot (212) ;

plot(t,cos(t),'r’',t,x(:,3),'k:’", " "linewidth’,2) ;
xlabel ('time(s) ') ;ylabel (' Speed tracking’) ;
legend(’ideal speed’, 'speed tracking’) ;

figure (2) ;

plot(t,f(:,1),'r",t,£(:,2),'b’, "linewidth’,2);

xlabel (‘time(s) ‘) ;ylabel (‘fand fn’);
legend(’Practical uncertainties’, 'Estimation

uncertainties’) ;
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Programs for Sect. 6.2.4.2

Simulink main program: chap6_4sim.mdl

175

Position

——[7]

Positionl

Chap6_4input

S-function3 Mu

=

] Chaps_sctrl |-~ Chap6_4plant|--—Demux

S-function4 S-functionl

Mu

Position2

R
Position3

Position4

Clock To workspace

—={ Demux

Tracking command program: chap6_4input.m

function [sys,x0,str, ts] = spacemodel (t,x,u,flag)
switch flag,
case 0,

[sys,x0,str,ts]=mdlInitializeSizes;
case 1,

sys=mdlDerivatives (t,x,u) ;
case 3,

sys=mdlOutputs (t,x,u);
case {2,4,9}

sys=1I[1;
otherwise

error ([ 'Unhandled flag = ’ ,num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
sizes
sizes.

= simsizes;
NumContStates = 0;
sizes.NumDiscStates =0;
.NumOutputs = 6;
NumInputs = 0;
sizes.DirFeedthrough =0;
sizes.NumSampleTimes =1;
sys = simsizes (sizes) ;

sizes
sizes.
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x0=1[];
str=1[1;
ts=[00];

function sys=mdlOutputs (t,x,u)
gdl=0.1*sin(t) ;
d_gdl=0.1*cos(t);
dd_gdl=-0.1*sin(t);
gqd2=0.1*sin(t) ;
d_gd2=0.1*cos(t);
dd_gd2=-0.1*sin(t) ;

sys(1l)=qdl;
sys (2)=d_qdl;
sys (3)=dd_qgdl;
sys (4)=qd2;
sys(5)=d_qgd2;
sys (6)=dd_qgd2;
S function for control law and adaptive law:chap6_4ctrl.m
function [sys,x0,str, ts] = spacemodel (t,x,u,flag)
switch flag,
case 0,
[sys,x0,str,ts]l=mdlInitializeSizes;
case l,
sys=mdlDerivatives (t,x,u);
case 3,

sys=mdlOutputs (t,x,u);
case {2,4,9}

sys=1I[1;
otherwise

error ([ 'Unhandled flag = ' ,num2str (flag) ]) ;
end

function [sys,x0,str,ts]=mdlInitializeSizes

global node ¢ b Fai

node=7;

c=[-1.5-1-0.500.511.5;
-1.5-1-0.500.511.57;

b=10;

Fai=5*eye(2);

sizes = simsizes;
sizes.NumContStates = 2*node;
sizes.NumDiscStates =0;
sizes.NumOutputs = 3;
sizes.NumInputs =11;
sizes.DirFeedthrough =1;
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sizes.NumSampleTimes = 0;
sys = simsizes (sizes) ;

x0 = zeros (1, 2*node) ;
str=11;

ts=11;

function sys=mdlDerivatives (t,x,u)
global node ¢ b Fai
gdl=u (1) ;

d_gdl=u(2);
dd_qgdl=u(3) ;

gd2=u(4);

d_gd2=u(5) ;
dd_gd2=u(6) ;

e2=qd2-g2;
del=d_gdl-d_gil;
de2=d_qgd2-d_g2;
e=[el;e2];
de=[del;de2];
r=de+Fai*e;
gd=[gdl;gd2];
dgd=[d_qdl;d_qd2];
dgr=dgd+Fai*e;
ddgd=[dd_qgdl;dd_qgd2];
ddgr=ddgd+Fai*de;

zl=[e(l);de(1)];

z2=[e(2);de(2)];

for j=1:1:node
hl(j)=exp(-norm(zl-c(:,3))"2/(b*b));
h2(j)=exp (-norm(z2-c(:,3)) "2/ (b*b));

end

F=15*eye (node) ;
for i=1:1:node
sys(i)=15*hl(1)*r(1);
sys (i+node)=15*h2 (i) *r (2) ;
end
function sys=mdlOutputs (t,x,u)
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global node ¢ b Fai
gdl=u(1);
d_gdl=u(2);
dd_gdl=u(3) ;
gd2=u(4) ;
d_gd2=u(5) ;

dd_gd2=u(6) ;

gl=u(7) ;

d_gl=u(8);

g2=u(9);

d_qg2=u(10);
2

g=I[ql;q2];

el=qgdl-qgl;
e2=qd2-g2;
del=d_gdl-d_qgil;
de2=d_gd2-d_g2;
e=[el;e2];
de=[del;de2];
r=de+Fai*e;

gqd=[qdl;gd2];
dgd=[d_qdl;d_qgd2];
dgr=dgd+Fai*e;
ddgd=[dd_qgdl;dd_qgd2];
ddgr=ddgd+Fai*de;

W_fl=[x(1l:node)]"’;
W_f2=[x(node+l:node*2)]"’;

zl=[e(l);de(1)];

z2=[e(2);de(2)];

for j=1:1:node
hl(j)=exp(-norm(zl-c(:,3))"2/(b*b));
h2 (j)=exp (-norm(z2-c(:,3))"2/(b*b));

end

e
e

fn=[W_f1*hl’;
W_f2*h2'7;
Kv=20*eye(2) ;

epN=0.20;bd=0.1;
v=- (epN+bd) *sign(r) ;
tol=fn+Kv*r-v;

fn_norm=norm (fn) ;
sys(l)=tol(1l);
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sys(2)=tol(2);

sys (3)=fn_norm;

S function for plant:chap6_4plant.m

function [sys,x0,str, ts]=s_function(t,x,u,flag)

switch flag,
case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
casel,
sys=mdlDerivatives (t,x,u) ;
case 3,

sys=mdlOutputs (t,x,u);
case {2, 4, 9}

sys=1[1;
otherwise

error ([ 'Unhandled flag = ' ,num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
global pg

sizes = simsizes;
sizes.NumContStates =4;
sizes.NumDiscStates =0;
sizes.NumOutputs =5;
sizes.NumInputs =3;
sizes.DirFeedthrough =0;
sizes.NumSampleTimes =0;
sys=simsizes (sizes);
x0=[0.090-0.0907;

str=I[1];

ts=[1];

=[2.90.760.873.040.87]1;

g=9.8;

function sys=mdlDerivatives (t,x,u)

global pg
=[p(1)+p(2)+2*p(3) *cos (x(3)) p(2)+p(3) *cos(x(3)) ;

(2)+p(3) *cos (x(3)) p(2)1;

=[-p(3)*x(4)*sin(x(3)) -p(3)*(x(2)+x(4)) *sin(x(3));
P(3)*x(2)*sin(x(3)) 0];
=[p(4)*g*cos (x(1))+p(5) *g*cos (x(1)+x(3));
p(5)*g*cos (x(1)+x(3))1;

dg=I[x(2);x(4)1;

F=0.2*sign (dq) ;
told=[0.1*sin(t);0.1*sin(t)];

tol=u(l:2);

S=inv (D) * (tol-C*dg-G-F-told) ;
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=x(2);
=S(1);
x(4)

7

sys (1)
sys(2)
sys(3)
sys(4)=S(2);
function sys=mdlOutputs (t,x,u)
globalpg
D=[p(l)+p(2)+2*p(3)*
p(2)+p(3) *cos (x(3
C=[-p(3)*x(4)*sin(x(
p(3)*x(2)*sin(x(3
G=[p(4) *g*cos(x(1))+
p(5) *g*cos (x (1) +x(
da=1[x(2);x(4)]1;
F=0.2*sign (dq) ;
told=[0.1*sin(t);0.1*sin(t)];

0s(x(3)) p(2)+p(3) *cos (x(3));

) p(2)];

)) —p(3)*(x(2)+x(4)) *sin(x(3));
) 01;

(5) *g*cos (x(1)+x(3)) ;

3)

c
)
3
)
p(5)
)1

gdl=sin(t);
d_gdl=cos (t) ;
dd_gdl=-sin(t) ;
gd2=sin(t) ;
d_gd2=cos(t) ;
dd_gd2=-sin(t) ;
gdl=0.1*sin(t) ;
d_gdl=0.1*cos(t);
dd_gdl=-0.1*sin(t) ;
gqd2=0.1*sin(t) ;
d_gd2=0.1*cos(t);
dd_gd2=-0.1*sin(t) ;

ql=x(1);
d_qgl=dqg(1);
g2=x(3);
d_q2=dq(2);
g=I[gl;q2];
el=qgdl-gl;
e2=qgd2-g2;

del=d_qgdl-d_qgl;
de2=d_qgd2-d_qg2;
e=[el;e2];
de=[del;de2];
Fai=b*eye(2);
dgd=[d_qgdl;d_qgd2];
dgr=dgd+Fai*e;
ddgd=[dd_qgdl;dd_qd2];
ddgr=ddgd+Fai*de;



Appendix 181

f=D*ddgr+C*dgr+G+F;
f_norm=norm(f) ;

sys(1l)=x(1);
sys (2)=x(2);
sys(3)=x(3);
sys(4)=x(4);

sys (5)=f_norm;
Plot program:chap6_4plot.m
closeall;

figure (1) ;

subplot (211) ;

plot(t,gd(:,1), 'r’,t,qg(:,1),'k:", "1linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('Position tracking forlinkl1l’);

legend(’ideal position forlinkl’, 'position tracking for
link 17);
subplot (212) ;

plot(t,gd(:,4), 'r’',t,q(:,3),'k:’", "linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('Position tracking forlink2’);
legend(’ideal position forlink2’, 'position tracking for
link 2");

figure (2) ;

subplot (211) ;
plot(t,qgd(:,2),'r’,t,qg(:,2),'k:","linewidth’,2);
xlabel (‘time(s) ') ;ylabel (' Speed tracking for 1ink 1) ;

legend(’ideal speed for 1link 1’,’'speed tracking for
link 1');

subplot (212) ;

plot(t,gd(:,5), 'r’',t,q(:,4),'k:", "1linewidth’,2);
xlabel (‘time(s) ') ;ylabel (' Speed tracking for 1ink 2") ;
legend(’ideal speed for 1link 2’,’speed tracking for
link 2');

figure (3) ;
subplot (211) ;
plot(t,toll(:,1)
xlabel ('time(s)’
subplot (212) ;
plot(t,tol2(:,1)
xlabel ('time(s) ’

,'k’,"linewidth’,2) ;
) ;ylabel (/control input of 1ink 1’);

7 "k’ ’ ,linewidth’ ,2) H
) ;ylabel (' control input of 1ink 27) ;

figure (4) ;
plot(t,f(:,1),'r",t,£(:,2),’k:’, " 1linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('fand fn’);

legend(’ideal fx’, 'estimation of fx’);
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Programs for Sect. 6.3.3.1

Simulink main program: chap6_5sim.mdl

iy

To workspacel

To workspace3

6 Adaptive RBF Control Based on Global Approximation

Chap6_5Splant

S-function1

Mux
du/d
Derivative Mux2
IV
Sine wave
Mux Chap6_5Sctrl
S-function
Mux1
10 t
Clock To workspace

S function for control law and adaptive law: chap6_5ctrl.m

H

To workspace7

function [sys,x0,str, ts] = Robust_RBF (t, x,u, flag)

switch flag,
case 0,
[sys,x0,str,ts]l=mdlInitializeSizes;
case 1,
sys=mdlDerivatives (t,x,u);
case 3,

sys=mdlOutputs (t,x,u) ;
case {2,4,9}

sys=I[1];

otherwise

end

function [sys,x0,str,ts]=mdlInitializeSizes
global cbalfa
c=[-1-0.500.51;

error ([ 'Unhandled flag = ', num2str (flag) ]) ;

-1-0.500.511;
b=50*ones (5,1) ;
alfa=200;

sizes = simsizes;
sizes.NumContStates =5;
sizes.NumDiscStates =0;
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sizes.NumOutputs = 2;
sizes.NumInputs = 4;
sizes.DirFeedthrough =1;
sizes.NumSampleTimes =0;
sys = simsizes (sizes) ;

x0 = [zeros (5,1)1;
str=1[1;
ts=1[1;

function sys=mdlDerivatives (t,x,u)
global cbalfa

gd=u(l) ;

dgd=cos (t) ;

ddgd=-sin(t) ;

g=u(2) ;dg=u(3) ;

e=qg-qd;
de=dg-dqgd;
x2=de+alfa*e;

xi=[e;de];

h=zeros(5,1);

for j=1:1:5
h(j)=exp(-norm(xi-c(:,3))"2/(2*b(3)*b(F)));

end

% Adaptive Law

xite=1000;

S=-xite*x2*h’;

fori=1:1:5
sys(i)=S(i);

end

function sys=mdlOutputs (t,x,u)

global cbalfa

gd=u(l) ;
dgd=cos (t) ;
ddgd=-sin(t);

g=u(2) ;dg=u(3);

e=g-qd;
de=dg-dqgd;
M=1.0;
w=M*alfa*de;
Gama=0.10;

xi=[e;de];
h=zeros (5,1) ;
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for j=1:1:5
h(j)=exp(-norm(xi-c(:,3))"2/(2*b(3)*b(F)));

end

WE=[x(1) x(2) x(3) x(4) x(5)]1";

x2=de+alfa*e;

S=2;

if S==1 $Without RBF compensation
ut=-w-0.5*1/Gama"2*x2-0.5*x2;

elseif S==2 %$With RBF compensation
ut=-w+Wf’*h-0.5*1/Gama"2*x2-0.5*x2;

end

T=ut+M*ddqgd;

NN=Wf '’ *h;
sys(1l)=T;
sys (2)=NN;

S function for plant:chap6_5plant.m
function [sys,x0,str, ts]=plant(t,x,u,flag)

switch flag,
case 0,
[sys,x0,str,ts]l=mdlInitializeSizes;
case 1,
sys=mdlDerivatives (t,x,u) ;
case 3,

sys=mdlOutputs (t,x,u) ;
case {2, 4, 9}
sys=1[1];
otherwise
error ([ ’Unhandled flag = ' ,num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;
sizes.NumContStates =2;
sizes.NumDiscStates =0;
sizes.NumOutputs = 3;
sizes.NumInputs = 2;
sizes.DirFeedthrough =0;
sizes.NumSampleTimes = 0;
sys=simsizes (sizes) ;
x0=[0.1007];
str=1[1;
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ts=1[1;

function sys=mdlDerivatives(t,x,u)
J=1.0;

d=150*sign(x(2))+10*x(2) ;

T=u(l);

sys(1l)=x(2);

sys(2)=1/J3*(T-d) ;

function sys=mdlOutputs (t,x,u)
d=150*sign(x(2))+10*x(2) ;
sys(1l)=x(1);

sys(2)=x(2);

sys (3)=d;

Plot program:chap6_5plot.m
closeall;

figure (1) ;

subplot (211) ;
plot(t,yd(:,1),'r',t,y(:,1),'k:","linewidth’,2) ;
xlabel (‘time(s) ') ;ylabel (‘position signal’) ;
legend(’ideal position signal’, 'position tracking’) ;
subplot (212) ;

plot(t,yvd(:,2), 'r’,t,y(:,2),'k:’", "linewidth’,2);
xlabel ('time(s) ') ;ylabel ('Speed tracking’) ;

legend(’ideal speed signal’, 'speed tracking’) ;

figure (2) ;

subplot (211);

plot(t,yd(:,1)-y(:,1),’k’, "linewidth’,2);

xlabel (‘time(s) ') ;ylabel ('position signal error’) ;
legend(’'position tracking error’) ;

subplot (212) ;

plot(t,yd(:,2)-y(:,2),'k’, "linewidth’,2);

xlabel (‘time(s) ') ;ylabel ('Speed tracking error’) ;
legend (' speed tracking error’) ;

figure (3) ;
plot(t,v(:,3),'r’',t,u(:,2),'k:", " linewidth’,2) ;
xlabel (‘time(s) ') ;ylabel ('F and Estimated F’) ;

legend (’'Practical Friction’, 'Estimated Friction’) ;
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Programs for Sect. 6.3.3.2

Simulink main program: chap6_6sim.mdl

Mo Mux
du/dt
To workspacel

Derivative Mux2
s —1]
'V To workspace3
Sine wave
‘ Mux Chap6_6ctrl Chap6_6plant y
A S-function S-functionl To workspace7
) Vv Mux1
Sine wavel
[ Mux yd2
du/dt
T k 2
Derivativel Mux3 0 workspace

Clock To workspace

S function for control law and adaptive law: chap6_6ctrl.m

function [sys,x0,str, ts] = Robust_RBF (t, x,u, flag)
switch flag,

case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
casel,
sys=mdlDerivatives (t,x,u);
case 3,

sys=mdlOutputs (t,x,u) ;
case {2,4,9}
sys=I[1;
otherwise
error ([ 'Unhandled flag = ' ,num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
global cbalfa
c=0.5*[-3-2-10123;
-3-2-10123;
-3-2-10123;
-3-2-101237;
b=10*ones (7,1);
alfa=20;
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sizes = simsizes;
sizes.NumContStates = 14;
sizes.NumDiscStates =0;
sizes.NumOutputs =4;
sizes.NumInputs = 8;
sizes.DirFeedthrough =1;
sizes.NumSampleTimes = 0;
sys = simsizes (sizes) ;

x0 = [zeros (14,1)1];
str=1[1;
ts=11;

function sys=mdlDerivatives (t,x,u)
global cbalfa

gdl=u(l) ;gd2=u(2) ;
dgdl=cos (t) ;dgd2=cos(t) ;
dgd=[dgdl dgd2] ' ;
ddgdl=-sin(t) ;ddgd2=-sin(t) ;
ddgd=[ddqgdl ddgd2] ’ ;

gl=u(3);dgl=u(4);
g2=u(5) ;dg2=u(6) ;

el=qgl-qgdl;
e2=qg2-qd2;
e=[ele2]’;
del=dgl-dgdl;
de2=dqg2-dgd2;
de=[del de2]"’;
x2=de+alfa*e;

xi=[el;e2;del;de2];

$xi=[qgl;dgl;qg2;dq2];

h=zeros(7,1);

for j=1:1:7
h(j)=exp(-norm(xi-c(:,3))"2/(2*b(3)*b(3)));

end

% Adaptive Law
xite=1500;
S=-xite*x2*h’;
fori=1:1:7
sys(i)=S(1,1);
sys (i+7)=S(2,1);
end
function sys=mdlOutputs (t,x,u)
global cbalfa



188 6 Adaptive RBF Control Based on Global Approximation

gdl=u(l);qd2=u(2) ;
dgdl=cos(t) ;dgd2=cos(t) ;
dgd=[dqgdl dgd2] ‘" ;
ddgdl=-sin(t) ;ddgd2=-sin(t) ;
ddgd=[ddgdl ddgd2] "’ ;

gl=u(3);dgl=u(4);
g2=u(5) ;dg2=u(6) ;

el=qgl-qdl;
e2=qg2-qgd2;
e=[ele2]’;
del=dgl-dgdl;
de2=dg2-dgd2;
de=[del de2]’;

r1l=1;r2=0.8;
ml=1;m2=1.5;

Mll=(ml+m2) *rl1"24+m2*r2°2+2*m2*rl*r2*cos(x(3));
M22=m2*r2"2;

M21=m2*r2°24+m2*rl*r2*cos(x(3));

M12=M21;

M=[M11M12;M21 M22];

V12=m2*rl*sin(x(3));
V=[-V12*x(4) -V12* (x(2)+x(4));V12*x (1) O
gl=(ml+m2) *rl*cos (x(3))+m2*r2*cos (x(1)+
g2=m2*r2*cos (x(1)+x(3));

G=I[gl;g2];

]
x(3));

w=M*alfa*de+V*alfa*e;
Gama=0.050;

xi=[el;e2;del;de2];

$xi=[ql;dql;q2;dq2];

h=zeros(7,1);

for j=1:1:5
h(j)=exp(-norm(xi-c(:,3))"2/(2*b(J)*b(3)));

end

WE=[x (1) x(2) x(3) x(4) x(5) x(6) x(7);
x(8) x(9) x(10) x(11) x(12) x(13) x(14)1";

S=2;

if S==1 $Without RBF compensation
ut=-e-w-0.5*1/Gama"2* (de+alfa*e) ;

elseif S==2 $Without RBF compensation

x2=de+alfa*e;
ut=-w+Wf’*h-0.5*1/Gama"2*x2-0.5*%x2;
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end
T=ut+M*ddgd+V*dqgd+G;

NN=Wf '’ *h;

sys(1)=T(1);
sys(2)=T(2);
sys(3)=NN(1) ;
sys (4)=NN(2) ;

S function for plant:chap6_6plant.m
function [sys,x0,str, ts]=plant(t,x,u,flag)

switch flag,
case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
case 1,
sys=mdlDerivatives (t,x,u);
case 3,

sys=mdlOutputs (t,x,u);
case {2, 4, 9}

sys=1[1;
otherwise

error ([ 'Unhandled flag = ', num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;
sizes.NumContStates =4;
sizes.NumDiscStates =0;
sizes.NumOutputs = 6;
sizes.NumInputs = 4;
sizes.DirFeedthrough =0;
sizes.NumSampleTimes = 0;
sys=simsizes(sizes);
x0=[00007];
str=[1;
ts=[1;
function sys=mdlDerivatives(t,x,u)
rl=1;r2=0.8;
ml=1;m2=1.5;

Mll=(ml+m2) *rl1"2+m2*r2"2+2*m2*rl*r2*cos (x(3)) ;
M22=m2*r2"2;

M21=m2*r2°2+m2*rl*r2*cos(x(3));

M12=M21;

M=[M11M12;M21 M22];

V12=m2*rl*sin(x(3));
V=[-V12*x(4) -V12* (x(2)+x(4));V12*x (1) 0];
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gl=(ml+m2) *rl*cos (x(3))+m2*r2*cos(x(1)+x(3));
g2=m2*r2*cos (x(1)+x(3));
G=[gl;g2];

D=[10*x(2)+30*sign(x(2)) 10*x(4)+30*sign(x(4))]"’;

S=inv (M) * (T-V*[x(2);%x(4)]1-G-D) ;
sys(l)=x(2);
sys(2)=S(1);
sys(3)=x(4);
sys(4)=S(2);

function sys=mdlOutputs (t,x,u)

30*sign(x(2)) 10*x(4)+30*sign(x(4))]"’;

—_— — — — — 4

sys(6)=D(2) ;
Plot program:chap6_6plot.m
closeall;

figure (1) ;

subplot (211) ;

plot(t,ydl(:,1), 'r’,t,y(:,1),’k:’, "linewidth’,2);
xlabel ('time(s) ') ;ylabel ('Position tracking of 1link 1');

legend(’ideal position forlinkl’, 'position tracking for
link 17);
subplot (212) ;

plot(t,yd2(:,1),'r’,t,y(:,3),'k:’, "linewidth’,2);
xlabel ('time(s) ') ;ylabel ('Position tracking of 1ink 2') ;
legend(’ideal position forlink2’, 'position tracking for
link 27);

figure (2) ;

subplot (211) ;

plot(t,ydl(:,2), 'r’,t,y(:,2),'k:’, "linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('Speed tracking of 1ink 2") ;

legend (’ideal speed for 1link 1’, 'speed tracking for link
17);

subplot (212) ;
plot(t,yd2(:,2),'r’,t,y(:,4), 'k:", "1linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('Speed tracking of 1ink 2") ;
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legend(’ideal speed for 1link 2’,’'speed tracking for
link 27);

figure (3) ;

subplot (211) ;
plot(t,y(:,5),'r",t,u(:,3),’k:","linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('dl’);

legend(’ideal delta_f for 1link 1’, "estimation of delta_f
for 1inkl’) ;

subplot (212) ;
plot(t,y(:,6),'r’",t,u(:,4),’k:","linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('d2’);

legend(’ideal delta_f for 1ink 2’, "estimation of delta_f
for 1ink2") ;
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Chapter 7
Adaptive Robust RBF Control Based on Local
Approximation

Abstract This chapter introduces three kinds of adaptive robust RBF controllers
for robotic manipulators based on local approximation, including robust adaptive
controller based on nominal model, adaptive controller based on local model
approximation, and adaptive controller based on task space.

Keywords Neural network « Adaptive control « Local approximation ¢ Robotic
manipulators

GL matrix was proposed and applied to analyze adaptive neural network control
system stability [1-4]. In this chapter, we use GL matrix to design adaptive
controller for n-link manipulators based on RBF local approximation.

7.1 Robust Control Based on Nominal Model for Robotic
Manipulators

7.1.1 Problem Description

Consider dynamic equation of n — link manipulator as

M(q)g +C(g.9)q +G(q) =7 — 74 (7.1)

where M(q) is an n x n inertia matrix, C(g,q) is an n X n matrix containing the
centrifugal and Coriolis terms, G(g) is an n X 1 vector containing gravitational
forces and torques, ¢ is generalized joint coordinates, 7 is joint torques, and 74
denotes disturbances.

In practical engineering, M(q), C(q,4) and G(q) are often unknown, which can be
expressed as

J. Liu, Radial Basis Function (RBF) Neural Network Control for Mechanical Systems: 193
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M(q) = Mo(q) +Enm
C(q’q) = CO(q’q) + EC
Go(q) + Eg

Q
—~
=
S~—"
Il

where Ey, Ec, and Eg are modeling error of M(q), Co(q.q), and G(q) respectively.

7.1.2 Controller Design

Define position tracking error as

e(t) = qq(1) — (1)

where g,4(¢) is ideal position signal and ¢(¢) is practical position signal.
Define sliding mode function as

r=e-+Ae (7.2)
where A > 0.

Define ¢, = r() + q(), then g, = i-(t) + §(7), ¢, = 44 + Ae, and G, = g, + Aé.
From (7.1), we have

M(q)g +C(q.4)q +G(q) + 7

M(q)(g, —7) +C(q.9)(q; — ) + G(q) + 7a

=M(q)4, +C(q.9)4; + G(q) — M(q)i — C(q.g)r + 74

= Mo(9)§; + Co(q:9)4; + Go(q) + E' —M(q)i — C(q.9)r +1a  (7.3)

where E' = Eyqg, + Ecq, + EG.
For the system, a controller was proposed as [1]

T=1Tn —|—Kpr—i—Kiert—i—1'r (7.4)

where K, > 0, K; > 0, 7,, denotes control term based on nominal model, 7, denotes
robust term, and

Tm = Mo(q)qr + Co(q’q)qr + G()(q) (7.5)
7, = K,sgn(r) (7.6)

where K, = diagkyi|, ki > |Eil,i=1,...,n, and E = E' + 14.



7.1 Robust Control Based on Nominal Model for Robotic Manipulators 195
From (7.3)—(7.6), we have

Mo(q)§, + Co(4.9)q, + Go(q) — M(q)i — C(q.q)r + E' + 7,
t
= Mo(@)i, + Colad)d, + Gola) + Kyr + Ki | rar + Kisgar).
0
Thus,

t

M(q)iF +C(q.9)r + K; J rdt = —K,r — K;sgn(r) + E. (7.7
0

7.1.3 Stability Analysis

An integration-type Lyapunov function is designed as [1]

1 1 t T t
V=-r"Mr+- J rdr | K; J rdr ), (7.8)
2 2\, 0

Then
. 1. 4
V=l [MF+EMF+K1J rdT:|.
0
Considering the skew-symmetric characteristics of manipulator dynamic equa-
tion, rT(M — 2C)r = 0, we have
. t
V=r" [Mi+Cr+KiJ rdr}.
0

Substituting (7.7) into above, we have
V=—r"Ky —r'Ksen(r) + r'E

n
=— rTKpr — ZKriiMi +r'E.
i=1
Considering k; > |E;|, then

\Y4 < —rTKpr <0.
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Hence,

t t
Amin (KP)J r'r < J r'K,r < V(0)
0 0

where Amin(K}) is the minimum eigenvalue of K,,.

Since V(0) and Awin(Kp) are positive constants, it follows that r € L. Conse-
quently, e € LS NL" , e is continuous, e — 0 as t — oo, and e € L.

Furthermore, since A4 < — TKpr <0, it follows that 0 <V < V(0), V¢ >0.
Hence, V(1) € Lo implies that [j rdr is bounded.

Frome c Ly NL: , e € L} and ¢4, g4 € L, we can conclude that ¢, € L and
g, € L%, by observing that r € L7, and from ¢4,z € L, we can conclude that
re Ll from (7.7) and T € L from (7.4).

Using the fact that » € L7 and 7 € L” , thus r — 0 as t — oo. Hence, ¢ — 0 as
t — oo. This completes the proof.

The shortcoming of the controller is that nominal model of the robotic
manipulators must be known, and big uncertainties will need big k,;;, which will
deduce big control chattering. To overcome this problem, we can use RBF neural
network.

7.1.4 Simulation Example

The dynamic equation of two-link manipulator is

M(q)q+C(q.9)9 +G(q) =7 — 74

where

M(q) = | +p2+2p3cos g pa+p3cos @2
D2 +Pp3cos ¢ D2
.\ | =P3qasin g2 —p3(q; + g2) sin q2
Clq.9) = [ psdi Sin 4o 0

P48 cos q1 + psgcos (q1 + ¢2) .
G(q) = , T4 = 20sgn (q).
(@ L’sg cos (g1 +q2) } d en (4)

Choose p=[2.90 0.76 0.87 3.04 0.87]", the initial states of the plant

are g, =[0.09 —0.09]" and g, =[0.0 0.0]", and consider My = 0.8M,
Co=0.8C, Gy =0.8G.
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Fig. 7.1 Position and speed tracking for link 1

The desired trajectory is g4y = 0.5 sin (#7) and ¢4 = sin(xt). In simulation, we
use control law (7.4), (7.5), and (7.6), and the parameters are chosen as K, =

100 0 100 0 15 0 50 0
{o 100]’Ki_{0 100}’&_{0 15}’*‘“‘1"_{0 5.0]'The

simulation results are shown in Figs. 7.1 and 7.2.

The Simulink program of this example is chap7_1sim.mdl; the Matlab programs
of the example are given in the Appendix.

