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Output-Feedback Control for Large-Scale
Stochastic Nonlinear Systems

Qi Zhou, Peng Shi, Senior Member, IEEE, Honghai Liu, Senior Member, IEEE, and Shengyuan Xu

Abstract—This paper focuses on the problem of neural-
network-based decentralized adaptive output-feedback control for
a class of nonlinear strict-feedback large-scale stochastic systems.
The dynamic surface control technique is used to avoid the ex-
plosion of computational complexity in the backstepping design
process. A novel direct adaptive neural network approximation
method is proposed to approximate the unknown and desired
control input signals instead of the unknown nonlinear functions.
It is shown that the designed controller can guarantee all the
signals in the closed-loop system to be semiglobally uniformly
ultimately bounded in a mean square. Simulation results are
provided to demonstrate the effectiveness of the developed control
design approach.

Index Terms—Adaptive control, backstepping, decentralized
control, dynamic surface control, neural network (NN), stochastic
nonlinear systems.

I. INTRODUCTION

N GENERAL, a large-scale system is often considered as

a set of interconnected dynamical systems, which comprise
some lower order subsystems [1]-[5]. The applications of large-
scale systems have been found in many practical systems, such
as power systems, computer network systems, and economic
systems [6], [7]. The decentralized adaptive technique is often
used to handle the control design problems of large-scale sys-
tems in that the knowledge of plant parameters and interactions
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among subsystems is often unknown and that the decentralized
design method depends only on local measurements [8].

In the past two decades, the decentralized control for large-
scale systems has received considerable attention (see, for
example, [9] and [10] and the reference therein). In [10], the
problem of decentralized dynamic surface control of large-scale
interconnected systems is investigated. However, most of the
results focused on deterministic large-scale systems. Recently,
a growing attention has been paid on stochastic systems due
to the fact that stochastic disturbance exists in many practical
systems and that it is often the source of instability (see, for
example, [11]-[25]). More recently, decentralized control de-
sign method has been applied to large-scale stochastic nonlinear
systems [26], [27], which is crucial for control theory, as well
as the synthesis of practical control systems.

On the other hand, the method of approximation-based adap-
tive fuzzy logic control or neural network (NN) control is useful
to approximate the unknown nonlinear functions in the systems,
such as the method that has been applied to single-input—single-
output nonlinear systems in [28]-[36], multiple-input—multiple-
output nonlinear systems in [37]-[40], and large-scale
nonlinear systems in [8] and [41]-[44]. In most of these re-
searches, adaptive fuzzy or neural controllers are constructed
recursively in the framework of the backstepping approach.
However, there exists the open problem of the explosion of
complexity in the backstepping design procedure. In order to
avoid this problem, the dynamic surface control technique was
first introduced in [44] for a class of strict-feedback nonlinear
systems with unknown functions. Then, this approach was ap-
plied to solve a class of nonlinear systems with periodic distur-
bances in [45] and a class of interconnected nonlinear systems
in [46]. The advantage of dynamic surface control is to avoid
repeatedly differentiating the virtual control variables by intro-
ducing a first-order filter in each step of backstepping design
procedure, which greatly simplifies the traditional backstepping
control algorithm. However, there are few results available on
neural-network-based decentralized adaptive output-feedback
control for large-scale stochastic nonlinear systems. Recently,
in [47], the authors investigated the problem of adaptive NN
output-feedback decentralized stabilization for a class of large-
scale stochastic nonlinear strict-feedback systems. However,
the design parameters will increase when the order of the
system increases, which motivates our research.

In this paper, the problem of adaptive decentralized NN con-
trol is investigated for large-scale stochastic nonlinear system.

1083-4419/$31.00 © 2012 IEEE
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It is assumed that only the output of the system is measurable,
and there exist unknown nonlinear functions in the systems;
therefore an observer-based adaptive NN controller is designed
via the backstepping approach. The proposed control method
is independent of the prior knowledge of the basis functions
of the neural approximators. The main contributions of this
paper can be summarized as follows: 1) The approximation-
based direct adaptive NN method can solve the decentralized
control design problem of the large-scale stochastic nonlinear
systems, in which only one adaptation parameter is required,
and therefore, the computation burden is greatly reduced;
2) when the state variable information is unknown, decentral-
ized output-feedback control method is proposed to investigate
the control design issue for large-scale stochastic nonlinear sys-
tems; and 3) in the control design process, the dynamic surface
control approach can be utilized to simplify the problem of
the explosion of complexity in large-scale nonlinear stochastic
systems, which avoids repeated differentiation of the virtual
controller by introducing a first-order filter in each step of the
backstepping design procedure. It is shown that the proposed
control method can guarantee all the signals in the closed-
loop system to be semiglobally uniformly ultimately bounded.
Finally, a simulation result illustrates the effectiveness of the
proposed method. The rest of this paper is organized as follows.
The problem to be addressed is formulated in Section II, and
controller design is presented in Section III. A design example
is provided in Section IV to show the effectiveness of the
developed results, and we conclude this paper in Section V.

