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Abstract This paper focuses on the problem of decen-
tralized adaptive fuzzy control for a class of pure-feedback
large-scale nonlinear systems with time-delay. By com-
bining fuzzy logical systems’ universal approximation
capability with adaptive backstepping technique, an adap-
tive fuzzy control scheme is proposed. It is proved that the
developed controller guarantees that all the signals in the
closed-loop system are semi-globally uniformly ultimately
bounded in mean square. Simulation results are provided to
demonstrate the effectiveness of the proposed control
scheme.

Keywords Pure-feedback large-scale time-delay
systems - Adaptive decentralized control - Backstepping -
Fuzzy control

1 Introduction

During the past decades, many researchers have dedicated
much effort to develop nonlinear control approaches for
dealing with the stability analysis and control design of
nonlinear systems, such as adaptive backstepping
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control [1], sliding mode control [2, 3, 18], fault tolerant
control [4], and so on. Especially, the backstepping-based
adaptive control technique has become one of the most
popular control approaches for a class of deterministic
strict-feedback nonlinear systems. An adaptive backstep-
ping design was proposed in [1] to obtain global stability
for parametric strict-feedback systems with overparame-
terization, and was further developed for parameter
uncertainty  strict-feedback nonlinear systems [5-8].
Alternatively, approximation-based adaptive fuzzy control
and adaptive neural network control approaches have been
developed to control nonlinear systems with unknown
nonlinear functions. Different from the classical adaptive
backstepping control, the main idea of adaptive fuzzy
control or adaptive neural control methodology is that
fuzzy logic systems or neural networks are utilized to
approximate unknown nonlinearities in system dynamics,
and adaptive controllers are constructed by combining
adaptive technique together with backstepping. By com-
bining novel Lyapunov functions with neural networks or
fuzzy logic systems, the adaptive backstepping design was
extensively applied to control strict-feedback nonlinear
systems with unknown functions [9-20, 37-40].

Unlike nonlinear strict-feedback systems, a pure-feed-
back system stands for a more general class of low-trian-
gular systems that have no affine appearance of the state
variables to be used as virtual control signals and an actual
input. It is quite restrictive and difficult to find the explicit
virtual control signals to stabilize the pure-feedback system
based on backstepping technique. In practice, many control
systems can be directly described by or transformed into
non-affine structure, such as biochemical process,
mechanical systems, Duffing oscillator, and so on [1].
Therefore, the study on stability analysis and controller
synthesis for pure-feedback nonlinear systems is more
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important and meaningful both in theory and in practical
applications [21-30]. By combining adaptive neural con-
trol and backstepping, in [21, 22], a class of pure-feedback
systems was investigated, where the last equation of the
controlled system is an affine nonlinear system to avoid the
algebraic loop problem. In [23], an “ISS-modular”
approach combined with the small-gain theorem was pre-
sented for adaptive neural control of completely non-affine
pure-feedback systems. Afterwards, many researchers also
considered some other types of nonlinear systems in non-
affine structure [24-30].

Robust control of nonlinear time-delay systems is
another important and challenging work in recent years.
Time-delay appears commonly in various practical systems
such as rolling mill systems, biological systems, metallur-
gical processing systems, and network systems [31-34].
Since time delays usually result in unsatisfactory perfor-
mance and are frequently a source of instability, their pre-
sence must be taken into account in practical controller
designs. There have been some reported studies that
extended the backstepping-based adaptive neural control
approach to nonlinear systems with time delays. By intro-
ducing a new Lyapunov—Krasovskii functional, an adaptive
backstepping control scheme was presented in [35] for a
class of nonlinear time-delay systems and applied to
chemical reactor systems. Based on the Lyapunov-Raz-
umikhin method, an adaptive stabilizing control scheme
was presented in [36] for a class of strict-feedback nonlin-
ear time-delay systems. By combining adaptive technique
with neural networks or fuzzy logic systems, many inter-
esting results have been reported in [30, 37-39] for uncer-
tain nonlinear systems with unknown nonlinearities.