7.2 Adaptive RBF Control Based on Local Model
Approximation for Robotic Manipulators

7.2.1 Problem Description

Consider dynamic equation of n — link manipulator as

M(q)g+C(g.9)4+G(q) =7 (7.9)

where M(q) is an n X n inertia matrix, C(q,§) is an n X n matrix containing the
centrifugal and Coriolis terms, G(g) is an n X 1 vector containing gravitational
forces and torques, ¢ denotes angle signal, and 7 is joint torques.

In practical engineering, M(q), C(q.q), and G(q) are always unknown. In this
section, we use three kinds of RBF to model M(q), C(q.9), and G(q), respectively.
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Fig. 7.2 Position and speed tracking for link 2

We assume the outputs of ideal RBF neural network are Msnn(q), Cponn(g.4), and
Gsnn(q), respectively, that is,

M(q) = Msan(q) + Ewm (7.10)
C(q.9) = Conn(q.q) + Ec (7.11)
G(q) = Gsan(gq) + Eg (7.12)

where Ey;, Ec, and Eg are modeling error of M(q), C(q,g), and G(q), respectively.
Then we have

M(q)4, + C(4.9)q, + G(q) = Msnx(q)g; + Conn(4.9)4, + G(q) +E
=[WaIT- (2@} + [(We) T {Ec@)}] 4
+ [Wa)" - {2a(@)}] +E (7.13)
where Wy, W¢, and W are ideal weight value of RBF; =y, Z¢, and 2 are output of

hidden layer; and E = Engq, + Ecq, + EG.
The estimates of Msnn(q), Conn(¢.9), and Gsnn(g) can be expressed by RBF as

Mow(g) = [(Wa}" - {2u(@))] (7.14)
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Con(g.d) = [{We}' - {Zc ()]

Gsw(a) = [(We}' - {Za(a)}]

199

(7.15)

(7.16)

where {Wy}, {Wc}, and {Wg)} are estimates of {Wy}, {Wc}, and {Wg},

T ~T]T_

respectively, and z = [¢T ¢

7.2.2 Controller Design

Define
e(t) = qq4(1) — q(1)
g =r(1) +4(1)
g. = (1) +4(7)

where g4(7) is ideal position signal and g(¢) is practical position signal.
Define

r=e+ Ae.

Then we have ¢, = ¢, + Ae and ¢, = g4 + Ae, A > 0.
Submitting (7.18) and (7.19) into (7.9), we have

7=M(q)4 + C(q.9)q + G(q)
=M(q)4, + C(q.9)4, + G(q) — M(q)i-C(q.9)r

=[W)" - (2@} o+ [(We)" - {2c@}] 4+ [(We) - {Z(a)}]
—M(q)i — C(q.q)r + E.

For the system, the controller is proposed as [1]
T=1Tn +Kpr+Ki/rdt+Tr
= MSNN(Q)ZI} + é'DNN(‘IJI)‘L + GSNN(Q) + Kpr + K; / rdt + 7,
= [} (Eu@}d + [(We} - {Zc@}a + [{We} - {Za(@)}

—i—Kpr—i—Ki/rdt—i—*rr

(7.17)

(7.18)

(7.19)

(7.20)

(7.21)

(7.22)
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where K, > 0 and K; > 0.
The model-estimated control law is designed as

Tm = Msxn(9)d, + Conn(9:9)4, + Gsan(q).- (7.23)
The robust term is designed as
7, = K,sgn(r) (7.24)
where K, = diag[k;], and ki > |E;|.
From (7.21) and (7.22), we have
M@+ Cladr+ Ky + Ki | rare = [(0) (3u(a)) ]
+ [} {2c@}a,
+ [(We)" {Ze(@} ] + B (7.25)

where WM = WM — WM, WC = Wc — Wc, and WG = WG — WG.
The Eq. (7.25) can be rewritten as
t

M(q)i+C(q,q)r + K; J rdt = — Kpr — K,sgn(r)
0

+ [ (En@) e + [(We)" - 124,

+ [(We}" - {Za(q)}] +E. (7.26)

The adaptive law is designed as [1]

Wik = Dnai - {Eni (@) }iore (7.27)
Wer = er {€ci(2)}q,rs (7.28)
War = Fow - {&ci (@)} (7.29)

where k =1,2,... n.

7.2.3 Stability Analysis

An integration-type Lyapunov function is designed as [1]
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1 L N 1< .
V=r"Mr 4~ (J rdr) K <J rdr) o) Wiy W
2 2\ o 0 2 £

1< ~ 1<~ ~
3 Y WolclWe 3 > Wl 6iWar (7.30)
= k=1

where I'vii, I'cr, and ', are symmetric positive-definite constant matrices.
The derivative is given by

) 1. ‘ n o . n -
V=" |:Mr +5Mr + K J rdT:| + Y WD Wwe + > WET G W
0 k=1 k=1
+Y WET G W
k=1

Considering the skew-symmetric characteristics of manipulator dynamic equa-
tion, rT(M — 2C)r = 0, we have

" n . n .
V=" {Mi~ +Cr+K; L I’d’l‘] + Z Wi v Wi + Z Wl o We
k=1 k=1

n .
+ > Wal g War.
k=1

Submitting (7.26) into above, we have

V =—r"K,r — r'K;sgn(r) +r" [{WM}T : {EM}} 4;

+rT [{VVC}T : {EC}} g, +r" [{WG}T . {EG}} +r'E

n . n . n )
Y Wil W + > WET G We+ Y WET G War
k=1 k=1 =1
since

3 T ..

{VYMI}T {&m1 14:

~ T _ . W . ..r

T A L | S LT .{EMz}q

W} {6 }ir

= Z {WMk}T A&t
k=1
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For the same reason, we have

WeY (EcHd = > Werd - {Eeitan
k=1

T _ LI
rt [{WG} '{:G}} = ZWGk ~Ecii-
=1
Thus,
: T .
V=- rTKpr—|— r'E — r'Ksgn(r) + Z {Wor} - {&pita,re
k=1

+ Z {(Wer} - {Eci}gore + Z W - Eiri
k=1 k=1

+ Y WHIG Wi+ > WETGWer + Y We T War

k=1 k=1 k=1

since

Wi = —Wwi, Wer = —Wei, and Wer = —Wer

Inserting adaptive law (7.27), (7.28), and (7.29) into above and considering k;;
> |E;|, we have

V=— TKpr +rE - TKrsgn(r) < —rTKpr <0.

Hence,

t t
Amin (KP)J rir< J r'K,r <V(0)
0 0

where Amin(K}) is the minimum eigenvalue of K,,.

Since V(0) and Anin(Kp) are positive constants, it follows that r € L. Conse-
quently, e € LS N L%, e is continuous, e — 0 as t — oo, and e € L.

Furthermore, since V < —rTK,r < 0, it follows that 0 < V < V(0), V¢ > 0.
Hence, V(t) € L, implies that J}; rdz, Wy, Wer, and Wy are bounded, that is,
WMk, WCk and WGk are bounded.

Frome € Ly NL: , e € L}, and ¢4,44 € L , we can conclude that ¢, € L and
q, € L, by observing that r € L}, and from g4,7, € L’ , we can conclude that
7 e Ll from (7.26) and T € L from (7.22).

Using the fact that » € L} and 7 € L”_, thus r — 0 as t — oo. Hence ¢ — 0 as
t — o0. This completes the proof.
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Fig. 7.3 Position and speed tracking

7.2.4 Simulation Examples

7.2.4.1 First Example

Consider a simple plant as

M(q)gG +C(q.9)g +G(q) =7

where M = 0.1+ 0.06sin g, C =3¢+ 3cos g, G =mglcos g, m=0.02, | =
0.05, and g =9.8.

The initial states of the plant are ¢(0) = 0.15and §(0) = 0. The desired trajectory
is g¢ = sin .

For RBF neural network, the structure is 2-7-1, the input is z = [¢ ¢], and the
parameters of Gaussian functions ¢ and b; are designed as
[-1.5 —1.0 —-0.5 0 0.5 1.0 1.5]and20.The initial weight value ischosen
as zero. We use control law (7.22), (7.23), and (7.24) and adaptive law (7.27), (7.28),
and (7.29), the parameters are chosen as K; = 0.10, K, = 15, K; = 15,and A = 5.0,
the gain in the adaptive law (7.27), (7.28), and (7.29) is I'yy = 100, I'c = 100 and
I'g = 100, respectively. The results are shown from Figs. 7.3, 7.4, and 7.5.

The Simulink program of this example is chap7_2sim.mdl, and the Matlab
programs of the example are given in the Appendix.

Just like the explanation in section “simulation of a simple adaptive control
system,” the variation of the elements of M(q), C(q.4), and G(g) do not converge to
M(q), C(q.4), and G(q). This is due to the fact that the desired trajectory is not
persistently exciting, and this occurs quite often in real-world application.
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Fig. 7.5 Estimation of M(q), C(q.q) and G(q).
7.2.4.2 Second Example

Not considering friction and disturbance, the dynamic equation of two-link manip-
ulator is

M(q)g+C(q.9)4+G(q) =7
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where

P1+p2+2p3cos g pr+p3cos g ]
D2+ p3cos g2 P2 i
—p3gysin gy —p3(q, + G) sin ¢ ]
P34 sin o 0 ]
{mg cos g1 +psgcos (q1 + q2) ]
P58 cos (q1 + q2) ]

M- |
Clad) - |

G(q) =

Choose p=[2.90 0.76 0.87 3.04 0.87]", and the initial states of the
plant are g, = [0.09 —0.09]" and ¢, = [0.0 0.0]".

The desired trajectory is ¢q; = 0.5 sin (2¢) and ¢qp = sin (#7). In simulation,we
use control law (7.22), (7.23), and (7.24) with adaptive law (7.27), (7.28), and

(7.29), and the parameters are chosen as K, = [180 180], K; = {]80 180} )

K, = [O(')l 0(.)1 } , and A = {5(')0 5(.)0] . The element of the gain matrix in the
adaptive law (7.27), (7.28), and (7.29) is I'vy =5, I'cy =10 and I'gy =5,
respectively .

For RBF neural network, the structure is 2-5-1. For M(q) and G(gq), the input is
z=[q1 q»]. ForM(q) and G(q), the inputisz=1[q1 ¢ ¢, ¢»]

The parameters of Gaussian functions ¢; and b; are designed as
[-1.5 —-1.0 —05 0 05 1.0 1.5] and 10. The initial weight value is
chosen as zero. The simulation results are shown from Figs. 7.6, 7.7, 7.8, and 7.9.

For the same reason, the variation of the norm of M(q), C(q, ¢), and G(g) do not
converge to the norm of M(q), C(q,q) and G(q).

The Simulink program of this example is chap7_3sim.mdl, and the Matlab
programs of the example are given in the Appendix.

7.3 Adaptive Neural Network Control of Robot Manipulators
in Task Space

The adaptive neural network control can be further extended to the task space or the
so-called Cartesian space [3, 4]. To apply robot manipulators to a wide class of
tasks, it will be necessary to control not only the position of the end effector but also
the force exerted by the end effector on the object. By designing the control law in
task space, force control can be easily formulated. Most controllers proposed thus
far for adaptive manipulator tracking in the task space require some sort of inverse
of the Jacobian matrix [5]. However, it is time-consuming and quite difficult to
obtain the inverse of the Jacobian matrix. By directly parameterizing the control
law, the inverse of the Jacobian matrix is not needed in this section.
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Fig. 7.6

Fig. 7.7
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In this section, reference to the paper [4], an adaptive neural network controller
design of robot manipulators in task space is introduced. RBF neural networks are
used, uniformly stable adaptation is assured, and asymptotically tracking is
achieved.
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Fig. 7.8 Control inputs of link1 and link 2
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Fig. 7.9 Norm estimation of M(q), C(q.q) and G(q)
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Fig. 7.10 Two-degree-of- X
freedom robot manipulator
m
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b

4_-

ml/

9

X1

7.3.1 Coordination Transformation from Task Space
to Joint Space

To express the system in the form of task space, we must express the end-effector
joint position coordinates (¢, g>) in the form of Cartesian coordinates (xy,x2).
From Fig. 7.10, we have
x; =lycos g1 + lcos(qr + q2) (7.31)
Xy = Iy sin g1 + L sin(gq; + q2) (7.32)
From (7.31) and (7.32), we have

x% +x§ = l% —|—l§ + 211y cos ¢

Thus

2 2_p_p
1 xl—i—xz—ll—lz)
= _ < .33
42 = cos ( S (7.33)

2 2 12 o 12
From the book [6], if we let p; = arctanﬁ and p, = arccos%
X 20 \/xF + x5

then

= pl _p27 (I2 > O
"o {Pl +p2 @< 0. (7.34)

7.3.2 Neural Network Modeling of Robot Manipulators

Consider dynamic equation of n — link manipulator as

M(q)§+C(q.9)4+G(q) =7 (7.35)



7.3 Adaptive Neural Network Control of Robot Manipulators in Task Space 209

where M(q) is an n X n inertia matrix, C(q, q) is an n X n matrix containing the
centrifugal and Coriolis terms, G(g) is an n x 1 vector containing gravitational
forces and torques, ¢ denotes the vector of joint variables, and 7 is joint torques.
Usually, the manipulator task specification is given relative to the end effector.
Hence, it is natural to attempt to derive the control algorithm directly in the task
space rather than in the joint space. Denote the end-effector position and orientation
in the task space by x € R". The task space dynamics can then be written as [7]

M. (q)k + C.(q,q)x + G(q) = F« (7.36)

where M.(q) =J " (¢)M(q)J "' (q), Cx(q.4) =T "(q)(C(q,4) —D(q)J " (q)J
@) '(q), Gdg)=JT"(9Glq), F.=J"(g)r. J(g)€R™ s the
configuration-dependent Jacobian matrix, which is assumed to be nonsingular in
the finite work space Q.

The above dynamic equation has the following useful structure properties, which
can be used in the controller design.

Property 7.1. The inertia M, (q) is symmetric and positive definite.

Property 7.2. Matrix M. (q) — 2C,(q, ¢) is skew symmetric if C.(q, q) is defined
by the Christoffel symbols.

It is observed that both M,(q) and G.(q) are functions of g only; hence, static
neural networks are sufficient to model them. Assume that M, (q) and G,(q) can be
modeled as

mui(q) =D 0irin(@) + emi(q) = 0€,:(@) + emii(q)
1

gu(q) = Zﬁkﬂ?k!(‘l) + € (9) = Bim(q) + cq(q)
1

where 60y, f;; € R are the weights of the neural networks, &;(q), 1,(q) € R are
the corresponding Gaussian basis functions with input vector ¢, and emkj(q), and
€c(q) € R are the modeling errors of my;j(q) and gu(g), respectively, and are
assumed to be bounded.

For C(q, §), a dynamic neural network of ¢ and ¢ is used to model it. Assume
that c,(q, ¢) can be modeled as

cuj(q,4) = Z @i (2) + () = @y (2) + ai(2)
1

where z = [q" i]T]T €R™, and ay €R are the weights, &;(z) €R is the
corresponding Gaussian basis function with input vector z, and €q;(z) is the
modeling error of cj(g,¢), which is also assumed to be bounded.
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Therefore, the task space dynamics of the manipulators can be described as
M,(q)x + Ci(q,q)x + G,(q) = F, (7.37)

where

myj(q) = 0;,(q) + caii(q)
cwi(g,9) = akjfk/ z) + €uj(z)

(
gu(q) = Bim (@) + ca(q)

Using the GL matrix and its product operator [3], we can write M,(q) as

M.(q) = [{6}" {Z(@)}] + Eule) (7.38)

where {@} and {Z(q) } are the GL matrices with their elements being 6;; and &;(g),
respectively. En(g) € R™" is a matrix with its elements being the modeling errors

Emkl(q)
Similarly, for C,(q, ¢) and G,(q), we have

Ci(q.9) = [{A}" - {Z(2)}] + Ec(2) (7.39)

G.(q) = [{B} - {H(9)}] + Eq(9) (7.40)
where {A}, {Z(z)}, {B}, and {H(q)} are the GL matrices and vectors with their
elements being ay;, &;(z), B, andn,(q), respectively. Ec(z) € R""and Eg(q) € R"

are the matrix and vector with their elements being the modeling errors ¢.;(z) and
Egk(‘l), respectively.

7.3.3 Controller Design

Let x4(¢) be the desired trajectory in the task space and x4(¢) and X4(¢) be the desired
velocity and acceleration. Define

where A is a positive-definite matrix.
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Lemma 7.1 (Barbalat’s Lemma) [8] . Let i: R—NR be a uniformly continuous
function defined on [0, +00). Suppose that flim jg h(8)dé exists and is finite. Then
—00

we have tlim h(t) =0.

Lemma 7.2 [9]. Let e(r) = h(z) * r(z). “*” denotes convolution product; A(f) =
L~ 'H(s), where H(s) is an n x n strictly proper, exponentially stable transfer
function. If r € L3, thene € Ly N L. _, e € L}, eis continuous, ande — Oast — oo.
In addition, if r — 0 as t — oo, then e — 0.

Explanation of Lemma 7.1: Consider a second SISO system. We select r(f) = ¢
e(r) + é(1), then we have r(s) = e(s)(c +s) and e(s) = —-r(s), and thus H(s)
= YJ%L To guarantee H(s) a strictly proper, exponentially stable transfer function,
we can design ¢>0. Under these conditions, if r(f) = 0, we have ce(r) + ¢(r) = 0,

and the exponentially convergence can be guaranteed.

Denote the estimate of (%) by (-), and define () = (-) — (°); hence, {@}, {A} and
{B} represent the estimates of the true parameter matrices {@}, {A}, and {B},
respectively.

Design a general controller in the form [3]

AT .. AT . AT
Fo=[{6}" - {2(@)}|& + [{A} (2@} & + [(BY' - {H(9)}] +Kr
+ kgsgn(r) (7.41)
where K € R™" > 0, k, > ||E||, and E = Ex(q)¥%: + Ec(2)%: + Eg(q).

The first three terms of the control law are the model-based control, whereas the
K, term gives PD-type control, and the last term in the control law is added to
suppress the modeling error of the neural networks.

From the controller expression, it is clear that the controller does not require the
inverse of the Jacobian matrix. In real-time implementation, the practical control

input can be computed as 7 = J' (q)F,.
Substituting (7.38), (7.39), and (7.40) into (7.37), we have

{16y (2@)}] + Ew@ i+ { [{4)" - {Z(@)}] + Eelo) b
+ [{BY" - {H(@)}] + Ec(g) = F..
Applying the control law (7.41) into above equation yields

{[0"- 2@} + Buie) pe + {[{4)" (2@} + Bc@ i+ [(BY" - {H(@)}] + Ec(@)
= [0y (=@ + [} 2@} 5 + [(BY - {(H(@)}] +Kr + K sen(r).
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Substituting x = x; — r and X = X, — r into above yields

{[181" - (2@} + En@ } G — ) + { [{A)" 2@} + Be(a) } o — 1)+ [{BY' - {H(@)}] + Eo(a)
=[O 2@ )&+ [{A) (2@ + [(BY - {(H@)] + Kr + ksen(r) '

Simplifying the above equation yields

{[16)" (2@} + Ena) pi + {[{4)" - {2@)}] + Bc() }r + Kr + k;sen(r)
= {0} (=@} %+ [{A) (2@} % + [(BY - {H(@)}] +E.

Applying (7.38) and (7.39) into above equation yields

M, (q)r + C.(q,q)r + Kr + ks sgn(r)
= [0} (2@} & + [{A} (2@} |5+ [(BY - {H(@)}] + E. (7:42)

For the closed system (7.42), an adaptive law theorem is given as follows:

Theorem 7.1 [3]. For the closed-loop system (7.42), if K>0, k,>||E||, and the
adaptive weight value are designed as

O, = I - {€,(q)} s
&k =0 {‘Ek(z)}xrrk
B = Nun(g)r (7.43)

where I'y = I'T >0, Q, = Q] >0, and N; = N} >0, then 6, &, f, € L. and
ec LiNL!, eare continuous, e — 0, and e — 0 as t — oo.

o0

Proof:
Consider the nonnegative Lyapunov function as

1 1 n ~ - 1 n _ L 1 n ~ e
V= EFTMx(‘I)" + B Zogrk 0, + B Zasz lay + 5 ZﬂZNk "By
k=1 k=1 k=1
WhereI'y, Q,, N are dimensional compatible symmetric positive-definite matrices,

computing the derivative of V yields

. ) 1 . n_ s n ~ . n_ s
V=r'Mi+5r M+ D Or 0+ > a0 e+ > BN By
k=1 k=1 k=1
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Consider the property of skew symmetric of M, (q) — 2C,(q, §), then " (M — 2
C)r=0, and

V=r'(Md+Cr) = > 0T'0. > &0 0 — > FIN'B.
=1 =1 =1

Substituting (7.42) into above yields
n
. ~ T
V=—r"Kr—ka"sgn(r) + > {0} - {&(g) o + Z A& (2) Y
k=1

+ E Bin(q)ri +r"E — E 9EF219k - E &ZQ;I&k - E ﬁZNZIﬁk-
= = =1 =1
(7.44)

Substituting the adaptive law (7.43) into (7.44),with k;>||E||, yields

V = —r"Kr — k" sgn(r) + r"E < 0.

1. From V < —rTKr < 0 and K>0, it follows that r € L. From Lemma 7.1,
ecLiNL., éecLj, eiscontinuous, and e — 0 as t — oo.

2. Since V < —r"Kr < 0, it follows that 0 < V(¢) < V(0 ) and V¢ > 0. Hence, as
V(t) € Ly, this implies that r, 0, &, B, € Lo, that is, O, @y, B, € Lo
By observing that r € L}, xq,%4,%4 € L., {Z(q)}, {Z(z)}, and {H(q)} are

bounded basis functions, we can conclude that 7+ € L] from (7.42). Therefore, r is

uniformly continuous. The proof is completed using the Barbalat’s Lemma: if r is
uniformly continuous and r € L), then r — 0 as t — oo; hence, ¢ — 0 as t — oo.

7.3.4 Simulation Examples

Consider dynamic equation of two-link manipulator as
M(q)§ +C(q,4)q + G(q) =

where M(q) — |:m1 +my +2m3cos g2 my + m3 cos q2:| ’

my + m3 cos ¢ my

. —m3q, sin —m3(q; + ¢,) sin myg cos qi +msg cos(qi + qz2)
Clg,q) = [ 3¢> S 4 3(41 + ¢2) 112]7 G(g) = { o m;

msq, sin ¢ 0.0 msgcos (q1 + q2)

are the parameters given by My, =P +p L with My, = [my ma m3 my  ms ]T,
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P=I[pi p» ps ps ps], and L=[2 B LI, I 1,]", where p, is the
payload, /; and /, are the lengths of link 1 and link 2, respectively, and p is the
parameter vector of the robot itself.

The true parameters of the robot used for the simulation are
P=[166 042 0.63 3.75 1.25]Tkg m?>and [} =l = 1 m.

In order to test load disturbance rejection of the controller, a payload p; = 0.5
was put on at time ¢t = 4.0.

The desired trajectory in the Cartesian space is chosen as x4 () = 1.0 4+ 0.2 cos
(zt), xa2(t) = 1.0 4+ 0.2 sin (xt), which represents a circle of radius 0.2 m, and its
center is located at (x;,x;) = (1.0, 1.0)m. The robot is initially rested with its end
effector positioned at the center of the circle, that is, x(0) =[1.0 1.0]m and
x(0) =[0.0 0.0]m/s.

To express the system in the form of task space, we must use (7.33) and (7.34) to
express the end-effector position in the form of Cartesian coordinates.

The Jacobian matrix J(gq) is known as

J(q) = —lysin(q1) — Lysin(qy +q2) —lsin(q + q2)
lycos(q1) + lacos (q1 +q2) lhcos(qr+q2) |

Thus,

—lycos (q1) — L cos(q1 +q2) —lcos(qr + 6]2)] .
~lysin(g1) — bsin(qi +¢q2)  —bsin(qi+gq2) |
{—lz cos(q1 +q2) —lhcos (g1 + 6]2)} )
—bsin(q1 +q2) —hsin(q) + ¢2) z

i) =|

For each element of M,(g) and G,(q), the input of RBF is ¢, and seven neural
nets in hidden layer are designed. For each element of C,(q, ), the input of RBF is
(¢,4), and also seven neural nets in hidden layer are designed.

For each Gaussian function, the parameters of ¢; and b; are designed as
[-15 —1.0 —-0.5 0 05 1.0 1.5] and 10. The initial weight value is
chosen as zero. We use the control law (7.41) and adaptive law (7.43), and the
30 0

parameters are chosen as K = |: 0 30

} , ks = 0.5. According to Lemma 7.2, we

choose A = [105 105} The gains in the adaptive law (7.43) were given as Iy
= diag{2.0}, Q, = diag{0.10}, N, = diag{5.0}, respectively. The results are
shown from Figs. 7.11, 7.12, 7.13, 7.14, and 7.15.

The variation of the norm of ||M,(q)||, ||C«(q, ¢)||, and ||G.(g)|| do not converge
to ||M.(q)|], ||Cx(q,q)||, and ||Gy(q)||. This is due to the fact that the desired
trajectory is not persistently exciting, and this occurs quite often in real-world
application.
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The Simulink program of this example is chap7_4sim.mdl, and the Matlab
programs of the example are given in the Appendix.

Appendix

Programs for Sect. 7.1.4

Simulink main program:chap7_1sim.mdl

Chap7_linput

S-Function2

Clock To

Workspace

Demux

L

Ix‘
|

=
£ ]
e
>

Chap7_lectrl ’»

*1Chap7_1 plant }—

S-Function3 Integrator

S-Function

S-Functionl

Demux

Tracking command program:chap7_1linput.m

function [sys,x0,str, ts] = spacemodel (t,x,u,flag)

switch flag,

case 0,

[sys,x0,str,ts]=mdlInitializeSizes;

Position

|

Position3

]

Position4
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casel,
sys=mdlDerivatives (t,x,u);
case 3,
sys=mdlOutputs (t,x,u);
case {2,4,9}
sys=1I[1;
otherwise
error ([ 'Unhandled flag = ' ,num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;
sizes.NumContStates =0;
sizes.NumDiscStates =0;
sizes.NumOutputs = 6;
sizes.NumInputs = 0;
sizes.DirFeedthrough =0;
sizes.NumSampleTimes =1;
sys = simsizes (sizes) ;

x0=1[1;
str=1[1;
ts=[007;

function sys=mdlOutputs (t,x,u)
gqdl=0.5*sin(pi*t) ;
d_gdl=0.5*pi*cos(pi*t);
dd_gdl=-0.5*pi*pi*sin(pi*t);
gd2=sin(pi*t);
d_gd2=pi*cos(pi*t);
dd_gd2=-pi*pi*sin(pi*t);

sys (1l)=qdl;
sys (2)=d_qgdl;
sys (3)=dd_qgdl;
sys (4)=qd2;
sys (5)=d_gd2;
sys (6)=dd_qgd2;

S function for control law:chap7_1lctrl.m

function [sys,x0,str, ts] = spacemodel (t,x,u,flag)
switch flag,
case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
case 3,

sys=mdlOutputs (t,x,u);
case {1,2,4,9}
sys=I[1;
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otherwise

error ([ 'Unhandled flag = ' ,num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;
sizes.NumContStates =0;
sizes.NumDiscStates =0;
sizes.NumOutputs = 2;
sizes.NumInputs =12;
sizes.DirFeedthrough =1;
sizes.NumSampleTimes = 0;
sys = simsizes (sizes) ;
x0=11;
str=1[];
ts=11;
function sys=mdlOutputs (t,x,u)
gdl=u(1);
dgdl=u(2) ;
ddgdl=u(3) ;
gd2=u(4);
dgd2=u(5) ;
ddgd2=u(6) ;

gl=u(7);
dgl=u(8);
g2=u(9);
dg2=u(10) ;
dg=[dgl;dqg2];

el=qgdl-qgl;
e2=qgd2-g2;
del=dgdl-dqgl;
de2=dqgd2-dqg2;
e=[el;e2];
de=[del;de2];
Fai=b*eye(2);
r=de+Fai*e;

dgd=[dgdl;dgd2] ;
dgr=dgd+Fai*e;
ddgd=[ddgdl;ddqgd2] ;
ddgr=ddgd+Fai*de;

.8;
(1)+p (2) +2*p(3) *cos (g2) p(2)+p(3) *cos (qg2) ;
p(2)+p(3)*cos(g2) p(2)];
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C=[-p(3)*dg2*sin(qg2) -p(3) * (dgl+dqg2) *sin(q2) ;
p(3)*dgl*sin(g2) 0];
G=[p(4)*g*cos(gl) +p (5) *g*cos (gl+g2) ;

p(5) *g*cos (gl+g2) ]

’

MO0=0.8*M;
C0=0.8*C;
G0=0.8*G;

tolm=MO0*ddgr+CO*dgr+GO0;

EM=0.2*M; EC=0.2*C; EG=0.2*G;
E1=EM*ddgr+EC*dgr+EG;
told=20*sign (dq) ;
E=El+told;

Kr=15*eye (2); $Krii>=Ei
tolr=Kr*sign(r) ;

Kp=100*eye (2) ;
Ki=100*eye(2) ;

I=[u(1ll);u(12)];
tol=tolm+Kp*r+Ki*I+tolr;

sys(l)=tol(1l);
sys(2)=tol(2);

S function for control integrator: chap7_1li.m

function [sys,x0,str, ts] = spacemodel (t,x,u,flag)
switch flag,
case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
case 3,

sys=mdlOutputs (t,x,u);
case {2,4,9}
sys=I[1];
otherwise
error ([ 'Unhandled flag = ' ,num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;
sizes.NumContStates =0;
sizes.NumDiscStates =0;
sizes.NumOutputs = 2;
sizes.NumInputs = 10;
sizes.DirFeedthrough =1;
sizes.NumSampleTimes = 0;
sys = simsizes (sizes) ;
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x0=1[1;

str=1[1];

ts=1[1];

function sys=mdlOutputs (t,x,u)
gdl=u(1);

dgdl=u(2) ;

ddgdl=u(3) ;

gd2=u(4) ;

dgd2=u(5) ;

ddgd2=u(6) ;

gl=u(7);
dgl=u(8);
g2=u(9);
dg2=u(10) ;
g=I[al;qg2];

el=qgdl-gl;
e2=qd2-g2;
del=dqgdl-dqgl;
de2=dgd2-dq2;
e=[el;e2];
de=[del;de2];
Fai=b*eye(2);
r=de+Fai*e;

sys(l:2)=r;
S function for plant: chap7_1plant.m

function [sys,x0,str, ts]=s_function(t,x,u,flag)

switch flag,
case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
casel,
sys=mdlDerivatives (t,x,u);
case 3,

sys=mdlOutputs (t,x,u) ;
case {2, 4, 9}

sys=11;
otherwise

error ([ ’'Unhandled flag = ' ,num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;
sizes.NumContStates =4;
sizes.NumDiscStates =0;
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sizes.NumOutputs = 4;
sizes.NumInputs =2;
sizes.DirFeedthrough = 0;
sizes.NumSampleTimes = 0;
sys=simsizes (sizes);

x0=[0.090-0.0907;

str=[1;

ts=I[1;

function sys=mdlDerivatives (t,x,u)
=[2.90.760.873.040.87];

g=9.8;
=[p(1)+p(2)+2*p(3) *cos (x(3)) p(2)+p(3) *cos (x(3)) ;
p(2)+p(3) *cos (x(3)) p(2)];

