Neurocomputing 125 (2014) 72-80

Contents lists available at ScienceDirect

NEUROCOMPUTING

Neurocomputing

NEUROCOMPUTING
LETTERS

journal homepage: www.elsevier.com/locate/neucom

Robust adaptive neural network control for a class of uncertain
nonlinear systems with actuator amplitude and rate saturations

@ CrossMark

Ruyi Yuan™ Xiangmin Tan, Guoliang Fan, Jiangiang Yi

Institute of Automation, Chinese Academy of Sciences, Beijing, PR China

ARTICLE INFO ABSTRACT

Available online 1 March 2013 An adaptive controller which is designed with a priori consideration of actuator saturation effects and
guarantees H* tracking performance for a class of multiple-input-multiple-output (MIMO) uncertain
nonlinear systems with extern disturbances and actuator saturations is presented in this paper.
Adaptive radial basis function (RBF) neural networks are used in this controller to approximate the
unknown nonlinearities. An auxiliary system is constructed to compensate the effects of actuator
saturations. Furthermore, in order to deal with approximation errors for unknown nonlinearities and
extern disturbances, a supervisory control is designed, which guarantees that the closed loop system
achieves a prescribed disturbance attenuation level so that H* tracking performance is achieved.
Steady and transient tracking performance are analyzed and the tracking error is adjustable by explicit
choice of design parameters. Computer simulations are presented to illustrate the efficiency of the

Keywords:

Actuator saturation
RBF neural network
Adaptive control
Robust control

proposed controller.

© 2013 Elsevier B.V. All rights reserved.

1. Introduction

All physical actuators in control systems have amplitude and
rate limitations. For example, the elevator of an aircraft can only
provide a limited force or torques in a limited rate. Actuator
amplitude limitation or rate limitation constitutes a fundamental
limitation on many linear or nonlinear control design techniques
and has attracted the attention of numerous researchers. The
controllers that ignore actuator limitations may cause the closed
loop system performance to degenerate or even make the closed
system unstable, and decrease the lifetime of the actuators, or
damage the actuators. Higher performance may be expected if a
controller is designed with a priori considering of the actuator
saturation effects.

The design of stabilizing controllers with a priori consideration
of the actuator saturation effects for nonlinear systems with
unknown nonlinearities and external disturbances is a challen-
ging problem. Zhou [1] proposed an adaptive backstepping
scheme to design an adaptive controller for a class of uncertain
nonlinear single-input-single-output (SISO) systems in the pre-
sence of input saturations. To deal with saturations, an auxiliary
system with the same order as that of the plant was constructed
to compensate the effect of saturation. Farrell et al. [2-5]
presented an adaptive backstepping approach and an online
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approximation based adaptive backstepping approach for
unknown nonlinear systems with known magnitude, rate, band-
width constraints on intermediate states or actuators without
disturbance. Those approaches also used auxiliary systems for
generating a modified tracking error to guarantee stability during
saturation. Command filtered adaptive backstepping approaches
[6-9] were also proposed to deal with the constraints on the
control surfaces and the control states. For single input uncertain
nonlinear systems in the presence of input saturation and
unknown external disturbance, robust adaptive backstepping
control algorithms were also developed by introducing a well
defined smooth function and using a Nussbaum function which
was used to compensate for the nonlinear term arising from the
input saturation [10].