It is well known that large-scale systems, which are
composed of interconnected subsystems, often exist in
many practical systems, such as electric power systems,
economic systems, aerospace systems, and multi-agent
systems. Due to the complexity of the control synthesis and
physical restrictions on information exchange among sub-
systems, it is common to design a decentralized controller
to achieve an objective for the whole large-scale systems.
The main characteristics of decentralized control are that it
can alleviate computational burden and enhance robustness
and reliability against interacting operation failures. Earlier
research works on decentralized control were mainly con-
centrated on linear systems or nonlinear subsystems in
which the uncertainties satisfy the matching condi-
tions [41]. In Wen [42], proposed an adaptive backstep-
ping decentralized control approach for a class of large-
scale systems without satisfying the matching condition.
Thereafter, backstepping-based adaptive decentralized
control was extensively used to control uncertain inter-
connected large-scale nonlinear systems [43—45]. By
combining the adaptive backstepping control technique
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with fuzzy logic systems or neural networks, much
research work has focused on the control design of large-
scale systems with unknown continuous nonlinear func-
tions, for example, see [46—53] and the references therein.
In [51, 52], the problem of approximation-based adaptive
decentralized state-feedback control was investigated for
non-affine nonlinear large-scale systems. However, in the
aforementioned results [S1, 52], the number of adaption
laws depends on the number of the fuzzy rules bases. While
the order of the considered systems increases, the number
of adaptive parameters to be estimated will increase cor-
respondingly. As a result, the online learning time could be
very large. Thus, it is a meaningful issue to design an
adaptive fuzzy controller containing fewer adaptive
parameters for non-affine pure-feedback large-scale non-
linear time-delay systems.

Motivated by the above observations, the problem of
adaptive fuzzy decentralized control is considered for a class
of pure-feedback large-scale nonlinear interconnected sys-
tems with time-delay. In the controller design, fuzzy logic
systems are used to approximate the unknown packaged
nonlinearities and the backstepping technique is applied to
design a controller. The presented controller guarantees that
all the signals in the closed-loop system remain semi-glob-
ally uniformly ultimately bounded in mean square. The main
contributions of this note lie in the following aspects: (1) a
systemical approach is presented to control a class of pure-
feedback nonlinear interconnected time-delay systems; (2)
only one adaptive parameter needs to be estimated online for
each subsystem. In this way, the computational burden is
significantly alleviated, and thus the proposed control
approach could be easily implemented in practical applica-
tions. Simulation results are provided to illustrate the
effectiveness of the proposed control approach.

The remainder of this paper is organized as follows. The
problem formulation and preliminaries are given in Sect. 2.
An adaptive fuzzy decentralized control scheme is pre-
sented in Sect. 3. A simulation example is given in Sect. 4,
followed by Sect. 5 which concludes the work.

2 Problem formulation and preliminaries

In this paper, we consider a class of interconnected large-
scale nonlinear pure-feedback systems with N subsystems.
The ith (i = 1,2,...,N) subsystem is described by:

Xij = fii (%ijy Xij1) + hig(7,), 1 <j<ni— 1,

xi,ni :fi.,ni (Xi,niv ui) + hi,ni ()71); (1)
Yi = Xi1,
_ T - T
where Xij = [xi.,laxi,Za .. -vxi.j] y Yo = [ymym sy er]

:b’l(f—71)7Y2(l—Tz),---JN(t—TN)]T’ and 7; are
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unknown constant time delays in the ith subsystem and
satisfies 7; <Tmax, Which is a positive constant. x; =
[Xi1,Xi2, .. .,xi7ni]T € R" u; € R, and y; € R are the state,
scalar control input, and scalar output of the ith nonlinear
subsystem, respectively. f;;(-) : R™' = R, (j = 1,2,...,n;)
are unknown smooth nonlinear functions, h;;(-) : RY — R
(j=1,2,...,n;) are unknown smooth interconnections
between the ith subsystem and other subsystems, with
fij(0) = hij(0) = 0.

Remark 1 The system (1) has been widely studied in the
existing literature. For example, if the function
ﬁJ(XiJ,xiJ+1) = Xij+1 and hiJ-(‘) =0 fOI‘j = 1, 2, e — 1,
the nonlinear system (1) becomes similar to the one inves-
tigated in [51]. Furthermore, if the function h;;(-) = 0 for
Jj=1,2,... n;, it becomes the system investigated in [29].

