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Abstract

This paper investigates an adaptive decentralized predefined performance control problem for a class of large-scale
nonlinear systems with nonsymmetric input saturation by using multi-dimensional taylor network (MTN) approach. Firstly,
the input saturation model is approximated by a smooth function with a bounded approximation error and unknown
nonlinear functions are estimated by MTNs. Secondly, a decentralized tracking control algorithm is established by inte-
grating the idea of prescribed performance control into backstepping recursive technique. Thirdly, by using the designed
MTN-based adaptive decentralized controller, all the closed-loop signals are bounded and all the tracking errors satisfy the
predefined transient and steady-state performance, respectively. Finally, the presented control method is effective by
introducing three examples, and the simulation results verify that the correctness and reasonableness of the proposed

control algorithm.

Keywords Prescribed performance - Input saturation - Large-scale nonlinear systems - Adaptive control -

Multi-dimensional Taylor network

1 Introduction

Generally speaking, large-scale systems can be regarded as
a combination of some lower-order subsystems, which is
widely used especially in power systems and economic
systems. Because of the features of the information
exchange among subsystems and the complexity of system,
make it even trickier to controller design and stability
analysis. Therefore, more and more attention has been
transferred to the study of large-scale nonlinear systems in
recent years [1-3]. In view of the decentralized control
method is only depending on local information, the
decentralized control technique has become an important
control method to deal with the problems of control
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strategy for large-scale nonlinear systems, and many
achievements have been achieved [4-6]. However, the
aforementioned control approaches are suitable for the
nonlinear systems satisfying the matching conditions or the
unknown nonlinear functions can be linearly
parameterized.

To attack these problems, many approximation-based
intelligent control methods, for instance, fuzzy control,
neural network (NN) control, and multi-dimensional Tay-
lor network (MTN) control, have been extended to tackle
the control problem of different types of nonlinear systems,
such as general nonlinear systems [7-9], stochastic non-
linear systems [10-12], large-scale stochastic nonlinear
systems [13—15], stochastic switched nonlinear systems
[16, 17], and multi-input multi-output (MIMO) nonlinear
systems [18]. Especially, by combining approximation-
based control approach and adaptive decentralized control
approach, many adaptive decentralized control algorithms
have been put forward. For instance, for a class of large-
scale nonlinear systems with actuator faults, authors in [19]
presented a decentralized fault-tolerant control strategy.
Authors in [20] developed a novel decentralized fuzzy-
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based adaptive optimal control approach for a class of
large-scale nonlinear systems. For a class of switched
large-scale nonlinear systems, authors in [21] proposed a
switched observer-based decentralized adaptive fuzzy
output-feedback control algorithm. For high-order
stochastic nonlinear time-delay systems, authors in [22]
developed a new decentralized NN-based adaptive control
strategy. Authors in [23] addressed the problem of a class
of strongly interconnected nonlinear systems and proposed
an observer-NN-based adaptive decentralized control
strategy. Authors in [24] investigated the event-triggered
adaptive decentralized fuzzy control strategy for a class of
large-scale nonlinear systems in a nonstrict-feedback
structure. Although many approximation-based control
adaptive decentralized control methods have been pro-
posed for large-scale nonlinear systems, these control
schemes can be not directly used to solve the problem of
large-scale nonlinear systems subject to prescribed per-
formance and nonsymmetric input saturation.

Actuators saturation is widely existence in practical
engineering systems, however, it will deteriorate the con-
trol performance of systems or even destroy the stability of
nonlinear systems. Therefore, research on the control
strategy for nonlinear systems with input saturation has
important theoretical and practical significance, and many
significant results have been developed for different sys-
tems, such as uncertain nonaffine nonlinear systems [25],
uncertain nonlinear switched systems with unmodeled
dynamics [26], stochastic nonlinear systems [27, 28],
MIMO nonlinear systems [29, 30], multi-agent uncertain
systems [31]. On the other hand, owing to the fact that not
only the stability of the system but also the features of
steady-state operation and transient should be guaranteed
in many industrial processes, prescribed performance
control has been concerned by more and more researchers
[32, 33]. To go a step further, as an important part of
cybernetics, the problem of prescribed performance control
of control systems subject to input saturation constraint has
also been an active topic [34, 35]. Unfortunately, there
tends to be a lack of development has been devoted to
large-scale nonlinear systems subject to prescribed per-
formance and nonsymmetric input saturation, and it is
necessary to propose an approximation-based control
method using MTN.