Dynamic inversion [11,12] approach is a widely used nonlinear
control technique. However, the effects of actuator saturations
have not been addressed with nominal dynamic inversion algo-
rithm, so certain modifications are required. Tandale [13] pro-
posed an adaptive dynamic inversion controller for a class of
nonlinear systems with control saturation constraints. Enomoto
[14] investigated the dynamic inversion control for nonlinear
systems with control saturation constraints by Lyapunov synth-
esis. For a class of uncertain nonlinear dynamical systems in
Brunovsky form, Lavretsky [15] proposed a dynamic inversion
based adaptive control framework to provide stable adaptation in
the presence of input constraints. The proposed design methodol-
ogy can protect the control law from actuator position saturation.
For a class of nonlinear systems which, in the presence of
saturation, were controlled by nonlinear dynamic inversion
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controllers, an anti-windup compensation scheme was also pro-
posed [16-18]. Neural network technique [19,20] was also used
to handle actuator saturations problem. Calise [21] introduced a
neural network based method termed as Pseudo-Control Hedging
(PCH) for addressing a wide class of plant input characteristics
such as actuator position limits, actuator rate limits, time delay,
and input quantization. Chen et al. [22] also introduced a radial
basis function neural network based controller for uncertain
MIMO nonlinear systems with input saturations. The control
design for nonlinear systems with actuator saturations was also
be investigated by optimal control [23], nearly optimal control
[24], nonlinear model predictive control [25] and fault tolerant
scheme [26], etc. However, there are still few results for the
control of uncertain nonlinear systems by taking actuator satura-
tions into account in the controller design and analysis.

In [27], the authors proposed an adaptive controller for MIMO
nonlinear systems with control input limitations by using an
auxiliary system and extended tracking errors which were used in
neural network parameter update laws to compensate the effects
of control input limitations. In this paper, for the control of a class
of MIMO uncertain nonlinear systems in the presence of distur-
bances and actuator saturations, dynamic inversion [11] based
controller which can generate constrained control signal is
designed. Adaptive RBF neural networks are used to approximate
unknown nonlinearities. An auxiliary system is constructed to
compensate the effects of actuator amplitude and rate satura-
tions. This auxiliary system and compensation scheme are differ-
ent from [27], so that the extended tracking error in [27] is no
longer needed. A supervisory control is designed to attenuate the
effects of approximation errors and external disturbance so as to
guarantee a H™ tracking performance. The performance of the
closed loop system is obtained through Lyapunov analysis. The
bounds of tracking errors can be adjusted by tuning the design
parameters. The proposed controller can generate control signals
satisfying actuator amplitude and rate limitations, and guarantee
a H* tracking performance of the closed loop system.

The rest of this paper is organized as follows. In Section 2, the
problem statement is presented. In Section 3, the adaptive control
scheme is discussed, and the closed loop system performance is
analyzed. A numerical example is shown in Section 4. Section 5
concludes the paper. Throughout this paper, |- | indicates the
absolute value, Il - Il indicates the Euclidean vector norm, and Il - I,
indicates the L, norm.

2. Problem formulation

Consider the class of MIMO systems described by the following
differential equations:

Xi1 = Xi2
Xi,r,—l = Xir;

m (M
Xir, =0+ > _g(Xu;+d;

j=1

Yi=Xi, i= 1, ...,m
which also can be rewritten in the following compact form:
y® =FXx)+Gx)u+d (2)
where y=[y;,...,yn]" e R™ is the output vector; ym % [y
y(nr.l’")]T eR™, S ri=n; y(iri) =d"y;/dt"; xX=[x11,... Xirpy oo

Xm1y .- - ,xmrm]T e R" is the state vector available for measurement;
u=[uy,...,un] € R™ is the control vector with

‘ui‘ < Uimax» ui < Vimax (3)

where U and v denote the actuator amplitude and rate limits
respectively. F(x) =[f1(X), ....fn(¥)] € R, G(X) = [gj(X)]mxm € R™™
([lmxm represents a m x m matrix) are continuous unknown
functions of the state X. d; denotes the external disturbances which
is unknown but bounded and satisfies [, d7dt<oco. d=
[d], . ,dm] € Rm.

The control objective is to force y; to follow a given bounded
reference signal y;; in the presence of actuator saturations and
extern disturbances. For (2) to be controllable, we assume that
0(G(x)) # 0 for x in certain controllability region U. € R", where
0(G(x)) denotes the minimum singular value of the matrix G(x).