II. PROBLEM FORMULATION AND PRELIMINARIES

In this section, the system descriptions are formulated in
Section II-A, and the definition of stochastic stability is pre-
sented in Section II-B. In Section II-C, the NN is used to
approximate the unknown nonlinear functions.

A. System Descriptions

Consider the following nonlinear stochastic system

drii(t) = (wi2(t) + fin (Tia(t) + hia(y)) dt
+ gi,l(yi)wai

Az n,-1() = (@i, (O)+ fimni—1 (Tin,—1(8) + hin,—1(y)) di
+ Gim, 1 (yi) " dwy,
Az p, () = (Ui + fin, (Tin, (1) + hin, (y)) dt
+ Gim, (yi) " duw,
yi(t) = xi1(2) (1)
where  Z; j(t)=[x;1(t), zio(t), ...,z ;()]T €RI, i=1,2,

ey N, j = ].7 27 v,y — 1, and xl(t) = [Ii’l(t%xi’z(t),
ooy Tin, ()] € R™ denote the state vectors of the system,
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and u; € R and y; € R represent the input and output of the
system, respectively. f; ;(.) stands for the unknown smooth
system function with f; ;(0) = 0. h; ;(y) is the interconnection
between the ith subsystem and other subsystems. g; ;(.) is the
unknown vector-valued smooth functions with g; ;(0) = 0. w;
is an independent r-dimensional standard Wiener process.

Lemma 1: (Young’s Inequality). For V(z,y) € R?, the fol-
lowing inequality holds:

eP 1
2y < Slal? + — |yl
p qe

wheree > 0,p>1,g>1,and (p—1)(¢—1) = 1. )
Assumption 1: For 1 <1 < ]{]p and )1(§ J % n;, there exists

positive unknown constant p; ; such that

N
|hij (9)] < pi; Z wiji (ly])
=1

B. Stochastic Stability

Consider the following stochastic system
da(t) = f (x(8)) dt + g (a(t)) dw @)

where = € R™ is the system state, w is an r-dimensional
standard Wiener process, and f : R” — R" and g : R — R"
are locally Lipschitz functions and satisfy f(0) = g(0) = 0.

Definition 1: For any given V (x) € C?, which is associated
with the stochastic system (2), the infinitesimal generator L is
defined as follows:

ov(e) = 51w+ o {o) S Lot}

where Tr(A) is the trace of a matrix A.

Definition 2: The trajectory x(t) of system (2) is said
to be semiglobally uniformly ultimately bounded in pth
moment if, for some compact set {} € R™ and any initial state
xo = x(to), there exist constant € > 0 and time constant 7" =
T(e,zg), such that Ef|z(t)|P] < e for all ¢t > to + 1. In par-
ticular, when p = 2, it is usually called semiglobally uniformly
ultimately bounded in mean square.

Lemma 2: Consider the stochastic system (2). If there exist
functions V (z) € C?, &y, and a4y € K, and constants ag > 0
and by > 0, such that

G1(2) <V (@) < Ga(2)
[,V({E) < - (LQV(.’K) + b()

then, there is a unique solution of system (2) for each ¢y € R",
and it satisfies
ao

E[V(z)] < V(zg)e 0t + b

Yt > tg.
C. Approximation-Based NN

In this paper, approximation-based NN will be used to ap-
proximate the unknown smooth nonlinear functions. For any
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continuous unknown smooth nonlinear function f(Z) over a
compact set Q7 C RY, there exists NN W*T'S(Z), such that
for a desired level of accuracy

[(2)=w"TS(Z)+6(2), [6(Z)<e ()

where W* is the ideal constant weight vector and defined by

W* = arg min {sup ‘f(Z)—WTS(Z)’}
WeRN (zeQ,

§(Z) is the approximation error, W = [wy,...,wy]T is the
weight vector, and S(Z) = [51(Z2),...,sn(Z)]T is the basis
function vector with N being the number of the NN nodes and
N > 1. Radial basis function s;(Z) = exp[—(Z — ;)T (Z —
Mi)/n?]’ 1=1,2,..., N, where u; = [/J,il,p,ig, S /j,in]T is the
center of the receptive field and 7; is the width of the Gaussian
function.