Based on the above observations, this paper pours
attention into the tracking control problem for a class of
large-scale nonlinear systems in the presence of input sat-
uration and prescribed performance. A continuous smooth
function is exploited to approximate the input saturation
model; MTNs are introduced to estimate nonlinear func-
tions. Then, an adaptive decentralized control algorithm is
proposed via backstepping control technique and
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prescribed performance control. Compared with the exist-
ing results, the main innovations of this paper include:

1. For the first time, the MTN-based adaptive decentral-
ized tracking control approach is generalised to a class
of large-scale nonlinear systems, where the problems
of prescribed performance and input saturation are
considered simultaneously. Meanwhile, an adaptive
decentralized control strategy is proposed that can
ensure that all the tracking errors are constrained
within the predefined values.

2. Unlike the existing results [27, 29, 36-38] only focused
on the problem of input constrained, and the work of
[39-42] only considered the problem of prescribed
performance control, we simultaneously consider input
saturations and prescribed performance control.
Although similar control problems are also studied in
[43-46], they all considered the single-input single-
output (SISO) nonlinear systems. In addition, com-
pared with the the problems of input saturation studied
in [27, 37], the investigated nonsymmetric input
saturations in this article are more general.

3. By introducing a smooth function to approximate the
saturation nonlinearity model, and integrating the idea
of prescribed performance control into backstepping
technique, a new MTN-based decentralized adaptive
control approach is developed, which be able to
overcome the nonsymmetric input saturation problem
of large-scale nonlinear systems.

4. In the process of controller design, although the
traditional NNs or fuzzy logic systems (FLSs) can
also be used to approximate the unknown nonlinear
functions, MTNs can get the same effect at the cost of
low computational complexity. Therefore, the MTN-
based control strategy proposed in this paper is more
suitable for practical applications.

2 Problem formulations and preliminaries
2.1 System description

In this paper, we consider the following large-scale non-
linear system consisting of N subsystems

X =xio +fin (xi1) + hia ()
Xij = Xijo1 +fij (i) + hij(y)

J=2,..,ni (1)
xi,n,- = U +ﬁ,n,- (xi,n,-) + hi,n,v(y)
Vi = Xij1

where i = 1,...,N. y; € R denotes the scalar output of ith
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T

y=[ ..o €RY;
T .

[Xits--Xin| €R" denotes the state vector of ith sub-

subsystem and Xin, =

system and x;; = [x,-_yl,...,x,-‘j]Te R. fj():R —R
denotes the unknown smooth function with f;;(0) = 0.
hi;j(-) : RN — R denotes the interconnection between each
subsystems and satisfies #;;(0) = 0. In particular, u; € R
denotes the scalar input of ith subsystem with nonsym-
metric saturation nonlinearity and its mathematical model
can be described as follows

UMy Vi > Uy

up = Si(vi) = S Vi, —Umi <Vi <utpg (2)

— Ui, Vi< — Up,i

where uy; > 0 and u,,; > 0 are the maximum bound and
the minimum bound of the u;, respectively. v;(¢) are the
inputs of the saturated model, which will be designed later.

Remark 1 One thing that should be pointed out is that
system (1) can generalize many physical systems such as
inverted pendulums [51, 52]. However, there are still sev-
eral issues, such as time-varying delays [1, 2], input con-
straints [18], and actuator faults [19], that cannot ascribe to
systems (1).

For the given desired trajectories yq;,i=1,...,N, a
decentralized control strategy will be designed in this paper
for system (1) to achieve the following control objectives,
including

(i) The system output y; can asymptotic track
vai,i =1,..., N, respectively. Furthermore, all the
signals in the closed-loop system are bounded.

(ii)) For every i € {1,2,...,N}, the tracking error ¢; =
vi — ya; always satisfies the given predefined tran-
sient and steady-state performance.