Using the mean value theorem [54], f; ;(-) in (1 ) can be
expressed as

fij (Fijxijin) = fig (fi.jaxio,m) + 8u, (xiJ+1 _x2j+1)>
ﬁ,ni ()Ei,n,va ui) :ﬁ,n,- (Xi,n,-v u?) + gu,‘.,,,. (ui - u?),
(2)

._ = _ (T Xige) _

where 8y = g,"j(x,gj,xuu) = onm |x/¢-+1:x;1,1’ Xip+1 =
_ 0 oy

Uiy X, = fxije1 + (10— p)xg g, O<p; <1, i=1,2,

uN =12, 0m.

Furthermore, by substituting (2) into (1) and choosing
x2i+] =0, u? =0, it follows that

Xij = g Xijr1 + [ij(%ij, 0) + hij(yo), 1 <j<mi — 1,

Xin; = g,u,-_,,l. Ui +ﬁ,ni (fi,nm 0) + hi,ni (.)71)7

Yi = Xi1-

(3)

Remark 2 Note that the terms g, x);,, and g, u; are
removed in (3) by choosing xgj 1 = u) =0, which sim-
plifies the backstepping design procedure. If the values of
all variables are not chosen in this way, then the similar

results can also be obtained with minor changes on the
virtual control signal o; and actual control input u, see [30].

The control objective of this study is to design an
adaptive fuzzy controller such that all the signals in the
closed-loop system remain semi-globally uniformly ulti-
mately bounded.

To facilitate the controller design, the following
assumptions are imposed on the each subsystem.

Assumption 1 ([23]) For 1 <i<N,1<j<n; function
8y, 18 unknown, but its sign is known. And there exist
unknown constants b,, and by; such that

0<b, < |gu,;,-| < by <o0o.

Remark 3 Assumption 1 means g, are either strictly
positive or negative. Without loss of generality, it is
assumed in this paper that 0<b,, §g,lw_ <by. As shown
later, the constants b,, and by are not required in the
construction of the controllers. So, it is not necessary to
know the true values of b,, and by,.

Assumption 2 ([55]) For uncertain nonlinear functions
hij(y;) in (1), there exist unknown smooth functions
hiji(yy) such that for 1 <i<N,1<j<n,

N
-\ (2
i P < SR (v, (4)
=1

where h;;,(0) =0,/ =1,2,...,N.

Remark 4 Noting h;j;(y-) in Assumption 2 are smooth
functions with £;;,(0) = 0, so there exist unknown smooth
functions A; j;(y-) such that

N
—\ 2 ™
ENCATES Pt (5)
I=1

In the proposed controller design procedure, fuzzy logic
systems will be used to approximate nonlinear functions.
In [56], the following lemma has been proved, which
implies that fuzzy logic systems can be used as the
nonlinear function approximators.

Lemma 1 ([56]) Let f(x) be a continuous function
defined on a compact set Q. Then for any given constant
&> 0, there exists a fuzzy logic system W'S(x) such that

sup | f(x) — WI'S(x) | <e.
xeQ

where W = [wy,wa,...,wy]" is the ideal constant weight

T /N ) .
vector, S(x) = [s1(x),...,sv(x)]" />, 5j(x) is the basis
function vector, N > 1 is the number of the fuzzy rules and
si(x) are chosen as Gaussian functions, that is,

_ _(X—Mi)T(X—.“i) .
s5i(x) = exp 7 , i=12,...,N

with jt; = [l s - - -» 1) being the center vector and n;
the width of the Gaussian function.

3 Adaptive fuzzy controller design

In this section, we will investigate adaptive fuzzy decen-
tralized control by using the backstepping method com-
bined with fuzzy approximation. The backstepping design
procedure contains n steps. In the developed design pro-
cedure, for the ith subsystem, fuzzy logic systems
W/S(Zi;) will be used to model the packaged unknown
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function f; ;(Z;;) at step j. Both virtual control signals and
adaption laws will be constructed in the following forms:

GCi.j(ZiJ') = —kijeij — 7 2 e,JHS (Z: )Si.j(Zi,j)7 (6)
é B ni ;vi 2 r ﬂ é
a 22“2 €i15ij(Zj)8ij(Zij) = 10, (7)
=
where i =1,2,. N J=12,000m;, ki,/'v Aij, /Ih and Vi
are  positive design  parameters, Z;; = X;1, Z;j =

x;;]", and

[’ITJ,G] G=2,...
e;;j satisfy the following variable transformation:

%jj-1 (8)

with o;9 = 0. HA, is the estimation of an unknown constant
0; which will be specified as
ol )

where b,, is defined in Assumption 1, and ||W;;|| denotes
the norm of the ideal weight vector of fuzzy systems,
which will be specified at the jth design step. Specifically,
o, 18 the actual control input u;.