Remark 1: 1t is important to note that, although the NNs
are universal approximators, it can only be guaranteed within
some compact set in the controller design process. Therefore,
the stability condition obtained in this paper is semiglobal.

III. CONTROL DESIGN

In this section, an observer-based controller will be designed
to guarantee all the signals in the closed-loop system to be
semiglobally uniformly ultimately bounded. To estimate the
unmeasured states, we propose the following observer:

i = #ija1 + L (yi — £in) (4)

where i‘i,ni+1 =wu;. Let T, =x; — i‘l({i‘l = [i‘i,l, S 75?:1',7“])
be the observer error, which satisfies the following equation:

dii(t) = (A@i(t) + fi (2(t) + haly)) dt + g; (ys(1))" duw;

where
—li
Ai - . In.;fl
—lim, 0... 0
fi@@) = [fin (ia(t) Fime @in, (£)]"

hi,m‘ (y) ]T

Gins (y(O)]"

hi(y) = [hia(y)

9i(yi) = [gi1 (y(t))

and [; ; is to be designed such that A; is a strict Hurwitz matrix;
therefore, there exists matrix P; > 0 satisfying

AP+ PA; = 1. (5)
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Then, the entire system can be expressed as
dzi(t) = (A (6) + fi (3(0)) + h(y) dt
+gi (yi(t) " duw;,
dy(t) = (Zi2(t) + i 2(t) + fin (i) + hia(y)) dt
+ gi1(yi) " dwi,
dz;o(t) = (Ti3(t) + li2Zia1 (1)) dt,

where the variables y; and 2; ; are available for control design.
Now, we introduce a change of coordinates as follows:

Zi1 =Yi

Zij =Lig — Qg f

where o ; s is the output of the first-order filter with ay; ;1 as
the input. According to Ito’s differentiation rule, one can derive

dzin = (2i2(t) + Zi2(t) + fin(ys) + hia(y)) d
+ i1 (yi) " dw;
dZi’j = (ﬁi7j+1(t) + li_’jfi'i’l(t) — O.Zi’j,f) dt

xI=1,...,N, j=2,....n,.

Remark 2: Note that since g;(y;) is a smooth function and
9i(0) =0, ¢;(y;) can be expressed as

9i (Vi) = vigi(yi) = [¥iGi 1 (Yi), - - - YiGim, (yi)] -
In order to avoid the explosion problem of complexity, dynamic
surface control approach will be introduced in the backstepping
design procedure. In each step, a virtual control function &;
should be developed using an appropriate Lyapunov function
Vi, and the real control law u; will be designed at last. To begin
with the backstepping design procedure, let us define constant
2

il

Qi:max{Ni’jHW-* :j:0,1,2,...,ni}.

Let éi be the estimate of 6;. The feasible virtual control signal
is designed as

L 3

——27
2 ~i,j
Qai)j ’

@i i(Xi ) = — 0i, j=1,....,n;i—1 (6)

where X¢71 = 1171'71 and Xi,j = (ji,l,Zi‘i’j701i7j,f,(jéi,j7f)T, ] =
2, ey — 1.

Theorem 1: Consider the large-scale stochastic nonlinear
system in (1) with observer (4). If a control law is chosen as

1 5 -

Ui = — im0
1,1
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with the intermediate virtual control signals «; ; described as
(6) and the adaptive law defined as

05 =3 528, — kol )

where positive constants a; ;(¢ =1,...,N,j =1,...,n;), r;,
and k; o are designed parameters, then the closed-loop system
can be guaranteed to be semiglobally stable in mean square.

Proof: Step 1, 1: Consider the Lyapunov functional candi-
date as follows:

L @TPa) + 1+f92

Vii= 5

where a; > 0 and él =0, — él By Definition 1, we have
LViy = —a;@] PE||T|° + aid] Pz (28] Pr(fi + i)

3 4
+ 221 19i1(zi) gin(zin)

+ QaiTr{ gi(zi1) (2P T P;

- - T 1=
+$1TPZQZZPZ)91(ZZ,1) } — :9191
+ 221 (@i + T+ fin(zin) + hin(y))- 3

As f; & (fir(@),.. .,fm(_)) ,and f; ;(Z), wherel <i < N
and 1 < j < n;, is an unknown function, by Lemma 1, for any
given £;;0 > 0, there exists NN W;T'S; (Xo) such that

ij0
fij(Xo) = ZJOSZ 0(Xo) + dij0(Xo),
10i50(Xo)| <eijo
where Xy = Z. Therefore
fi(Xo) =W;ESi0(Xo) + 6i,0(Xo)
[16:,0(Xo)ll <ei0-