2.2 Preliminaries and relative definition

Firstly, in view of the input saturation model (2) has two
sharp corners, the control input u;(i = 1,2,...,N) cannot
be directly constructed via backstepping technique.
Therefore, in this paper, by using methods of [47], for each
of i=1,...,N, S;(v;) can be approximated by a smooth
function S;(v;) with a bounded approximation error B;(v;).
Specifically,

Si(vi) = Si(vi) + Bi(v) (3)

SN ) Ui tanh(vi/uM_,i) ,vi >0
where S,(Vl) o { Um,i tanh (vi/um’,’), Vi <0
with b; is a constant.

and |Bl‘(V,‘)| § bi

In addition, for the smooth function §,~(v,-), according to
the mean-value theorem, there exists a constant 1;, such

that §,~(v,~) = g,‘ (V,‘ﬁo) + S\Vi-‘ii . (V,‘ — Vzl,O), where §Vi-'7i =
(6S,~/6v,~)| and Vig, = Yivi + (1 — 19,‘)\1,‘,0. Without loss

of generality, choosing v;o = 0, we have

Vi=Viy;

Si(vi) =S, - vi (4)
Secondly, in order to achieve the control objective (ii), a
bounded prescribed performance function p;(f) can be
designed for the tracking error e;(7) = y;(t) — y4.(t), such
that |e;(¢)| <p;(7), for 1>0. According to [40], in this
paper, the p;(7) is formulated as

pi(t) = (Pi,o - Pi.oo)e_“ + Pico (5)

where p; o > 0, p; . > 0 and ¢; > 0 are positive constants.

Thirdly, in the design of the controller design process,
MTN will be employed to approximate the continuous
function on a compact set. Then, the following approxi-
mation property of MTN is given.

Lemma 1 [15, 36, 48]: For a continuous function (%) :
R" — R defined on a compact set 2 C R", there exists a
MTN with form 6P, (x), which has » inputs, and the
highest power of middle layer is m, for Ve > 0, we have

F() = 0"Pu, () +6(2), 16(x)| <e (6)

where y = [11,..., 1] € R™, 0 =1[01,...,0) € R is the
weight vector, P, (1) = [X, ey T Ay A K2 - - o
2y ...,Xnm]T € R!, 5(y) denotes the approximation
error.

Remark 2 1t is of interest to note that more information
about MTN can be found in [14, 15].

Remark 3 1t is worth noting that the fuzzy logic systems
(FLSs) and NNs are also useful to approximate the
unknown nonlinear functions in the systems, and many
approximation-based adaptive fuzzy or NN control
schemes have been put forward for different systems
[53-55]. However, a few of them focused on prescribed
control and input saturations for large-scale nonlinear
systems simultaneity.

Finally, the following assumptions are given for the
convenience of controller design.

(k)

Assumption 1 The reference signals yq; and y,; are

continuous and bounded, where yg? denotes the kth order
time derivative of ys;, for k =1,..., n;.

Assumption 2 For the functions A, ;(y), there exist analytic
functions h;;;(y;), such that
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}hlxl(y Zhl,]l yl (7)
with #;;;(0) = 0. Further more, according to mean value
theorem, there exists function #; j1(v1), such that the fol-
lowing result holds

hiji(v1) = yihiji(vi) (8)

Remark 4 For the tracking control problem of nonlinear
systems, Assumption 1 is reasonable. Meanwhile, for the
adaptive decentralized controller design for large-scale
nonlinear systems, Assumption 2 is a very common
assumption adopted widely [49, 50].

Assumption 3 Foreachi=1,...,
tive constant s;, such that

0 < S Sﬁvi‘,gi S 1 (9)

N, there exists a posi-

Assumption 4 All the states of the system are measurable.
This means that all the states of system (1) can be used for
controller design.

Remark 5 Assumption 3 is reasonable from the practical
point of view, because the actual input of the control sys-
tem cannot be infinite. In addition, Assumption 3 is com-
monly used for an adaptive control strategy for nonlinear
systems with input saturation [28, 45, 47].

3 Controller design and stability analysis

First of all, the following form of coordinate transformation
is employed in this paper.

i1l = Xil — Yd,i (10)
Zij = Xij = Oij-1

wherei=1,...,N,j=2,...,n;, o;;_ represent the virtual
control signals will be designed later via backstepping
technique.