C=[-p(3)*x(4)*sin(x(3)) -p(3) *(x(2)+x(4)) *sin(x(3));
p(3)*x(2)*sin(x(3)) 0];
=[p(4)*g*cos(x(1l))+p(5) *g*cos (x(1)+x(3));
p(5) *g*cos (x(1)+x(3))1;

MO0=0.8*M;

C0=0.8*C;

G0=0.8*G;

tol=u(l:2);

ag=[x(1);x(3)1;
dg=[x(2);x(4)];
told=20*sign (dq) ;

ddg=inv (MO) * (tol-C0*dg-GO0-told) ;

sys(1)=x(2);

sys (2)=ddqg(1) ;

sys(3)=x(4);

sys(4)=ddqg(2) ;

function sys=mdlOutputs (t,x,u)
sys(1)=x(1);

sys(2)=x(2);

sys(3)=x(3);

sys(4)=x(4);

Plot program:chap7_1plot.m

closeall;

figure (1) ;

subplot (211) ;

plot(t,x(:,1),'r",t,x(:,5), 'b:’, "linewidth’,2);

xlabel ('time(s) ') ;ylabel ('position tracking forlinkl1l’);

legend (’Ideal position signal’, 'Position signal
tracking’) ;
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subplot (212) ;
plot(t,x(:,2),'r’,t,x(:,6),’b:’","linewidth’,2);
xlabel ('time(s) ') ;ylabel ('speed tracking for 1ink 17) ;
legend (’Ideal speed signal’, 'Speed signal tracking’) ;

figure (2) ;

subplot (211) ;

plot(t,x(:,3),'r’',t,x(:,7), 'b:", " linewidth’,2) ;

xlabel (‘time(s) ') ;ylabel ('positiontracking forlinkl”’);

legend (' Ideal position signal’, 'Position signal
tracking’) ;

subplot (212) ;

plot(t,x(:,4),'r",t,x(:,8),’b:’","linewidth’,2);

xlabel (‘time(s) ') ;ylabel ('speed tracking for 1ink 17) ;

legend(’'Ideal speed signal’, 'Speed signal tracking’) ;

figure (3) ;
subplot (211) ;
plot(t,toll(:,1)
xlabel ('time(s) ’
subplot (212) ;
plot(t,tol2(:,1)
xlabel ('time(s)’

7 ,r,I ,linewidth’,2),‘
) ;ylabel (' control input of 1ink 17) ;

,'r’, " linewidth’,2);
) ;ylabel (' control input of 1ink 2’) ;

Programs for Sect. 7.2.4.1

Simulink main program: chap7_2sim.mdl

i

" Positior

Mux

Chap7_2input

S-Function2

Chap772ctrl%’{Chap772p1ant Demux

S-Function S-Functionl

S-Function3 Integrator

®_> Demux

Clock To Workspace
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Tracking command program:chap7_2input.m

function [sys,x0,str, ts] = spacemodel (t,x,u,flag)
switch flag,
case 0,
[sys,x0,str,ts]l=mdlInitializeSizes;
casel,
sys=mdlDerivatives (t,x,u);
case 3,

sys=mdlOutputs (t,x,u);
case {2,4,9}
sys=1I[1;
otherwise
error ([ 'Unhandled flag = ' ,num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;
sizes.NumContStates =0;
sizes.NumDiscStates =0;
sizes.NumOutputs = 3;
sizes.NumInputs = 0;
sizes.DirFeedthrough =0;
sizes.NumSampleTimes =1;
sys = simsizes (sizes) ;

x0=1[1;

str=11;

ts=1[00171;

function sys=mdlOutputs (t,x,u)
gd=sin(t) ;

dgd=cos(t) ;

ddgd=-sin(t) ;

sys (1) =qd;

sys (2)=dgd;

sys (3)=ddaqd;

S function for control law:chap7_2ctrl.m

function [sys,x0,str, ts] = spacemodel (t,x,u,flag)
switch flag,
case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
casel,
sys=mdlDerivatives (t,x,u);
case 3,

sys=mdlOutputs (t,x,u) ;
case {2,4,9}
sys=1[1];
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otherwise
error ([ 'Unhandled flag = ' ,num2str (flag) ]) ;
end

function [sys,x0,str,ts]=mdlInitializeSizes
global nodec_Mc_Cc_GbFai

node=7;

c_M=[-1.5-1-0.500.511.5];

c_G=[-1.5-1-0.500.511.57;

c_C=[-1.5-1-0.500.511.5;
-1.5-1-0.500.511.57;

b=20;

Fai=5;

sizes = simsizes;
sizes.NumContStates = 3*node;
sizes.NumDiscStates =0;
sizes.NumOutputs = 4;
sizes.NumInputs =9;
sizes.DirFeedthrough =1;
sizes.NumSampleTimes =0;

sys = simsizes (sizes) ;

x0 = zeros (1,3 *node) ;
str=1[1;

ts=1[1;

function sys=mdlDerivatives (t,x,u)
global nodec_Mc_Cc_GbFai
gd=u (1) ;

dgd=u(2) ;

ddgd=u(3) ;

g=u(4);
dg=u(5);

for j=1:1:node
h_M(j)=exp(-norm(g-c_M(:,J))" 2/ (b*b));
end

for j=1:1:node
h_G(j)=exp(-norm(g-c_G(:,3))"2/(b*b));
end

z=[qg;dql;
for j=1:1:node
h C(j)=exp(-norm(z-c_C(:,3))"2/(b*b));
end
e=qd-q;
de=dgd-dqg;
r=de+Fai*e;
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dgr=dgd+Fai*e;
ddgr=ddgd+Fai*de;
T M=100;
for i=1:1:node
sys(i)=T_M*h_M(i)*ddgr*r;
end
T _C=100;
for i=1:1:node
sys (2*node+1)=T_C*h_C (i) *dgr*r;
end
T _G=100;
for i=1:1:node
sys (node+1l)=T_G*h_G (i) *r;
end

function sys=mdlOutputs (t,x,u)
global nodec_Mc_Cc_GbFai
gd=u (1) ;

dgd=u(2) ;

ddgd=u(3) ;

g=u(4);
dg=u(5) ;

for j=1:1:node
h_M(j)=exp(-norm(g-c_M(:,3))"2/(b*b));

end

for j=1:1:node
h_G(j)=exp(-norm(g-c_G(:,3)) "2/ (b*b));

end

z=[qg;dql;
for j=1:1:node

h C(j)=exp(-norm(z-c_C(:,3))"2/(b*b));
end

W_M=x(1l:node) ’;
MSNN=W_M*h_M" ;
W_C=x(2*node+1:3*node) ’;
CDNN=W_C*h_C";
W_G=x(node+1:2*node) ’;
GSNN=W_G*h_G"’ ;

e=qd-qg;
de=dgd-dqg;

r=de+Fai*e;
dgr=dgd+Fai*e;
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ddgr=ddgd+Fai*de;
tolm=MSNN*ddgr+CDNN*dgr+GSNN;

Kr=0.10;
tolr=Kr*sign(r) ;

Kp=15;
Ki=15;

I=u(9);
tol=tolm+Kp*r+Ki*I+tolr;

sys(l)=tol(1l);
sys (2)=MSNN;
sys (3)=CDNN;
sys (4)=GSNN;

S function for control integrator: chap7_2i.m

function [sys,x0,str, ts] = spacemodel (t,x,u, flag)
switch flag,
case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
case 3,

sys=mdlOutputs (t,x,u);
case {2,4,9}
sys=1I[1;
otherwise
error ([ 'Unhandled flag = ' ,num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;
sizes.NumContStates =0;
sizes.NumDiscStates = 0;
sizes.NumOutputs =1;
sizes.NumInputs = 8;
sizes.DirFeedthrough =1;
sizes.NumSampleTimes = 0;
sys = simsizes (sizes) ;

x0=11;

str=11;

ts=1[1];

function sys=mdlOutputs (t,x,u)
gd=u(l) ;

dgd=u(2) ;

ddgd=u(3) ;
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g=u(4);
dg=u(5) ;
e=qd-q;
de=dgd-dqg;
Fai=5;
r=de+Fai*e;

sys(l)=r;

S function for plant: chap7_2plant.m

function [sys,x0,str, ts] = spacemodel (t,x,u,flag)
switch flag,
case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
case 1,
sys=mdlDerivatives (t,x,u) ;
case 3,

sys=mdlOutputs (t,x,u);
case {2,4,9}

sys=1I[1;
otherwise

error ([ 'Unhandled flag = ' ,num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;
sizes.NumContStates =2;
sizes.NumDiscStates =0;
sizes.NumOutputs =5;
sizes.NumInputs = 4;
sizes.DirFeedthrough =0;
sizes.NumSampleTimes =1;
sys = simsizes(sizes);
x0=1[0.15;0];
str=1[1;
ts=1[001;
function sys=mdlDerivatives (t,x,u)
tol=u(l);
M=0.140.06*sin(x (1)) ;
C=3*x(2)+3*cos(x(1));

m=0.020;9=9.8;1=0.05;
G=m*g*l*cos(x(1l));

sys (1) =x(2);

sys (2)=1/M* (-C*x(2)-G+tol) ;
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function sys=mdlOutputs (t,x,u) $PID book: page 416
M=0.1+40.06*sin(x (1)) ;
C=3*x(2)+3*cos(x(1));

m=0.020;g=9.8;1=0.05;
G=m*g*l*cos(x(1));

sys (1)=x(1);
sys (2)=x(2) ;
sys (3)=M;
sys (4)=C;
sys (5)=G;

Plot program: chap7_2plot.m

closeall;

figure (1) ;

subplot (211) ;

plot(t,x(:,1),'r’',t,x(:,4),'k:", "linewidth’,2) ;

xlabel (‘time(s) ') ;ylabel ('position tracking’) ;

legend (' Ideal position signal’, 'Position signal
tracking’) ;

subplot (212) ;

plot(t,x(:,2),'r’',t,x(:,5),'k:", " linewidth’,2) ;

xlabel ('time(s) ') ;ylabel ('Speed tracking’) ;
legend(’Ideal speed signal’, 'Speed signal tracking’) ;

figure (2) ;
plot(t,tol(:,1),'k’, "linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('Contro input’) ;

legend(’Control input’) ;

figure (3) ;

subplot (311);

plot(t,P(:,1),'r’',t,P(:,4),'k:", linewidth’,2) ;
xlabel (‘time(s) ') ;ylabel (‘M and MSNN') ;

legend(’'Ideal M’, 'Estimated M’) ;

subplot (312);
plot(t,P(:,2),'r’,t,P(:,5),'k:’,"1linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('C and CDNN') ;
legend(’'Ideal C’, 'Estimated C’) ;

subplot (313);

plot(t,P(:,3),'r’",t,P(:,6),’k:’", "linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('Gand GSNN') ;
legend(’'Ideal G’, 'Estimated G') ;
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Programs for Sect. 7.2.4.2

Simulink main program:chap7_3sim.mdl

Muxfe x
Positio
Chap7_3input
S-Function2
Chap7_3ctrl }~~—{ Chap7_3plant }——Demux —
S-Function S-Functionl E

Mux ==
L__IPosition2

S-Function3 Integrator

o]
P

osition3

G —=Demux Tol2

;

Clock " To Workspace Position4
Tracking position command program:chap7_3input.m

function [sys,x0,str, ts] = spacemodel (t,x,u, flag)
switch flag,
case 0,

[sys,x0,str,ts]l=mdlInitializeSizes;
case 1,

sys=mdlDerivatives (t,x,u);
case 3,

sys=mdlOutputs (t,x,u);
case {2,4,9}

sys=1I[1;
otherwise

error ([ 'Unhandled flag = ' ,num2str (flag) ]) ;

end

function [sys,x0,str,ts]=mdlInitializeSizes
Ssizes = simsizes;

sizes.NumContStates =0;

sizes.NumDiscStates =0;

sizes.NumOutputs =6;

sizes.NumInputs = 0;

sizes.DirFeedthrough =0;
sizes.NumSampleTimes =1;

sys = simsizes (sizes) ;
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x0=1[1;
str=1[1;
ts=1[001;
function sys=mdlOutputs (t,x,u)
S=2;
if s==1
gd0=[0;01];
qgqdtf=[1;2];
td=1;
if t<1
adl=qd0 (1) +(-2*t.”3/td"3+3*t."2/td"2) * (gdtf
(1)-gdo(1));
gd2=qd0 (2)+(-2*t."3/td"3+3*t."2/td"2) * (qdtf
(2)-qd0(2)) ;
d_gdl=(-6*t.”2/td"3+6*t./td"2) * (gdtf (1) -gd0
(1))
d_qgd2=(-6*t.”2/td"3+6*t./td"2) * (gqdtf (2) -gqd0
(2));
dd_qgdl=(-12*t/td"3+6/td"2)* (qgqdtf (1) -qgqd0 (1)) ;
dd_qgd2=(-12*t/td"3+6/td"2) * (gqdtf (2) -gqdo0
(2));
else
gqdl=qgdtf (1) ;
gd2=qdtf (2) ;
d_qgdl=0;
d_qd2=0;
dd_qgdl=0;
dd_qgd2=0;
end
elseif S==

gdl=0.5*sin(pi*t);
d_gdl=0.5*pi*cos(pi*t);
dd_gdl=-0.5*pi*pi*sin(pi*t);

gd2=sin(pi*t);
d_gd2=pi*cos(pi*t);
dd_gd2=-pi*pi*sin(pi*t);

end
sys(1l)=qdl;
sys (2)=d_qdl;
sys (3)=dd_qgdl;
sys(4)=qgd2;
sys (5)=d_qd2;
sys (6)=dd_qgd2;
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S function for control law: chap7_3ctrl.m

function [sys,x0,str, ts] = spacemodel (t,x,u,flag)
switch flag,
case 0,
[sys,x0,str,ts]l=mdlInitializeSizes;
casel,
sys=mdlDerivatives (t,x,u);
case 3,

sys=mdlOutputs (t,x,u) ;
case {2,4,9}

sys=I[];
otherwise

error ([ 'Unhandled flag = ' ,num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
global nodec_Mc_Cc_Gb

node=5;
c_M=[-1-0.500.51;
-1-0.500.517;
c_G=[-1-0.500.51;
-1-0.500.517;
c_C=[-1-0.500.51;
-1-0.500.51;
-1-0.500.51;
-1-0.500.517;
b=10;

sizes = simsizes;
sizes.NumContStates = 10*node;
sizes.NumDiscStates =0;
sizes.NumOutputs =5;
sizes.NumInputs = 15;
sizes.DirFeedthrough =1;
sizes.NumSampleTimes = 0;

sys = simsizes (sizes) ;

x0 = zeros (1,10*node) ;
str=11;

ts=1[1;

function sys=mdlDerivatives (t,x,u)
global nodec_Mc_Cc_Gb
gdl=u(l);

d_qgdl=u(2);

dd_qgdl=u(3);

gd2=u(4) ;

d_gd2=u(5) ;

dd_qgd2=u(6) ;



for j=1:1:node
h _Gl(j)=exp(
h_G2(j)=exp/(
end

Appendix

al=u(7);

d_gl=u(8) ;

g2=u(9) ;

d_g2=u(10) ;

a=I[qgl;q2];

for j=1:1:node
h_M11(j)=exp (-norm(g-c_M(
h M12(j)=exp(-norm(g-c_M/(
h_M21(j)=exp(-norm(g-c_M(:
h_M22 (j)=exp (-norm(g-c_M(

end

-norm(g-c_G(:
-norm (g-c_G(:

z=[gl;qg2;d_qgl;d_g2];
for j=1:1:node

h_Cl1(j)=exp(-norm(z-c_C(
h_Cl2(j)=exp(-norm(z-c_C(
h_C21(j)=exp(-norm(z-c_C(
h_C22(j)=exp(-norm(z-c_C(
end
W_Mll=[x(1l:node)]"’;
W_Ml2=[x(node+l:node*2)]1"’;
W_M21l=[x(node*2+1:node*3)]"
W_M22=[x(node*3+1:node*4)]"’

T_Mll=5*eye (node

)
T_Ml2=5*eye (node) ;

)

)

(

(
T_M21=5*eye (node
T_M22=5*eye (node

el=qgdl-qgl;
e2=qd2-g2;
del=d_qgdl-d_gl;
de2=d_qgd2-d_qg2;
e=[el;e2];
de=[del;de2];
Fai=b*eye(2);
r=de+Fai*e;

7
7
7

’

dgd=[d_qgdl;d_qgd2];
dgr=dgd+Fai*e;
ddgd=[dd_qgdl;dd_qd2];

ddgr=ddgd+Fai*de;

233
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for i=1:1:node
sys(i)=T_M11(i,i)*h_M11(i)*ddgr(l)*r (1

)
sys (i+node)=T _M12 (i, i)*h_M12 (i) *ddgr(2)*r(1
sys (i+node*2)=T_M21(i,1i)*h_M21(i)*ddgr(1l)*r
sys (i+node*3)=T_M22(i,1)*h_M22 (i) *ddgr (2) *r

end

W_Gl=[x(node*4+1:node*5)]"

W_G2=[x(node*5+1:node*6) ]’

T_Gl=10*eye (node) ;

T_G2=10*eye (node) ;

for i=1:1:node
sys(i+node*4)=T_G1(i,i)*h_G1(i)*r(1);
sys (i+node*5)=T_G2(i,i)*h_G2(1i)*r(2);

end

W_Cll=[x(node*6+1:node*7)]"';

W_Cl2=[x(node*7+1:node*8)]"’;

W_C2l=[x(node*8+1:node*9)]"’;

W_C22=[x(node*9+1:node*10)1]"’;

T_Cll=10*eye (node) ;

T_Cl2=10*eye (node) ;

T_C21=10*eye (node) ;

T_C22=10*eye (node) ;

for i=1:1:node
sys (i+node*6)=T_C11(1i,i)*h_C1l1(i)*dgr(1)*r(1
sys (i+node*7)=T_C12(1i,1i)*h_C12(i)*ddgr(2)*
sys (i+node*8)=T_C21(i,1i)*h_C21(i)*dgr(l)*r(2
sys (i+node*9)=T_C22(i,1i)*h_C22(i)*ddgr(2)*

end

function sys=mdlOutputs (t,x,u)
global nodec_Mc_Cc_Gb
gdl=u (1) ;

d_gdl=u(2);

dd_gdl=u(3) ;

gd2=u(4);

d_qgd2=u(5) ;

dd_qd2=u(6) ;

gl=u(7);
d_gl=u(8);
g2=u(9) ;

d_g2=u(10) ;

g=I[qgl;q2];
for j=1:1:node

7

) .

(
(

T

T

2
2

) ;
1
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2
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h_M11(j)=exp(
h_M12 (j)=exp(
h_M21 (j)=exp (
h_M22 (j)=exp (

end

for j=1:1:node
h_G1(3)
h_G2(3)

end

-norm (
—norm(q c M
-norm (

(

z=[gl;qg2;d_qgl;d_g2];

for j=1:1:node

h_Cl1l1(j)=exp(-norm(z-c_C
h_Cl2(j)=exp(-norm(z-c_C
h_C21(j)=exp(-norm(z-c_C
h_C22(j)=exp(-norm(z-c_C
end
W_Mll=[x(l:node)]’;
W_Ml2=[x(node+l:node*2)]";
W_M21=[x(node*2+1:node*3) ]’
W_M22=[x(node*3+1:node*4) ]’
MSNN=[W_M11*h_M11’ W _M12*h_M12’;

Mm=norm (MSNN) ;

W_Gl=[x
W_G2=[x

GSNN=

ro.

(node*4+1:node*5)

]
(node*5+1:node*6) ]’ ;

[W_G1*h_G1';
W_G2*h_G2'];

Gm=norm (GSNN) ;

W_Cll=[x(node*6+1
W_Cl2=[x(node*7+1
W_C2l=[x(node*8+1
W_C22=[x(node*9+1:
CDNN=

Cm=norm (CDNN) ;

el=qgdl-qgl;
e2=qgd2-g2;
del=d_qgdl-d_qgl;
de2=d_qgd2-d_qg2;
e=[el;e2];
de=[del;de2];
Fai=5*eye(2) ;
r=de+Fai*e;

:node*7)
:node*8)
:node*9)

’

node*10) ]

]
17
]

I

I

.

’

7

g-c_M
-norm(g-c_M

=exp (-norm (g-c_G(
=exp (-norm(g-c_G(:

’

W_M21*h_M21’ W_M22*h_M22'

[W_Cl1l*h_C11’ wW_Cl2*h_Cl2';
W_C21*h_C21’' W_C22*h_C22'1];

235
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dgd=[d_qgdl;d_qgd2];
dgr=dgd+Fai*e;
ddgd=[dd_gdl;dd_qgd2];
ddgr=ddgd+Fai*de;
tolm=MSNN*ddgr+CDNN*dqgr+GSNN;

Kr=0.10;
tolr=Kr*sign(r);

Kp=100*eye(2) ;
Ki=100*eye(2) ;

I=[u(1l4);u(l5)1;
tol=tolm+Kp*r+Ki*I+tolr;

sys(l)=tol(1l);
sys(2)=tol(2);
sys (3)=Gm;
sys (4)=Mm;
sys (5)=Cm;

S function for control integrator: chap7_3i.m

function [sys,x0,str, ts] = spacemodel (t,x,u,flag)
switch flag,
case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
case 3,

sys=mdlOutputs (t,x,u);
case {2,4,9}
sys=1I[1;
otherwise
error ([ 'Unhandled flag = ' ,num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;
sizes.NumContStates =0;
sizes.NumDiscStates =0;
sizes.NumOutputs = 2;
sizes.NumInputs = 13;
sizes.DirFeedthrough =1;
sizes.NumSampleTimes = 0;
sys = simsizes(sizes);

x0=1[1;
str=1[1;
ts=1[1;

function sys=mdlOutputs (t,x,u)
gdl=u(l);
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d_qdl=u(2);
dd_gdl=u(3);
qd2=u(4);
d_qd2=u(5) ;

dd_gd2=u(6) ;

el=qgdl-qgl;
e2=qd2-g2;
del=d_qgdl-d_qgl;
de2=d_qgd2-d_qg2;
e=[el;e2];
de=[del;de2];
Hur=5*eye (2) ;
r=de+Hur*e;

sys(l:2)=r;
S function for plant:chap7_3plant.m

function [sys,x0,str, ts]=s_function(t,x,u,flag)

switch flag,
case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
casel,
sys=mdlDerivatives (t,x,u);
case 3,

sys=mdlOutputs (t,x,u) ;
case {2, 4, 9}

sys=1[1;
otherwise

error ([ 'Unhandled flag = ' ,num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
globalpg

sizes = simsizes;
sizes.NumContStates =4;
sizes.NumDiscStates =0;
sizes.NumOutputs = 7;
sizes.NumInputs =5;
sizes.DirFeedthrough =0;
sizes.NumSampleTimes = 0;
sys=simsizes (sizes);
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x0=[0.090-0.0901;

str=I[1];

ts=[1];

p=[2.90.760.873.040.87];

g=9.8;

function sys=mdlDerivatives (t,x,u)

global pg

M=[p(1l)+p(2)+2*p(3) *cos (x(3)) p(2)+p(3) *cos (x(3));
p(2)+p(3) *cos (x(3)) p(2)];

C=[-p(3)*x(4)*sin(x(3)) -p(3) *(x(2)+x(4)) *sin(x(3));
p(3)*x(2)*sin(x(3)) 0];

G=[p(4)*g*cos(x(1))+p(5)*g*cos (x(1)+x(3));
p(5) *g*cos (x(1)+x(3))1;

tol=u(l:2);

dg=I[x(2);x(4)]1;

sys(4)=s(2);

function sys=mdlOutputs (t,x,u)

globalpg

M=[p(1l)+p(2)+2*p(3) *cos(x(3)) p(2)+p(3) *cos (x(3));
p(2)+p(3) *cos (x(3)) p(2)];

C=[-p(3)*x(4)*sin(x(3)) -p(3)*(x(2)+x(4)) *sin(x(3));
pP(3)*x(2)*sin(x(3)) 0

G=[p(4)*g*cos(x(1))+p(5)

))

1;
*g*cos (x(1)+x(3));
p(5) *g*cos (x(1)+x(3))1;

7

sys (1)=x(1);
sys (2)=x(2);
sys(3)=x(3);
sys(4)=x(4);
sys (5)=GCGm;
sys (6) =Mm;
sys (7)=Cm;

Plot program:chap7_3plot.m

closeall;
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figure (1) ;

subplot (211) ;

plot(t,x(:,1),'r",t,x(:,7),'k:", " linewidth’,2) ;

xlabel (‘time(s) ') ;ylabel ('Position tracking’) ;

legend(’'Ideal position forlinkl’, 'Position tracking for
link 1');

subplot (212) ;

plot(t,x(:,4),'r’',t,x(:,9),'k:’", " linewidth’,2);

xlabel (‘time(s) ') ;ylabel ('Position tracking’) ;

legend(’'Ideal position forlink2’, 'Position tracking for
link 2");

figure (2) ;

subplot (211) ;

plot(t,x(:,2),'r’",t,x(:,8),'k:’","linewidth’,2);

xlabel ('time(s) ') ;ylabel (’'Speed tracking’) ;

legend(’'Ideal speed for link 1’, 'Speed tracking of link
17);

subplot (212) ;

plot(t,x(:,5),'r’",t,x(:,10),'k:","1linewidth’,2);

xlabel ('time(s) ') ;ylabel (' Speed tracking’) ;

legend(’'Ideal speed for 1ink 2’ , 'Speed signal tracking of
1link2’) ;

figure (3) ;

subplot (211) ;

plot(t,toll(:,1),'k’, "linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('Contro input’) ;
legend(’'Contro input of 1link 1) ;

subplot (212) ;

plot(t,tol2(:,1),'k’, "linewidth’,2);
xlabel ('time(s) ') ;ylabel ('Contro input’) ;
legend (’Contro input of 1ink 2') ;

figure (4) ;

subplot (311);
plot(t,P(:,1),'r",t,P(:,4),'k:", " linewidth’,2);
xlabel (’'time(s) ') ;ylabel ('Gand GSNN') ;

legend(’Ideal nromof G’, 'Estimated normof G’) ;
subplot (312) ;
plot(t,P(:,2),'r’,t,P(:,5),'k:", " linewidth’,2) ;
xlabel (‘time(s) ') ;ylabel (‘M and MSNN') ;
legend(’Ideal normof M’, 'Estimated normof M’) ;
subplot (313);
plot(t,P(:,3),'r",t,P(:,6),’k:’, " linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('C and CDNN') ;
legend(’'Ideal normof C’, 'Estimated normof C’) ;
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Programs for Sect. 7.3.4

Simulink main program: chap7_4sim.mdl

—— Position
vt ]
Velocity
IChap7_4plantm-Demux— —
S-Function L -Functionl 1] | (@]
E XY Graph
Tol
’_:_ Positionl
L
O—]
Clock  To Workspace
Ideal tracking input program:chap7_4input.m
function [sys,x0,str, ts] = spacemodel (t,x,u,flag)
switch flag,
case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
case 1,
sys=mdlDerivatives (t,x,u);
case 3,
sys=mdlOutputs (t,x,u) ;
case {2,4,9}
sys=1I[1;
otherwise
error ([ 'Unhandled flag = ' ,num2str (flag) ]) ;

end

function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;

sizes.NumContStates =0;

sizes.NumDiscStates =0;

sizes.NumOutputs = 6;

sizes.NumInputs =0;

sizes.DirFeedthrough =1;
sizes.NumSampleTimes = 1;
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sys = simsizes (sizes) ;

x0=1[1;
str=1[1];
ts=[007;

function sys=mdlOutputs (t,x,u)
xd1l=1+0.2*%*cos (pi*t);
d_xdl=-0.2*pi*sin(pi*t);
dd_xdl1=-0.2*pi*pi*cos(pi*t);
xd2=1+0.2*sin(pi*t);
d_xd2=0.2*pi*cos(pi*t);
dd_xd2=-0.2*pi*pi*sin(pi*t);

sys (1)=xdl;
sys (2)=d_xd1;
sys (3)=dd_xdl;
sys (4)=xd2;
sys (5)=d_xd2;
sys (6)=dd_xd2;

S function for control law:chap7_4ctrl.m

function [sys,x0,str, ts] = spacemodel (t,x,u,flag)
switch flag,
case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
case 1,
sys=mdlDerivatives (t,x,u);
case 3,

sys=mdlOutputs (t,x,u) ;
case {2,4,9}
sys=I[1;
otherwise
error ([ 'Unhandled flag = ’ ,num2str (flag) 1) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
global nodec_Mc_Cc_Gbce
node=7;
c_M=zeros (2,node) ;
c_G=zeros (2,node) ;
c_C=zeros (4,node) ;

c_M=[0.250.50.7511.251.51.75;
0.250.50.7511.251.51.75];

c_G=[0.250.50.7511.251.51.75;
0.250.50.7511.251.51.75];

c_C=[0.250.50.7511.251.51.75;
0.250.50.7511.251.51.75;
-1.5-1-0.500.51.01.50;
-1.5-1-0.500.51.01.501;
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b=10;

ce=15.0;

sizes = simsizes;
sizes.NumContStates = 10*node;
sizes.NumDiscStates =0;
sizes.NumOutputs =5;
sizes.NumInputs =10;
sizes.DirFeedthrough =1;
sizes.NumSampleTimes = 0;
sys = simsizes (sizes) ;

x0 = zeros (1l,10*node) ;
str=1[1;

ts=1[1;

function sys=mdlDerivatives (t,x,u)
global nodec_Mc_Cc_Gbce
xdl=u (1) ;

d_xdl=u(2);

dd_xdl=u(3);

xd2=u(4) ;

d_xd2=u(5) ;

dd_xd2=u(6) ;

xx=[x1;x2];
for j=1:1:node

h_M11(j)=exp(-norm(xx-c_M(:,3J))"2/(b*b));
h M12(j)=exp(-norm(xx-c_M(:,3)) "2/ (b*b));
h_M21(j)=exp(-norm(xx-c_M(:,3J))"2/(b*b));
h_M22 (j)=exp (-norm(xx-c_M(:,3J))" 2/ (b*b));

end

for j=1:1:node
h_G1l(j)=exp (-norm(xx-c_G(:,3))" 2/ (b*b));
h_G2(j)=exp(-norm(xx-c_G(:,3))"2/ (b*b));
end

=[x1;x2;d_x1;d_x21;
for j=1:1:node

h_Cl11(j)=exp(-norm(z-c_C(:,3))"2/(b*b));
h Cl12(j)=exp(-norm(z-c_C(:,3))"2/(b*b));
h_C21(j)=exp(-norm(z-c_C(:,3))"2/ (b*b));
h_C22(j)=exp(-norm(z-c_C(:,3)) "2/ (b*b));

end
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W_Mll=[x(l:node)]’;
W_Ml2=[x(node+l:node*2)]";
W_M21l=[x(node*2+1:node*3)]"’
W_M22=[x(node*3+1:node*4) ]’
el=xdl-x1;
e2=xd2-x2;

del=d_xdl-d_x1;
de2=d_xd2-d_x2;
=l[el;e2];
de=[del;de2];
Hur=ce*eye(2) ;
r=de+Hur*e;

dxd=[d_xdl;d_xd2];
dxr=dxd+Hur*e;

ddxd=[dd_xdl;dd_xd2];

ddxr=ddxd+Hur*de;

T_Mll=2*eye (node) ;
T_Ml12=2*eye (node) ;
T_M21=2*eye (node)
T_M22=2*eye (node)

’

’

for i=1:1:node

sys(i)=T_M11 (i,

i)*h_M11(i)*ddxr(1l

) *r (1

sys (i+node)=T_M12(i,i)*h_M12 (i) *ddxr (2
sys (i+node*2)=T_M21(i,1i)*h_M21 (i) *ddxr
sys (i+node*3)=T_M22(i,1i)*h_M22 (i) *ddxr
end
W_Gl=[x(node*4+1:node*5) ]’
W_G2=[x(node*5+1:node*6) ]’
T_Gl=5*eye (node) ;
T_G2=5*eye (node) ;

for i=1:1:node
sys (i+node*4)=T_G1 (i,
sys (i+node*5)=T_G2 (i,

end
W_Cll=[x(node*6+1:node*7) ]
W_Cl2=[x(node*7+1:node*8) ]
W_C21l=[x(node*8+1:node*9) ]
W_C22=[x(node*9+1:node*10)
T_Cl1=0.5*eye (node) ;
T_Cl1l2=0.5*eye (node) ;
T_C21=0.5*eye (node) ;
T_C22=0.5*eye (node) ;

i)*h_G1l(i)*
i)*h_G2(1i)*

’.