In the following, for simplicity, the time variable ¢ and
the state vector X;; will be omitted from the corresponding
functions and let S;;(Z;;) = S;;.

Step 1. Consider the first subsystem in (3) and use
coordinate transformation e;; = Xx;1,€;2 = Xj» — %1, We

n;) with X;; = [x;1,%i2,. ..,

€ij = Xij —

1
9,I'[laX{b—”‘/VlJHZ7 j:1,2,...,

have
i1 = &y, €i2 + g, %1 +Jij(Xij, 0) 4+ hit (3,)- (10)
Choose the Lyapunov function candidate as
1
Vi :541. (11)

Then, the time derivative of V;; along (10) is

Vii=ei (gu,,,ei,z + g, %1+ fin (Xi1,0) + hi,l()ﬂ))-
(12)
By employing (5) and Young’s inequality, we obtain
1
ellhtl(yr E + Zyrl tllyTl (13)
Substituting (13) into (12) gives

: . 1
Vil = e} <g,u,‘1@i,2 + gy, %in + fin(Xi1,0) + Eei,l)

1L,
+ Ezyzlhiz,l,l(yﬂ)- (14)

=1
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Step 2. According to (8), the time derivative of e;, is
given by
2 = gu,eis + 8uy %2 +fi2(Xi2,0) + hia (V) — o,
where
001 4
(fi1 (Xi2) + hia (5 ))+¥0i. (15)

i

. aal 1
%y =
i,1 6)C,"
Consider a Lyapunov function Vi = 3e7,. Its time deri-
vation is given by
Via = ein (gu,,zei‘s + g, %2+ fin(Xi2,0) + hin(y,)
Ot q 4

- S ) ) - ). )

i

Following the procedure similar to (13) results in

606,1 _ 1 60(,1 2
ezzallht,l(}’z)ﬁz 122+2ny1 l]lyr[
(17)
elzhlz(y‘c — 2 12 zzyfl 2,1 y‘l.'[ (18)

By combining (16) with (17) and (18) together, one has

Oa,
V12<€zz(gu €3+ gu, %2 + fin(%i2,0) — llfz (Xi2)
l
1 o 2 1 ao‘zl A 2 N
E(Gxiﬁl) ¢i2 +§et2 ’ kz; Tlhlkl yrl

(19)

Step j (3<j<n;—1). From (3) and (8), the time
derivative of e;; is given by

€ij = 8uyijr1 T &% +fij(Xij, 0) + hij(¥e) — dijor,
(20)
where
i ia““—lcf (o) + hea(5)) + 291
ij—1 = ik \Xik+1 ik Yz ~— Uj.
T e By T a0;
(21)
Next, choose a Lyapunov function V;; —% . Its time

derivative is

Vij = eij (gu,-,-ei-jH + 8u,;0ij + fi(%ij, 0) + hij(V:)

aO(, aOC,' i—1 A
_Z 6le l ik xtk+1) - aéi19i>~

+hi,k (yr))
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Furthermore, similar to the derivation process in (17) and
(18), we have

Lo 1,80
ij—1 2 Olij—12
eij Y == hiu(y) < 5> ( )
=1 6x,~7 t 2 W =1 6xi7k
[l
2
T3 2 ;yrlhlkl(y‘cl) (23)
- 1, 1 = 272
eijhij(y:) < 5% T Ezyrlhi,/‘,l(y‘cl)~ (24)
=1

Substituting (23) and (24) into (22) yields

V <€l,; (g,u“/el_/+1 +gu O j +ﬁj(xljvo)

T 1
ij—1
- ﬁ (xi,k+1) +_ei.j-
; Ox; & 2
1 j—1 dos - Qo -
+ e [ li 0[
2 J;( Oxi g 20,
1 Jj N ,
+ 2 Z Zyrlhi‘k,l(yrl)' (25)
k=1 =1
Step n;. Similar to (20), the following result can be

obtained.

éia”i = g#i‘ui Ui +fi;"i (fl}nu O) + hi,ni ()71) - di-,"i_l’ (26)

where d; ,,—; is defined in (21) with j = n;.
Take a Lyapunov function as

1
_ 2
Vi, = 2 Cin

bm N2
+ 07 27

i, 27)
where 0; = 0; — 02 is the parameter error and 4; is a posi-
tive design constant.