3.1 Decentralized adaptive controller design

Step i, 1: Choose the Lyapunov function as follows

20,1F, 10, (11)

where &; = 2 s and 0,1 =0; — é,l denotes the param-
eter error vector, with 0;, denotes the weight vector of

1
Vir =26+

MTN, which will be given later, 0,-_1 denotes the estimation
of 0;;. I';1 > 0 denotes any positive definite matrix.
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Then, calculating the time derivative of V;, we have

; . P
Vii=24& (pi,exi‘z + Pidfit = PieYai — PieCi p-)
1

(12)
~T _
+ &ipichin (y) — 05,1F1,11—0i,l
where p;, = (pi—’;)z

According to Assumption 2, the following inequality
can be obtained

pzeél ll(y)— 7pleéz+2 l](y)

_1 N
E leé2 Zylzhi,lﬁl(yl)
]:1

Next, substituting (13) into (12), the following inequality
can be obtained

(13)

. ; pi
Vi,l <¢ (pi7exi72 + pi,eﬁ,l T PieYa,i — PieCi p_l)
1

1 . 2 S A
+ Epieéiz + QZ)’IZhi,l,z()’l) - ozlri,ll 0;1
=1

(14)
_ 1
= (Pi,exi.z +fi1) — 5512 - wi(é?)é?
1 N 2 ~T A
+§Zyl2hi,1,l()’l) - Oi,lri_,lloi,l
=1
where fll = Pidit = PieYai — Pieti Z_ + % é,-pie + o
(&) e+ e

Remark 6 ;(-) is a positive definite auxiliary function,
and its value is not necessary to be known since it not used
for controller design.

Obviously, the unknown function f,l can not be directly
used for virtual controller design. Therefore, by virtue of
Lemma 1, f_,l can be approximated by a MTN. Specifi-
cally, for any given control accuracy ¢;; > 0, there exists a
MTN 0lT1 P, (&;) satisfies

Fin = 034Pu, (&) + 031 (&) (15)

where 9; 1 (£;) denotes the approximation error and satisfies
}51 1 | < 81 1.

In view of x;» = zi» + o;1, and substituting (15) into
(14), we have
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. 1 .
Vi1 <& (pi‘exi@ + a;l:]Pm;‘l) - 55,»2 + &6 — wi(é?)é?

1
L2 —al@)e

(16)

According to inequality (16), the virtual control signal o; ;
can be designed as follows

1 AT
o =—— (Vi‘léi + oi‘lem) (17)
pi,e ' '
where y;; > 0.
Substituting (17) into (16), we have

1N,
&)E +§Zy12hil_’l(yl)
=1
Fijlléi,l)
(18)

Remark 7 1In this step, a new variable &; incorporating the
predefined performance function is introduced, then the
issue of the predefined control performance is solved by
employing the Lyapunov function (11), thus achieving the
tracking error e; satisfies the given prescribed performance.

Vii < =&+ Cipiezia — oi(

1 ~T
"‘58?,1 +0,, (fiPm,-,l -

Step i, 2: Choosing the Lyapunov function as follows

1
7Zi22+20121—‘1210 (]9)

Vio=Vii+ 2

where 5[72 =0, — 05_2 is the parameter error vector, with
0;, denotes the weight vector of MTN, which will be given
later, é,-vz denotes the estimation of 0;,. I'; ; is any positive
definite matrix.

Then, calculating the time derivative of V;,, we have

Vio=Vii+ 2z (xi3 +fio 4+ hia(y) — din)

S (20)
- Oiﬁzri,z 0!‘,2

According to Assumption 2, the following inequality can

be obtained

ZthlZ(y)_ ) :2

1 2
+ 3 Z ylzhi,2,l ()
=1

Substituting (21) into (20), the following inequality can be
obtained

122(y) — 2 12
(21)

Vi,z < V,’J + Zi2 (xi,S +ﬁ,2 + éipiﬁe - di,l) - éipi,ezivz
1 1 & 2 ;T 1A

+500 52 Vil ) — 0,170
2 2 =

= Vi + Zi2 (xi,s +f_i,2)

1,
T3 Z Yihi o ()
1=

2
— CiPieZia — i
~T A
_1
—0,,0,0i2

(22)

where f;5 = fio + &ipi, + 3212 — %1

Similarly, the unknown function f;, can not be directly
used for virtual controller design. Therefore, by virtue of
Lemma 1, f_,z can be approximated by a MTN. Specifi-
cally, for any given control accuracy ¢;» > 0, there exists a
MTN 032Pm,:z (Z,-_z) satisfies

f;’z = 0;1:21),,,12 (Ziﬁz) + 5,‘_]2 (Ziﬁz) (23)

where 6;, (Z,g) denotes the approximation error and sat-
isfies |8;2(Zi2)| < é&in-