As SZTOSZ 0 < N is used and N; ( is the dimension of Sl 0s
and according to the definition of 6, we know [|[W; 'S},
2. Therefore, the following inequality holds:

2a; (1) | P2 i = 20,33 | P (
30,2‘

W Si0(Xo) + 6:,0(Xo0))

<

5 Il

+ %HR—IIS HW;() ‘4524,0

3a1
Jr

5 Il + ZHPiHscﬁo

~ A 4%
=3aiuwi||4 + LRI + LR
€))
According to Assumption 1, the following inequality holds:

~T\3 ~
2a; (77)" | Pill*hs < 2ai |11 |31 | |

ng N
<2a; & [PIPP Y Y pijeii ()

j=11=1
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U Uz N
<52 (vl
=1 1=1

J
3a;n; N
CEp RIS w0
As ;5 is a smooth function, there exists a smooth nonnegative
function n( )(yl) as follows:
oy Kz N
5 2D P () Z S =10 ()i
j=11=1

n; N
+ Z Z da;ipi;(0)

j=11=1

(11)
such that From Lemma 1, the terms in (8) lead to
20,17 {gi(zi1) (2P3:3] P + %] PaP;) gi(zi1)" }
< 2a;n; ||gi(zi1) (2P&:&] P+ &) P Pr) gi(zi1)" ||
< 6aimiv/mizgy [1gi(zi) I 121721
< 3a;ni\/n; 4

5 18 (ze )1+ Basmi/mact || P 12|

12)

< ‘221’171‘,1 Z%u (lwl)
1=1

4
3 4 4
<7 clspi 17 + (Z%u yl|)>

=1

(13)

As p;1; is a smooth function, there exists a smooth nonnegative

function 772(12[) (y1), such that

<§; wint (lwil) ) XN:

N 4

(2

111)1%4 +38 <E %‘11(0)> .
=1

Therefore

N
3 4 4 2
2ihialy) < Jelspiizt + Y niiui
=1

N 4
+8 <Z 301‘11(0)> .
=1

(14)
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Combining (9)—(14) and (8), we have

LV;y < —IL|1&|* + 201 (%02 + fin)

N
Z Z nz(jll)yl

Jj=11=1,l#i
N Uz N
2
+ Z nz(ll)y? + 224%@?31(0)
1=1,1#i j=11=1
N 4 3
8 1100 éé St
+ (l_zlﬁp 1( )) - e
a; a;
+ SRR + SIPIPe
where
3a;n; N 8
Hz —al)\min(Pi) - 3(11 2 ||P ||
— 3aniy/mic | P !
11v 2%9.1 402{27
fin(Xin) = fiar(zin)

e Z 5

3 4 3
+ ZCZ‘,Q—’_ 1 Cz 31011

(

2 _ 4
i)+ Y giz) |

3a; n“ /n;
1

’L

3_ B 3
+§gfl(zz-,1)gi,1(zi,1) + 4) Zi1-

Taking the intermediate control signal &; 1 (X; 1) as

;1 (Xi,l) = —(ki1zia + fi1 +via (2121) Zz’,l)

where k; ; > 0. Then, we have

LV < =1L Hi"zH4 + 221(@,2 — di,l) — ki,lzil

n;

N
71}7«1 11 11+Z Z nz(jll)y?+ Z 771(121)yl

J=11=1,1%i I=1,1%i
ni N N 4 1
+ Z 24%@%1(0) +8 (Z @ill(0)> - ;91‘91'
j=11=1 =1 v
N HPz'||8<92 +

2 2 IPet (15)
From the definition of &; 1(X; 1), we know that it is an un-
known nonlinear function because it contains flv,l(zm) and
cannot be implemented in practice. Therefore, according to (3),
for any given constant £; 1 > 0, there exists W;F{Si’l(Xi,l)
such that

Gi1(Xin) = WZ{SZ’,I(XZ‘,I) +0;,1(Xi1),

1071(Xi1)] <ein-
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From the definition of #; and o; 1, we have

—zp 65y = — 22 Wi T 8i1(Xin) — 32151'71()(1‘,1)