’

7

]

I

’

)i
)
(
(

*r(l
1) *r
2)*r
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for i=1:1:node

sys (i+node*6)=T_C11(i,1i)*h_C1l1(i)*dxr(1l)*r(1l);
sys (i+node*7)=T_C12 (i,1i)*h_Cl2(i)*ddxr(2)*r(1);
sys (i+node*8)=T_C21(i,i)*h_C21(i)*dxr(1l)*r(2);
sys (i+node*9)=T_C22(i,1i)*h_C22 (i) *ddxr (2)*r(2) ;

end

function sys=mdlOutputs (t,x,u)
global nodec_Mc_Cc_Gbce
xdl=u(1l) ;

d_xdl=u(2);

dd_xdl=u(3);

xd2=u(4) ;

d_xd2=u(5) ;

dd_xd2=u(6) ;

x1l=u(7) ;
d_xl=u
x2=u(9) ;

(8);
d_x2=u(10) ;

xx=[x1;x2];
for j=1:1:node

h_M11(j)=exp(-norm(xx-c_M(:,3))"2/(b*b));
h_M12 (j)=exp (-norm(xx-c_M(:,3)) "2/ (b*b));
h_M21(j)=exp(-norm(xx-c_M(:,3))"2/(b*b));
h_M22 (j)=exp (-norm(xx-c_M(:,3))"2/ (b*b));

end

for j=1:1:node
h_Gl(j)=exp(-norm(xx-c_G(:,3))"2/(b*b));
h G2 (j)=exp(-norm(xx-c_G(:,3))"2/(b*b));

end

=[x1;x2;d_x1;d_x21;
for j=1:1:node

h_Cl11(j)=exp(-norm(z-c_C(:,3))"2/(b*b));
h_Cl2(j)=exp(-norm(z-c_C(:,3J))"2/(b*b));
h_C21(j)=exp(-norm(z-c_C(:,3))"2/(b*b));
h_C22(j)=exp(-norm(z-c_C(:,3))"2/ (b*b));
end
W_Mll=[x(l:node)]’;
W_Ml2=[x(node+l:node*2)]"’
W_M21=[x(node*2+1:node*3) ]’
W_M22=[x(node*3+1:node*4) ]’
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MSNN_g=[W_M11l*h_M11’ W_M12*h_M12"’;
W_M21*h M21’ W_M22*h_M22'];
norm_Mp=norm (MSNN_g) ;

’

W_Gl=[x(node*4+1:node*5)]"’;
W_G2=[x(node*5+1:node*6)]"’;
GSNN_g=[W_Gl*h_G1';
W_G2*h_G2'1];
norm_Gp=norm (GSNN_Jg) ;

’

W_Cll=[x(node*6+1:node*7)]"';
W_Cl2=[x(node*7+1:node*8)]"’;
W_C2l=[x(node*8+1:node*9)]"’;
W_C22=[x(node*9+1:node*10)1]";

CDNN_g=[W_Cl1*h_Cl1l1’ W_Cl2*h_Cl12";
W_C21*h_C21’ W_C22*h_C22'];
norm_Cp=norm (CDNN_Jg) ;

el=xdl-x1;
e2=xd2-x2;
del=d_xdl-d_x1;
de2=d_xd2-d_x2;
e=[el;e2];
de=[del;de2];
Hur=ce*eye (2) ;
r=de+Hur*e;

dxd=[d_xd1l;d_xd2];
dxr=dxd+Hur*e;
ddxd=[dd_xdl;dd_xd2];
ddxr=ddxd+Hur*de;

Ks=0.5;
K=30*eye(2) ;
Fx=MSNN_g*ddxr+CDNN_g*dxr+GSNN_g+K*r+Ks*sign(r) ;

sys (1)=Fx(1);
sys (2)=Fx(2) ;
sys (3)=norm_Mp;
sys(4)=norm_Cp;
sys (5)=norm_Gp;

S function for plant:chap7_4plant.m

function [sys,x0,str, ts]=s_function(t,x,u,flag)
switch flag,
case 0,

[sys,x0,str,ts]=mdlInitializeSizes;
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casel,

sys=mdlDerivatives (t,x,u);
case 3,

sys=mdlOutputs (t,x,u);
case {2, 4, 9}

sys=1[1;
otherwise

error ([ 'Unhandled flag = ' ,num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
global IMx Cx Gx 11 12
11=1;12=1;
sizes = simsizes;
sizes.NumContStates =4;
sizes.NumDiscStates =0;
sizes.NumOutputs = 9;
sizes.NumInputs = 2;
sizes.DirFeedthrough =1;
sizes.NumSampleTimes = 0;
sys=simsizes (sizes);
x0=[10101;
str=[1;
ts=I[1;
J=0;Mx=0;Cx=0;Gx=0;
function sys=mdlDerivatives (t,x,u)
global JMx Cx Gx 11 12

P=[1.660.420.633.751.25]1;
g=9.8;
L=[1172 1272 11*121112];
if t<4.0 %Simulate time-varying load
pl=0;
else
pl=0.5;
end
Mm=P+pl*L;
Q=(x(1)"2+x(3)"2-1172-1272)/(2*11*12) ;
g2=acos (Q) ;
dg2=-1/sgrt(1-0°2);

A=x(3)/x(1);
pl=atan(d) ;
d_pl=1/(1+A"2);

B=sqgrt(x(1l)"2+x(3)"2+11"°2-12"2)/(2*11*sgrt (x (1) "2+x
(3)7°2));
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p2=acos (B) ;
d_p2=-1/sgrt (1-B"2);

if g2>0
ql=pl-p2;
dgl=d_pl-4d_p2;

else
ql=pl+p2;
dgl=d_pl+d_p2;
end
J=[-sin(gl)-sin(gl+g2) -sin(gl+qg2) ;
cos (gl)+cos(gl+g2) cos(gl+g2)];
d_J=[-dgl*cos(gl) - (dgl+dg2) *cos (gl+g2) - (dgl+dg2) *cos
(al+g2) ;
-dgl*sin(gl) - (dgl+dg2) *sin(gl+g2) - (dgl+dg2) *sin
(gl+q2)]1;
ml=Mm(1l);m2=Mm(2) ;m3=Mm(3) ;m4=Mm(4) ;m5=Mm(5) ;

M=[ml+m2+2*m3*cos (g2) m2+m3*cos (g2) ;
m2+m3*cos (g2) m2] ;

C=[-m3*dg2*sin(g2) -m3* (dgl+dg2) *sin (g2) ;
m3*dgl*sin(g2) 01;

G=[md4*g*cos(gl)+m5*g*cos (gl+g2) ;
mb*g*cos (gl+g2)1];

Mx=(inv (J)) ' *M*inv (J) ;
Cx=(inv(J)) ' *(C-M*inv (J) *d_J) *inv (J) ;
Gx=(inv (J)) ' *G;

Fx=u(l:2);

dx=[x(2);x(4)]1;

ddx=inv (Mx) * (Fx-Cx*dx-Gx) ; %$ddx

sys (1)=x(2) ;
sys (2)=ddx (1) ;
sys(3)=x(4);

sys (4)=ddx(2) ;

function sys=mdlOutputs (t,x,u)
global IMx Cx Gx 11 12
norm_M=norm (Mx) ;
norm_C=norm (Cx) ;
norm_G=norm (Gx) ;

Fx=u(l:2);

sys(1l)=x(1);
sys(2)=x(2);
sys(3)=x(3);
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sys(4)=x(4);

sys (5)=norm_M;

sys (6)=norm_C;

sys (7)=norm_G;

sys(8:9)=J’*Fx; %$Practical control input

Plot program: chap7_4plot.m
closeall;

figure (1) ;
subplot (211)

plot(t,x(:,1),'r’',t,x(:,3),'k:", " linewidth’,2) ;

xlabel (‘time(s) ') ;ylabel ('position tracking of x1
axis’);

legend(’'Ideal positionofxl’, 'Positiontrackingofxl’);

subplot (212) ;

plot(t,x(:,2),'r’,t,x(:,4),'k:", linewidth’,2) ;

xlabel (‘time(s) ') ;ylabel ('position tracking of x2
axis’);

legend(’'Ideal positionofx2’, 'Positiontrackingofx2’);

figure (2) ;

subplot (211) ;

plot(t,dx(:,1),'r’,t,dx(:,3),'k:","linewidth’,2);

xlabel (‘time(s) ‘) ;ylabel (‘velocity tracking of x1

axis’);
legend (’Ideal speed of x1’, 'Speed tracking of x17) ;
subplot (212) ;

plot(t,dx(:,2), 'r’,t,dx(:,4),'k:’, "linewidth’,2);
xlabel (‘time(s) ‘) ;ylabel (‘velocity tracking of x2
axis’);

legend (' Ideal speed of x2', 'Speed tracking of x2') ;

figure (3) ;

plot(t,tol(:,1),'r",t,tol(:,2),'k:’, " linewidth’,2);

xlabel (‘time(s) ') ;ylabel ('Conrol input toll and tol2’);

legend(’'Control input for 1ink 1’, 'Control input for 1ink
27);

figure (4) ;

subplot (311);

plot(t,M(:,1),'r",t,M(:,2),'k:", "linewidth’,2) ;

xlabel (‘time(s) ') ;ylabel (‘M and estimatedM’) ;

legend(’'Ideal norm of Msx’, 'Estimated normof Mx') ;
subplot (312) ;

plot(t,C(:,1),'r’,t,C(:,2),'k:", linewidth’,2) ;
xlabel (‘time(s) ') ;ylabel ('C and estimated C’) ;
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legend(’'Ideal normof Cx’, 'Estimated normof Cx"’) ;
subplot (313);
plot(t,G(:,1),'r",t,G(:,2),'k:’, " 1linewidth’,2);
xlabel ('time(s) ') ;ylabel (‘G and estimated G’) ;
legend(’'Ideal normof Gx’, 'Estimated normof Gx') ;
figure (5) ;

plot(x(:,1),x(:,2),'r’, "linewidth’,2);

xlabel ('x1 axis’) ;yvlabel ('x2 axis’);

hold on;

plot(x(:,3),x(:,4),'k:", " linewidth’,2);

xlabel ('x1 axis’) ;ylabel ('x2 axis’);

legend (’Ideal trajectory’, 'Tracking trajectory’) ;

References

1. Ge SS, Lee TH, Harris CJ (1998) Adaptive neural network control of robotic manipulators.
World Scientific, London

2. Ge SS, Hang CC, Lee TH, Zhang T (2001) Stable adaptive neural network control. Kluwer,
Boston

3. Ge SS, Hang CC (1996) Direct adaptive neural network control of robots. Int J Syst Sci 27
(6):533-542

4. Ge SS, Hang CC, Woon LC (1997) Adaptive neural network control of robot manipulators in
task space. IEEE Trans Ind Electron 44(6):746-752

5. Slotine JJ, Li W (1987) On the adaptive control of robot manipulators. Int J Robot Res 6
(3):49-59

6. Shen TL (2004) Robot robust control foundation. Tsinghua University Press, Beijing (in
Chinese)

7. Lewis FL, Abdallah CT, Dawson DM (1993) Control of robot manipulators. Maxwell
Macmillan, New York

8. Khalil HK (2002) Nonlinear systems, 3rd edn. Pearson Education, Inc., London

9. Desoer C, Vidyasagar M (1975) Feedback systems: input-output properties. Academic,
New York



Chapter 8
Backstepping Control with RBF

Abstract This chapter introduces backstepping controller design with RBF neural
network approximation. Several controller design examples for mechanical systems
are given, including backstepping controller for inverted pendulum, backstepping
controller for single-link flexible joint robot, and adaptive backstepping controller
for single-link flexible joint robot.

Keywords RBF neural network ¢ Backstepping control ¢ Single-link flexible joint
robot

8.1 Introduction

Many physical systems do not satisfy the matching condition, which includes some
uncertain flexible joint robots in particular.

The backstepping control approach has shown itself very effective in dealing
with systems with multiple dynamics and with mismatched uncertainties, such as
mechanical systems driven by electrical systems or multiple coupled mechanical
systems [1, 2].

The idea of backstepping design is that some appropriate functions of state
variables are selected recursively as pseudocontrol inputs for lower dimension
subsystems of the overall system. Each backstepping stage results in a new
pseudocontrol design, expressed in terms of the pseudocontrol designs from the
preceding design stages. When the procedure terminates, a feedback design for the
true control input results, which achieves the original design objective by virtue of a
final Lyapunov function, formed by summing the Lyapunov functions associated
with each individual design stage [3]. The backstepping design provides a system-
atic framework for the design of tracking and regulation strategies, suitable for a
large class of state feedback linearizable nonlinear systems.
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A major problem with the backstepping approach is that certain functions must
be “linear in the unknown parameters” and some very tedious analysis is needed to
determine “regression matrices.”

The possible solution of the problem is to use neural networks (NN5s) to estimate
certain nonlinear functions. A stable neural controller design using backstepping
can be found in [4], where rigorous stability proofs are also provided.

A unified and general approach to backstepping control of nonlinear systems
using neural networks is presented in [5]. By using the NNs in each stage of the
backstepping procedure to estimate certain nonlinear functions, one can design
control law using the backstepping approach, but the linear-in-the-parameters (LIP)
assumption is not needed, and no regression matrices need to be found. The NNs
weights are also tuned online, with no learning phase required. The boundedness of
the tracking error and weight updates is guaranteed.

The very rapid developments described in adaptive and robust control
techniques are accompanied by an increase in the use of neural networks for system
identification-based control [6-9]. With the help of neural networks, the linear-in-
the-parameters assumption of nonlinear function and the determination of regres-
sion matrices can be avoided.

A large number of backstepping design schemes are reported that combine the
backstepping technique with adaptive neural network [10-13]. For example, an
adaptive neural network control via backstepping design was presented for a class
of minimum-phase nonlinear systems with known relative degree [4], and the
combination of NN with backstepping has been proposed for multiple-
input—multiple-output nonlinear systems in block-triangular form [14]. Based on
implicit function theory, adaptive neural network control using backstepping was
constructed for two special classes of non-affine pure-feedback systems [15].

In this chapter, we take single-rank inverted pendulum and single-link flexible
joint robot as two typical examples to explain backstepping controller design with
RBF.

8.2 Backstepping Control for Inverted Pendulum

The basic idea of backstepping design is that a complex nonlinear system is
decomposed into the subsystems and the degree of each subsystem doesn’t exceed
that of the whole system. Accordingly, the Lyapunov function and medial fictitious
control are designed respectively, and the whole system is obtained through
“backstepping.” Thus, the control rule is designed thoroughly. The backstepping
method is called as the back-deduce method, and the desired dynamic indexes are
satisfied.
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8.2.1 System Description

Suppose the plant is a nonlinear system as follows:

J.Cl = X2 (8 1)
%2 =f(x,0) + g(x,t)u '

where f(x,¢) and g(x, ) are the nonlinear functions and g(x,f) # 0
Define e; = x; — x14, Where x4 is the ideal position signal, the goal is e; — 0
andeé; — 0

8.2.2 Controller Design

Basic backstepping control is designed as follows:

Step 1 . . . .
€1 = X| — X1g = X — X1d (8.2)
To realize ¢; — 0, design Lyapunov function as
1,
vV, = Eel (8.3)
Then
Vi =eé; =ei(xa — x14)
To realize V<0, if we choose x, —X1q = —kje;, k>0, then
V] = —kle%.
Step 2 To realize x, — X1qg = —kjey, thatis, x, = X149 — kje;, we choose virtual
control as

Xod = X14 — k11 (8.4)
To realize x, — x4, We get a new error
e =Xy —Xq (8.5)

Then, é; = X — Xaa = f(x, 1) + g(x, )u — Jaq
To realize e; — 0 and ¢; — 0, design Lyapunov function as

(T +e)

N —

1
Vo, =V, +§€§:
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Then

Vi = e(x — X14) + €262
= ei(xoq + €2 — X14) + €262

= — kle% +erex + e (f(x, 1) + g, t)u — X2q)
To realize V, < 0, we choose
er+f(x,t) + glx, u — Xpg = —kpea, k>0 (8.6)
Then
V2 = —kle% — kzeg

From (8.6), consider x,q = ¥14 — k161, and we can get the control law

g(x, l‘) (7/(26‘2 + Xoq — €1 7f(x, [)) (8.7)

In addition, if e; — 0 and e, — 0, then we can geté; = x; — X1q = €
+Xoq — X1 = ez — ke — 0.

To realize the control law (8.7), exact values of modeling information
g(x), f(x) are needed, which are difficult in practical engineering. We can
use RBF to approximate them.

8.2.3 Simulation Example

Consider one link inverted pendulum as follows:

)'c]:xz

X = f(x) +g(x)u

_ gsinx;—mix? cos x; sinx; /(m.+m) _ cos x; /(m.+m)
Wheref(x) - l(14/37rr21 coslel/(mL.l+m)) ) g(x) ~ 1(4/3—mcos?x [(m.+m)) and.x; and.x;

are oscillation angle and oscillation rate, respectively. ¢ = 9.8 m/s?, m. = 1 kg is
the vehicle mass, m. = 1 kg, m is the mass of pendulum bar, m = 0.1 kg, / is one
half of pendulum length, / = 0.5 m, and u is the control input.

Consider the desired trajectory as x4(¢) = 0.1 sin(xt), adopt the control law as
(8.7), and select k; = 35 and k, = 15 The initial state of the inverted pendulum is
[#/60, 0] Simulation results are shown in Figs. 8.1 and 8.2.

The Simulink program of this example is chap8_lsim.mdl, and the Matlab
programs of the example are given in the Appendix.
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8.3 Backstepping Control Based on RBF for Inverted Pendulum

8.3.1 System Description
Suppose the plant is a nonlinear system as follows:

fC] =X

8.8
b = f(x,0) + g(x, ) &9
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where f(x,¢) and g(x, t) are the nonlinear functions and g(x,f) # 0

Define e; = x; — x14, Where x4 is the ideal position signal, the goal is ¢; — 0

andé; — 0

8.3.2 Backstepping Controller Design

Basic backstepping control is designed as follows.
Step 1

€1 =X — X1g = X2 — X1d 8.9
To realize e; — 0, design Lyapunov function as
1,
Vi = Eel (8.10)
Then
Vi=eié; =ei(xy —Xa)
To realize V1 < 0, if we choose x, — X1qg = —kjeq, ki > 0, then we
would have V| = —k;e?.
Step 2 To realize x, — x1q = —kjeq, thatis x, = x1q4 — k1eq, we choose virtual
control as
Xod = X14 — k11 (8.11)
To realize x, — x4, We get a new error
€y = X3 — Xod (812)

Then, é; = X — Xpq = f(x,1) + g(x, H)u — Xpq

To realize e; — 0 and ¢; — 0, design Lyapunov function as

1
V2:V1 +—€§:

jA=2(d+a)

1
2
Then

Va = e1(xy — x14) + €262

= e1(x2q + €2 — X1q) + €262

= — /qef +erer+ex(f + gu— xxq)

= —kie] +eres +ex(f + gu+ (g — §)u — ira)
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Fig. 8.3 Block diagram Adaptive
of the control scheme Mechanism

RBF NN
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where ¢ is estimation of g.
To realize V,<0, we design control law as

_—er — [+ X — ke

= , k>0 (8.13)
8
where f is estimation of f.
Then, we can get
Vo= —kie} — kel +ex(f —f) +ex(g — gu (8.14)

8.3.3 Adaptive Law Design

The unknown functions of f and ¢ can be approximated by neural network.
Figure 8.3 shows the closed-loop neural-based adaptive control scheme.
We use two RBFs to approximate f and g respectively as follows:

=Wrh +¢
! e (8.15)
g=W,h, +¢&
where W; is the ideal neural network weight value, A; is the Gaussian function, i
= 1,2, & is the approximation error, and |[e|| = ||[&; &2]"||<en, ||Willz < Wwm
Define
F = W'h
Ji A (8.16)
8= thz

AT, . L
where W ; is the weight value estimation.
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Define
W, - W, - .
Z = Z||- < Z Z = - Z=7-7
R A A T A
Design Lyapunov function as
1 T 1 5T 15
V=3¢ §+§tr(z r z) (8.17)

where V, = %ET& n > 0, T' is a positive-definite matrix with proper dimension,

r= {Fl FJ, and&=[e; o]

Let adaptive law as
Z =The" — nl||€||Z (8.18)

where h = [hy  hy]" and n is a positive number.
From (8.14), (8.15), and (8.16), we have

V=¢E+tr (ZTl"*li)
= — kle% — kgé% + (W}-hl + 81)62 + (W;hz + 82)83 + tI‘(ZTF_]Z>

where W = Wl —W!, i=1,2
Then

V=—EKE+Ee+EZh+1r (ZTF—‘i) + e
——EKE+Ee+u(ZT'Z2+ 2 he") + e

where K. = [k kg}T and e = [ ¢ sz]T

Since Z = —Z, submitting the adaptive law (8.18), we have
V= —EKE+E% + n||§||tr(ZT(Z - Z)) (8.19)

According to Schwarz inequality, we have tr(ZT(Z - Z)) <1Z||el1Z|g — ||Z

||12,, since Kpin||€| |2 < E'KE, Kpin is the minimum eigenvalue of K, (8.19) becomes
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V < — Knl 11> + enllél] + 1l (1211l 211 — 1121)
< — €l (Knin 11l — ex + 11 Z1 (1215 — Zw))

Since
Kol 611 = e + n(11ZI ~ 1ZI1:Zw

- 1 2 4
— Kol = e+ (121~ 52) ~ 37

this implies that V < 0 as long as

en +4Zy N 1 72 ey
— 4™ Z||>=7 ™, = 8.20
lell> =2 o |Z> 5 2+ /T (8.20)

From the above expression, we can see that the tracking performance is related
to the value of ey, n and K,

In addition, if ¢, — 0 and ¢; — 0, then we can get ¢; = x; — X1 = €3 + X2
—J.C]d =€) — klel — 0

8.3.4 Simulation Example

Consider one link inverted pendulum as follows:

).Cl =X2
o8 sinx; — mlx3 cos xy sin x; /(m, + m) cosxy /(m. + m) .
2 I(4/3 — mcos 2x; /(m. + m)) 1(4/3 — mcos 2x1/(m, + m))

where x| and x; are the oscillation angle and oscillation rate, respectively. g = 9.8
m/s27 m, = 1 kg is the vehicle mass, m, = 1 kg, m is the mass of pendulum bar,
m = 0.1 kg, /is one half of pendulum length, / = 0.5 m, and u is the control input.

Consider the desired trajectory as x4(¢f) = 0.1sin#, adopt the control law as
(8.13) and adaptive law (8.18), and select I'y = 500 and I'; = 0.50, n = 0.10, and
ki =k, =35

Two RBF neural networks are designed, for each Gaussian function, the
parameters of ¢; and b; are designed as [—0.5 —0.25 0 0.25 0.5] and 15.
The initial weight value of each neural net in hidden layer is chosen as 0.10.

In the control law (8.13), to prevent from singularity, we should prevent the item
¢ value from changing frequently; thus, we should choose small I'; in adaptive law
(8.18).
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Fig. 8.4 Position and speed tracking

The initial state of the inverted pendulum is [z/60,0]. Simulation results are
shown from Figs. 8.4, 8.5, and 8.6. The variation of £(-) and g(-) do not converge to
f(-) and g(-). This is due to the fact that the desired trajectory is not persistently
exciting and the tracking error performance can be achieved by many possible
values of £(-) and g(-), besides the true f(-) and g(-), which has been explained in
Sect. 1.5, and this occurs quite often in real-world application.

The Simulink program of this example is chap8_2sim.mdl, and the Matlab
programs of the example are given in the Appendix.

8.4 Backstepping Control for Single-Link Flexible Joint Robot

8.4.1 System Description

The dynamic equation of single-link flexible joint robot is

Ig, + MgLsing; + K(q; — =0
{41 8 q1 (g1 — q2) 8.21)

JG, +K(q2 —q1) = u

where g; € R" and g, € R" are the link angular and motor angular respectively, K is
the stiffness of the link, u € R” is control input, J is motor inertia, / is link inertia, M
is the link mass, and L is the length from the joint to the center of the link.

Choose x; = q1, X2 = ¢, X3 = q2, X4 = ¢,, and then the system (8.21) can be
written as


http://dx.doi.org/10.1007/978-3-642-34816-7_1
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)271 = X2

1
Xy = —T(MgL sinx; + K(x; —x3))
. (8.22)
X3 = X4

Xy == (u— K —x1))

N -

Also, the simplified system equation can be written as
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)-Cl = X2
X =x3+g(x
'2 3+ (%) (8.23)
A3 = X4
X4 =f(x) + mu
where x = [x; x, x3 x4]" is the state vector, g(x) = —x3 — MgLsin(x)/I —

K(x; —x3)/1, f(x) =K(x; —x3)/J, and m = 1/J.

Let ey = x; — x14, and e; = X; — X14. The control goal is x; track x4, X; track
X14, thatis,e; — 0,and e; — 0. If we design Lyapunov functionas V = 1ef + 13,
then we have V = eé; + e,é5, and since the control input # does not appear in 1%
expression, the control input cannot be designed.

8.4.2 Backstepping Controller Design

Reference to the main idea of adaptive backstepping sliding controller design for
single-link flexible joint robot proposed in [16], we discuss backstepping controller
design for single-link flexible joint robot in several steps as follows:

Step I  Define e; = x; — x14, and x4 is the ideal position signal, and then
€1 =X — Xig = X2 — X14
To realize e; — 0, define a Lyapunov function as

1

2
Vi= 561 (8.24)
Then
Vi=eé =ei(x — %1q)
To realize V, < 0, if we choose x, — 1 = —kjeq, k; > 0, then we
would have V1 = fkle%
Step 2 To realize x, — X1qg = —kjey, thatis, x, = X194 — k1e;, we choose virtual
control as

Xoq = de — k1€1 (825)
To realize x, — X4, We get a new error
€ = X2 — Xod

Then é; = xp — Xpq = X3 + g(x) — X4, and
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Vi = e1(xa — x14) = e1(x2a + €2 — ¥14) = €1 (1a — kiey + €2 — ¥14)

= — kle% +e1ep
To realize e; — 0 and e¢; — 0, design Lyapunov function as

1,

Va=Vi+-e; == (el +e3) (8.26)

\®)
| —

Then
V) = —kie? +eres + ex(x3 + g(x) — i)
To realize V, < 0, if we choose
e1+x3+8g(x) — X = —kaez, kp >0
then we would have V2 = —kle% — kze%

Step 3 To realize e; + x3 + g(x) — %oq = —kaep, that is, x3 = Xog — g(x) — kae
—ey, we choose virtual control as

X34 = x2d — g(x) — k2€2 — €] (827)
To realize x3 — x3q, We get a new error
€3 = X3 — X34

Then é3 = X3 — de = X4 — fC3d
Torealizees — Oande; — Oande, — 0, design Lyapunov function as

(e1 + €5 +e3) (8.28)

N —

Vi=Vat il =
3=V2 253—

Then

Vi =—kie? +ejes +ea(xs + g(x) — o) + €363
= —kie] +erex + ea(es + x3q + g(x) — %2a) + €363
= — kle% — kzeg + ere3 + 63()(4 — X3d)

2 2 .
= — klel — k2€2 + 83(6‘2 + x4 —X3d)
To realize V3 < 0, we choose

ey + x4 — X3g = —kszez, k3 >0
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Then we would have
V3 = —klef — kze‘% — k3€§

Step 4 To realize e; + x4 — X3¢ = —kzes, that is, x4 = X39 — kzes — ez, we
choose virtual control as

X4 = X3qa — kzez — e (3.29)
To realize x4 — Xx4q, We get a new error
€4 = X4 — X4d
Then, é4 = X4 — X4d :f(x) + mu — f(4d

To realize e4 — 0 and ey — 0, e; — 0, and e3 — 0, design Lyapunov
function as

1
Vi=Vi+-ei=-(e]+e3+e5+el) (8.30)

1
2 2

Then
V4 = 7/{16% — kze% + 63(82 —+ x4 — ).C3d) + €4(f()€) —+ mu — ).C4d)
Since

es(ex + x4 — X3q) = e3(ea + Xaq + €4 — X3q)
= e3(en + X3q — kzez — €2 + €4 — X3q)

= €364 — k3e‘§
then

Vi=—kiel — kae3 + eseq — kse3 + ea(f(x) -+ mu — iuq)

=— kle% — kzé% — k3e§ + esq(es +f(x) + mu — x4q)
To realize V4 < 0, we choose
e3 +f(x) + mu — X4qg = —kseq, k4>0 (8.31)
Then

Vi = —kie} — kaej — kse3 — kqe;
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From (8.31), we can get the control law
1 :
u=- (=f(x) + X4q — kgeq — €3) (8.32)

To realize the control law (8.32), modeling information g(x), f(x), and
m are needed, which are difficult in practical engineering. We can use
RBF to approximate them.