In view of x;3 = z;3 + ;2 and substituting (23) into
(22), we have

. . 1 1
Via<Vii+zi (Zi,3 +oin + OIZPm,,z) - EZiZ + 5832

1 N 2 ~T 1A
= Cipiezia + Ezyzzhi,z,l()’l) - ""i,zri.zl 0>
=1

(24)

According to inequality (24), the virtual control signal o; >
can be designed as follows

AT
%2 = —Vi2%i2 — Bi,zpmi.z (25)

where y;, > 0.
Substituting (18) and (25) into (24), we have

@ Springer



11128

Neural Computing and Applications (2022) 34:11123-11140

Via< — &
1 2 N ) 1 2

.
32, 200 325

~T A
+0;, (épmf,] - F5110i>1>

2
— VipZia T 2p%i3 5

~T :
+ 01’,2 (Zi»2Pmi.2 - F:zl 0i,2)
(26)
In light of z;5z;3 < %Zﬁz + %Zﬁs, (26) becomes
; 1
Via< =y & - Vi‘zl,-z,z + 5233 - wi(fiz)fiz
1 2 N 1 2 .
S 13
== =
~T 1 X ~T 1 .
+011(5ipm,1 - leai,l> +9; (zlszz ~ T 0,‘2)
(27)

Step i,k (3 <k <n;_;): Choosing the Lyapunov function as
follows

1
5zﬁ-+2owfgk0 (28)

where éi,k =0 — é,-yk is the parameter error vector, with
0; « denotes the weight vector of MTN, which will be given

Vike = Vig—1 +

later, é,-,k denotes the estimation of 0. I'; is any positive
definite matrix.
Then, calculating the time derivative of V;;, we have

Vik = zik (Yigrt +fix + hix(y) — dig—1) + Vig—

P (29)
- Hi.kri,k 0ix

According to Assumption 2, the following inequality can

be obtained

?k(v)

1
Zikhir(y) < EZ’ ity Zylzhzkl (o)

(30)

Substituting (30) into (29), the following inequality can be
obtained

Vik = Viker + zie (Kigsr +fix)

EZ lzh_,z () —

where f_i,k :fi,k + 2Zi7k — O.(,"’k_] .
Similarly, the unknown function f_i,k can not be directly
used for virtual controller design. Therefore, by virtue of

2
) ik

Btkrlklolk
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Lemma 1, f;, can be approximated by a MTN. Specifi-
cally, for any given control accuracy &;; > 0, there exists a
MTN OZkPmi.k (Z,-7k) satisfies

Fiae = 03P, (Zia) + 014 (Zi) (32)
where 6 x (Z,-,k) denotes the approximation error and sat-
isfies |S;x (Zix)| < éix. for & > 0.

Considering X;x+1 = Zix+1 + %ix and substituting (32)

into (31), we have

; ; T 2
Vik <Vik—1 + Zig (Zi,k+1 + ok + Oi,kPm,-‘k) = Ziy

| LA
i +§Z)’12hi,k,l(yl)
=1

According to inequality (33), the virtual control signal o; x
can be designed as follows

. (33)
— 0,7, 0,

T
Oik = _yiﬁkzi,k - Oi‘kPm,-_k (34)

where y;, > 0.
In light of z; 4z 441 < %Z?k + %zizkH , based on recurrence
method and substituting (34) into (33), we have

k
. 1
Vie S — i1l — Z Vi,/‘ziz,j —o(&)& + Eziz,kJrl
=2
1 & - k
+ EZ Zylhi,j,l(yl) + 5 Z i
=1 I=1 j=1
T K oop
At (¢ ~1p q —1
+01,l(glpmxl Fi,lall) +Zaz/<zllpmz/ Fz,} 0lJ>
=2
(35)
Step i,n;: Choosing the Lyapunov function as follows
1
Vinv:VInf 0 _]01}1 36
i i 1+2Zln+2 in; tn, i ( )

where 6,-7,1i =0, — éi,ni is the parameter error vector, with
0; ,, denotes the weight vector of MTN, which will be given
later, éi,n[ denotes the estimation of 0; ,,.
definite matrix.