3. Design of adaptive controllers

To begin, define 74, ...,7 as follows:

Ti )
Ti :yﬁg*)+ Z /1,‘]'9?_1), i=1,...,m
=1

where y,, i=1,...,m are the reference signals,
ej=Yyyy—Yy; (i=1,...,m) are the tracking errors, Zj,...,Ay, are
parameters which make sure that the roots of the equation
ST+ 2y, S 4+ - +2pSs+2; =0 are all in the open left-half
complex plane.

If F(x) and G(x) are known and the constrains on control inputs
are ignored, then based on dynamic inversion algorithm, the
control law:

uc =G ' (X)(—F(X)+7) 4)

can be applied to (2) to achieve the following asymptotically
stable tracking:

"
) ) (=1
e+ Jyjed
=

=0 (5)

T'm X
e+ > Amed )
=

in the case of no external disturbances.

Because F(x) and G(x) are unknown vector and matrix respec-
tively, the above control law (4) cannot be implemented in
practice. Besides, there is no guarantee that u. satisfies the
actuator constraints (3). It is well known that neural networks
[19,20] can be used as universal approximators to approximate
any continuous functions at any arbitrary accuracy as long as the
network is big enough. In this work, in order to treat this tracking
control design problem, radial basis function (RBF) neural net-
works are used to approximate the unknown functions, that is,

fix), i=1,...,m, and g;(x), i,j=1,...,m are approximated as
follows:

i) ~f(x|05) = O (x), i=1,...,m (6)
i) ~ &i(X|Og)) = O By (x), i,j=1,...,m )

where Oy, € RMr, Oy, € R are weight vectors, and ®y (x)e
RMi (x), @, (x) € RMs (x) are radial basis vectors, Mgy,, Mg, are the
corresponding dimensions of the basis vectors. Denote

f](x) R g1
, G(X‘@G):

gml (X)

ghﬂ(x)
F(x|©p) = : €))
Then lE(x\G)p) is an estimation of F(x), and C(x\@c) is an estima-
tion of G(x).
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Using the approximation (8), and considering the control
inputs constraints and extern disturbances, we modify the control
law (4) as follows:

u, = 6" (X|O@c)(—F(X|Op)+ T+ 1+ ug) 9)
u = sat(u.) (10
n=-C&-¢ an

where sat(u.) represents the amplitude and rate limitations on u,.
T=(11,...,Tm)" is the robust control term. uq € R™, which will be
determined later, is a supervisor control used to attenuate the
extern disturbance d. G*(x) represents the generalized inversion
[28] of GX). €= (&1,....Em)" €eR™ is the state of the following
constructed auxiliary system (12) which uses the difference of u,
before and after amplitude and rate limitations as input:

&= —CE+G(x|Og)Au (12)

C=diag(cy,...,.cm) eR™™, ¢ (i=1,...,m) are positive para-
meters, Au=u—u.. £ is used to compensate the effect of actuator
saturations.

u. is obtained according to certainty equivalence principle [29]
which is widely used in adaptive control schemes. However, there
is also no guarantee that u, satisfies the constraints (3), hence
amplitude and rate limitations sat(u.) are imposed on u. to
generate u which satisfies the constraints (3).

The amplitude and rate limitations on u,, i.e., sat(u.), can always
be implemented by assuming a first-order model or second-order
model for the dynamics of each component of u., for example,
U1 = satp(wj(sata(Uug)—u;)) or ii; = satr(w?(sata(ugq)—u)—2¢witly),
where u;, u are the i-th elements of u, u. respectively, w;, {; are
positive constants, satg(-), sats(-) represent the rate and amplitude
saturation functions respectively. The function satg(x) is defined as
follows:

R ifx>=R
satgx)=<¢ x  if [x| <R
—-R ifx<-R

and satu(x) is defined similarly. Fig. 1 gives visual descriptions for
the first-order and second-order models respectively. In the linear
range of the function sat(x) and satg(x), the transfer function for the
first-order model is

U o
Ui s+ 3
and the transfer function for the second model is
. 2
U___ of (14)

Ui s +2{iwis+w?