Furthermore, we can obtain

. _ _ 00t
Vin = €in, <g”i_n,» ui + fin, (xi,nno) + hip, (¥e) — =

L,

i

ni—

60(, i
B Z Ox; &

(flk xlk+1) +hlk(y‘[))> _Tmé é

(28)

Repeating the derivations similar to (23)—(25) results in

fz (Xi,k+1 )

1 nl 605,-,,,_1 2 1 6oc,~n._1 ~
S€in — | t5ein——2>—0
+26"Z( Ox; k ) +26" 30;

k=1

Vi,n,- S ei.n,- <gu,‘,,i u; +ﬁ,n1 (-fi,n,w 0) -

1 < _ by ~ »
+ 3 y%lhiz,k,l(yrl) =7, b (29)

Now, consider the Lyapunov function for the whole system
as

VZEN: ViV, ZEN: zn’:lez—}—biéz +V,
i1 v 2t e

=1 j=1 i=1

n;

where Vj is used to compensate for the delay terms and
defined as

/l_t &'y ()7, (vi(s))ds.

Then, it follows from the results (14), (19), (25), and (29)
that

N
. ) 1
vy ei,l{gm.l“i,l + fi1(%i1,0) +§€i,1}

i=1 j=2
-1
0o j
+ﬁ.j(ifja ) - zk(fi,k+l)
— Ox;
1 ! GociJ_l
+261J + 231,];( ax["k )
N
+ e n/{gu,,, i + fin(¥in;> 0) (30)
i=1
—1
=1,
i ﬁ,k(xi,k+1)
k=1 ik
1 i, afx,“’n’._l 1
+261ni;< aXi.’k > 2€1n’}
N N n
bm A A - 6 ii—1 A
=D 00, - L,
i=1 ii i=1 j=2 60[
1 N n j N 5
+ EZ YD enihiy ) = Vo
i=1 j=1 k=1 I=1

By rearranging terms in the summation and using the
definition of adaptive law in (7), we have

1N n;

J N
EZZZZM ikt ()

i=1 j=1 k=1 I=1
J
T
§ e hlkt yi)s

=

S I3

i=1 I=1 j=1 k=1

l\)l—‘
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i=1 j=2 i
N n;
_ Ot j—1 )
- ij ~ ivi
i=1 j=2 i
N n — I
aall_l Ai o ST S
- E i.j o0 242, Cik ik ik
i=1 j=2 i =1 “%ik
N n; s
_ A.a{xi-f‘l Mo s’ s,
Ci,j o0 202 €i ki ik
i—1 j=2 i s “ik
N n; a
Oij—1 4
S E el] aé 191
i=1 j=2 i
n; - )
60(”,1 Ai

i 2 T
o0 ) ei,kSi.kSi,k
i k=1 ik

A ! a%k 1
2 e”SlTJ i Z|e,k ) (32)

Taking (31) and (32) into account, we can rewrite (30) as

N
VS =Vo+ Z e (gu,.‘1 %1 +f,~,1(Zi,1))
P

N ni—1

+ ZZ% (gu”oc,, + /4 l/))

i=1 j=2

N
+ Zez n; (g;t,,l Ui +f; n,( 111,))

i=1
1 5 N by ~ 2
_EZ eld_Z}_lglg” (33)

where the functions ﬁJ(ZiJ), i=1,2,...,N, are defined as

fir(Zin) = fi1(%i1,0) +ell+yl Lzzzhlh)’t

=1 s=1 k=
(34)

[ii(Zij) = gu,eij-1 +£ij(%7,0) — —firlTiger)

(35)
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r 1 e aO(l ni—1
fi‘n,' (Zin,) _fl n; (xl n;s O) + ) ei,ﬂ, ; ( axl k )
ni—1
\ aal ni—1
=) fiulien)
=1 OXik
+ + ao(i.n,»fl é a(xln 1 = ) S S
Cin; = ViVi — ~ € 19 ki,
M0 T b, e e
i < a%k L
2ag 0SS\ 2 lew =g
(36)