8.5 Adaptive Backstepping Control with RBF for Single-Link
Flexible Joint Robot

For the system (8.23) in Sect. 8.4, we consider g(x), f(x), and m are unknown, the
lower bound of m is known, m > -m, and -m > 0

The unknown functions of f , & and d can be approximated by neural network,
and /1 can be estimated by adaptive law. Figure 8.7 shows the closed-loop neural-
based adaptive control scheme.

8.5.1 Backstepping Controller Design with Function Estimation

Reference to the main idea of adaptive neural network backstepping sliding con-
troller design for single-link flexible joint robot proposed in [16], we discuss RBF-
based backstepping controller design for single-link flexible joint robot in several
steps as follows:

Step 1  Define e; = x| — x14, and x4 is the ideal position signal, and then
€1 =X —Xig = X2 — X4 (8.33)

To realize e; — 0, define a Lyapunov function as

V) = 5e12 (8.34)
Then
Vi =eiér = ei(xa — ¥14)
To realize V; < 0, if we choose x, — X;g = —kjey, ki > 0, then we

would have V| = —k;e?.
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Fig. 8.7 Block diagram
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Step 2 To realize x, — X1qg = —kjey, thatis, x, = X194 — kjeq, we choose virtual
control as
Xod = X14 — k11 (8.35)

To realize x, — x4, We get a new error
€y = Xp — Xad
Then é; = Xy — Xpq = X3 + g(x) — X4, and

Vi = e (xa —%14) = e1(x2a + €2 — ¥1a) = e1(1a — kiey + ez — ¥14)

2
= —kie] +ejez

To realize e; — 0 and e; — 0, design Lyapunov function as

1

Va=Vi+se; == (el +e3) (8.36)

\S}
N =

Then
Vy = —kiel +ejey + ez + g(x) — i)
To realize V, < 0, if we choose
e1+x3+8g(x) — X = —kaey, k>0
then we would have V2 = —kle% — kze%

Step 3 To realize e; + x3 + g(x) — %oq = —ksez, that is, x3 = Xog — g(x) — kae
—ey, we choose virtual control as

X34 = Xog — &(x) — kaer — ey (8.37)
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To realize x3 — x3q, We get a new error
€3 = X3 — X34

Then é3 = ).63 — fC3d = X4 — X3d.
Torealizees — Oande; — Oande, — 0, design Lyapunov function as

1
Vi=Vo+-e3= (e% +e3+ e%) (8.38)

2

N —

Then

Vy=— klef +erer +ep(xs + g(x) — Xod) + e3é3
= —kie] +erex + ea(es + x3q + g(x) — K2q) + €363
= —kie? — kyes + ezes + e3(xg — ¥3q) + ea(g(x) — g(x))
= —kie] — ka3 + e3(ez + x4 — X30) + €2(g(x) — §(x))

To realize V3 < 0, we choose
ey + x4 — X3g = —kzez, k3 >0

Then, we would have V5 = —kie? — ko€l — kze3 + ea(g(x) — g(x)).
Step 4 Design control law
To realize e; + x4 — X3¢ = —kszes, that is, x4 = X34 — kzez — ey, we
choose virtual control as

Xga = ¥3q — kzez — e (8.39)
where X3d = X3d1 — d, )%3(1 = del — a?, and
Xad = — § +Jaa — kaéy — &
= — g+ a—kié — ka(x3 + g — %n4) — (2 — X14)
= — g+ i 14— ki(xs+g—Fia) — ka(xs + g — K2a) — X2 + X1a

=X3q1 —d

where X3q = X301 — X302, X301 = &'10 — k1 (%3 — X1q) — ko (X3 — X2a) + X1a
—xp and X3qp = § + k1g + kg, X341 is composed of known values, and X34,
is the unknown part of X34, and let X34, = d.

To realize x4 — x4q, We get a new error

€4 = X4 — X4d
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Then
€4 = X4 — Xgq = f + mu — Xaa1 — X4a2
where

X4q = Xza1 —d — k3e3 — &

= X1g — k(X3 = X'1a) — ko (X3 — Xoa) 4+ F1a — X2 — d — ka (x4 — X3q1 + H3a2) — (%2 — %2a)

= ¥4 — ki (xa — ¥ 14) — ko (s — F1a + ki (2 — ¥10)) +¥a —x3 —g —d
— k3 (x4 — X3q1 + H3a2) — (X3 + g — X24)

= ¥1a — ki(xg — X1q) — ko (x4 — ¥'1a + k1 (x3 — X14)) + ¥1a — X3 — k3(xa — X3q1)
— (3 — o) —kikog — g —d — kaiz — &

= Xaa1 + Xaa2

where X44 is composed of known values x44; and the unknown part of x44,

Xad1 = ¥1a — k1 (x4 — ¥14) — ko (x4 — X140 + ki (x3 — X1q))

+X1q — x3 — k3 (x4 — x301) — (x3 — %oq) (8.40)
Yap = —kikog — g —d — ks¥san — ¢

Define f = f — X442, and then

és =f — Xaa1 + mu = f — kaq1 + (m — m)u + rw

where 1 is estimation value of m.
To realize e4 — O and e; — 0, e, — 0, and e3 — 0, design Lyapunov
function as

12
V4:V3—|——e4:

5 (el +e3+e5+e3) (8.41)

N —

Then

V4 = — kle% — kz@% + 63(62 —+ X4 — X3d) —+ ez(g(x) — g(x))
+ 84(f— Xaq1 + (m — Iﬁ)bt + I’hu)
Since
e3(ex + x4 — X34) = e3(ex + Xaq + €4 — X34)
= e3(er + X341 — d — kses — ey + eq — Xaan +d)
= e3e4 — k3€§ + 83(d — dA)
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then

Vy=— kle% — kzeg + ezeq — k36§ + e3(d — J) +ex(g — 8) + eq(f — dgar + (m — rit)u + i)
=— ket — kel — ksel + ex(g — &) +e3(d — d) + eq(m — im)u + eq(es +f — aqr + i)

To realize V4 < 0, we choose the control law as

.
u= E (—f + Xaq1 — kaeq — 63) (8.42)
then
V4= —kle% — kzeg — k3e§ — k4ei + (m—mues + (g — g)er
+(d—d)es + (F — fes (8.43)

Ifm=m, g=g, c?:d,andf:f_, wecangetV4<O

8.5.2 Backstepping Controller Design with RBF Approximation

We use three kind of RBF neural network to approximate g, d and f respectively as
follows

g = WThl + €
d= W;hz + &
f=Wihs+ e
where W; is the ideal neural network weight value, 4; is the Gaussian function,
i=1,2,3, & is the approximation error and ||| =||[e1 & &3] ||<en,
[W][p < Wy
Define
§=Wn
d =W, (8.44)
f=Wih

where W,T is weight value estimation.
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Define
0
W,
z= w, | Ele<2u
W3
O ~
- W, 5 5
Z= W, o Z=727-7
W3
Design Lyapunov function as
1 T 1 ~T —15 1 )
V:§§ §+§tr(Z r—'z +§nm (8.45)

where V4 = %ET& n > 0, T' is a positive-definite matrix with proper dimension,
0

I

I'= yE=er e e3 84]T, and m = m — m.
I's

Iy
Let adaptive law as

Z=The" —l||g||Z (8.46)

where h = [0 &y hy h3]", nis a positive number, and /i2(0) >m
From (8.43), (8.44), and (8.45), we have

V=E%+wZ'T7'Z) + givin
= — kle% - kzeg — k3€§ — k4€i + (W]Thl +e1)er + (W;hz +&)es
+ (W3hs + &3)es + tr(ZTI”IZ) + requ + nim

where W = Wl - W], i=1,2,3
Then

V= — EKE+E + EZh +t(Z' T Z) + inesu + nivin
= EKE+E %+ t(ZT'Z + Z hEY) + mequ + i

whereKe:[kl kz k3 /<4]T7 ande:[O & & €3}T.
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Since Z = —i, and m = —r}%, submitting the adaptive law (8.46), we have
V= —E"KE+ Ee + n||E]|tr (ZT(Z - Z)) Freau — i) (8.47)

To guarantee 7i(equ — nﬁz) < 0, at the same time to avoid singularity in (8.42)
and guarantee ri1 > m, we use an adaptive law for 7z given in [16] as follows:

_ nlequ, if equ >0
m=1{ nlequ, if equ<0andrm >m (8.48)
<

71, if equ <0 and

where 711(0) > m.
The adaptive law (8.48) can be analyzed as:

1. If equ > 0, we get m(esu — 71/?1) =0and m > 0; thus, m > m

2. If equ < 0 and 1 > m, we get m(esu — nrh) =0

3. If equ <0 and m <m, we have m = m — m > m —m>0; thus, m(esu — nﬁz)
=mesu —m < 0, and m will increase gradually, and then m>m will be
guaranteed with i > 0

According to Schwarz inequality, we have tr (ZT(Z - Z)) < \\ZII¢l|1Z]lz - ||Z]
|12:, since Kmin||a’§||2 < E'K¢E, Kpin is the minimum eigenvalue of K, (8.47) becomes
. 2 fad 7112
V < — Kuinl[€]]” + &n]|€]] +n||§||(|\ZHF||Z||F - HZHF) +M
< — | 1€l (Kuminl €]l — & + nl|ZI[6(||ZI]¢ — Zu))

Since

Kninll€]] = e + n (1121} = 11211:2)

- 1 2,
:KmianH_EN—FI’I ||Z||F_7ZM _721%/[
2 4
this implies that V < 0as long as
I P THP DAY 2 WL (.49)
——— or - M, N .
Knin F 2 M 4 n

From the above expression, we can see that the tracking performance is related
to the value of ey, n, and Ky,
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Fig. 8.8 Position and speed tracking
8.5.3 Simulation Examples

8.5.3.1 First Example

For the system (8.23), we choose f(x) = 0, g(x) = 0, and m = 3.0, and then (8.23)
can be written as

X1 =X
X2 =x3
)-C3 = X4
X4 = mu

We assume f(x) = 0 and g(x) = 0 are known and only m is unknown, and then
Lyapunov function becomes V = %§T§ + %nr?zz; thus, only adaptive law (8.48) can
be used.

The ideal position signal is xjq=sin#, and the initial value is
x(0)=[0.5 0 0 O0]. We use the control law (8.42) with adaptive law (8.48).
The parameters are chosen as k; = ky = k3 = k4 = 35. In the adaptive law, we
choose m = 1.0, m(0) = 500, and 7 = 150. The results are shown from Figs. 8.8,
8.9, and 8.10.

The Simulink program of this example is chap8_3sim.mdl and the Matlab
programs of the example are given in the Appendix.
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8.5.3.2 Second Example

Consider a dynamic equation of single-link flexible joint robot as

1§, + MgLsin ¢ + K(q1 —q2) =0
JG, +K(q2 —q1) = u

where M = 0.2 kg, L = 0.02m, I = 1.35 x 103kg - m?; K = 7.47 Nm/rad, and
J=2.16 x 10~ 'kg - m?.
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The ideal position signal is xjq = sint, and the initial value is
x(0)=[0 0 0 O0]. Control law (8.42) is used with adaptive law (8.46) and
(8.48). The parameters are chosen as k; =k, = ks = k4 =3.5, n=0.01, I, =173
=Ty =250, and I' = diag{0, "5, '3, T'y}. Since J =2.16 x 10~'kg - m?, we
choose -m = 1.0.

We use three RBFs to approximate g, d, and f, respectively. The structure is used
as 4-5-1, and the input vector of RBFisz = [x; x; x3 x4 ]T. For each Gaussian
function, the parameters of ¢; and b; are designedas [—1 —0.5 0 0.5 1]and
1.5. The initial weight value is chosen as zero.

In the adaptive law (8.48), since there exists strong coupling between 7 and u,
the choice of initial value of # is important. If 72(0) is chosen as very small, u
become very big, and then m will become very big, which will cause big chattering
of 71, and may cause 72 to become zero, and control input will be singular. For the
same reason, if 72(0) is chosen as very big, u will become very small, and then /i will
become very small, which will cause small change of 71, and may cause u failure.
Therefore, in simulation, we should design initial value of 7z as big as possible. In
this simulation, we set 71(0) = 500. In addition, to guarantee not big of W value, we
choose big 7, that is, 7 = 150

The results are shown from Figs. 8.11, 8.12, and 8.13. The estimation of ¢(x) and
#irdo not converge to true value of g(x) and m. This is due to the fact that the desired
trajectory is not persistently exciting and the tracking error performance can be
achieved by many possible values of ¢(x) and 71, besides the true g(x) and m, which

T T T T T r & T VU [ 41
Ideal position
---------- Position tracking

RVAVAY

Position tracking

Time (s)

T T T T T T T T T
Ideal speed
Speed tracking f

V'V

10 15 20 25 30 35 40 45 50
Time (s)

Speed tracking

0 5

Fig. 8.11 Position and speed tracking
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Fig. 8.13 Estimation of g(x) and m

has been explained in Sect. 1.5, and this occurs quite often in real-world
application.

The Simulink program of this example is chap8_4sim.mdl, and the Matlab
programs of the example are given in the Appendix.
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Appendix
Programs for Sect. 8.2.3

Simulation programs:
Simulink program: chap8_1sim.mdl

du/dt
Derivative To Workspace2

B :I—> Chap8_1ctrl Chap8_lplant —

Sine Wave

S-Function S-Functionl

To Workspace3

Clock To Workspace

S function for control law:chap8_Ictrl.m

function [sys,x0,str, ts] = spacemodel (t,x,u,flag)
switch flag,
case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
case 3,

sys=mdlOutputs (t,x,u) ;
case {2,4,9}

sys=1I[1;
otherwise

error ([ 'Unhandled flag = ' ,num2str (flag) ]) ;
end

function [sys,x0,str,ts]=mdlInitializeSizes
global MV x0 fai

sizes = simsizes;
sizes.NumDiscStates =0;
sizes.NumOutputs = 1;
sizes.NumInputs = 3;
sizes.DirFeedthrough =1;
sizes.NumSampleTimes =1;
sys = simsizes(sizes);
x0=[1;

str=1[1];
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ts=1[00];

function sys=mdlOutputs (t,x,u)
k1=35;

k2=15;

x1ld=u (1) ;
dx1d=0.l1*pi*cos(pi*t);
ddx1d=-0.1*pi"2*sin(pi*t) ;
x1l=u(2) ;

x2=u(3);

g=9.8;mc=1.0;m=0.1;1=0.5;

S=1*(4/3-m* (cos(x1)) "2/ (mc+m)) ;

fx=g*sin(x1l) -m*1*x2"2*cos (x1) *sin(x1) / (mc+m) ;
fx=£fx/S;

gx=cos (x1) / (mc+m) ;

gx=gx/S;

el=x1-x1d;
del=x2-dx1d;

x2d=dxld-kl*el;
dx2d=ddx1d-kl*del;

e2=x2-x2d;
ut=(1/gx) * (-k2*e2+dx2d-el-£fx) ;

sys(1l)=ut;
S function for plant:chap8_1plant.m

function [sys,x0,str, ts]=s_function(t,x,u,flag)

switch flag,
case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
case 1,
sys=mdlDerivatives (t,x,u);
case 3,

sys=mdlOutputs (t,x,u) ;
case {2, 4, 9}

sys=11;
otherwise

error ([ 'Unhandled flag = ' ,num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;
sizes.NumContStates =2;
sizes.NumDiscStates =0;
sizes.NumOutputs = 2;
sizes.NumInputs =1;
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sizes.DirFeedthrough =0;
sizes.NumSampleTimes = 0;
sys=simsizes (sizes);
x0=[pi1/600];

str=1[1;

ts=I[1;

function sys=mdlDerivatives(t,x,u)
g=9.8;mc=1.0;m=0.1;1=0.5;

S=1*(4/3-m* (cos(x(1)))"2/ (mc+m)) ;
fx=g*sin(x(1l))-m*1*x(2)"2*cos(x (1)) *sin(x (1)) / (mc+m) ;
fx=£fx/S;

gx=cos(x (1)) / (mc+m) ;

gx=gx/S;

sys(1)=x(2);

sys (2)=fx+gx*u;

function sys=mdlOutputs (t,x,u)
sys(1)=x(1);

sys(2)=x(2);

Plot program: chap8_1plot.m

closeall;

figure (1) ;

subplot (211) ;
plot(t,yv(:,1),'r’',t,y(:,3),'k:", " linewidth’,2) ;
xlabel (‘time(s) ') ;ylabel ('Position tracking’) ;

legend(’'Ideal position’, 'Position tracking’) ;
subplot (212) ;

plot(t,yv(:,2),'r",t,y(:,4),'k:", "linewidth’,2);
xlabel ('time(s) ') ;ylabel (' Speed tracking’) ;
legend(’'Ideal speed’, 'Speed tracking’) ;

figure (2) ;
plot(t,ut(:,1),'k’,"linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('Control input’) ;

Programs for Sect. 8.3.4

Simulink program: chap8_2sim.mdl
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du/dt

Derivative

3 To Workspace2

To Workspace3

Chap8 2plant

Sine Wave -
S-Function S-Functionl
Mor = 7]
[0 ] To Workspacel
Clock  To Workspace Mux4

S function for control law: chap8_2ctrl.m

function [sys,x0,str,ts] = MIMO_Tong_s (t,x,u,flag)
switch flag,
case 0,

[sys,x0,str,ts]=mdlInitializeSizes;
casel,

sys=mdlDerivatives (t,x,u);
case 3,

sys=mdlOutputs (t,x,u) ;
case {2,4,9}

sys=1I[1;
otherwise

error ([ 'Unhandled flag = ’ ,num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
global c b k1 k2 node
node=5;
sizes = simsizes;
sizes.NumContStates = 2*node;
sizes.NumDiscStates =0;
sizes.NumOutputs = 3;
sizes.NumInputs =5;
sizes.DirFeedthrough =1;
sizes.NumSampleTimes = 0;
sys = simsizes (sizes) ;

x0 = [0.1*ones(2*node, 1) ]; $m(0) >ml
str=1[1;
ts=11;

c=0.5*[-1-0.500.51;
-1-0.500.5171;

b=15;

k1=35;k2=35;

function sys=mdlDerivatives (t,x,u)

279
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global c b k1 k2 node
x1ld=u(l) ;
dx1d=0.1l*cos(t) ;
ddx1d=-0.1*sin(t) ;

x1=u(2);x2=u(3); $Plant states

z=[x1,x2]";

for j=1:1:node
h(j)=exp(-norm(z-c(:,3))"2/(2*b"2));

end

el=x1-x1d;
del=x2-dx1d;
x2d=dx1d-kl*el;
e2=x2-x2d;
dx2d=ddx1d-kl*del;

Kexi=[el e2]’;

n=0.1;
Gamal=500;Gama2=0.50;
Gama=[Gamal 0;

0 GamaZ2];
%dzZz=Gama*h*Kexi’'-n*Gama*norm(Kexi) *Z;
w_fp=[x(l:node)]’; $fp weight
w_gp=I[x(node+l:node*2)]’; %gp weight

for i=1:1:node
sys(i)=Gama (1,1)*h (i) *Kexi(l)-n*Gama(l,1) *norm(Kexi)
*w_fp(i); %$f estimation
sys (i+node)=Gama (2,2) *h (i) *Kexi (2) -n*Gama (2, 2) *norm
(Kexi)*w_gp(i); %g estimation
end
function sys=mdlOutputs (t,x,u)
global c b k1 k2 node
x1d=u(l) ;
dx1d=0.1l*cos(t) ;
ddx1d=-0.1*sin(t) ;

x1=u(2) ;x2=u(3);
z=[x1,x2]";

for j=1:1:node
h(j)=exp(-norm(z-c(:,3J))"2/(2*b"2));
end

w_fp=I[x(l:node)]’; $fp weight
w_gp=I[x(node+l:node*2)]"’; %gp weight
fpo=w_fp*h’;

gp=w_gp*h’;
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el=x1-x1d;
del=x2-dx1d;
x2d=dx1d-kl*el;
e2=x2-x2d;
dx2d=ddx1d-kl*del;

ut=1/(gp+0.01) * (-el-fp+dx2d-k2*e2) ;

sys (1l)=ut;
sys (2)=fp;
sys(3)=gp;

S function for plant: chap8_2plant.m

function [sys,x0,str, ts]=s_function(t,x,u,flag)

switch flag,
case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
casel,
sys=mdlDerivatives(t,x,u);
case 3,

sys=mdlOutputs (t,x,u);
case {2, 4, 9}
sys=1[1;
otherwise
error ([ ’Unhandled flag = ' ,num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;
sizes.NumContStates =2;
sizes.NumDiscStates =0;
sizes.NumOutputs = 4;
sizes.NumInputs = 3;
sizes.DirFeedthrough =0;
sizes.NumSampleTimes = 0;
sys=simsizes (sizes);

x0=[pi/600];
str=[];
ts=I[1];

function sys=mdlDerivatives (t,x,u)
g=9.8;mc=1.0;m=0.1;1=0.5;

S=1*(4/3-m* (cos(x(1))) "2/ (mc+m)) ;
fx=g*sin(x(1l))-m*1*x(2)"2*cos (x (1)) *sin(x (1)) / (mc+m) ;
fx=£fx/S;

gx=cos (x(1))/ (mc+m) ;

gx=gx/S;
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sys(1)=x(2);

sys (2)=fx+gx*u(l) ;

function sys=mdlOutputs (t,x,u)
g=9.8;mc=1.0;m=0.1;1=0.5;

S=1*(4/3-m* (cos(x(1)))"2/ (mc+m)) ;
fx=g*sin(x(1l))-m*1*x(2)"2*cos(x (1)) *sin(x (1)) / (mc+m) ;
fx=£fx/S;

gx=cos (x (1)) / (mc+m) ;

Plot program: chap8_2plot.m

close all;

figure (1) ;

subplot (211) ;
plot(t,y(:,1),'r",t,y(:,3),’k:’, " 1linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('Position tracking’) ;

legend(’'Ideal position’, 'Position tracking’) ;
subplot (212) ;

plot(t,yv(:,2),'r",t,y(:,4),'k:", " linewidth’,2) ;
xlabel (‘time(s) ') ;ylabel (' Speed tracking’) ;

legend (’Ideal speed’, 'Speed tracking’) ;

figure (2) ;

plot(t,ut(:,1), 'r’, "linewidth’,2);

xlabel ('time(s) ') ;ylabel ('Control input’) ;

figure (3) ;

subplot (211) ;

plot(t,p(:,3),'r’',t,p(:,6),'k:", linewidth’,2) ;
xlabel (‘time(s) ') ;ylabel ('fx and its estimated value’) ;

legend (' fx’, "estiamted fx') ;

subplot (212) ;
plot(t,p(:,4),'r",t,p(:,7),’k:","1linewidth’,2);
xlabel (‘time(s) ') ;yvlabel (‘gx and its estimated value’) ;
legend('gx’, 'estiamted gx’) ;

Programs for Sect. 8.5.3.1

Programs:
Simulink program: chap8_3sim.mdl
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duldt Mux
Derivative To Workspace?2
To Workspace3 Mux3

@7#
. Chap8_3ctrl I Chap8 3plant
Sine wave

S-Function S-Functionl
Mux1
o] —~(1] s
30 t
To Workspacel
Clock  To Workspace Mud

S function for control law and adaptive law: chap8_3ctrl.m

function [sys,x0,str, ts] =MIMO_Tong_s (t,x,u,flag)

switch flag,
case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
case 1,
sys=mdlDerivatives(t,x,u);
case 3,

sys=mdlOutputs(t,x,u) ;
case {2,4,9}

sys=I[1;
otherwise

error ([ 'Unhandled flag = ' ,num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
global k1 k2 k3 k4
sizes = simsizes;
sizes.NumContStates =1;
sizes.NumDiscStates =0;
sizes.NumOutputs = 2;
sizes.NumInputs = 6;
sizes.DirFeedthrough =1;
sizes.NumSampleTimes = 0;
sys = simsizes(sizes);

x0 = [107]; $Letm(0)>>ml
str=1[1;
ts=11;

k1=35;k2=35;k3=35;k4=35;

function sys=mdlDerivatives (t,x,u)
global k1 k2 k3 k4

x1ld=u(l) ;

dxld=cos(t);

ddxld=-sin(t) ;
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dddxld=-cos(t) ;
ddddxld=sin(t) ;
x1=u(2);x2=u(3);x3=u(4) ;x4=u(5) ; $Plant states
mp=x (1) ;

el=x1-x1d;
x2d=dx1d-kl*el;
e2=x2-x2d;
dx2d=ddx1d-kl1* (x2-dx1d) ;

x3d=dx2d-k2*e2-el;
dx3dl=dddx1ld-kl* (x3-ddx1ld) -k2* (x3-dx2d) +dx1d-x2;

e3=x3-x3d;
x4d=dx3dl-k3*e3-e2;
ed=x4-x44d;

dx4dl=ddddx1ld-k1* (x4-dddx1d) -k2* (x4-dddx1d+kl* (x3-
ddx1d) ) +ddx1d-x3-k3* (x4-dx3d1l) - (x3-dx2d) ;

ut=(1/mp) * (dx4dl-kd*ed-e3) ;

eta=150;
ml=1;
if (ed*ut>0)
dm=(1l/eta) *ed*ut;
end
if (ed*ut<=0)
if (mp>ml)
dm=(1/eta) *ed*ut;
else
dm=1/eta;
end
end
sys (1) =dm;
function sys=mdlOutputs (t,x,u)
global k1 k2 k3 k4
x1ld=u (1) ;
dxld=cos(t);
ddxld=-sin(t) ;
dddxld=-cos(t) ;
ddddxld=sin(t) ;

x1l=u(2);x2=u(3);x3=u(4);x4=u(5); %$Plant states
mp=x (1) ;
el=x1-x1d;

x2d=dx1d-kl*el;
e2=x2-x2d;
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dx2d=ddx1d-k1* (x2-dx1d) ;
x3d=dx2d-k2*e2-el;
dx3dl=dddx1d- (k1) * (x3-ddx1d) - (k2) * (x3-dx2d) +dx1d-x2;

e3=x3-x3d;
x4d=dx3d1l-k3*e3-e2;
ed=x4-x4d;

dx4dl=ddddx1d- (kl) * (x4-dddx1d) - (k2) * (x4-dddx1d+ (k1) *
(x3-ddx1d) ) - (k3)* (x4-dx3d1l) - (x3-dx2d) +ddx1d-x3;

ut=(1/mp) * (dx4dl-kd*ed-e3) ;

sys(1l)=ut;

sys(2)=mp;

S function for plant:chap8_3plant.m

function [sys,x0,str, ts]=MIMO_Tong_plant (t,x,u,flag)

switch flag,
case 0,
[sys,x0,str,ts]l=mdlInitializeSizes;
case 1,
sys=mdlDerivatives(t,x,u);
case 3,

sys=mdlOutputs (t,x,u);
case {2, 4, 9}
sys=1[1;
otherwise
error ([ ’Unhandled flag = ' ,num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;
sizes.NumContStates =4;
sizes.NumDiscStates =0;
sizes.NumOutputs =5;
sizes.NumInputs =1;
sizes.DirFeedthrough =0;
sizes.NumSampleTimes = 0;
sys=simsizes (sizes);
x0=[0.5000];
str=1[1;
ts=I[1;
function sys=mdlDerivatives (t,x,u)
m=3.0;
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function sys=mdlOutputs (t,x,u)
m=3.0;

sys
sys
sys
sys
sys (5)=m;

Plot program:chap8_3plot.m
closeall;

(1)
(2)
(3)
(4)

figure (1) ;

subplot (211) ;

plot(t,yv(:,1),'r",t,y(:,3),’k:", "1linewidth’,2) ;
xlabel ('time(s) ') ;ylabel ('Position tracking’) ;
legend(’'Ideal position’, 'Position tracking’) ;
subplot (212) ;
plot(t,v(:,2),'r’',t,y(:,4),'k:", " linewidth’,2) ;
xlabel ('time(s) ') ;ylabel ('Speed tracking’) ;
legend(’'Ideal speed’, 'Speed tracking’) ;

figure (2) ;
plot(t,ut(:,1),'r’, "linewidth’,2);
xlabel ('time(s) ') ;ylabel ('Control input’) ;

figure (3) ;

plot(t,m(:,5),'r’,t, m(:,6),'k:’", " 1linewidth’,2);
xlabel (‘time(s) ') ;ylabel (‘mand its estimated value’) ;
legend('m’, "estiamtedm’) ;