In view of (4), calculating the time derivative of V; .., we
have

Vi,n; = Zin (§Vi,19i - Vit+B; +fi,ni + hi,ni()’) - O.Ci,ni—l)

I';,, is any positive

. (37)
— 0. I'7\0;,

ini* in;

+ ‘/.i‘,nf* 1

According to Assumption 2, the following inequality can
be obtained
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1, i
Zi n/hl ili(.’,) 2 1n + zht n,(y) Vl i > “/, ]é Z'))WZ[ZJ — U),(ilz)élz
| X (38)
<7 +—Zy2/5~ L)
) 1,1 2 1 "ingl 22 2
33D 453 3 »
1
i.n; Bl b2 39
27 i — 2 l}’l + 2 1 ( )

Substituting (38) and (39) into (37),
inequality can be obtained

the following

‘/i,n, = Vi,n,,l + Zin; (Sv,,,;,. Vi +fi4n, - di,n,'fl)

1
+ 3%+

1IN L5 O 1 1
Ezylzhi,n,v,l(yl) 01 n; 111],01 n; +§Z?,n +2b12
=1

7 4 23 2
< Visni—l + Zin, (SV,’.,‘/,. Vi +fiﬁn,') — Lip

—0, I 0,,L+ Ly

in;~ in; 27
(40)

where f;, = fin, + 22in, — Gin—1-

Similarly, the unknown function f;ni can not be directly
used for virtual controller design. Therefore, by virtue of
Lemma 1, f_,n can be approximated by a MTN. Specifi-
cally, for any given control accuracy ¢;,, > 0, there exists a
MTN 0T o P, (Zin,) satisfies

fl n o 0;1""‘ My, (Zi.n;) + 5[,/1, (Zi,n;)

where 9;,, (Z,;y,h) denotes the approximation error and sat-
isfies |5,~,n’. (Zi,,,‘.)f <&

Substituting (41) into (40), we have

(41)

1
Vi + 0111 Pm/n,-) - EZZ

i,n;

Vi,n,- < Vi‘n;,l + Zin; (S\’m

1, 1 ,- T 1,
—&; = h; -0,,.T;, O,n b;
+2817ni+2lz:1:yl Ln,,l(yl) it i x+2 i
(42)
Then, design the actual control signal v; as follows
1 T
—— (nenlin] + |00 )50 (210

where 7;,, > 0 and sgn(-) denotes sign function.

Then, in light of Vim ln’ |z, n;
6,,, P, |, and substituting (35) with k = n; — 1 and (43)
into (42), we have

(43)

Vi =

Zi,n,vSv,‘_f;l. Vi S

+ éiﬁl (éiPmt.l -

F;’]‘éiﬁl)
n; -T o ’
+2_0; (ZiJPmu — I 0,,-)
=

This completes the design of controller. Next, the main
results of this paper are illustrated by the following
theorem.

Then the design procedure of the above-proposed con-
trol scheme is shown in Fig. 1.

Remark 8 1t is worth noting that this paper failed to con-
sider the robustness of the control strategy. As shown in
[56, 57], the robustness of the controller can be improved
by adding a compensator.

3.2 Stability analysis of closed-loop system

Theorem 1 Under Assumptions 1-4, consider the closed-
loop system comprised of a large-scale nonlinear system
(1) with input saturation (2), the actual control input (43),
the virtual control signals (17), (25), (34), along with the
parameter laws are described as

01 = &1 Py — 0i1 L0101
. (45)
0ij = 2ijlijPm,; — 1110

withie {l,... ,N},je€{2,...,n;}. Then

(1) The system output y; tracks the desired trajectory y,,
for every i = 1,...,N. In addition, all the closed-
loop signals are bounded.

(2) All the tracking errors e; =y; —yq; satisfy the
predefined transient and steady-state performance.