Since the functions f;;, 8 and h_l,kﬁi are unknown,
[ij(Zij), i=1,2,.. N, j=1,2,...,
used to construct the virtual control signal o;; and actual
control signals ;. Then, according to Lemma 1, fuzzy logic

system W[.S;;(Z;;) is used to approximate f;;(Z;,), such

n;, cannot be directly

that, for any given ¢;; > 0,
[:i(Zij) = WiiSif(Zij) + 8i4(Zis), (37)

where 0;;(Z;;) denotes the approximation error and satis-
fies |64j(Zi;)| <éij-
Furthermore, by Young’s inequality, one has

T

eij ”W’]” SiillWisll + eiéi(Zi))

eiﬂ?i.j@id)

1 2oT L, 1, 1,
< ﬁeid‘HWiJ | S;Sij + Eai,j + Eew‘ + Egi.j
i
b o1 1, 1
Szze 0;S; S + = a +2e —&—28,],
(38)
where i=12,..,N,j=1,2,....m and

0,‘ = max{i ||Wl,1H27] = 1, 2, . .7I’ll‘}.
Substituting (37) into (33) and using (38) results in

e,,OST )

Zb_ei,n, elST Sl n/> (39)

in;

N ni—1

V< Z Z eij (gu,ﬂu

i=1 j=1

N
e (g et

i=1

Now, considering the virtual control signals o;; in (6), the
following inequality holds.

bm
—k; bme >
2ai 1

€8, % < e;,0:8];Sij, | <i<N,1<j<n;.

(40)
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By taking (40) and adaptive law é,- in (7) into account, (39)
can be rewritten as

. J b,
V< ZZel,< k,mee,,—i—z 2e,l,QS S >

by
2 2 €; n/e S?:n,.Si,ni>

zn,

by = [ A <
- Z_.0’<Zz 2 z/ 05 “/,-@‘)

+
[]=
{f?

/\.—\
~
e
o
5

ni

N 3 ~ A
<=3 kijbuel, - VQ+Z/’ 0,0;

i=1 j=1
7

N n;
< - Z(Zkubme +/2l);,n 92> Vo
N n; 1
+ (E“ +— 9) (41)

0;*

where the inequality 0,0, < — has been used in
the above inequality.
Now, we are in the position to give our main result in the

following theorem.

I\)|>—*

1
2

Theorem 1 Consider the large-scale pure-feedback
nonlinear time-delay systems (1) with Assumptions 1-2.
Suppose that for 1 <i <n the packaged unknown functions
f J(Zi j) can be well approximated by the fuzzy logic system
W!Sij(Zij) in the sense that the approximation errors

0; J(Z, j) is bounded. Then, for bounded initial conditions,
the controller (6), and adaptive law (7) guarantee that all
the signals in the closed-loop system remain bounded and

the error signals e;j and 0; eventually converge to the
compact set Qg defined by

- ~ 24
Q, = { ey, bifeij] < 2V_07‘0i‘§' —lv—oalﬁiSN,lﬁjéni .
Yo b o

(42)
Proof Define

Yo = min{2k; by, y;, 1,i =1,2,.. .,
Vibm

= — — 07 ).
Vo = ZZ( a + £, +2,1i 1)

Then, one has

V< =V +v,1>0. (43)

Next, multiplying (43) by ' and integrating it over [0, 7]
gives

V() < (V(O) "0) w120 yr >0, (44)
Yo Yo
which means that
V() <V(0) + 2—0 , Vi > 0. (45)
Yo
Therefore, from (45), e;; and 0; (i=12,..,N,j=
1,2,...,n;) are bounded. Since 6; are constants, éi are

bounded. Consequently, o;; are also bounded because e;;
and 0;; are bounded variables. Therefore, it can be con-
cluded that x;; are bounded. This shows that all the signals
in the closed-loop system are bounded.

Furthermore, it is easily verified from (44) that

V() < E,t — +00. (46)
Y0

Therefore, the error signals e;; and 0; eventually converge

to the compact set Qg specified in (42), that is, all the

signals in the closed-loop system are semi-globally uni-

formly ultimately bounded.

Remark 5 In this research, an adaptive fuzzy decentral-
ized control scheme has been developed for a class of pure-
feedback nonlinear large-scale systems with constant
delays. Apparently, under some assumptions, the proposed
method can also be extended to the case with time-varying
delays [i.e. 7; = 7;(¢)]. In this case, a common restriction to
time delay is that there exists a constant # such that
0<1,(t) <n<1. Then with a minor change of the functions
Vo, the similar result can be obtained by repeating the
aforementioned procedure.