Ni, 3, 1,
§22 le 1|| 11+4 11+4611
1 1 3 4 1
< 0; 2 16
_zai@vl + a71+4 11+4€71 ( )
3 1 6 p
zivlaiﬂl = — 72(12 Zi719i (17)
i,1

where the fact 53;151-71 < N;1 can be used and N;; is the
dimension of .S; ;. Then, substituting (16) and (17) into (15)
yields

LVin < —IL|IE|* + 271 (812 — ain) — kinzis

_'Ui,l( 11)

n; N N
+Z Z 771‘(;1)%44- Z nzfl)y?-i-ﬁm-

(18)
j=11=1,l#i 1=1,l#i
where
1 1 a; a;
A1 =35 al, + 4511 5Z||R'||892+51||Pi\854

n;, N N 4
+) 0 daipl;(0) +8 (Z %11(0)> :
j=11=1 =1

Due to ;2 = 22 + o 2,7, (18) can be rewritten as

LV;1 < —TL|&|* + 221(21,2 +aior— )
_ki,lzfl - Ui,l(zz'21)2?1
5 Z Myt + Z niivt
Jj=11=1,l#i I=1,l#1

1~ T 6 A
+E01 <2a1271 Zi,l — 91> + Ai,l-

To avoid repeatedly differentiating c; 1, a new state variable
«; 2, ¢ 1s introduced, and let cv; 1 pass through a first-order filter
with time constant x; 2 to obtain o o ¢ as

KioGiof+ oo =051, a;25(0)=0a;1(0).

Let xi2 = a;,2,t — a;,1 be the output error of this filter; then,

one has ¢ 2, f = —Xi,2/Ki2 and
Xi2 = Qo f — G 1 = —:L ; + Bi2(Xin)
where
Bi2(Xi1) = 232 zl 12, 19 + 2(11 1éz
i1
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Then, this implies
~ 14
LVin < TG &|* + 201200 + 20 1 x02

- Ui71(zi21)’z?1

+Z Z nljlyl + Z 777,llyl

G=11=1,1#i I=1,1#i

1~ T P
+ *07, . Zi61 — 92 + Ai,1~
ri (2@12’1 :

(2<m<mn;—1).

4
- ki,lzz‘ 1

Step ¢, m: Choose the Lyapunov

functional
14
‘/z',m = Viom—1 + 7Zi,m +

4
—Xim-
4 1,m

Similarly, we have

m—1 m—1

LVim < —IL||2:||* + 3 a4+ 3 v
i,m = i||Tq Zi7jzl,]+1 ZiJXz,]-&-l

Jj=1 Jj=1

m—1

4 2\ .4

- § ki,jzz‘,j — Vi1 (zzl) Zi1
=1

ng N
+Z Z nzyll)y?—i_ Z nzllyl

J=11=1,l#: 1=1,l%#1
m—1 .
+ 91 Tl2 a; Ni Z; ] - 91‘ + Ai,mfl
Jj=1

m—1 X
41
=t —X?,jHBi,jH(Xi,j))

j=1 Ki,j+1
3 - 7 3 4
Zm (Fomar + fim(Xim)) = 720m (19
where
_ ~ ' 3
fim(Xim) = lim@i1 — Qim,p + 15im

Take the intermediate control signal &; ,,, (X; ) as

_(ki,mzi,m + fl,m)

&i,m -
where k; ,, > 0; then, adding and subtracting &; ,,, (X;,,,) in
(19), it yields

m—1 m—1
LV <_H,H",||4+ 3 + 3 .
,m = i||Tq Zi7jz7,,]+1 zi,sz,]-&-l
=1 j=1

m—1

4 2\ .4

- E , kiJZi,j — Vi1 (Zzl) Zi1
=1

n; N
+Z Z nz(glz)?/?‘F Z ’%uyl

J=11=1,l#i I=1,l#i
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m—1 X4
Fir1
- (” - X?,]JrlBl J+1(X ))

§z4 . (20)

+ Z?,m (iiﬂn-‘rl + @ivm(Xi’M)) S qTm

Similarly, &; m(X;,) can be approximated by the NN
WL Sim(Xim) as
&i,m(Xi,m) = W:?,;LS'L,M(X’L,M) + 6i,m(Xi,m)7

|5i,m (sz)| S Ei,m~

In addition,

1 3 4 1
Z?malm S]'Qazm zmg + 2 ?m—’_ 4zzm+ 451m (21)
1 s 4
ZimQi,m = — 2a’%,m Zl,’ﬂle’i' (22)
Then, by substituting (21) and (22) into (20), we have
m—1
Lviﬂn < -1 Hxl” + Z Zz R+ =+ Z 2 i Xi,j+1
Jj=1 Jj=1
m—1
— Z ki’jzﬁj — Vi1 (2221) Zi1
j=1
ng N
(1), 4
D D v+ Z v
j=11=1,1#i 1=1,l#i
—0; | + A
m—1 4
Xij+1
- (,;.j_ - X§,j+1Bi7j+1(Xi,j)>
._ 7,7+1
j=1
+ 28 (Eimt1 + @) (23)
where
1 m m
_ 2 4
Aim _5.21&“ + ZZIEZJ
Jj= j=