This means that by choosing appropriate parameters w;, {;, not only
the actuators amplitude and rate saturations but also the dynamics
of the actuators, like dampings and frequencies, can be integrated
into the controller.

Remark 1. We known that for the first-order system:

x=f(x)+u (15)
if f(x) is known, then we can construct a new system
u=v-f) (16)

with v as input and u as output. Egs. (15) and (16) yield a closed-
loop system:

x—f(x)=1—f(v) a7

For system (17), the output x is totaly the same as the input v if
and only if x(0)=v(0). The transform function from v to x is 1.
Actually, the zeros of (16) is the poles of (15), and (16) is the zero
assignment based inverse system of (15). Similarly, for the
auxiliary system (12), if we view the component C(X\G)G)Au as
the control input, then the new system:

G(x|®c)Au=Ci+i (18)

with 4 as the input and C(x\(')(;)Au as the output is the zero
assignment based inverse system of (12), (18) and (12) yield a
closed loop system:

E4CE=i+CA (19)

The output ¢ is totaly the same as the input 4 if and only if
E0)=A(0). So E+CE or 4+CA can be used as a prediction of
C(x\@G)Au which is the effect of actuator saturations and can be
used to compensate the effect of actuator saturations. From

(9)-(12), we have
u = sat(u,) = C#(x\ Oc)(—F(x|®p) +T+uyq) (20)

By ignoring the term uq4, u which satisfies the constraints (3) has
the same form as u. which is obtained by dynamic inversion
algorithm [11], which makes the controller be a adaptive neural
network based dynamic inversion controller and the perfect
tracking be available.

Remark 2. From (12) we also have that

ji=

-t m
éi(t) —e Gt (é(o)—l— /0 ZgAij(x(v))Auj(v)ec,-v dv)

t m
— e GtE0)+ /0 Z g'U(X(V))Auj(v)e*C.‘(rfv)dv

j=1

. &
S

Rate Limiter

a
u +
(&) . .
Amplitude Limiter

u
—L % —; +

Amplitude Limiter

1 %
e
S S

Rate Limiter

Fig. 1. Schematic for amplitude and rate limitations. (a) First-order model and (b) second-order model.
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<e*”\§(0)\+/ Z |8 (X(v)| Au(v) e~ dy

j=1

<eWEO)+ 2 sup |g;x()| sup |Au)| 21
Cio<v<t O<v<t

where Au;(v) = u;j(v)—ug(v). Because ¢; is positive, the auxiliary
system is bounded input bounded output stable.

Remark 3. Although the true value of G(x) are invertible accord-
ing to the assumption, the estimate matrix é(x\@c) may become
singular during the adaptive process, so Moore-Penrose general-
ized matrix inverse [28] of G(x|@g) is used.

Remark 4. In the case of known F(X) and G(x) and free of external
disturbances, the control low

u = sat(u.) (22)
with

=G ' X)(—FX)+T+1) (23)
n=-C&-¢ (24)
& = —CE+G(X)Au (25)

can be applied to System (2) to obtain the asymptotically stable
tracking (5).

In the following, we will specify the update laws for the RBF
parameters Oy, (i=1,...,m), Og, (ij=1,...,m) and the super-
visor control uq, so that desired tracking performance can be
achieved. Applying the control law (9) and (10) to System (2)
yields

1-Y® = F(x| @) —F(X) + (G(X|@g) - Gx)u—ug—d (26)

Define the optimal approximation weight vectors for

fi(i=1,...,m), g; (i,j=1,...,m) as follows:

®f =arg mm {sup Ifi(x) f(x(Dfx)} (27)

@;ij —arg @miI}z [ sup |gii(%)— gu(x®gu)|} (28)
€ Qg

where QF, Qc, Uc denote the sets of suitable bounds on ®y, @,
and x respectively. (D}“ i=1,...,m), G)g (ij=1,...,m) are con-
stant vectors. The optimal approx1mat10ns for F(x) and G(x) are
denoted as F(x\G)F), G(x\G)*) respectively. Define the minimum
approximation error as

wEF(x| Op—FX)+ [6(x|0)-Gx)|u (29)