Programs for Sect. 8.5.3.2

Simulink program: chap8_4sim.mdl

[l —
du/dt Mux|
Derivative To Workspace2

Mux3

To Workspace3

B Mux Chap8_4ctrl |———| Chap8_4plant

Sine wave

S-Function S-Functionl
Mux1

Mux

Clock  To Workspace Mux4

To Workspacel
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S function for control law and adaptive law: chap8_4ctrl.m

function [sys,x0,str,ts] =MIMO_Tong_ s (t,x,u,flag)

switch flag,
case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
casel,
sys=mdlDerivatives (t,x,u);
case 3,

sys=mdlOutputs (t,x,u);
case {2,4,9}
sys=I[1;
otherwise
error ([ ’Unhandled flag = ' ,num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
global ¢ b k1l k2 k3 k4 node
node=5;
sizes = simsizes;
sizes.NumContStates = 3*node+1;
sizes.NumDiscStates =0;
sizes.NumOutputs = 3;
sizes.NumInputs = 7;
sizes.DirFeedthrough =1;
sizes.NumSampleTimes = 0;
sys = simsizes (sizes) ;

x0 = [zeros (3*node, 1) ;500]; $m(0) >ml
str=1[1;
ts=1[1;

c=[-1-0.500.51;

-1-0.500.51;

-1-0.500.51;

-1-0.500.5171;
b=1.5;
k1=0.35;k2=0.35;k3=0.35;k4=0.35;
function sys=mdlDerivatives (t,x,u)
global c bkl k2 k3 k4 node
x1d=u (1) ;
dxld=cos(t);
ddxld=-sin(t
dddxld=-cos (
ddddxld=sin (

) ;
t);
t);
x1=u(2);x2=u(3);x3=u(4);x4=u(5); %$Plant states
z=[x1,x2,x3,x4]";

for j=1:1:node
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h(j)=exp(-norm(z-c(:,3))"2/(2*b"2));

end
th_gp=I[x(1l:node)]’; %gp weight value
th_dp=[x(node+l:node*2)]"’; %dp weight value

th_fp=I[x(node*2+1:node*3)]1’; %fpweight value
gp=th_gp*h’;

dp=th_dp*h’;

fp=th_fp*h’;

mp=x (3*node+1) ;

el=x1-x1d;
x2d=dx1d-kl*el;
e2=x2-x2d;
dx2d=ddx1d-kl1* (x2-dx1d) ;

x3d=-gp+dx2d-k2*e2-el;

$D3=dddx1d-kl1* (x3-ddx1d)-k2* (x3-dx2d) +dx1d-x2;
dx3dl=dddx1ld-kl* (x3-ddx1ld) -k2* (x3-dx2d) +dx1d-x2;

e3=x3-x3d;
x4d=dx3d1l-dp-k3*e3-e2;
ed=x4-x4d;

$D4=ddddx1d-k1l* (x4-dddx1ld) -k2* (x4-dddx1d+kl* (x3-
ddx1d) ) +ddx1d-x3-k3* (x4-D3) - (x3-dx2d) ;
dx4dl=ddddxld-kl* (x4-dddx1ld)-k2* (x4-dddx1d+kl* (x3-
ddx1d) ) +ddx1d-x3-k3* (x4-dx3dl) - (x3-dx2d) ;

ut=(1/mp) * (-fp+dx4dl-kd*ed-e3) ;
Kexi=[el e2 e3 ed]’;

n=0.01;
Gama2=250;Gama3=250;Gamad=250;
Gama=[00 0 0;

0 Gama2 0 0;

00 Gama3 0;

00 0 Gamadl] ;
eta=150;
ml=1;

if (ed*ut>0)
dm=(1l/eta) *ed*ut;
end
if (ed*ut<=0)
if (mp>ml)
dm=(1l/eta) *ed*ut;
else
dm=1/eta;
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end
end
for i=1:1:node

i)=Gama (2,2) *h (i) *Kexi (2) -n*Gama (2, 2) *norm
Kexi) *th_gp(i); %g estimation
i+node)=Gama (3,3) *h (i) *Kexi (3) -n*Gama (3, 3)
norm(Kexi) *th_dp(i); $d estimation

sys (i+node*2)=Gama(4,4)*h (i) *Kexi (4) -n*Gama (4, 4)
*norm(Kexi) *th_fp(i); %f estimation

sys

(
(
sys (

end
sys (3*node+1)=dm;

function sys=mdlOutputs (t,x,u)
global ¢ bkl k2 k3 k4 node

xld=u (1) ;
dxld=cos(t) ;
ddxld=-sin(t
dddxld=-cos (
ddddxld=sin (

)i
t);
t);
x1=u(2);x2=u(3);x3=u(4) ;x4=u(5);
z=[x1,x2,x3,x4]1";
for j=1:1:node
h(j)=exp(-norm(z-c(:,3))"2/(2*b"2));
end

th_gp=I[x(l:node)]’; %gp weight
th_dp=[x(node+l:node*2)]"’; %dp weight
th_fp=I[x(node*2+1:node*3)1]1"'; %fp weight
gp=th_gp*h’;

dp=th_dp*h’;

fp=th_fp*h’;

mp=x (node*3+1) ;

el=x1-x1d;

x2d=dx1d-kl*el;

e2=x2-x2d;

dx2d=ddx1d-kl* (x2-dx1d) ;

x3d=-gp+dx2d-k2*e2-el;

$D3=dddx1d- (k1) * (x3-ddx1d) - (k2) * (x3-dx2d) +dx1d-x2;
dx3dl=dddx1d- (k1) * (x3-ddx1d) - (k2) * (x3-dx2d) +dx1d-x2;

e3=x3-x3d;

x4d=dx3dl-dp-k3*e3-e2;
ed=x4-x4d;
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$D4=ddddx1d- (k1) * (x4-dddx1d) - (k2) * (x4-dddx1d+ (k1) *
(x3-ddx1d) ) - (k3) * (x4-D3) - (x3-dx2d) +ddx1d-x3;
dx4dl=ddddx1d- (k1) * (x4-dddx1d) - (k2) * (x4-dddx1d+ (k1) *
(x3-ddx1d) ) - (k3) * (x4-dx3d1l) - (x3-dx2d) +ddx1d-x3;
ut=(1/mp) * (-fp+dx4dl-kd*ed-e3) ;

sys(1l)=ut;
sys(2)=gp;
sys (3)=mp;

S function for plant: chap8_4plant.m

function [sys,x0,str, ts]=MIMO_Tong_plant (t,x,u,flag)

switch flag,
case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
casel,
sys=mdlDerivatives (t,x,u);
case 3,

sys=mdlOutputs (t,x,u);
case {2, 4, 9}

sys=11;
otherwise

error ([ ’Unhandled flag = ' ,num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;
sizes.NumContStates =4;
sizes.NumDiscStates =0;
sizes.NumOutputs = 6;
sizes.NumInputs = 3;
sizes.DirFeedthrough =0;
sizes.NumSampleTimes = 0;
sys=simsizes (sizes);
x0=[00007;
str=[1;
ts=[1;
function sys=mdlDerivatives (t,x,u)
M=0.2;L=0.02;I=1.35*0.001;K=7.47;J=2.16*0.1;
g=9.8;

7

gx=-x(3)-M*g*L*sin(x(1))/I-(K/I)*(x(1)-x(3));
fx=(K/J)*(x(1)-x(3))

m=1/J;

ut=u(l) ;

sys(1)=x(2);

sys (2) =x(3) +gx;
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sys(3)=x(4);

sys (4)=fx+m*ut;

function sys=mdlOutputs (t,x,u)
M=0.2;L=0.02;I=1.35*0.001;K=7.47;J=2.16*0.1;
g=9.8;
gx=-x(3)-M*g*L*sin(x (1)) /I-(K/I)*(x(1)-x(3));
m=1/J;

sys(1l)=x(1);
sys(2)=x(2);
sys(3)=x(3);
sys(4)=x(4);
sys (5) =gx;
sys (6)=m;

Plot program: chap8_4plot.m
close all;

figure (1) ;

subplot (211) ;
plot(t,y(:,1),'r",t,y(:,3),’k:’, " 1linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('Position tracking’) ;
legend(’'Ideal position’, 'Position tracking’) ;
subplot (212) ;
plot(t,yv(:,2),'r",t,y(:,4),'k:", " linewidth’,2) ;
xlabel ('time(s) ') ;ylabel (' Speed tracking’) ;
legend (’Ideal speed’, 'Speed tracking’) ;

figure (2) ;
plot(t,ut(:,1), 'r’, "linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('Control input’) ;

figure (3) ;

subplot (211) ;
plot(t,p(:,5),'r",t,p(:,8),’k:", " 1linewidth’,2);
xlabel (‘time(s) ') ;ylabel (‘gx and its estimated value’) ;
legend('gx’, 'estiamted gx’) ;

subplot (212) ;
plot(t,p(:,6),'r",t,p(:,9),’k:’, " linewidth’,2);
xlabel (‘time(s) ') ;ylabel (‘mand its estimated value’) ;
legend('m’, 'estiamtedm’) ;
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Chapter 9
Digital RBF Neural Network Control

Abstract This chapter introduces adaptive Runge—Kutta—Merson method for
digital RBF neural network controller design. Two examples for mechanical
controls are given, including digital adaptive control for a servo system and digital
adaptive control for two-link manipulators.

Keywords Neural network control  Digital control <« Adaptive
Runge—Kutta—Merson

9.1 Adaptive Runge-Kutta—Merson Method

9.1.1 Introduction

By simulation, we mean to simulate the actual situation as close as possible. In
actual implementation of feedback control using digital computer, zero-order
holders are usually used which keep the input constant during the sampling interval
Ty, that is, u(t) = u(nTy) for nT, <t < (n+ 1)T,. It is clear that, in solving
the dynamic response of the system numerically, the control inputs should be
kept constant during the sampling interval and only be updated at the fixed
intervals of T5.
Thus, we shall discuss the numerical solution of

(1) = f(x(1)),  vx(0) = xo (CRY

at the discrete time instants

0,7, 2T, . .., nTy.
The algorithm will then generate the values as xi,xp,x3,..., to approximate
X1 (f]),)(z([z),)(3(l3), cee
J. Liu, Radial Basis Function (RBF) Neural Network Control for Mechanical Systems: 293

Design, Analysis and Matlab Simulation, DOI 10.1007/978-3-642-34816-7_9,
© Tsinghua University Press, Beijing and Springer-Verlag Berlin Heidelberg 2013



294 9 Digital RBF Neural Network Control

To solve the differential equations numerically, Runge—Kutta method is
commonly used. One of the most popular is the fourth-order method given as follows:
given an initial value problem (9.1), the values of x at time r = #o + (n + 2)T can be
computed from the values of x at time ¢ = #, + nT using the following formulae:

1
Xt = Xn + o (ki + 2k + 2k3 + k) 9.2)

where

k1 = Tf(l‘,,, X,,)

1 1
k, = Tf(l‘n +§T,x,, +2k1>

2 2
ky = Tf(ty + T, x, + k3)

1 1
ks = Tf(l,, +=T,x, -I—kz)

and T is the size of each step.

The fourth-order Runge—Kutta method is explicit and requires four derivative
function evaluations per step.

To robustly solve the differential equations, one variant of the Runge—Kutta
method, Runge—Kutta—Merson (RKM) method, is used over the step length T
applying the technique of adaptive step size [1, 2]. This means that the step size
for the numerical method changes according to a certain criterion for robust
numerical analysis.

The Runge—Kutta—Merson (RKM) method is presented below as

1
Xnt1 :xn+6(k1 + dky + ks) 9.3)
where
kl - Tf tna-xn
ky =Tf| ¢ +1T +1k
= n Xn
2 = 3 3k

1 1
=Tf( t, +3T Xn+6/<1+6k2>

277 8 8

1 1
Tf(tn +-T Xn +_kl +§k3>

3
Tty +T,x, += kl——k3+2k4)
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The digital control algorithm block diagram is shown in Fig. 9.1.

9.1.2 Simulation Example

We choose f(x(#)) = 10 sint - xand discrete t = 10sin ¢ - x with the sampling time
Ts = 0.001; by using the Runge—Kutta—Merson (RKM) method, the result is shown

in Fig. 9.2.

The program of this example is chap9_1.m, which is given in the Appendix.

9.2 Digital Adaptive Control for SISO System

9.2.1 Introduction

Consider the Sect. 6.1, that is, “Adaptive Control with RBF Neural Network

Compensation for Robotic Manipulators.”

For the first example, we assume the plant as a simple servo system as


http://dx.doi.org/10.1007/978-3-642-34816-7_6
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Fig. 9.2 Discrete value of x
with RKM

Tinw-(s)

Mg =t+d(q) 9.4)

where M = 10, d denotes friction force, and d = —15¢ — 30sgn(q).
Choose x; = ¢, and x; = ¢, then the above equation becomes

fCl =X2
1
X :M(T +d), and d= —15x, —30sgn(x,). (9.5)

To realize digital control, we use the Runge—Kutta—Merson (RKM) algorithm
(9.3) to discrete the neural adaptive law (5.14), that is, w = yhx"PB + kyy||x|w.
Consider without the time variable “z,” in the adaptive law, the discrete expression
in Matlab is as follows:

w(i,1l)=w_1(i,1)+1/6*(kl1+4*k4d+k5);

kl=ts* (gama*h (i) *xi’'*P*B+kl*gama*norm(xi)*w_1(i,1));

k2=ts* (gama*h (i) *x1i’*P*B+kl*gama*norm(xi) * (w_1(i,1)

+1/3*k1));

k3=ts* (gama*h (i) *xi’*P*B+kl*gama*norm(xi) * (w_1(i,1)

+1/6*k1+1/6*k2)) ;

kd=ts* (gama*h (i) *xi’*P*B+kl*gama*norm(xi) * (w_1(i,1)

+1/8*k1+3/8*k3));

k5=ts* (gama*h (i) *x1i’*P*B+kl*gama*norm(xi) * (w_1(1i,1)

+1/2*k1-3/2*k3+2*kd) ) ;


http://dx.doi.org/10.1007/978-3-642-34816-7_5
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Fig. 9.3 Position and speed tracking with RBF compensation (§ = 2, F = 3)

9.2.2 Simulation Example

For the continuous plant (9.4), we use Runge—Kutta (Matlab function “ode45”) to
get discrete value with sampling time 7' = 0.001.

The desired trajectory is ¢q = sin¢, and the initial value of the plantis [0 0 ]T.
In simulation, we use control law (6.9) and second adaptive law (6.14). The
500 5%} , a=73y =500, k; =0.001.

For RBF neural network, the parameters of Gaussian function ¢; and b; are chosen
as[—1 —0.5 0 0.5 1]and 1.5; the initial weight value is chosen as zero.

In the simulation, we use two kinds of discrete methods to discrete the adaptive
law and three kinds of controllers. The first discrete method is difference method
(§ = 1), the other discrete method is RKM method (S = 2). The first controller is
the model-based controller without RBF compensation (F = 1), the second con-
troller is the controller with precise compensation (F = 2), and the third controller
is the model-based controller with RBF compensation (F = 3). If we choose § = 2,
F = 3, the simulation results are shown from Figs. 9.3 to 9.4. If we only choose
F =1, the simulation result is shown in Fig. 9.5.

The program of this example is chap9_2.m, which is given in the Appendix.

parameters are chosen as Q = {


http://dx.doi.org/10.1007/978-3-642-34816-7_6
http://dx.doi.org/10.1007/978-3-642-34816-7_6
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Fig. 9.5 Position and speed tracking without compensation (F = 1)

9.3 Digital Adaptive RBF Control for Two-Link Manipulators

9.3.1 Introduction

Consider to realize digital adaptive control for the Sect. 7.2, that is, “Adaptive RBF
Control Based on Local Model Approximation for Robotic Manipulators.”


http://dx.doi.org/10.1007/978-3-642-34816-7_7
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We assume the plant as a two-link manipulators. The dynamic equation is

M(q)g +C(q.9)q +G(q) == (9.6)

Choose x; = ¢, x, = ¢, and then the above equation becomes

.7.61 = X2
562 = Mﬁl(xl)(‘l' — C(xl,JC2)XQ — G(xl)) (97)

To simplify, we only use difference method to discrete the adaptive law (7.27),
(7.28), and (7.29).

9.3.2 Simulation Example

For the continuous plant (9.7), we use Runge—Kutta (Matlab function “ode45”) to
get discrete value with sampling time 7" = 0.001.

The desired trajectory isq4; = ¢4, = sin(2nkT), and the initial value of the plant
is go=1[0 0]", go=[0 0]". In simulation, we use control law (7.22) and
adaptive law (7.27), (7.28), and (7.29). The parameters are chosen as

100 O 100 O 010 O 50
KP[O 100}’&[0 100}’&{ 0 O.lO}’A{O 5}

For RBF neural network, we choose the structure as 2-5-1; the number of the
nodes in the hidden layer is chosen as 5. For Gaussian function, the parameters ¢; and
b;arechosenas[—1 —0.5 0 0.5 1]and 10; the initial weight vector is chosen
as zero. In the adaptive law (7.27), (7.28), and (7.29), we set 'y (i,i) = 5.0,
I'ci(iyi) =10, (i, i) =5.0, i =1,2,3,4,5. The simulation results are shown
from Figs. 9.6, 9.7, and 9.8.

The program of this example is chap9_3.m, which is given in the Appendix.

Appendix
Programs for Sect. 9.1.2

Program: chap9_1.m

clear all;
closeall;
ts=0.001; %Sampling time

x_1=0.5;


http://dx.doi.org/10.1007/978-3-642-34816-7_7
http://dx.doi.org/10.1007/978-3-642-34816-7_7
http://dx.doi.org/10.1007/978-3-642-34816-7_7
http://dx.doi.org/10.1007/978-3-642-34816-7_7
http://dx.doi.org/10.1007/978-3-642-34816-7_7
http://dx.doi.org/10.1007/978-3-642-34816-7_7
http://dx.doi.org/10.1007/978-3-642-34816-7_7
http://dx.doi.org/10.1007/978-3-642-34816-7_7
http://dx.doi.org/10.1007/978-3-642-34816-7_7
http://dx.doi.org/10.1007/978-3-642-34816-7_7
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Fig. 9.8 Control input

fork=1:1:10000 %$dx=10*sint*x
t(k)=k*ts;

kl=ts*10*sin(t(k))*x_1;
k2=ts*10*sin(t(k))*(x_1+1/3*kl);
k3=ts*10*sin(t(k))*(x_1+1/6*kl+1/6*k2) ;
kd=ts*10*sin(t(k))*(x_1+1/8*k1+3/8*k3);
k5=ts*10*sin(t(k))*(x_1+1/2*k1-3/2*k3+2*k4) ;

x(k)=x_1+1/6* (kl+4*kd+k5) ;
x_1=x(k);

end

figure (1) ;

plot(t,x,'r’, 'linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('x’");

Programs for Sect. 9.2.2

Main program: chap9_2.m

%Discrete RBF control for Motor
clear all;

closeall;

ts=0.001; %Sampling time

L]
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node=5; $Number of neural nets in hidden layer

gama=100;
c=0.5*[-2-1012;
-2-1012];
b=1.5%ones(5,1);
h=zeros (node, 1) ;

alfa=3;

kp=alfa"2;

kv=2*alfa;

g 1=0;dg 1=0;tol_1=0;
xk=[001];
w_1=0.1l*ones (node, 1) ;

A=[0 1;

-kp -kv];
B=I[0;11;
Q=[500;

05017;
P=lyap(A’,Q);
eig(P);
k1=0.001;
fork=1:1:10000
time (k)=k*ts;

agd(k)=sin (k*ts) ;
dgd(k)=cos (k*ts) ;
ddgd (k) =-sin(k*ts) ;

tSpan=[0 ts];
para=tol_1; $D/A

[t,xx]=0ded5 (’'chap9_2plant’, tSpan,xk, [],para); $Plant

xk=xx(length(xx), :); $A/D

g(k)=xk(1);

gdg (k) =xk(2) ;
da(k)=(a(k)-g_1)/ts;
ddg(k)=(dg(k)-dg_1) /ts;
e(k)=a(k)-gd(k) ;

de (k) =dq (k) -dagd (k) ;
xi=[e(k);de(k)];
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for i=1:1:node
S=2;
if S==1

w(i,l)=w_1(i,1)+ts*(gama*h(i)*xi’*P*B+kl*gama*
norm(xi)*w_1(i,1)); $Adaptive law
elseif S==2
kl=ts* (gama*h (i) *xi’*P*B+kl*gama*norm(xi) *
w_1(i,1));
k2=ts* (gama*h (i) *x1i’*P*B+kl*gama*norm(xi) *
(w_1(i,1)+1/3*k1));
k3=ts* (gama*h (i) *xi’*P*B+kl*gama*norm(xi) *
(w_1(i,1)+1/6*k1+1/6*k2));
kd=ts* (gama*h (i) *xi’*P*B+kl*gama*norm (xi) *
(w_1(1i,1)+1/8*k1+3/8*k3));
k5=ts* (gama*h (i) *xi’'*P*B+kl*gama*norm(xi) *
(w_1(i,1)+1/2*k1-3/2*k3+2*k4)) ;
w(i,1l)=w_1(1i,1)+1/6* (kl+4*k4+k5);
end
end
h=zeros(5,1);
for j=1:1:5
h(j)=exp(-norm(xi-c(:,3))"2/(2*b(3)*b(J)));
end
fn(k)=w’*h;
M=10;

toll (k)=M* (ddgd (k) -kv*de (k) -kp*e (k) ) ;
d(k)=-15*dg (k) -30*sign(dg(k));

f(k)=d(k);

F=3;

if F==1 %No compensation
fn(k)=0;

tol (k)=toll (k) ;
elseif F==2 %$Modified computed torque controller
fn(k)=0;
tol2 (k)=-£(k);
tol (k)=toll (k)+tol2(k);
elseif F==3 %RBF compensated controller
tol2 (k)=-fn (k) ;
tol (k)=toll (k)+1*tol2 (k) ;

end
a_l=qg(k);
dg_l=dg(k);

w_1=w;
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tol_l=tol (k) ;

end

figure (1) ;

subplot (211) ;
plot(time,qd, 'r’,time,q, 'k:’, 'linewidth’,2);
xlabel ('time(s) ') ;ylabel ('Position tracking’) ;

legend(’ideal position’, 'position tracking’) ;
subplot (212) ;
plot(time,dqgd, 'r’,time,dq, 'k:’, "1linewidth’,2);
xlabel ('time(s) ') ;ylabel (' Speed tracking’) ;
legend(’ideal speed’, 'speed tracking’) ;

figure (2) ;
plot(time,tol, 'r’, "linewidth’,2);
xlabel (‘time(s) ') ,ylabel ('Control input of single link’) ;
if F==2|F==
figure (3) ;
plot(time, f,'r’,time, fn, 'k:’, "linewidth’,2);
xlabel (‘time(s) ) ,ylabel (‘fand fn’);
legend (’Practical uncertainties’, 'Estimation
uncertainties’) ;
end

Program for plant: chap9_2plant.m

function dx=Plant (t, x,flag, para)
dx=zeros (2,1);

tol=para;

M=10;
d=-15*x(2)-30*sign(x(2));

dx (1) =x(2);
dx(2)=1/M*(tol+d) ;

Programs for Sect. 9.3.2

Main program: chap9_3.m

%Discrete RBF control for two-link manipulators
clear all;
closeall;

T=0.001; %$Sampling time
xk=[0000];
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toll_1=0;
tol2_1=0;
eli=0;

node=5;
c_M=[-1-0.500.51;
-1-0.500.511;
c_C=[-1-0.500.51;
-1-0.500.51;
-1-0.500.51;
-1-0.500.511;
c_G=[-1-0.500.51;
-1-0.500.511;
b=10;

W_M1l1l l=zeros(node,l);W _M12 l=zeros(node,1l);
W_M21_ l=zeros(node,l) ;W _M22_ l=zeros (node,l);

W_Cll_1l=zeros(node,l);W_Cl2_l=zeros (node,l);
W_C21_1l=zeros(node,l);W_C22_l=zeros (node,1l);

W_Gl_l=zeros(node,l);W_G2_l=zeros(node, 1) ;

Hur=[50;05];

fork=1:1:5000

if mod(k,200)==1
k

end

time (k) = k*T;

gdl (k) =sin(2*pi*k*T) ;
gd2 (k) =sin(2*pi*k*T) ;
dgdl (k) =2*pi*cos (2*pi*k*T) ;
dgd2 (k) =2*pi*cos (2*pi*k*T) ;

ddagdl (k) =-(2*pi)"2*sin(2*pi*k*T) ;
ddgd2 (k) =-(2*pi)"2*sin(2*pi*k*T) ;
para=[toll_1 tol2_17]; $D/A

tSpan=[0T];

[t,xx]=0ded5 ('chap9_3plant’, tSpan,xk, []1,para) ;
$A/D speed

xk = xx(length(xx),:); $A/Dposition

gl (k)=xk(1);

dgl (k) =xk (2) ;

g2 (k)=xk(3);

dg2 (k)=xk (4) ;

a=[al(k);qa2(k)];
z=[qgl (k) ;qg2(k);dql(k);da2 (k)];
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el (k)=qgdl (k) -gl (k) ;

del (k) dqdl(k) -dagl (k) ;

e2 (k) =qgd2 (k) -g2 (k) ;

de2 (k) dqu(k) -dag2 (k) ;
=lel(k);e2(k)];
de=[del (k) ;de2 (k) 1;
r=de+Hur*e;

dgd=I[dqdl (k) ;dgd2 (k) ] ;
dgr=dgd+Hur*e;
ddgd=[ddgdl (k) ;ddagd2 (k) 1 ;

ddgr=ddgd+Hur*de;
for j=1:1:node

h_M11(j)=exp(-norm(g-c_M
h_M21(j)=exp(-norm(g-c_M
h_M12(j)=exp(-norm(g-c_M
h_M22(j)=exp (-norm(g-c_M

end

for j=1:1:node
h_Cll(j)=exp(-norm(z
h_C21(j)=exp(-norm(z
h_Cl2(j)=exp(-norm(z
h_C22(j)=exp(-norm(z

end

for j=1:1:node
h_Gl(j)=exp(-norm(g-c_G(:,
h_G2(j)=exp (-norm(g-c_G(

end

T_Mll=5*eye (node) ;
T_M21=5*eye (node) ;
T_Ml2=5*eye (node) ;
T_M22=5*eye (node) ;
e
e

7
7

7

T_Cll=10*eye(nod
T_C21=10*eye (nod
T_Cl2=10*eye (node
T_C22=10*eye (node
T_Gl=5*eye (node) ;
T_G2=b5*eye (node) ;

)i
)i
)i
) ;

7

for i=1:1:node

W_M11(i,1)=w_M11_1(i
*ddgr (1) *
W_M21(i,1)=w_M21_1 (1
) *

*ddgr (1

1)+T*T M11 (i

1)+T*T M21 (i

9 Digital RBF Neural Network Control

,1)*h_M11 (1)

,1)*h_M21 (1)
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W M12(i,1)=W M12_1(i,1)+T*T_M12(i,1i)*h_M12(1i)
*ddgr (2) *r (1) ;

W _M22(1i,1)=w_M22 1(i,1)+T*T_M22(1i,1)*h _M22 (1)
*ddgr (2) *r (2) ;

W Cl1l(i,1)=W C11 1(i,1)+T*T C1l1(i,i)*h _C11(1)
*dar (1) *r (1

W _C21(i,1)=w_C21_1(1i,1 T*T_C2l(i,i)*h_C21(i)
*dqr(l)*r(2 ;

W_Cl2(i,1)=Ww_Ccl1l2_1(i,1 T*T_ClZ(i,i)*h_ClZ(i)*

ddagr (2) *r (1
W_C22(i,1)=w_Cc22_1(1i,1
ddgr (2) *r (2

T*T_C22(i,i)*h_C22(i)*

’

—_— — — — — — — —

W_Gl=W_G1_1+T*T_G1(i,i)*h_Gl(i)*r(1);
W_G2=W_G2_1+T*T_G2(1i,1)*h_G2(i)*r(2);
end
MSNN_g=[W_M11’*h_M11’ W _M12’'*h M12';
W_M21’'*h_M21' W _M22'*h_M22'];
GSNN_g=[W_Gl1’'*h_G1';
W_G2'*h_G2'1];
CDNN_g=[W_C11’*h_Cl1l’' W_Cl2’'*h_C12’;
W_C21’*h_C21' W_C22'*h_C22'1];

tol_m=MSNN_g*ddgr+CDNN_g*dqgr+GSNN_g;
Kp=[200;020];

=[200;020];
Kr=[1.50;01.5];

=[1000;010071;
Ki=[1000;01001];

=[0.10;00.171;

ei=eil+e*T;
tol=tol_m+Kp*r+Kr*sign(r)+Ki*ei;
toll(k)=tol (1) ;

tol2 (k)=tol(2);

W_M11_1=w_M11;
W_M21_1=W_M21;
W_Ml2_1=W_M12;
W_M22_1=W_M22;
W_Cll_1=w_C11;
W_C21_1=W_C21;
W_Cl2_1=W_C12;
W_C22_1=W_C22;
W_Gl_1=W_G1;

W_G2_1=W_G2;
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toll_l1=toll (k)

tol2_1=tol2(k);

end

figure (1) ;

subplot (211);

plot(time,qgdl, 'r’,time,gl, 'k:’, "linewidth’,2);

xlabel ('time(s) ’),ylabel ('Position tracking of 1link 1) ;
legend(’ideal position’, 'position tracking’) ;

subplot (212) ;
plot(time,qd2, 'r’,time, g2, 'k:’, 'linewidth’,2);

xlabel ('time(s)’),ylabel ('Position trackingof 1ink2’);
legend(’ideal position’, 'position tracking’) ;
figure (2) ;

subplot (211) ;

plot (time,dqgdl, 'r’, time,dgl, 'k:’, 'linewidth’,2) ;
xlabel (‘time(s) ') ,ylabel ('Speed tracking of 1link 1");
legend(’ideal speed’, 'speed tracking’) ;

subplot (212) ;

plot(time,dgd2, ‘r’,time,dqg2, 'k:’, "1linewidth’,2) ;

xlabel (‘time(s) ') ,ylabel (’'Speed tracking of 1ink 2') ;
legend(’ideal speed’, 'speed tracking’) ;
figure (3) ;

subplot (211) ;

plot(time, toll, ‘r’, 'linewidth’,2);

xlabel (‘time(s) ‘) ,ylabel (‘Control input of 1ink 1) ;
subplot (212) ;

plot (time, tol2, ‘r’, 'linewidth’, 2);

xlabel ('time(s) ‘) ,ylabel ('Control input of 1ink 2");

Program for plant: chap9_3plant.m

function dx=Plant (t, x,flag, para)
2%%%%%%%%%%%% x(1)=qgl; x(2)=dgl; x(3)=qg2; x(4)=dqg2;

g=9.8;
MO=[p(1l)+p(2)+2*p(3) *cos(x(3)) p(2)+p(3) *cos (x(3));
(2)+p (3) *cos (x(3)) p(2)1;
CO=[-p(3)*x(4)*sin(x(3)) -p(3)*(x(2)+x(4)) *sin(x(3));
p(3)*x(2)*sin(x(3)) 0];
GO0=[p(4) *g*cos (x(1))+p(5) *g*cos (x (1) +x(3)) ;
p(5) *g*cos (x(1)+x(3))1;
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)* (tol’'-C0*dg-GO0) ;
1)=dgl; dx(2)=ddgl; dx (3)=dg2; dx(4)=ddqg2;

dx (1)=x(2);
dx (2)=ddg (1) ;
dx (3)=x(4) ;
dx (4)=ddg(2) ;
References
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Chapter 10
Discrete Neural Network Control

Abstract This chapter introduces two kinds of adaptive discrete neural network
controllers for discrete nonlinear system, including a direct RBF controller and an
indirect RBF controller. For the two control laws, the adaptive laws are designed
based on the Lyapunov stability theory; the closed-loop system stability can be
achieved.