[e77 a;
+ SIPI? + SR

)+38 (Z @ill(@) :

Next, introduce a new variable o 41,7, and let a; ., pass
through a first-order filter with the constant x; ,,+1 to obtain

n; N
+ Z Z daipi; (0

j=11=1

Qi m+1,f

KimA 10 ma1,f + Qimt1,f = Qim,  mt1,£(0) =0, m(0).



1614 IEEE TRANSACTIONS ON SYSTEMS, MAN, AND CYBERNETICS—PART B: CYBERNETICS, VOL. 42, NO. 6, DECEMBER 2012

Then, define

Xiom4+1 = Qg m+1,f — Qim (24)

as the output error of this filter;
—(Xi,m+1/Fim+1) and

we have ¢ pmyp1p =

. . . Xi,m+1
Xismpr = Viomi1,f — Qi = —"——— + By (Xim).
K/i,m-&-l
where
3 N 1 . =
_ 2 3
Bi77n+1 (Xi,m) = 942 Zi,mzi7m0i + 242 i,m Ui
ai,m a‘i,m

Substituting (24) into (23) yields

m—1 m—1
3 oo 14 3 ..
Zi,j%0,5+1 2, Xij+1
j=1 j=1

LV < =1L ]|* +

m—1

4 2\ .4

- § : km‘zi,j — Vi1 (%‘,1) Zi1
j=1

ng N
(1), 4
£35S i 3 A
J=11=1,l#1 1=1,l#1

+ Ai,m

1 UL p
T —~ 2a% . "
j=1 "1

m—1 X4
i1
_ (” - X?,j+1Bi,j+1(XiJ)> :

= \ g+l

Step ¢, n;: Consider the following Lyapunov functional:

1 1
= Vvi’anl + Zz ng +

Vin,
4 4

Xz g

Similarly, we obtain

n;—1 n;—1

LVip, < =T\ E|*+ 0 28z + Y 28 xin

j=1 =1

n;—1

- ZkaZZj—i_Z Z nzglyl

J=11=1,l#i

Ui,l(zzz,1)zﬁ1

N
(2
+ Z ’rllll)y;l

I=1,l#1
1 ol
+ Az,n,fl + 797, Z 2 ; G,J 01
j=1 2]

Kij+1

n;—1 X4
0,741
S ( xinBi,ﬁmX@»)

+ Zin(ul + fl,nz) - 4 b

§z4 (25)

where

_ _ . 3
fi,ni (Xi,n) = li,nixi,l — Qi f + Zzl,m

Take the intermediate control signal &; ,,, (X ;) as

Ai’ni - = L, ,L'Z’L',’n,q, ,M;
« = (kz n + f )

where k; ,, > 0; then, adding and subtracting &; ,,, (X, »,) in

(25) yields
’I’Lifl n,;*l
LVin, < —TL{IE* + Y 22200+ Y 28 X0
j=1 j=1

_Zklﬂ 1]+Z Z 771(;11)1/?

G=11=1,+1
2
+ Z iyt —
=11

n;—1

Z ri2a? Jz” 0,
n;—1 4
Xij+1 3
- Z ( = = X1 Bijt (X
j=1

vi1(2 121)214,1 + Ain-1

Ri,j+1

3

+ 25 (u; — (26)

1,1 "

3 4
Qi) — 12
Similar to the above steps, & n,;(X; ,) can be approximated
by the NN WL S; . (X n,) as
di,m (lenq) Wz*,;z;l Si,ni (XN%) +
‘6i,ni (Xl,nz) =

Following the similar procedure and by the definition of wu;,
we have

51',”7: (Xl,ni)v

. 1 1 3 1
— 2} B, < 2. 2000 + §a§m + Zz;{m + - 4 el @D
1 4 4
zi,niui = — 20,12,”1_ mﬁi. (28)
Then, by substituting (27) and (28) into (26), we have
n;—1 n;—1
LVim, < —IL|E[1*+ D 202500 + Y 22 X0+
j=1 j=1
1), 4
- Zk (2] Zj + Z Z nz(]l)yl + Aiﬂli
Jj=11=1,l#1
2
- Ui,l(zz‘2,1)2?,1 + Z m(u)yl
I=1,1%#i

1 A p

- i 6 .