According to universal approximation property of neural net-
works [19,20], the following assumption is reasonable:

Assumption 1. The minimum approximation error is square
integrable, i.e.,

T
/ w/w dt < oo (30)
)

Using the optimal approximation for F(x), G(x), the i-th
subsystem of (26) can be rewritten as

Ti

: ke 3 2

e+ > duel D = f (x| O)—f (x| OF )—ug —d; +w;
k=1

+ Y (8(X[Og) (x| OF ) 3B1)

=1

where ug,, d;,w; are the i-th element of uq, d, and w respectively.
Defining e; =[e;,....e!" "T’, ©; = Oy, -0}, Oy, =0y — Oy, then
Eq. (31) can be rewrltten in the following form:

. ~T moo.T
é;,=Ae;+B; <®f,»(bf,v(x)+ Z(Ggijd)gij(x))uj—udi—di+w,-) 32)
j=1

where
0 1 0 0
0 1 0 0
A= : : : .. : , Bi=
0 0 o .. 1 0
—Ait —Aia =z =iy, 1

For the i-th subsystem of (26), the following theorem can be
obtained.

Theorem 1. For the i-th subsystem of (26), if we select the control
law (10), and the following parameters update laws and uyg,

O = —I'; D (x)B/ Pre; (33)

Oy, = —I'g, Dy, (OB Pe;; (34)
1 T

Ug, = 2p2 ; PiB; (35)

then the following H* tracking performance can be obtained:
T ~ ~
/ elQie; dt < el (0)Pie;(0)+ O, ()7 O (0)
0

+3° 6L O, 64, 0)+p? / 07 dt 36)
j=1
where Iy, I', (j=1,...,m) are positive definite diagonal matrices,
p; (i=1,...,m) are positive parameters representing for prescribed
dlsturbance attenuation levels, g; = —d +w;, Q; e R™™ is arbitrary
symmetric positive definite matrices, P; e R™™ is the symmetric
positive definite solution of the following Lyapunov equation:

PA;+A{P; = —Q, 37
Proof. Define the Lyapunov function V; for the i-th subsystem as
follows:

1 ‘l mn
Vi= jelPet 0, 1710; + Z P (38)
The time derivative of V; is

(eTP e +e/Pi¢é; )+G)f ry! (E)f + Z @
ji=1

gU ®g

1 ~T
=3 (e/A[Pie;+e/PiAe)+©O; ®p(x)B]Pe;

m
CDG(X)BTP eluj+®f|rf] G)f + Z @ Iy, ®g
=1
1
+5 (U +0)(B{P;e;+e/P;B;)
1 1 1
<—= e,-TQei += g,-(BiTPiei +e/PB)— 37 e/P;B;B/ P
1 1 1 2
S_i Qe+2plui__<p91 piez?-PiBi>
1 1
<-5e/Qe+5pPef 39

Integrating both sides of the above inequality from O to T yields

1 T pZ T
2|} eleedesvio-vin+ L [t ae (40)
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Since V(T) > 0, the inequality (40) implies the following inequality:

1 T T pl
j/0 eTQie; dt < Vi(0)+ 2o /Ql dt 1)

According to the definition of V; the following inequality is
obtained:

T ~ ~
/0 e/ Qie; dt < el (0)P;ei(0)+ O, ()1 @;,(0)
m
30, 00,0+ / 0 dt 42)
j=1
This is (36). O

Finally, for the nonlinear system (2), the following theorem
can be obtained.