4 Simulation results

In this section, to illustrate the validity of the presented
control scheme, consider the following interconnected
pure-feedback nonlinear system with time-delay

K= (147 )xi2 + 20, + (= 1)y (1 — 1),

F12 = (2 + sin(xy 1x12))uy + cos(0.5u1) + y3(t — w1)y2(f — 12),

Y1 =XL1,

%21 = (24 cos(xa,1))x20 + 0.25x;2 +yi(t—m1) sin(y%(t — 12)),
Xo2 = (14 e™22)u; + 0.3 sin(u) + y2(t — 12) ln(l +y3(t - 11)),
Y2 = X2,

(47)

where x; 1,x12,% 1 and x,, denote the state variables, u;

and u, are the system input signals. The non-affine
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(1 —|—x%’1)x1,2 +
xiz,fl,z(xu yXio,u1) = (24 sin(xy1x12))u; + cos(0.5u,),
Saa(x21,222) = (2 + cos(x21))x22 + 0.25%5 5, fr2(x21, X2,
up) = (1 + e 2"22)yy 4 0.3 sin(uy) and the interconnected
terms are in the following forms:
i (37:) = yi(t = 1)y3 (t = ©2), hia (7

=yt — 1)yt = 12),
a1 (3;) = y1(t — 1) sin (3 (t — 1)), ha (5,

=2t — ) In(1+y7( — 7).

functions are chosen as fi(x12,x12) =

It can be seen that the system (47) is a non-affine pure-
feedback interconnected system with time delay. In the
simulation, choose the time-delays t; = 1, = 2. There-
fore, the upper bound t,,x = 2 s. The control objective is to
design an adaptive fuzzy controller such that all the signals
in the closed-loop system remain bounded. The fuzzy
membership functions are chosen as follows:

Hr, (xij) = e’0~5*(xuf+9)z, e (i) = o 0-5%(xij+7)?

3, (xij) = 6’0'5*()@;#5)2’ s (i) = —0.5%(x;;+3)

s (1) = € O3 () = 7090 48
“sz(xi,i) _ €70.5*(X,-=,'71)2’ #Ff_j(xw) L 05x(xi;-3) (48)
s (xig) = € O () = e 0

pp () = €05 5=9)

By using Theorem 1, the virtual control signals, actual
controllers, and adaptive laws are chosen in the following
forms:

1 N

%1 = —kirein — 5 eiJeiSZl (Zi1)Sia(Zin),
2a;, ’
1

u; = —kiseir — % 22 6,20 Szz( 2)Si2(Zia),

A A
2 i
17 2uj=1 24, 12,151]:]( )Sii(Zij) — vi0;,

where e;1 = xi1, €ip = Xip — %1, Zin = [xi1], Zip = [Xip,

@]T, i = 1,2. The simulation is run under the initial con-
ditions [lel(O),xl_z(O),)Czyl (O),XQ,Q (0)]T = [057 03, 027
0.2]" and [0,(0), 6,(0)] = [0,0]". In the simulation, design
parameters are taken as follows: ki =kip =9,k =
kzﬁz = 5, ayl =aip =ady] =axy = 1,'))1 =Y = 1, and
A=A =5.

Figures 1, 2, 3 and 4 illustrate the simulation results.
Figure 1 shows the state variables x; ; and x;, of the first
subsystems. Figure 2 shows the second subsystem state
variables x, ; and x,,. Figure 3 shows the response curve

of the adaptive parameters 0 and 0, and Fig. 4 displays the

@ Springer
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Fig. 2 The system state variables x| and x;,.

control input signals u#; and u,. Obviously, simulation
results show that the controller works well and achieves the
desired convergence performance.

5 Conclusions

In this paper, an adaptive fuzzy decentralized control
scheme has been presented for a class of pure-feedback
large-scale nonlinear systems with time-delay. It has been
shown that the proposed controller guarantees that all the
signals in the closed-loop systems are semi-globally uni-
formly ultimately bounded in mean square. The main
advantage of the proposed control scheme is that only one
adaptive parameter need to be estimated online for each
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Fig. 3 The adaptive parameters 6, and 65.
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Fig. 4 The system control signals u; and u;,.

subsystem. Simulation results have been provided to show
the effectiveness of the suggested approach.

Our future research will mainly focus on the problem of
output-feedback control for pure-feedback nonlinear large-
scale systems based on the result in this paper.
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