+ *0 Zi s 9;

ri Z 2q2. 7" "
Jj=1

2%

n;—1
Xi,j+1
- Z ( - Xz,j+lBZ j+1(Xi J))

R 541



ZHOU et al.: NEURAL-NETWORK DECENTRALIZED ADAPTIVE OUTPUT-FEEDBACK CONTROL

where

ZaJ 425

an =

YR + LR R,
Uz N 4
30 darghy(0) + 8 (z mm) |
J=11=1 =1

By the definition of éi, we can get

’ﬂifl nifl
~ |14 3 3
LVip, < —IL|EI*+ D 2020501+ Y 28 xim
=1 j=1

(1
Zjl)y;l + Ai,ni

_de Zig T i_: gN:

2 07 4
)71 + Z NGyl + ; 0:0;
1

1=1,1#i
n;—1 4
_ Z Xi,j+1
: Rij+1

Jj=1

—via(z,

- X?,j+1Bi,j+1(Xi,j)> . (29

By utilizing Lemma 1, we have

1
3 4 4
ZijZigtl S 7%t e
) 3 1
3 4 4
ZijXig+1 S 7205 T Xt
4 4

3 3 n3 4
Xi,j+1Bz',j+1| <—miBliaXije t ppre
1

=~ w

I
Nyl

- . ~ 1~ 1

0:0; = 0:(0: — 6:;) < —=07 + 567 (30)
2 2

where 7; > 0 is a design constant. Substituting (30) into (29),

one has

_ - 7
< = ILlE =) (ki — z)zﬁj

E‘/i,ni
j=1
0
- Ui,l(zi%l)z?,l - 217“1 02 + Az n
N
(2), 4
55 Z ngtv Do i
G=11=1,1%i I=1,1%i
n;—1
- 1 1 3 a4 1 ) 4
- — oS )N
jz:; <ki,j+1 4 470 i,j+1 4,j+1
— ki,O 9 1
Ain, =i, + o 07 + e

Choose the following Lyapunov functional candidate for the
whole system:

1615

According to Definition 1, one has

N n; 7
523" (k- 5) o

N
LVy < =) IL[|E]" -
i=1

i=1j=1
N N N g
A 2 i,0 42
+ ZAzn - Zvi,l(’zi,l)zz 1 Z 217”92'
i=1 i=1 i=1
N n; N N N
1) 4 2
+ nat 30 > at
i=1j=11=1,l#i i=11=1,l#i

N n;—1
. 1 1 3 4 4
- ( — 7= 1™ Bz‘%ﬁl) Xij+1-

N N
Z Z zllyl

11=1

N
Z wl

N n; N N N
— (2),4
=23 > gl t2 2 v
=1 j=11i=1,i#l i= ,1751

nljz yz Z

1,04 =1

Z 77[11 yz :
=1,

Choose a smooth nonnegative function candidate v; ; such that

Zvu 203030 Y e,
i=1 j=11=1,l#1
N

_Z Z 77111 zl

i=11=1,l#1

Then,

(-

LVy < — ZH (Al

i=1 i=1 j=1
N ~ N
- Z k1,027'i01‘2 + Z A’L n;
i=1 i=1
N n;—1
- 1 1 3 4 4
- Z (k 41 4 Zﬂ; ij“) it
i=1 j=1 b
Let
II, > 0
and denote
. 211, 7
er= i { oty (- 3)
1 1 3 4 _a
4 -~ _Zx3B3. kiot:
(ki,j+1 4 47Tz 1,]+1) ’ :0}
¢ =min{cy,...,cn},

N
d= Z Ai,ni
i=1
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then one has
LV < —cVy +d.

Therefore, the signals z;, z;, and éi are bounded in probability.
As 6; is a constant, 6; is also bounded in probability. Now,
it can be shown that all the signals in the closed-loop system
are semiglobally uniformly ultimately bounded in probability,
which are the desired results, and the proof is completed.

Remark 3: In the backstepping design procedure, the dy-
namic surface control technique is successfully applied to large-
scale stochastic nonlinear systems. In the controller design
process, the repeated differentiation of virtual control «; is
avoided by replacing o; with d; 1, and o1y is defined by
a first-order filter with «y; as input.