Theorem 2. For the nonlinear system (2), if we select the control
law

u = sat(u,) (43)
with

uc = G" (x| @6)(~F(x|@p)+ 7+ 1 +ug) (44)
n=—C¢-¢ @3)
& = —CE+G(x|Og)Au (46)
O =TIy ®;(xB/Pe;, i=1,....m (47)
Oy, = Iy, @y (OBPey, ij=1,....m (48)
Ug = 1 —e/PB;, i=1,...,m (49)

i 2p2 1

then the following H* tracking performance can be obtained:

T m
/ e’Qe dt < e’ (0)Pe0)+ > O (0)I;'O,(0)
0 i=1

T
+ 30,00, 0,04 > 7 [ed (50

ij=1 i=1

where I'y (i=1,...,m), I'g; (ij=1,...,m) are positive definite diag-
onal matrices, p; (i=1,...,m) are positive parameters representing
for prescrlbed disturbance attenuation levels, e=[el,... eI,
o —di+w, Q=diag@Q;.....Q,) and QeR™™ (i=1,...,m)
are arbitrary symmetric positive definite matrices, P=
diag (Py,...,Pn) and P; (i=1,...,m) are the symmetric positive

u=sat (u,) u

definite solutions of the following Lyapunov equations:
PA+AP;=—Q; i=1,....m (51)
A scheme of the adaptive H* tracking control scheme is shown in
Fig. 2.

Proof. Define the Lyapunov function V= >/, V; where V; is
defined in (38). According to the definition of V; and Theorem 1,
it is easy to obtain (50). O

Corollary 1. The closed loop system is stable and the steady tracking
errors satisfy lim;_.e;=0,i=1,...,m, i.e., lim; «|y;g(t)—y;(t)| =0.
The bound of the transient tracking errors will be given by
~T 1
o2 < 2(e] (0)Pie;(0)+ O (0)[ ' Oy, (0))
re= ;bmin(Qi
25, (0)r 10g,(0)+p? [g 02 dt
+
mm(Ql

where Znin(Q;) represents the minimum eigenvalue of matrix Q;.

(52)

Proof. From (39), it can be obtained that
Vi <=3 min(Qy)ll€il” +3p7 0f (53)

V; is negative whenever lle;l > p;|0;|/+/Zmin(Q;). Hence the track-
ing error will stay in the region {e; | lle;ll < pi\gi|/\//lmin(Qi)}.
Obviously

2 < “2Vitpia?

2 .
G =lel s @ oY
hence
T (OV_V/. 2 (T 2
nem%:/ e? dt < 2Vi0) V;’(T)zaf’ Jo 07 dt
‘min i
2V;(0)+ p? fo o dt
/me(Qz
2 T ~T 145
=——(e; (0)P;e;(0)+ O, (0)[; Of (0
Amin(Qz)( ;1 (0)P;e;(0)+ O (0)], O, (0)
PROYE 10, (01,104 (0)+ 37 [ 0? dt)
(55)
mln(Ql
Assumption 1  implies [ w?dt<oo, then [] o?dt=

fOT(WI d;)? dt < co. Eq. (55) means e; € L,. According to Barbalat
lemma, lim;_, e;=0. O

Remark 5. According to Theorem 1, the i-th subsystem achieves
a H>™ tracking performance with a prescribed disturbance

+|Ya

plant y
YO F(x) + G(x)u+d |

w®

é zfe}%\é(x\OG)Au

N
N

-F(x|©,) 5+ u,) <

< ™

Parameter update laws
0--T0 B Pe |
S .,

99”7 l';ﬁ Qg’j (x)B Peu,

Fig. 2. The overall structure of adaptive H* tracking control scheme.
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attenuation level p;, i.e., the L, gain from w; to the tracking error e;
is equal or less than p;.

Remark 6. Because the parameters Z;, j=1,...,r; can make A; be
a Hurwitz stable matrix, there exists unique symmetric positive
definite matrix P; satisfying Lyapunov equation (37).

