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.
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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.
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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. 6.1
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Fig. 6.2 f(x) estimation with RBF (five hidden nets, S = 3)

141

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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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.



6.2 RBF Neural Robot Controller Design with Sliding Mode Robust Term

= 06 T . - T : : -
= Ideal position for link 1
£ 04r e Position tracking for link 11
=14
2 02
£ Of
£ =02 L . : - -
0 5 10 15 20 25 30 35 40
Time (s)
2 02 : . : v v v :
=1 & .. ~ .
£ ——Ideal position for link 2
S -==+=Position tracking for link 2y
g 1
E _{}_2 1 i 1 i 1 i 1
0 5 10 15 20 25 30 35 40
Time (s)

Fig. 6.12 Position tracking

" r . T T T T T
£ Ideal speed for link 1
& 05p: e Speed tracking for link 14
:'._I)
=
£
=
]
mn- _I '0 l 1 I_ 1 1 1 I_
0 5 10 15 20 25 30 35 40
Time (s)
S ]yO T T T T T T T
= Ideal speed for link 2
B el 00000 e Speed tracking for link 2 |
2 p
= i
2
B
2
=05 L L I L I L L
2720 s 10 15 20 25 30 35 40
Time (s)

Fig. 6.13 Speed tracking



152 6 Adaptive RBF Control Based on Global Approximation

— 100 T T T T T T T
-
=
B 50 .
= —
o
R=
g 0 1
=
3

_50 1 1 1 1 1 1 1

0 5 10 15 20 25 30 35 40
Time (s)
~ 20 T T T T T T T
4
£
=
o
=
Q.
R=
E
=
(o}
& _10 1 1 1 1 1 1 1
0 5 10 15 20 25 30 35 40
Time (s)
Fig. 6.14 Control input of link 1 and 2
70 T T T T T T T
Ideal fx
60 === Estimation of fx |

fand fn

20
Time (s)

0 5 10

wn
&)
il
lad
=]
(%]
A

40

Fig. 6.15 |If (x)|| and [|f (x)]]



6.3 Robust Control Based on RBF Neural Network with HJI 153

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)
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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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Fig. 6.16 Position and speed tracking with RBF compensation (S = 2)
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Fig. 6.17 Disturbance and its estimation (S = 2)

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
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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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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
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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
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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;
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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
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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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