Remark 4: In most of the neural adaptive control design
process, the number of the adaptation parameters depends on
the number of the NN nodes. Consequently, if a system contains
a large number of unknown nonlinear functions or if more
NN nodes are used to improve the approximation precision,
a large number of adaptation parameters will be needed to be
updated online. In this paper, we estimated the norm of all the
weight vectors but not each weight vector; therefore, only one
adaptation learning law is required to control each subsystem.

IV. SIMULATION RESULTS

In this section, we will exploit a simulation example to
demonstrate the effectiveness of the proposed adaptive NN
control method.

Consider the following large-scale stochastic nonlinear
systems:

dri1 =(z12 + fi1+ hi1)dt + g1,1dwn

dzy o = (u1 + fi,2 + hi2)dt + g1 2dwy
Y1 =211

dra = (222 + fo,1 + ho1)dt + g2, 1dws

dxg s = (uz + fa2 + ho2)dt + g2 2dwo

Y2 =21
where the nonlinear functions are f;; = —100x; 1,
f1’2 = 21,2 sin(ml,l), f2,1 = 333‘271 COS(O.Q/.TQJ), and
fo,2 = —ma9sin(zo); the interconnection functions are

h1,1 = COS(y1)y2, h172 = —UY1 sin(yg), h2,1 = sin(yl)yg, and
hao = cos(y1)y2); the stochastic disturbance functions

gi11 = sin(yl), g1,2 = COS(yl), 92,1 = sin(yg),
and gz = cos(y2); and the initial states are chosen
as 331)1(0) = 0.2, 331)2(0) = 0.3, .1‘2)1(0) = 0.5, and
x2,2(0) = 0.4. The observer is designed as

11 =210+ ha(z11 —#11)
571,2 =ur +lio(T11—Z11)
2;3“2,1 =To2+l21(x21 — T21)

Too =ug + loo(To) — To1).
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Fig. 1. Trajectory of system output y1.

According to Theorem 1, the virtual control function o 1, a2 1
and the true control law w1, uo are chosen respectively as

1 1

3 ) 3 )
Q11 = — 5 % 91 Uy = ——52% 91
2a3 b 2a1 , b2
Y =——— 2.0, (3
Qo1 = 5 %2,1V2, U2 = 5 %2202
2a3 4 2a5 o

where 211 = Y1, 212 =212 — Q12.f, 22,1 = Y2, and 222 =
%92 — g2 ¢. The adaptive laws are given as

2
“ 71 6 ~
91:22 3 217j7k1,091
j=1 ar;
. 2 r
. 2 6 N
92: B) 3 Zz’j_k/’27()92. (32)
j=1 a3,
In the simulation, the design parameters are chosen

as 11,1 = 1172 = lg’l = l2’2 = 50, 11 = ay2 = 0.13,
az1 = a22 = 0.115, a1 =Tr12 = 20.5, 2,1 =T22 = 30.5,
k‘170 = k'270 = 001, Ri1,2 = 006, and R22 = 0.001. The
simulation results are illustrated in Figs. 1-8, respectively.
Figs. 1 and 2 show the system output y; and y,. Fig. 3 and
4 illustrate the new state variables o 2 ¢ and ap o r of the
first-order filters. Figs. 5 and 6 depict the trajectories of input
uy and ug, whereas Figs. 7 and 8 illustrate the trajectories of
adaptive parameter 6 and 6,.

Remark 5: From Figs. 1-8, we can see that the system output
y1 and ys can converge to a small neighborhood around the
origin. In addition, the filter signals a2 y and a2 ¢, control
input u; and wue, and the adaptive parameter él and ég are
all bounded. The presented simulation results illustrate the
effectiveness of the adaptive dynamic surface control approach
proposed in this paper.
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Fig. 2. Trajectory of system output y2.
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Fig. 5. Trajectory of control input 1.
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Fig. 8. Adaptive parameter B,

V. CONCLUSION

In this paper, a decentralized adaptive NN output-feedback
control design method has been proposed for a class of large-
scale stochastic nonlinear systems. Direct adaptive NN control
method has been used to approximate the unknown nonlinear
functions, in which the number of on-line adaptive parameters
is only one; therefore, the computation burden can be signifi-
cantly reduced. In addition, a state observer has been designed
to estimate the unmeasured states. In order to overcome the
problem of explosion of complexity, a dynamic surface control
method has been applied in the large-scale stochastic nonlinear
systems. It is shown that all the signals in the closed-loop sys-
tem are semiglobally uniformly ultimately bounded. Finally, a
numerical example has been given to illustrate the effectiveness
of the proposed design technique.
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