Remark 7. The bound for Ily;4(t)—y;(t)ll; is an explicit function of
the design parameters. According to Corollary 1, this bound
depends on the initial estimate errors (:)f],(O),
(:)gij(O) (G=1,....,m). The closer the initial estimates ®fy(0),
@, (0) (j=1,...,m) to the true values O (0), ®’g"ij(0) G=1,...,m),
the better the transient performance. The effects of initial esti-
mate errors on this bound can be decreased by increasing the
values of the diagonal adaptation gain matrices I,
Ig; (j=1,...,m) and by choosing positive definite symmetric
matrix Q; with larger minimum eigenvalue. On the other hand,
this bound also depends on the external disturbances and neural
network approximation errors. The effects of extern disturbances
and neural network approximation errors on the transient per-
formance can be reduced by decreasing p; and increasing A, (Q;).
Large p; represents low disturbance attenuation level while small
p; represents high disturbance attenuation level.

Remark 8. If Au=0 or Au tends to zero as t tends to infinity,
then &;—0.

4. Numerical example

In this section, we illustrate the above methodology on the
following example. We consider an affine nonlinear system with
actuator amplitude and rate limitations. The dynamic model of
this nonlinear system is as follows [27]:

X1 = —(X1 +X3)+ 10U +sin®(x2)u3 +0.2d (t)
Xy = —X2 +X2up +up +0.2d5(0)
Yi=X1, Yo=%X2, x1(0)=1,

where uy, u, are control inputs and have the limitations |u;| <5,
|t1;] <10,i=1,2, and d;(t), d(t) are bounded random noises in the
interval [0,1]. It is desired to determine control the inputs uy, u;
such that y;, y, follow those reference trajectories defined by
Y14 = Sin(t), y,q = cos(t) respectively.

Rewrite the plant (56) as

V1 _ fi 811 812 || U 02 d;
Va2 _f2+g21 822 U2+' dy

where fi = —(x1+x2), f, =—x2, g1 =10, gp =sin*(x2), g1 =3,
gn=1

According to Theorem 2, the H* tracking design is given as
follows.

We choose the following Gauss radial basis vector for approx-
imating fi, i.e.,

x2(0)=0 (56)

(I)f x)= [e—Hx—cl 12 /b? o~ Ix—cn 2 /b3, ]T
; ey

where X=(x1,x2)", ¢; i=1,...,11) are the center of the radial
base, and are chosen as ¢;=(-2,-2)", ¢;=(-1.6,—-1.6)",
c5=(-12,-12)", ¢c4=(-0.8,-0.8)7, ¢5=(-04,-04), c5=
0,07, c; =(04,0.4), cs =(0.8,0.8), co=(1.2,1.2)7,
ci0=(1.6,16), ¢ =2,2)7, b;=2, i=1,...,11. The radial bases
for f5, 811, 812, 21, 82> are chosen the same as fj.

The robust control term T=(71,72)" =V 14+ /11 V1g—Y1):
Vad+2210024—y2)]" and the coefficients 1;; =5, 11 =5. Now we
have A;=[-5];,1, A2=[-5l.1, Bi=By=[1];,;, where [];,,
represents a 1 x 1 matrix. Select Q; =[10];,; and Q, =[10];,;.
Solving Lyapunov equations (51), we obtain P; =P, =[1];,;.
We choose the parameter update gain matrices for RBF neural

networks as Iy =1y, = =1Ig, =Iyg,=1g, =Ig,=diag,1,
1,1,1,1,1,1,1,1,1) and set the parameters update laws as follows:

®fl = _Ffl (Df] (X)BIPlel, ®f2 = —Ffz(sz(x)Bngez
Ogll = _an(Dgn(x)BlTplel us, 6212 = _Fgl2q)g12(x)B%-P1e'l 15}

ngl = _an (Dgn (x)Bngezul ’ egzz = _ngz (I)gzz (X)B§P2e2 15}

where e =[e1]y,1, €2 =[€2]11, €1 =Yia—Y1, €2=Y—Y,. The
initial values for @, (0) (i=1,2) and Og,(0) (ij=1,2) are chosen
as ®f1 (0) = ®fz (0) = ®g21 (O) = ®g12(0) = 0‘ ®g11 (0) = ®g22 (O) =
diag(1,1,1,1,1,1,1,1,1,1,1).