Keywords Discrete RBF neural network ¢ Discrete system ¢ Adaptive control

10.1 Introduction

The discrete-time implementation of controllers is important. There are two methods
for designing the digital controller. One method, called emulation, is to design a
controller based on the continuous-time system, then discrete the controller. The
other method is to design the discrete controller directly based on the discrete system.
In this section, we consider the second approach to design the NN-based nonlinear
controller.

Discrete-time adaptive control design is much more complicated than the
continuous-time adaptive control design since the discrete-time Lyapunov derivatives
tend to have pure and coupling quadratic terms in the states and/or NN weights.

There have been many papers to be published about adaptive neural control for
discrete-time nonlinear systems [1-15], where a direct adaptive neural controller
for second-order discrete-time nonlinear systems was proposed in [14], and a NN-
based adaptive controller without off-line training is presented for a class of
discrete-time multi-input multi-output (MIMO) nonlinear systems [15].

In this chapter, we introduce two typical examples for discrete neural network
controller design: analysis and simulation.

J. Liu, Radial Basis Function (RBF) Neural Network Control for Mechanical Systems: 311
Design, Analysis and Matlab Simulation, DOI 10.1007/978-3-642-34816-7_10,
© Tsinghua University Press, Beijing and Springer-Verlag Berlin Heidelberg 2013
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10.2 Direct RBF Control for a Class of Discrete-Time Nonlinear
System

10.2.1 System Description

A nonlinear model is

y(k+1) =f(y(k), u(k)). (10.1)

Assumption.

1. The unknown nonlinear function f(-) is continuous and differentiable.
2. The neural number of hidden neurons is /.

3. Assume that the partial derivative g; > % >e>0, where both ¢ and g; are

positive constants.

Assume that yy, (k + 1) is the system’s desired output at time k + 1. In the ideal
case, there is no disturbance; we can show that if the control input «*(k) satisfying

fy(k),w (k) = ym(k + 1) = 0. (10.2)

Then the system’s output tracking error will converge to zero.
Define the tracking error as e(k) = y(k) — ym(k), and then the tracking error
dynamic equation is given as follows:

e(k+1) =f(y(k), u(k)) = ym(k +1)

10.2.2 Controller Design and Stability Analysis

For the system (10.1), a RBF neural network was designed to realize the controller
directly [12, 16]. Figure 10.1 shows the closed-loop neural-based adaptive control
scheme.

The ideal control input is #*, and

w (k) = u*(z) = w* h(z) + eu(2). (10.3)

On the compact set €2,, the ideal neural network weights w* and the approxima-
tion error are bounded by

[w || < wm, leu(2)] <& (10.4)
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Fig. 10.1 Block diagram of Adaptive
direct RBF control scheme Mechanism
)k
2l —wr uk) WO | ya®
Controller Plant - T
v

where wp, and g are positive constants.
Define w(k) as the actual neural network weight value, the control law is
designed as by using RBF neural network directly

u(k) = wr (k)h(z) (10.5)

where h(z) is Gaussian function output and z(k) is input of RBF.
By noticing (10.3), we have

u(k) — u* (k) = wr(k)h(z) — (W h(z) + ea(2))
W (k)h(z) — eu(2) (10.6)

where w(k) = w(k) — w* is the weight approximation error.
The weight update law was designed as follows [12, 16]:

Wk + 1) = w(k) — y(h(2)e(k + 1) + oW (k) (10.7)

where y > 0 is a positive number and ¢ > 0.
Subtracting w* to both sides of Eq. (10.6), we have

Wk + 1) = w(k) — y(h(2)e(k + 1) + oW (k) (10.8)

Mean Value Theorem. If a functionf(x) is continuous on the closed internal [a, b]
and differentiable on the open interval (a,b), then there exists a point ¢ in (a, b)
such that

f(b) =f(a) + (b — a)f ()] ce(ap)- (10.9)

Using mean value theorem, let a = u*(k), b = u(k) = u*(k) +w" (k)h(z)—
eu(z),c = ¢, noticing Egs. (10.2) and (10.6), then

F(y(k), u(k)) :f(y(k)wt (k) + W (k)h(z) — eu(2))
= fO(k),u" (k) + (W' (k)h(z2) — eu(2))fa
:ym< > (W (k)h(z) — eu(2))fi
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Wherefu = % ‘M:C) C € (I/l*(k), Lt(k))

Then we get
e(k+1) = f(y(k), u(k)) — ym(k +1)
= (W (k)h(z) — eu(2))fu
and
W (K)h(z) = e(kf+ D i) (10.10)

The stability analysis of the closed system is given by Zhang et al. [16] as
follows.
Firstly the Lyapunov function is designed as

J(k) = g—llez(k) + %W(k)Tm?(k). (10.11)

Then we have

AJ(k) = J(k + 1) — J (k)
= é ((k+1) — (k) + %Vv(k + D)Wk +1) - %W(k)TW(k)
- é (P +1) - E(R) + % (9(k) — 7 (h(2)e(k + 1) + ow(k))"
(00(k) = y(h(z)e(k + 1) + oW (k))) — %fv(k)va(k)
= g_ll ((k + 1) — (k) — 2w(k) h(z)e(k + 1) — 20W(k) W(k)

+yh" (2)h(2)e (k + 1) + 270w (K)h(2)e(k + 1) + yo (k) (k).
Since

hi(2)| < 1, |Ih(2)]| < VI< 1, B (2h(z) = [|h@)| <1, i=1,2,...,1

20w (k) (k) = ow(k) T (W(k) + w*) + a(w(k) — w*) W (k)
= o (1)1 + )P + 56w = whik)) = o (IR0 + [ = (w1

yh (2)h(2)e* (k + 1) < yle*(k + 1)
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2w (k)h(z)e(k + 1) < yol |||[Ww(k)||* + €*(k + 1)

yo Wt (k) (k) = yo’ [ (k)]

we obtain

81 Ju
= (IR + IO = (W) + e (k + 1)

+ yol || + 2k + 1] + o) P

AJ(k) gi (P(k+ 1) —e*(k)) — 2<e(k +1) + eu(z))e(k +1)

_(1_2 o)l ) e? _lez e (e
_<g1 A V) (k1) = -e(k) = 2ea(e(k + 1)

~ 2 (2 N 2
—o|[Ww(k)[|” + olw[|” + o(=1 +yl + yo) |[w(k)||".
Noticing Assumption (10.3), from 0 < &€ < f;, < g, we can derive that

12 1 2 1
R . ———

g fu &1 & g1
1
—2¢y(2)e(k + 1) < ke + k—ez(k +1)
0

where ky is a positive number. Thus, we have

AJ(k) S(—g—11+ y(1+ G)I+%>€2(k+ 1) + o(yl + yo — 1| (k)]

1
- g—ez(k) — o|W(k)[]> + ow? + koe?
1

__ (gi_ (14 o)ly _é)ezm 1) +a((1+ o)y = DI(E)

1

T (€* (k) = p) — alw(h)]|

where S is a positive number as

B = gi(ows, + koet) (10.12)

Choosing the positive constants as ko, 4 and o, these constants must be satisfied the

following inequalities: ;- —7- >0, —(1+o)ly -z >0, (I+o)y—1<0,

81
that is,
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0<g1 < ko (10.13)
11

0<(1+o0)ly <——— (10.14)
g1 ko

0<(l+o)y <1 (10.15)

Then we have AJ (k) < 0 once ¢?(k) > f. This states that for all k > 0, J(k) is
bounded because

Define compact setQ, = {e|e* < 8}, then we can see that the tracking errore(k)
will converge to Q, if e(k) is out of compact €.

10.2.3 Simulation Examples

10.2.3.1 First Example: For Linear Plant

Consider a linear discrete-time system as

x1(k+1) = xp(k)
x2(k+ 1) = u(k)
y(k) = xi (k).

Its model is described as the following form
yk+1) = fy(k), u(k)).

In the program, we set M = 1 for linear plant. Since g; > % = 1, from simulation
test, we can set g; = 5, and from (10.13), we can choose ky = 10.

From (10.14), we have 0<(1 + o)ly < % — 1—10 = % = 0.10; from (10.15), we have
0<(I+ o)y < 1,; if we choose / =9, we can get the conditions as: 0<9(1 + o)y
<0.10 and 0<(9 + o)y < L.

To satisfy (10.14) and (10.15), we can choose y = 0.01, 6 = 0.001.

For RBF neural network, the structure is 2-9-1, the input is chosen as z(k)

= [x1(k) x2(k)]", the parameters of Gaussian function ¢; and b; are chosen as
[-2 —-15 —-10 —-05 0 05 1.0 1.5 2]and 2.0, and the initial weight
value is chosen as random value in the range (0,1). The initial value of the plant is
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Fig. 10.2 Position tracking (M = 1)

[0 0]. The reference signal is ym(k) = sin(;&5k). The simulation results are

shown from Figs. 10.2, 10.3, and 10.4.
The program of this example is chaplO_1l.m (M = 1), which is given in the
Appendix.

10.2.3.2 Second Example: For Nonlinear Plant

Consider a nonlinear discrete-time system as

xi(k+1) = x2(k)

xy (k)xa (k) (x1 (k) +2.5)
1+ x3(k) +x3(k)

y(k) = x1 (k)

x(k+1) = + u(k) + 0.1 (k).

Its model is described as the following form
yk+1) = f(y(k),u(k)).

In the program, we set M = 2 for nonlinear plant. Since g; > % =1+ 0.3u%(k),
from simulation test, we can set g; = 5, and from (10.13), we can choose ky = 10.
From (10.14), we have 0<(1 + o)ly < % - % = % = 0.10, from (10.15), we

have 0 < (I4+o0)y <1, if we choose /=9, we can get the conditions as:
0<9(1+0)y<0.10and0 < (9+0)y < 1.
To satisfy (10.14) and (10.15), we can choose y = 0.01, 6 = 0.001.
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For RBF neural network, the structure is 2-9-1, the input is chosen as
2(k) = [x1(k) x,(k)]", the parameters of Gaussian function ¢; and b; are chosen as
[-2 —-15 —-10 —-05 0 05 1.0 1.5 2] and 2.0, and the initial weight
value is chosen as random value in the range (0,1). The initial value of the plant is
[0 0]. The reference signal is ym (k) = sin (75 k). The simulation results are shown
from Figs. 10.5, 10.6, and 10.7.

The program of this example is chaplO_l.m (M = 2), which is given in the
Appendix.
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10.3 Adaptive RBF Control for a Class of Discrete-Time
Nonlinear System

10.3.1 System Description

Consider a nonlinear discrete system as follows:

y(k+ 1) =f(x(k)) + u(k) (10.16)
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where x(k) = [y(k) y(k — 1)...y(k — n+ 1)]" is the state vector, u(k) is the control
input, and y(k) is the plant output. The nonlinear smooth function f : R" — R is
assumed unknown.

10.3.2 Traditional Controller Design

The tracking error e(k) is defined as e(k) = y(k) — yq(k). If f (x(k)) were known, a
feedback linearization-type control law can be designed as

u(k) = yalk+ 1) = F(x(K)) — cre(k). (10.17)

Submitting (10.17) into (10.16), we can get an asymptotical convergence error
dynamic system as

ek + 1)+ cre(k) =0 (10.18)

where |c;|<1.

10.3.3 Adaptive Neural Network Controller Design

If f(x(k)). is unknown, RBF neural network can be used to approximate f(x(k)).
The network output is given as
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Fx(k)) = W(k) h(x(k)) (10.19)

where w(k) denotes the network output weight vector and k(x(k)) denotes the vector
of Gaussian basis functions.

Given any arbitrary nonzero approximation error bound &, there exist some
optimal weight vector w* such that

fx) =f(x,w") — Ar(x) (10.20)

where As(x) denotes the optimal network approximation error, and |As(x)|<égf.
Then we can get the general network approximation error as

Fle(k) = £(x(k) —F(x(k))
= Flr.w") — Ar(x(k)) — w(k) h(x (k)
= — (k) TR(x(K)) — Ay (x(k)) (10.21)

where w(k) = w(k) — w*.
The control law with RBF approximation was proposed in [17] as follows

u(k) = ya(k + 1) = f(x(k)) — cre(k). (10.22)

Figure 10.8 shows the closed-loop neural-based adaptive control scheme.
Substituting (10.22) into (10.16), yields

e(k+1) = f(x(k)) — cie(k).

Thus,

e(k) +cre(k—1) =f(x(k—1)). (10.23)
The term (10.23) can also be expressed as
e(k) =T~ (z7")F(x(k - 1)) (10.24)

where I'(z7!) = 1 4 ¢1z7!,z7! denotes the discrete-time delay operator.
Define a new augmented error as [17]

e1(k) = ple(k) =T ' (z ")v(k)) (10.25)

where § > 0.
Substituting (10.24) into (10.25) yields



322 10 Discrete Neural Network Control

Fig. 10.8 Block diagram Adaptive
of the control scheme Mechanism

fo
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P (k= 1) = (1)

which leads to the relation as

Pk = 1) —v(k)) —er(k)

ei(k—1)= (10.26)
C1
The adaptive law as was proposed in [17] as
Lon(x(k—1))ei(k)  iffe (k -
sy — [ k= ) il > e/G o
0 ifle; (k)| < &/G
where Aw(k) = w(k) — w(k —1),, y and G are strictly positive constants.
10.3.4 Stability Analysis
The discrete-time Lyapunov function is designed by [17] as
V(k) = el (k) +yw" (k)w(k) (10.28)

The first difference is

AV(k) = V(k) — V(k— 1)
= ej(k) — ef(k = 1) +y (W' (k) + w' (k — 1)) (b(k) — w(k — 1)).

The stability proof was given with the following three steps [17].
Firstly, using (10.26) for ¢; (k — 1), it follows that
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A(K) + B (Fx(k = 1) = (k)" = 26((x(k — 1)) = v(k) e (K)

i
(b () = W) (k= 1) = w) ) (k) = w') = (k= 1) = w"))
25(f(x(k = 1) = v(k))er(k)

2
S

AV(K) =} (k)

-V, + +y (AW (k) + 2" (k — 1)) Aw(k)

2
where V| = et (k) (612_ C%) +ﬂ2(f(x(k _clz)) - V(k)) >0,

Secondly, substituting for f(x(k — 1)) via (10.21) yields

28(— (k= 1) h(x(k = 1) = Ay (x(k = 1) = v(K) ) e (&)

AV(k)=—V; + 5
I
+ 7AW (k) AW (k) + 2yw" (k — 1) AW (k)
=—Vi+2w(k—1) (yAﬁ/(k) - f—2h(x(k - 1))e1(k))
1

- i—f (Ap(x(k = 1)) + v(k))e1 (k) + yAw" (k) Aw(k).

Thirdly, substituting the adaptive law (10.27) into above, AV (k) is

V1= (gl = 1) 4 vl en ()

ﬁ 2
() A7tath = Dyt = )30, itk (6] > /G

-V, - 2? (W' (k= Dh(x(k — 1))+

AV(k) = (10.29)

C

v(k) + Ar(x(k — D)er(K)]. ifles (V)] < e7/G

The auxiliary signal v(k) must also be designed so that e; (k) — 0 could deduce
e(k) — 0. The auxiliary signal is designed as [17]

v(k) = vi (k) + v (k) (10.30)

with vy (k) = 2}%hT(x(k — 1))h(x(k — 1))e; (k) and v,(k) = Ge, (k).
1
If |e; (k)| > €/G, substituting for v(k) in (10.30) to (10.29), it follows that
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AV() =~ Vi =2 (8y(xlh — 1) + Ger()er &)
%
C2

<- 1 (Ap(x(k — 1)) + Gey (k) )er (k).

Since  |Af(x)|<er and |ei(k)|>er/G, then |eg(k)|> AEZU 4pg
€3 (k)>— A a®) Sy (Ar(x(k — 1)) + Gei (k))er (k) >0, then A V(k)<O.
If |e; (k)| < &r/G, tracking performance can be satisfied and A V (k) can be taken

on any value.
In the simulation, we give three remarks as follows:

Remark 1. From (10.25), we have e;(k) = ﬂ(e(k) - ﬁv(k)), then e; (k) x
(14 ciz7h) = ple(k)(1 + c1z7") — v(k)); therefore,

ei(k) = —ciei(k— 1)+ ple(k) + cre(k — 1) — v(k)) (10.31)

Remark 2. Ifk — oo, e1(k) — 0, from (10.30), we have v(k) — 0, and then from

(10.31), e(k) + cre(k — 1) — 0, considering |c||<1, we get e(k) — 0.

Remark 3. Consider v(k) as a virtual variable, for (10.30), let v';(k) = 2;{12 '
1

(x(k—1))h(x(k — 1)), then we get v(k) = (V1 (k) + G)e;(k); substituting v(k)

into (10.31), we have e (k) = —cie;(k — 1) + p(e(k) +cre(k — 1) — (V1 (k) + G)

e1(k)), then

_ —crei(k— 1)+ ple(k) 4+ cre(k — 1))
er(k) = T BT . (10.32)

10.3.5 Simulation Examples

10.3.5.1 First Example: Linear Discrete-Time System
Consider a linear discrete-time system as
y(k) =0.5y(k — 1) +u(k—1)

where f(x(k— 1)) = 0.5y(k — 1).



10.3  Adaptive RBF Control for a Class of Discrete-Time Nonlinear System 325
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Fig. 10.10 Control input

We use RBF to approximate f (x(k — 1)). For RBF neural network, the structure
is set as 1-9-1; from f(x(k — 1)) expression, only one input is chosen as y(k — 1);
the parameters of Gaussian function ¢; and b; are chosen as
[-1 =05 0 05 1]and 15(i=1, j=1,2,...,5); and the initial weight
value is chosen as random value in the range (0,1). The initial value of the plant is
set as zero. The reference signal is y4(k) = sin2zt. Using the control law (10.22)
with adaptive law (10.27), e; (k) is calculated by (10.32); the parameters are chosen
as ¢; = —0.01, p=0.001,y =0.001,y =0.001,G = 50000, & = 0.003. The
results are shown in Figs. 10.9, 10.10, and 10.11.



326 10 Discrete Neural Network Control

T J L
Ideal fx
---------- fx estimation

=
e

~1.5 L L L L L L

0 02 04 06 08 1 1.2 14 16 1.8
Time (s)

(]

Fig. 10.11 f(x(k — 1)) and its estimation

The program of this example is chap10_2.m, which is given in the Appendix.

10.3.5.2 Second Example: Nonlinear Discrete-Time System

Consider a nonlinear discrete-time system as

0.5y(k — 1)1 —y(k — 1))
Y = 05y 1y T

0.5y(k—1)(1 —y(k—1))
where f(x(k = 1)) = 4 025k = 1))

Firstly, we assume f(x(k — 1)) is known, use the control law (10.17), and set
c; = —0.01, the results are shown in Figs. 10.12 and 10.13.

Then we use RBF to approximate f(x(k — 1)). For RBF neural network, the
structure is set as 1-9-1; from f(x(k — 1)) expression, only one input y(k — 1) is
chosen; the parameters of Gaussian function ¢; and b; are chosen as
[-2 -15-1.0-050051.0152] and 15i=1, j=1,2,...,9), and the
initial weight value is chosen as random value in the range (0,1). The initial value of
the plant is set as zero. The reference signal is y4(k) = sin¢z. Using the control law
(10.22) with adaptive law (10.27), e; (k) is calculated by (10.32); the parameters are
chosen as c¢; = —0.01,5 = 0.001,y = 0.001,y = 0.001, G = 50000, ¢ = 0.003.
The results are shown in Figs. 10.14, 10.15, and 10.16.

The program of this example is chap10_3.m and chap10_4.m, which are given in
the Appendix.
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Fig. 10.13 Control input
10.3.5.3 Third Example: Nonlinear Discrete-Time System

Consider a nonlinear discrete-time system as
y(k) =f(x(k = 1)) +u(k — 1)

where f(x(k— 1)) = % +0.35sin(y(k — 1) + y(k — 2)).
Then we use RBF to approximate f(x(k — 1)). For RBF neural network, the
structure is 2-9-1; from f(x(k — 1)) expression, two inputs are chosen as y(k — 1)

and y(k —2), the parameters of Gaussian function ¢;j and b; are chosen as
-2-15-10-0500510152

and 15(i=1,2, j=1,2,...,9); and
—2-15-10-050051.0152
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the initial weight value is chosen as random value in the range (0,1). The initial
value of the plant is set as zero. The reference signal is yq(k) = sinz. Using the
control law (10.22) with adaptive law (10.27), e¢;(k) is calculated by (10.32);
the parameters are chosen as
G = 50000, & = 0.003. The results are shown in Figs. 10.17, 10.18, and 10.19.

The program of this example is chap10_5.m, which is given in the Appendix.

¢ = —0.01, = 0.001,7 = 0.001,y = 0.001,
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Appendix
Programs for Sect. 10.2.3

Simulation program: chap10_1.m

%Discrete neural controller
clear all;

closeall;

L=9; %$Hidden neural nets

c=[-2-1.5-1-0.500.511.52;
-2-1.5-1-0.500.511.52];
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Fig. 10.19 f(x(k — 1)) and its estimation

b=2;
w=rand (L, 1);
w_l1l=w;

u_1=0;
x1_1=0;x1_2=0;
x2_1=0;

z=[0,0]";
Gama=0.01;rou=0.001;

L*(l+rou) *Gama $<=1/gl1-1/k0
(L+rou) *Gama $<=1.0

fork=1:1:10000
time (k) =k;
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ym(k)=sin(pi/1000*k) ;
v(k)=x1_1; %$tol=1

e (k) =y (k) -ym(k) ;

M=2;

if M==1 %$Linear model
x1(k)=x2_1;

x2 (k)=u_1;

elseif M==2 %$Nonlinear model
x1(k)=x2_1;

x2(k)=(x1(k)*x2_1*(x1(k)+2.5))/ (1+x1 (k)" 2+x2_1"2)
+u_1+0.1*u_1"3;
end

z(1)=x1(k);z(2)=x2(k);

for j=1:1:L
h(j)=exp(-norm(z-c(:,3))"2/(2*b"2));

end

w=w_1-Gama* (h’*e (k) +rou*w_1) ;

wn (k) =norm(w) ;

u(k)=w’*h’;
gu(k)=0.20* (ym(k)-x1(k)); %P control
x1 2=x1_1;
x1_1=x1(k);

x2_1=x2 (k) ;

w_1l=w;

u_l=u(k);

end

figure (1) ;

plot (time,ym, ‘r’,time,x1, 'k:’, "linewidth’,2);
xlabel(’'k’) ;ylabel (‘ym,vy’);
legend(’'Ideal position signal’, 'Position tracking’) ;
figure (2) ;

plot(time,u, 'r’, 'linewidth’,2) ;

xlabel ('k’) ;ylabel ('Control input’) ;
figure (3) ;

plot(time,wn, 'r’, 'linewidth’,2) ;

xlabel (k') ;ylabel ('Weight Norm’) ;

Programs for Sect. 10.3.5.1

Simulation program: chapl0_2.m
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%Discrete RBF controller
clear all;
closeall;
ts=0.001;

cl=-0.01;
beta=0.001;
epcf=0.003;
gama=0.001;
G=50000;

b=15;
c=[-1-0.500.511;
w=rands (5,1) ;
w_1l=w;

u_1=0;

1=0;

O.

1.1
1
X
for 1:2000
time (k) =k*ts;

(UM
|

('D
O

,_h
7\,—"—‘”

=0;
1:

vd(k)=sin (2*pi*k*ts) ;

vdl (k)=sin(2*pi* (k+1) *ts) ;
%Nonlinear plant
fx(k)=0.5*y_1;

vi(k)=fx 1+u_1;

e(k)=y(k)-yd(k);

x(1)=y_1;

for j=1:1:5
h(j)=exp(-norm(x-c(:,3))"2/(2*b"2));

end

vl_bar (k) =beta/ (2*gama*cl”2) *h*h’;

el (k)=(-cl*el_l+beta*(e(k)+cl*e_1))/ (1l+beta* (vl_bar
(k) +G)) ;
if abs (el (k))>epcf/G
w=w_1l+beta/ (gama*cl”2) *h’*el (k) ;
elseif abs (el (k))<=epcf/G
w=w_1;
end
fnn(k)=w’*h’;

u(k)=ydl(k)-fnn(k)-cl*e (k) ;
gu(k)=ydl (k) -fx(k)-cl*e(k); sWith precise fx
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fx 1=fx (k) ;
y_1l=y(k);

w_1l=w;

u_l=u(k);

el_1l=el(k);

e_l=e(k);

end

figure (1) ;
plot(time,yd, 'r’,time,y, 'k:’, 'linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('yd,v");
legend(’'Ideal position signal’, 'Position tracking’) ;
figure (2) ;

plot(time,u, 'r’, 'linewidth’,2) ;

xlabel (‘time(s) ‘) ;ylabel ('Control input’) ;
figure (3) ;

plot(time, fx, 'r’,time, fnn, 'k:’, "linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('fx and fx estimation’) ;
legend(’'Ideal fx’, ' fx estimation’);

Programs for Sect. 10.3.5.2

Simulation program with known f{x(k — 1)): chap10_3.m

%Discrete controller
clear all;
closeall;
ts=0.001;

cl=-0.01;
u_1=0;y_1=0;

fx 1=0;
fork=1:1:20000
time (k)=k*ts;

yvd(k)=sin(k*ts) ;

vdl=sin((k+1) *ts) ;

%Nonlinear plant
fx(k)=0.5*y_1*(1-y_1)/(l+exp(-0.25*y_1));
vik)=fx_ 1+u_1;

e (k)=y(k)-yd(k);

u(k)=ydl-fx(k)-cl*e(k);

y_1l=y(k);
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u_l=u(k);

fx_1=fx (k) ;

end

figure (1) ;
plot(time,yd, 'r’,time,y, 'k:’, "linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('yd,v");
legend(’'Ideal position signal’, 'Position tracking’) ;
figure (2) ;

plot(time,u, 'r’, 'linewidth’, 2) ;

xlabel (‘time(s) ') ;ylabel ('Control input’) ;

Simulation program with unknown f{x(k — 1)): chap10_4.m

%Discrete RBF controller
clear all;
closeall;
ts=0.001;

cl=-0.01;
beta=0.001;
epcf=0.003;
gama=0.001;
G=50000;

b=15;
c=[-2-1.5-1-0.500.511.52];
w=rands (9,1) ;

w_1l=w;

:1:10000
time (k)=k*ts;

vd(k)=sin(k*ts) ;

vdl (k)=sin((k+1) *ts);

%Nonlinear plant
fx(k)=0.5*y_1*(1l-y_1)/(l+exp(-0.25*y_1));
vik)=fx 1+u_1;

e(k)=y(k)-yd(k);

x(1)=y_1;

for j=1:1:9
h(j)=exp(-norm(x-c(:,3))"2/(2*b"2));

end
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vl_bar (k) =beta/ (2*gama*cl”2) *h*h’;
el(k)=(-cl*el_l+beta*(e(k)+cl*e_1))/ (l+beta* (vl_bar
(k)+G));
if abs (el (k))>epcf/G
w=w_1l+beta/ (gama*cl”2)*h’*el (k) ;
elseif abs (el (k))<=epcf/G
w=w_1;
end
fnn(k)=w’*h’;

u(k)=ydl (k)-fnn(k)-cl*e(k);
gu(k)=ydl (k) -fx(k)-cl*e(k); sWith precise fx

fx_1=fx(k);
y_l=y(k);

w_1l=w;

u_l=u(k);

el_1l=el(k);

e_l=e(k);

end

figure (1) ;
plot(time,yd, 'r’,time,y, 'k:’, 'linewidth’,2);
xlabel ('time(s) ') ;ylabel ('yd,v");
legend(’'Ideal position signal’, 'Position tracking’) ;
figure (2) ;

plot(time,u, ‘'r’, 'linewidth’,2) ;

xlabel ('time(s) ') ;ylabel ('Control input’) ;
figure (3) ;

plot(time, fx, 'r’,time, fnn, 'k:’, "linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('fx and fx estimation’) ;

Programs for Sect. 10.3.5.3

Simulation program: chap10_5.m

%Discrete RBF controller
clear all;
closeall;
ts=0.001;

cl=-0.01;
beta=0.001;
epcf=0.003;
gama=0.001;
G=50000;
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b=15;

c=[-2-1.5-1-0.500.511.52;
-2-1.5-1-0.500.511.527;

w=rands (9,1) ;

w_1l=w;

u 1=0;vyv_1=0;y_2=0;
el 1=0;e_1=0;
x=[00]";

fx_1=0;
fork=1:1:10000
time (k)=k*ts;

vd(k)=sin(k*ts) ;

yvdl (k)=sin((k+1) *ts) ;

%Linear model

fx(k)=1.5*y_1*y 2/ (l+y_1"2+4y_272)+0.35*sin(y_1+y_2);
vik)=fx 1+u_1;

e (k)=y (k) -yd(k);

x(1)=y_1;x(2)=y_2;

for j=1:1:9
h(j)=exp(-norm(x-c(:,3))"2/(2*b"2));

end

vl_bar (k)=beta/ (2*gama*cl”2)*h*h’;
el(k)=(-cl*el_l+beta*(e(k)+cl*e_1))/ (l+beta* (vl_bar
(k)+G));
if abs (el (k))>epcf/G
w=w_1l+beta/ (gama*cl”2)*h’*el (k) ;
elseif abs (el (k))<=epcf/G
w=w_1;
end
fnn(k)=w’*h’;

u(k)=ydl(k)-fnn(k)-cl*e(k);
gu(k)=ydl (k) -fx(k)-cl*e(k); sWith precise fx
u(k)=0.10*(x1d(k)-x1(k)); $P control

Q
<

fx 1=fx (k) ;
y 2=y 1;
y_1=y(k);
w_1l=w;
u_l=u(k);
el _l=el(k);
e_l=e(k);
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figure (1) ;
plot(time,yd, 'r’,time,y, 'k:’, "linewidth’,2);
xlabel ('time(s) ') ;ylabel ('yd,yv’);
legend(’'Ideal position signal’, 'Position tracking’) ;
figure (2) ;

plot(time,u, 'r’, 'linewidth’,2) ;

xlabel (‘time(s) ') ;ylabel ('Control input’) ;
figure (3) ;

plot(time, fx, 'r’,time, fnn, 'k:’, "linewidth’,2);
xlabel (‘time(s) ') ;ylabel ('fx and fx estimation’) ;
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Chapter 11
Adaptive RBF Observer Design and Sliding
Mode Control

Abstract This chapter introduces a kind of adaptive observer with RBF neural
network approximation. Using this observer, a speedless sliding mode controller is
designed. Stability analysis of the observer and the closed control system are
presented. Simulation examples for single-link manipulator are given.