The auxiliary system is constructed as follows:

& =—&1+E&nAur+812Au,, £1(0)=0

Er ==l +8x1 AU +895AUp, $(0)=0

where c¢; =25, ¢; =25, Auq = uq—ue,Alp = Uy —Ugy.
We select the prescribed disturbance attenuation levels
p1=p, =0.5, and the supervisory control:

1 1
Ug, = EQ{P]B], Ug, = T/)%egPZBZ (57)
According to (9), we can obtain
T T # T
. Uct _ GgH(Dg“ ®g1zq)g12 ®f1 q)fl
“lua| T e @, © @ "ol
a1 821 82y 822 212

T1 2551 + é] Ugy
+ — 4+ 58
B s o
and finally we get the dynamics of control uy, u, by assuming a
first-order dynamics for ucq, Ug as

U = sat10(20.55at5(u51 )—uq)

1, = satyo(20.5sats(ugy)—us)

The MATLAB solver “ode4” is used to simulate the overall
control system with step size 0.01. Simulation results are pre-
sented in Figs. 3-12. Fig. 3 shows the curves of output y,(t) and its
reference trajectory, meanwhile Fig. 4 shows the curves of output
y,(t) and its reference trajectory. Curves in Fig. 5 describe the
tracking errors for y; and y,. These curves indicate that the
outputs track their reference values well, and the effects of
approximation error and extern disturbance on tracking errors
are effectively attenuated. The control signals u4(t), u,(t) and their
derivatives 111 (t), 1»(t) are given in Figs. 6 and 7. It is observed that
the control signals uq(t) and u;(t) satisfy the amplitude and rate
limitations. Fig. 8 shows the signals uc(t), uc(t). Obviously they

reference
1k - — - response
U
{
1
05 !
1
= 0
=N
-0.5
-1}
0 5 10 15 20

t/s

Fig. 3. The trajectory of y;.
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do not satisfy the control input limitations. Fig. 9 shows the
signals Auq(t), Auy(t). These curves in Fig. 9 show that Auy(t),
Au,(t) tend to zero soon as time goes. Fig. 10 shows the curves of
&4, &,. From Figs. 9 and 10, we can see that &;, &, also tend to zero
soon as Atu(t), Auy(t) tend to zero.

Figs. 11 and 12 show the tracking errors eq, e, at different
prescribed disturbance attenuation levels p;=p,=1,03,0.1.
These curves indicate that under low disturbance attenuation
level (p; is large, e.g. p; = p, = 1), the H* tracking performance is
poor than that under higher disturbance attenuation level (p; is
small, i.e., p; =p,=0.1).
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Fig. 9. Auq, Au,.

In conclusion, the simulation results demonstrate that the
adaptive controller proposed in preceding section not only can
generate control signal that satisfies actuator amplitude and rate
saturations but also can make sure that the closed loop system
achieves H* tracking performance.

5. Conclusions

In this work, the control problem for a class of uncertain
nonlinear MIMO systems with actuator amplitude and rate
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saturations is considered and an adaptive radial basis neural
network based controller which is designed with a priori con-
sideration of actuator saturation effects and guarantees H™
tracking performance is proposed. Adaptive radial basis function
neural networks are used to approximate the unknown nonlinea-
rities. An auxiliary system is constructed to compensate the
effects of actuator amplitude and rate saturations. A supervisory
control is designed to attenuate the effects of extern disturbance
and neural network approximation errors, so that the closed loop
system achieves a prescribed H* tracking performance. Analysis

shows that the bound of tracking error is adjustable by an explicit
choice of design parameters. The proposed controller can gen-
erate control signals satisfying their constraints and guarantee a
desired closed loop performance. Simulation results illustrate the
effectiveness of the proposed controller.
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