Keywords RBF neural network ¢ Observer ¢ Sliding mode control ¢ Neural
network approximation

11.1 Adaptive RBF Observer Design

With neural network observer, speedless adaptive controller can be realized without
modeling information. Several works have been published about neural network
observer and control [1-4].

An adaptive observer for a class of single-input single-output (SISO) nonlinear
systems is proposed by [1] with a dynamic recurrent neural network. The neural
network weights are tuned online. No exact knowledge of nonlinearities in the
observed system is required.

In this section, we use RBF neural network to realize the adaptive observer
Matlab simulation.

11.1.1 System Description

Consider a second order SISO nonlinear system as

X =Ax + blf(x) + g(x)u + d(1)]
y=C"x (11.1)

J. Liu, Radial Basis Function (RBF) Neural Network Control for Mechanical Systems: 339
Design, Analysis and Matlab Simulation, DOI 10.1007/978-3-642-34816-7_11,
© Tsinghua University Press, Beijing and Springer-Verlag Berlin Heidelberg 2013
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0 1
0 0

d(r) is disturbance, and |d(f)| < bq, f(x), and g(x) are unknown nonlinear functions.

where x = [x xg]T,A:[ },b:[O 1]T,C:[1 O]T,yeR,ueR,

11.1.2 Adaptive RBF Observer Design and Analysis
The adaptive RBF observer for the system (11.1) was given by [1] as

AX +b[f(x) + g(®)u —v(t)] +K(y — C"%)
CTx (11.2)

-
I

<>
Il

Where ¥ is observer value of x, K is the gain vector, K = [k, k", f(%) and (%)
are estimation of f(x) and g(x), and v(¢) is robust term.

In the observer (11.2), f(x) and g(x) were estimated by using neural network.
The continuous unknown nonlinear functions in the system can be represented by
RBF with constant “ideal” weights W* and a sufficient number of basis functions
h(x), that is,

f(JC) = WTThl(X) =+ 61(X), el(x) S EI,N
g(x) = W;Thz(x) +(x), ax) <an (11.3)

where ¢ (x) and ¢;(x) are the neural-net reconstruction errors.
It is assumed that the ideal weights W} and W7 are bounded by known values as

W ip < Wim, =12 (11.4)
Let the NN functional estimates for f(x) and g(x) be given by
f() = Wih(%), §(x) =Wih(x) (11.5)
where W, and W, are estimated weight value, W; = wr — Wi(i =1,2).

The following theorem was given in [1] for the adaptive RBF observer stability
proof.

Theorem 11.1. Suppose the control input u(¢) is bounded by a positive constant as
|u(r)] < ug. Design the observer as

X =Ax + b[WTill + nglzu -V — Vz] +K(y— CJAC)
T

C"x (11.6)

’\<>
I
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where the robust terms are given by
_ Y P
vi(f) = —D,-ﬁ, i=12 (11.7)
y

where D; > fiom, D2 > Bromita, oM = Omax[L7'(5)], Omax|-] is the maximum
singular value. L~!(s) is a proper transfer function with stable poles, and L(s) is
chosen so that H(s)L(s) is SPR.

The adaptive laws of RBF are designed as

Wi =F 3 — k1 F[5|W,
Wz :le_lzyu—KzF2|_)~7|W2 (118)

where F; =F! >0, x; >0, i =1,2.

Then the state estimation error ¥(¢) and the NN weight estimation errors W, (r)
and W;(¢) are UUB.

The stability proof of the theorem has been given in the paper [1]. Now we
complement the convergence analysis of x as follows.

Remark 1.
The analysis is divided into two steps.

Step 1  The solution of x
The Eq. (11.6) can be written as
x= (A —KC")x + bii. (11.9)
The solution of ¥ = (A — KCT)JNC is
#(r) = #(0)eo (K)ot

Then the solution of (11.9) is

x(1) = 55(0)@‘[‘: (4-kCT)ar | f; (4—KCT)ar JI bii(z)e” J; (A-KCT)ae 4
0

Choose @(1,0) = o (A*KCT)df’ @(t,7) = o Jy (A-KCT)ai— [ (4-KCT)dr
then above equation becomes

)

() = @(1,0)%(0) + J; @ (1, 7)bii(7)dr. (11.10)
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Since
oo (A-KCT)ar— [ (4-KCT)ar _ (A-KC") (i0) _ (1) o ,KCT(—)
_ moefa(tff)

where my = A=) a = KC", then ®(t,7) is bounded by nmoe %=, with
mg and a positive constants.

Step 2 Convergence analysis of x
From Lemma 2 [1] and (11.9) yields

%)) < ki + ko[]S, Ve >0 (11.11)

where ||12||g: HWTiIl + w4+ ¢ + [nglz +wy + 62]14 +d+vi + VzHZ.
Define ¢ = wy + ¢ + [wa + e2]Ju +d + vi + v, then

[aell5=|W ks + Wihou + c||5< || Wk ||+ || WS hou|[5+'s

where ||c||3< /4.

Since [|Ax[], < [|A|lg|lx[[, and [x]|; = \/fo =o)X ()x(7)dr,

then
t
[WHhi[3 < |[WT|[s i |l5= ”WTH‘Z\//O ot~ iTde
t
\/eia(tff)df
0
efa(tf‘r)d(_a([ _ T))
1 a1
VI-ews HWTHFWC%
Similarly,

[W3hou|f; < HWTHFI c's

where s = Hille, s = ||| VT — e ug.

Then

a5 < ||WY Cs+|!WT|]F—c6+c4. (11.12)

[
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Substituting (11.12) into (11.11) yields

1%0)] gkl+k2<||V~VT||F\/_cs+|\WTHF\/_c6+C4>

. - e\ 1
=+ (C4 + CSHWI HFJFCGHWZHF) Ja
wherec; = ki, cq = kac'y, c5 = koc's, cg = kal's, ¢4, ¢s5, and cg are positive
constants.

From Lemma 2 in the paper [1], ¢3 is a term decaying exponentially
to zero owing to the initial conditions.

11.1.3 Simulation Examples

Two examples are given for the same nonlinear SISO system as

X =Ax +blf(x) + g(x)u + d(1)]
y=C"x (11.13)

where x = [x| xz]T,AZ[g H,b:[o 11", c=[1 0]",d(r) =0.

11.1.3.1 First Example
Using the model in paper [1], consider a single-link robot equation as
1 .
Mq—i—imglsmq =u, y=gq

where ¢ is the angle, u is the control input, M is the moment of inertia, g is the
acceleration, and m and / are the mass and the length of the link.
Letting x; = ¢, x, = ¢ yields the state-space equation as

. 0 1 1 mglsinx 1
el = [o o] boaza] +{01] (_5 %U‘ﬂ)

From (11.13), we can get f(x) = — 1 mg[,f,}n” and g(x) = 5.
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Fig. 11.1 States estimation of x; and x,
The input vector of RBF is [£] #; ]T, , and the network structure 2-7-1 is used.

In this example, according to the practical scope of x; and x,, for each Gaussian

function, the parameters are designed as c; :%[—3 -2 -1 0 1 2 3,z

=2[-3 -2 -1 0 1 2 3]andb; =50, j=1,...,7.
In the simulation, the robot parameters are m =1, [ =1, M =0.5, g =9.8;

choose L™'(s) = -5, K = [400 800], F, = diag[5 x 10°], F, = diag[5 x 10%], x,

= Kk, =0.001, D =0.8, x(0) =[00.5]", £(0) =[0.10]", u(r) = sin(2¢) + cos
(20¢). The adaptive observer (11.6) and (11.7) are used; the initial weight value is
chosen as zero. The results are given in Figs. 11.1 and 11.2.

In the simulation, we give two remarks as follows:

Remark 2. H(s) is strictly positive real (SPR), s = ¢ + jw, if three conditions as
follows are satisfied:

1. When s is real, H(s) is real.
2. The poles of H(s) is not in the right half plane.
3. For any real w, the real part of H(jw) is positive, that is, Re[H (jw)] > 0.

In the simulation, from H(s) expression in (11.7), we have H(s) =
C"(sI—(A-KC")) b=
(o= ) b= 005+ 800
real; the poles of H(s) are —397.99 and —2.01, which are in the left part of; but

2400 — 4030?
Re[H (jw)] = 5 @ 5 may be negative. Therefore,
(2400 — 40302)* + (20000 — w?)

H(s) is not SPR.

Obviously, when s is real, H(s) is
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Fig. 11.2 Estimation of f(x) and g(x)

In order to use Lemma 1 [1] in the stability analysis, L(s) is chosen so that H(s)

1 s+3
L(s) is SPR. Choose L™!(s) = 13 then sys(s) = H(s)L(s) = M‘;&w;
the poles of sys(s) are negative. The real part of sys(jw) is Re[sys(jw)]

397w? + 2400
- (800 - 24)_2 4002 which is positive. Then H(s)L(s) is SPR.

1
X s+3
h, B= h — 3h, which can be regarded as an adaptive law and realized by combing
with (11.8) in the simulation.

The programs of this example are chapll_l.m and chapll_2sim.mdl; the
Matlab programs of the example are given in the Appendix.

Remark 3. To solve in the adaptive law (11.8), from h=L" (s)h, then h =

11.1.3.2 Second Example
Consider a single-link inverted pendulum equation as

X1 = X2
o gsinx; — milx} cos x; sinx; /(me + m) cos x1/(me + m) y
1T 1(4/3 — mcos?x; / (me + m)) 1(4/3 — mcos?x; / (m. + m))

where x; and x, are angle and speed signal, respectively; g = 9.8 m/s?; the mass of
cart is m, = 1 kg; the mass of the pendulum is m = 0.1 kg; the length of the
pendulum is / = 0.5 m; and u is the control input.
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Fig. 11.3 States estimation of x; and x;

The above equation yields the state-space equation as

vl = ol + 01160 + s
y=x

_ gsinx; — mixj cos x; sinxy /(me + m)

From (11.13), we can get f(x) = 1473 — moostx, J(me - m) and
C

cosxy/(me + m)
8 = 173 = meostar [(me <))
The input vector of RBF is [X; & ]T, and the network structure 2-7-1 is used. In
this example, according to the practical scope of x; and x,, for each Gaussian
function, the parameters are designed as ¢, :g[_3 -2 -1 0 1 2 3,

=83 2 -1 0 1 2 3]andb;=50, j=1,...,7.

1
In the simulation, choose L~!(s) = 105 K =[1000 1000], F; = diag[15x%

10%], F, = diag[15 x 10*], x; = k, = 0.001, D = 1.5, x(0) = [-1/60,0]", %(0)
=10 0]", u(z) = 0.01 sin(2¢) + 0.01 cos(20¢). Using remark 2, H(s)L(s) is SPR. The
adaptive observer (11.6) and (11.7) are used; the initial weight value is chosen as zero.
The results are given in Figs. 11.3 and 11.4.

In the two above examples, the variation of ¢(-) do not converge to g(-), This is
due to the fact that the input signal is not persistently exciting, and the observer
error convergence can be achieved by many possible values of (), besides the true
g(+) value, which has been explained in Sect. 1.5.
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Fig. 11.4 Estimation of f(x) and g(x)

The Simulink program of this example is chapll_3sim.mdl; the Matlab
programs of the example are given in the Appendix.

11.2 Sliding Mode Control Based on RBF Adaptive Observer

With neural network observer designed in Sect. 11.1, we can design speedless
adaptive controller without modeling information. Figure 11.5 shows the closed-
loop neural-based sliding mode control scheme with RBF observer.

11.2.1 Sliding Mode Controller Design

Consider a second-order nonlinear SISO system as

x =Ax + b[f(x) + g(x)u + d(¢t)]
y=C"x (11.14)

0 1

where x = [x; x]', A= [O 0
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Fig. 11.5 Block diagram of Adaptive
the control scheme with RBF Mechanism
observer

RBF
observer

X, X,
Fx),8(x) /

X ——] u x
Controller @

The tracking error and its derivative value are e = %] — x1q and é = X, — X4,
where x4 is ideal position signal.
Firstly, we design the sliding mode function as

s(t) = ce(t) + é(1) (11.15)

where ¢ must satisfy Hurwitz condition, ¢>0.
Design Lyapunov function as

Ve ==s". (11.16)

Therefore, we have
$(1) = c(%1 — %1a) + (%2 — F14). (11.17)
From the observer (11.6), we get
X =k + K (x; — %) (11.18a)
% =f(x) + g(x)u —v(t) + Kz (x; — £1). (11.18b)

Substituting (11.18a) and (11.18b) into (11.17), we can get

S([) = C(()Z’z +K1(X1 — )2'1)) — fcld) +f(x) —+ g(x)u - V([) +K2(X1 7)2’1) 7)'(,:1(1.
To guarantee V, = s§ < 0, we design the sliding mode controller as

u= (—C()ez + K, (X] —)2]) —X1d) —f + V(I) — Kz(xl —)2]) + X1q — ﬂsgn(s))

0| —

(11.19)

where 1 > 0.
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Then we get

5§ = —nls|<O0.
Thus
V <0(V =0 whens =0).
Define Lyapunov function as
V=V,+V..

Then V =V, + V. < 0.

11.2.2 Simulation Example
Using the model in paper [1], consider a single-link robot equation as
1 .
Mquimglsmq =u, y=gq

where ¢ is the angle, u is the control input, M is the moment of inertia, g is the
acceleration, and m and [ are the mass and the length of the link.
Letting x; = ¢, xo = q yields the state-space equation as

|:).C1:| [0 1:| [XI:| [0] ( : mngiHXI 1 )
) + = +—u
X2 00 X2 1 2 M M

y

X1
From (11.13), we can get f(x) =

1 mglsin x|
>

The input vector of RBFis [%; X ]T, and the network structure 2-7-1 is used. In
this example, according to the practical scope of x; and x, for each Gaussian
function, the parameters are designed as c; :%[—3 -2 -1 0 1 2 3,
:%[—3 -2 -1 0 1 2 3]andb;=5.0, j=1,---,7.Theinitial weight
value is chosen as zero.

In the simulation, the robot parameters are m =1, /=1, M =05, g=9.8.
The adaptive observers (11.18a) and (11.18b) are used; choose L’l(s) = Hﬁ, K
= [400 800}, F; = diag[500], F, = diag|0.5], x; =k, = 0.001, D = 0.8, x(0) =
(0.2 0", %(0) =1[0.10]".

The ideal position signal is x4(¢) = sin(¢), and the controller is (11.19); choose
¢ =20, n =0.10. The results are shown from Figs. 11.6, 11.7, 11.8, and 11.9.

and g(x) = ;.
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In the two above examples, the variation of £(-) and g(-) do not converge to f-)
and g(-). This is due to the fact that the input signal is not persistently exciting and
the observer error convergence can be achieved by many possible values of f (-)and
&(+), besides the true f(-) and g(-) value, which has been explained in Sect. 1.5.

The Simulink program of this example is chapll_4sim.mdl; the Matlab

15

Time (s)

programs of the example are given in the Appendix.
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Appendix
Programs for Sect. 11.1.3.1

The program for SPR testing of H(s): chapl1_1.m

%System Analysis
clear all;
closeall;

A=[01;007;
K1=400;K2=800;
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K=[K1 K2]"’;
b=[01]";
C=[101";

$For dot (x) =Ax+Bu,y=Cx, see >help ss2tf
A=A-K*C';
B=Db;C=C’';D=0;

[num, den]=ss2tf (A,B,C,D) ;

H=tf (num, den) %$Plant

pole (H)

L=tf(1,[13]) $Lowfilter

sys=series (H,inv (L)) %Series with Low filter

Main Simulink program: chapl1_2sim.mdl

hapl1_2i

Chapl1_2input Chapl1_2plant Mux
S-function3 S-function Mux| To
workspace2

S-function2

>Mux Chapl1_2obvl— Mu
Muxts— Chap11_2rbf I r To

workspace3

S-functionl

Clock To workspacel

Input program: chapl1_2input.m

function [sys,x0,str, ts]=obser (t,x,u,flag)

switch flag,
case 0,
[sys,x0,str,ts]l=mdlInitializeSizes;
case 1,
sys=mdlDerivatives (t,x,u);
case 3,

sys=mdlOutputs (t,x,u) ;
case {2, 4, 9}
sys=1[1;
otherwise
error ([ 'Unhandled flag = ' ,num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;
sizes.NumContStates =0;
sizes.NumDiscStates =0;
sizes.NumOutputs = 1;
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sizes.NumInputs =0;
sizes.DirFeedthrough =0;
sizes.NumSampleTimes = 0;
sys=simsizes (sizes);

x0=[1];

str=I[1;

ts=[1];

function sys=mdlOutputs (t,x,u)
sys(l)=sin(2*t)+cos(20*t) ;

Observer program: chapl1_2obv.m

function [sys,x0,str,ts] =obser(t,x,u,flag)
switch flag,
case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
case l,
sys=mdlDerivatives (t,x,u);
case 3,

sys=mdlOutputs (t,x,u);
case {1,2,4,9}
sys=1I[1;
otherwise
error ([ ’'Unhandled flag = ' ,num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;
sizes.NumContStates =2;
sizes.NumDiscStates =0;
sizes.NumOutputs = 2;
sizes.NumInputs = 4;
sizes.DirFeedthrough =0;
sizes.NumSampleTimes = 0;
sys = simsizes (sizes) ;
x0=[00];
str=[1;
ts=1[1;
function sys=mdlDerivatives (t,x,u)
K1=400;K2=800;

y=u(1);
ut=u(2);
fxp=u(3);
gxp=u(4) ;
A=[01;00];
b=[01]";
C=[10];
K=[K1 K2]';
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ye=y-x(1);
D=1.50;
v=-D*gign(ye) ;

dx= A*x+b*(fxp+gxp ut-v)+K* (y-C*x) ;
sys(1l)=dx (1) ;

sys (2 )—dX( ) :

function sys=mdlOutputs (t,x,u)
sys(1l) =x(1);

sys(2) =x(2);

RBF Approximation program: chapl1_2rbf.m

function [sys,x0,str, ts] = obser (t,x,u,flag)
switch flag,
case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
case l,
sys=mdlDerivatives (t,x,u);
case 3,

sys=mdlOutputs (t,x,u) ;
case {1,2,4,9}

sys=1I[1;
otherwise

error ([ 'Unhandled flag = ' ,num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
global cb

sizes = simsizes;
sizes.NumContStates = 21;
sizes.NumDiscStates =0;
sizes.NumOutputs = 2;
sizes.NumInputs = 4;
sizes.DirFeedthrough =1;
sizes.NumSampleTimes = 0;
sys = simsizes (sizes) ;
x0=zeros (1,21);

str=1[1;

ts=1[1;
cl=1/3*[-3-2-10123];
c2=2/3*[-3-2-10123];
c=[cl;c2];

b=5;

function sys=mdlDerivatives (t,x,u)
global c b

y=u(l);

ut=u(2);

x1lp=u(3);
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X2p=u(4) ;
xp=[x1p x2pl "’ ;
yp=x1p;
ye=y-yp;

h=zeros(7,1);

for j=1:1:7
h(j)=exp(-norm(xp-c(:,3))"2/(2*b"2));

end

h_bar=x(15:1:21);

F1=500000*eye(7) ;
F2=50000*eye(7) ;

k1=0.001;k2=0.001;
Wl=[x(1) x(2) x(3) x(4) x(5) x(6) x(7)];
W2=[x(8) x(9) x(10) x(11) x(12) x(13) x(14)];

dWl=F1*h_bar*ye-kl*Fl*abs (ye) *Wl"’;
dW2=F2*h_bar*ye*ut-k2*F2*abs (ye) *W2 ' ;
fori=1:1:7

sys(1)=dwl (i) ;

sys (1+7)=dw2 (1) ;
end
for i=15:1:21

sys(i)=h(i-14)-3*x(1);
end
function sys=mdlOutputs (t,x,u)
global c b
Wl=[x(1) x(2) x(3) x(4) x(5) x(6) x(7)1;
W2=[x(8) x(9) x(10) x(11) x(12) x(13) x(14)1;
h_bar=x(15:1:21);

fxp=W1l*h_bar;
gxp=W2*h_bar;

sys (1) =fxp;
sys (2)=gxp;

Plant program: chapl1_2plant.m

function [sys,x0,str, ts]=obser (t,x,u,flag)

switch flag,
case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
case l,
sys=mdlDerivatives (t,x,u);
case 3,

sys=mdlOutputs (t,x,u);
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case {2, 4, 9}

sys=1[1;
otherwise

error ([ 'Unhandled flag = ’ ,num2stxr (flag) 1) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;
sizes.NumContStates =2;
sizes.NumDiscStates =0;
sizes.NumOutputs =4;
sizes.NumInputs =1;
sizes.DirFeedthrough =0;
sizes.NumSampleTimes = 0;
sys=simsizes (sizes) ;
x0=[0.207];
str=1[1;
ts=1[1;
function sys=mdlDerivatives(t,x,u)
m=1;1=1;M=0.5;g=9.8;
fx=-0.5*m*g*1*sin(x (1)) /M;
gx=1/M;

sys(1)=x(2);

sys (2)=fx+gx*u;

function sys=mdlOutputs (t,x,u)
m=1;1=1;M=0.5;g9g=9.8;
fx=-0.5*m*g*1l*sin(x (1)) /M;

gx=1/M;
y=x(1);
sys(1l)=y;
sys (2)=x(2);
sys (3)=fx;
sys (4)=gx;

Plot program: chapl1_2plot.m

closeall;

figure (1) ;

subplot (211) ;

plot(t,xp(:,1), 'r’',t,xp(:,5),'k:", "linewidth’,2);
xlabel ('time’ ) ;ylabel (’'x1 and its observer value’) ;
legend(’Practical x1’, 'x1 estimation’) ;

subplot (212) ;

plot(t,xp(:,2),'r’',t,xp(:,6),'k:’, "linewidth’,2);
xlabel ('time’) ;ylabel ('x2 and its observer value’) ;
legend(’Practical x2’, 'x2 estimation’) ;
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figure (2) ;

subplot (211) ;

plot(t,F(:,1),'r",t,F(:,3),’k:", "linewidth’,2);
xlabel (‘time’) ;ylabel (' fx and estimation’) ;
legend (’'Practical fx’,'fx estimation’) ;

subplot (212) ;
plot(t,F(:,2),'r’,t,F(:,4),'k:’,"linewidth’,2);

xlabel (‘time’) ;ylabel (‘gx and estimation’) ;
legend(’Practical gx’, 'gx estimation’) ;

Programs for Sect. 11.1.3.2

Main Simulink program: chapl1_3sim.mdl

Input program: chapll_3input.m

Observer program: chapll_3obv.m

RBF Approximation program: chapll_3rbf.m
Plant program: chapll_3plant.m

Plot program: chapll_3plot.m

Programs for Sect. 11.2.2

Main Simulink program: chapl1_4sim.mdl

——

@ To workspace3
- Mux|
Sine wave Mux ‘Chapl 174ctrl}~%6hapl l,4plam}—> = o
S-function3 S-function workspace2
To
workspace4

_ - S-functio2
S-functiol

Clock To workspacel

Observer program: chapl1_4obv.m

function [sys,x0,str, ts] = obser (t, x,u,flag)

switch flag,

case 0,
[sys,x0,str,ts]=mdlInitializeSizes;

case l,

sys=mdlDerivatives (t,x,u);
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case 3,

sys=mdlOutputs (t,x,u);
case {1,2,4,9}

sys=I[1];
otherwise

error ([ 'Unhandled flag = ' ,num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;
sizes.NumContStates =2;
sizes.NumDiscStates =0;
sizes.NumOutputs = 2;
sizes.NumInputs = 4;
sizes.DirFeedthrough =0;
sizes.NumSampleTimes =0;
sys = simsizes (sizes) ;
x0=[0.10];
str=[1;
ts=I[1;
function sys=mdlDerivatives (t,x,u)
K1=400;K2=800;
y=u(l);

v=-D*sign (ye) ;

dx=A*x+b* (fxp+gxp*ut-v) +K* (y-C*x) ;
sys(1l)=dx (1) ;

sys(2)=dx(2) ;

function sys=mdlOutputs (t,x,u)
sys(1l) =x(1);

sys(2) =x(2);

RBF Approximation program: chapl1_4rbf.m

function [sys,x0,str, ts] = obser (t, x,u,flag)

switch flag,

case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
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casel,

sys=mdlDerivatives (t,x,u);
case 3,

sys=mdlOutputs (t,x,u);
case {1,2,4,9}

sys=1I[1;
otherwise

error ([ 'Unhandled flag = ' ,num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
global cb

sizes = simsizes;
sizes.NumContStates =21;
sizes.NumDiscStates =0;
sizes.NumOutputs =2;
sizes.NumInputs = 4;
sizes.DirFeedthrough =1;
sizes.NumSampleTimes = 0;
sys = simsizes (sizes) ;
x0=zeros (1,21);

str=1[1;

ts=I[1;
cl=1/3*[-3-2-10123];
c2=1/3*[-3-2-101231;
c=[cl;c2];

b=5;

function sys=mdlDerivatives (t,x,u)
global cb

y=u(l);

ut=u(2);

xlp=u(3);

x2p=u(4) ;

xp=[x1p x2p] " ;

yp=x1p;

ye=y-vyp;

h=zeros(7,1);
for j=1:1:7
h(j)=exp (-norm(xp-c(:,3))"2/(2*b"2));
end
h_bar=x(15:1:21);

F1=500*eye(7) ;
F2=0.50*eye(7) ;

k1=0.01;k2=0.01;
Wl=[x(1) x(2) x(3) x(4) x(5) x(6) x(7)];
W2=[x(8) x(9) x(10) x(11) x(12) x(13) x(14)];
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dWl=F1*h_bar*ye-kl*Fl*abs (ye) *Wl"’;
dW2=F2*h_bar*ye*ut-k2*F2*abs (ye) *W2 ' ;
fori=1:1:7
sys (1i)=dwl (1) ;
sys (i+7)=dw2 (i) ;
end
for i=15:1:21
sys(i)=h(i-14)-0.5*x (1) ;
end
function sys=mdlOutputs (t,x,u)
global cb
Wl=[x(1) x(2) x(3) x(4) x(5) x(6) x(7)1;
W2=[x(8) x(9) x(10) x(11) x(12) x(13) x(14)1;
h_bar=x(15:1:21);

fxp=W1l*h_bar;
gxp=W2*h_bar;

sys (1l)=fxp;
sys (2)=gxp;

Plant program: chapl1_4plant.m

function [sys,x0,str, ts]=obser (t,x,u,flag)

switch flag,
case 0,
[sys,x0,str,ts]=mdlInitializeSizes;
case l,
sys=mdlDerivatives (t,x,u);
case 3,

sys=mdlOutputs (t,x,u);
case {2, 4, 9}
sys=1[1;
otherwise
error ([ 'Unhandled flag = ' ,num2str (flag) ]) ;
end
function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;
sizes.NumContStates =2;
sizes.NumDiscStates =0;
sizes.NumOutputs = 4;
sizes.NumInputs = 1;
sizes.DirFeedthrough =0;
sizes.NumSampleTimes = 0;
sys=simsizes (sizes);
x0=[0.201];
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str=I[1;

ts=[1];

function sys=mdlDerivatives(t,x,u)
m=1;1=1;M=0.5;g9g=9.8;
fx=-0.5*m*g*1l*sin(x (1)) /M;
agx=1/M;

sys(1l)=x(2);

sys (2)=fx+gx*u;

function sys=mdlOutputs (t,x,u)
m=1;1=1;M=0.5;g=9.8;
fx=-0.5*m*g*1l*sin(x (1)) /M;
gx=1/M;

y=x(1)
sys (1l
sys (2
(3
(4

H <~

( ) ;

fx;
gXI

)
)
sys(3)
sys (4)
Plot program: chapl1_4plot.m
close all;

figure (1) ;

subplot (211) ;
plot(t,v(:,1),'r",t,y(:,2),"’k:’", " "1linewidth’,2) ;
xlabel ('time’) ;ylabel ('Position tracking’);
legend('xd’, 'x1");

subplot (212) ;

plot(t,cos(t),'r’',t,y(:,3),’k:", "linewidth’,2) ;
xlabel ('time’) ;ylabel (’Speed tracking’) ;

legend ('dxd’, 'x2");

figure (2) ;

subplot (211);
plot(t,v(:,2),'r’',t,y(:,4),'k:", " linewidth’,2);
xlabel (‘time’ ) ;ylabel (’'x1 and its observer value’) ;
legend('x1’, 'x1p’);

subplot (212) ;

plot(t,v(:,3),'r’',t,y(:,5),'k:", linewidth’,2) ;
xlabel (‘time’) ;ylabel ('x2 and its observer value’) ;
legend('x2','x2p");

figure (3) ;

subplot (211);

plot(t,F(:,1),'r’',t,F(:,3),'k:", linewidth’,2);
xlabel (‘time’) ;ylabel (' fx and estimation’) ;
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legend(’'Practical fx’,'fx estimation’) ;

subplot (212) ;

plot(t,F(:,2),'r',t,F(:,4),'k:", "linewidth’,2);
xlabel (‘time’) ;ylabel ('gx and estimation’) ;
legend(’'Practical gx’, 'gx estimation’) ;

figure (4) ;
plot(t,ut, 'r’, 'linewidth’,2);
xlabel (‘time’) ;ylabel (’'Control input’) ;
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