Proof For the whole closed loop system, choosing the
Lyapunov function as follows

Zé 3 ZZZ:# ZZ% W0

i=1 ll]

(40)

Then, according to (44), the time derivative of V is cal-
culated as follows

@ Springer
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Fig. 1 The structure of MTN
L+ (f )+h (y)
i, l_]+l+fl‘j( )
]:2’..
Xy, =U +f,n(.f )+h (») 4@6
v =x Vi1 Yai
== (71151 ,1mll)
ie

AR N AL /A LA LA

xi’j

5T
% =~VikZik =0 j Fm; g

Oi.j =i, Vi, jFm; ; =i, Vi,
1 fl.,}’ll’
S 5T .
Vi = 5 [}/lani Zlﬂnl"-i_ ai,n,- Pmi,nl- jsgn(zl>ni)
0i,}’ll' :Zi,nl-ri,nipml-’nl. _Ui,niri,nigi,nl-
. 1
2 2\ £2 2 2\ £2 2
Vs —Z*mf ZZm 7Y el8)s Vs —me ZZm % Zwl@)fﬁgbz
i=1 j=2 i=1 i=1 j=2 i=1
1
&2 2 2 2
YD DR LHIE 9 AT +3 z}zznw 3R
j=1 1= Jj= (47) j=1 1= j=
N .
~T A
+ Z 0i 1 (éip'"xl - i,1105-,1) + Z Z ”lJ
i=1 i=1 j=
M LA (48)
+ , (Zl mij I—T 01’,)
im1 j=2 ! S On the one hand, choosing the smooth nonnegative func-

ti :(£7) satisf
Substituting (45) into (47), the following inequality can be 1OnS @i (é ) satsty

obtained
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n; N

Zzzylzhulyl (49)

11] =1

N
> w(&)E +
i=1

On the other hand, the following inequality is easily
obtained

Z Z 7’1101]011 —

i=1 j=

ZZZM

i=1 j=

< _—ZZ'M ij z,] ,I

i=1 j=
1 N n; -
+ 5 Zl Zl 1;;0;,0:
=1 j=

ﬁ and Apax (F ) denotes the maximal
Zmax l,j

——ZZ'MGWB’J

i=1 j=

(50)

where 177;; =
eigenvalue of I';;
Combining (48) with (49) and (50), we have

V.S_Z%lgz ZZ/UZ‘J

i=1 i=1 j=2

N n;

1 U ST 1~
=52 >y 0l 0
25:1 Jj=1 /Lmax(rid‘l) (51)
1 N n;
32D %t s ZZ% Ot
i=1 j=1 i=1 j=
< —AV+h
N n;
where A =min{/,..., Ay}, and 22;2%4—
i=1j

QZZn,ﬂTO +1p2, with 4;
i=1j=1

l,...,m},fori=1,...N.
Then, based on (51), we have

0o<v< (V(O) - ?) e Mt ? (52)

— min{4/i7172/l-J’ ’11,] J -

According to (52) and recalling (46), it implies that all
signals of the closed-loop system are bounded.

Furthermore, based on (51), the following inequality
holds

D P e
45:1 44 1 (P%_ezz)

V(0) +% (53)

Meanwhile, inequality (52) implies that the following
inequality holds

(1 —4 (V(O) + %) ) <4 (v(o) + %) (pf —207€})

(54)

where i =1,...,N.
Then, the following inequality is valid by selecting the
appropriate initial conditions and design parameters

1—4<V(0)+%) >0 (55)

Combining (54) with (55), we have
P! —2p7e} >0 (56)
Inequality (56) implies that

leil = |yi — yai| < 5—% <p; (57)

Therefore, all the tracking errors e; = y; — y4; satisfy the
predefined transient and steady-state performance. O

4 Simulation study

Example 1 In order to verify the effectiveness of the
proposed control method, consider the following large-
scale nonlinear system consisting of 2 subsystems

)C.]A’[ =X12 — O.IX]SIEO'IXI’] +y%yz

X12 =uj — xilxm + sinx, + 0.01 siny;
Y1 =X11

X21 = X220 — 0.1xp 1 %1720 - y,y5

. 2 .
X2 = Uy — X5 1X2 + 8iNX2 5 + 0.5y1y2

Y2 = X211

with the initial conditions are taken as x;;(0) =0,
x12(0) =0, x,;(0) =0 and x,,(0) =0. The inputs of
system satisfy the following nonsymmetric saturation
nonlinearity

1, vy >1
uy = Vi, -0.5 Svl < 1 and
—05, wvi<-05
0.5, Vs > 0.5
U = V2, —-0.5 << 0.5
—0.5, v < —0.5

In simulation, the desired trajectories y,; and y;, are
selected as y,; = 0.5sin(0.5¢) and y,, = 0.4sin(0.47),
respectively. The bounded prescribed performance func-
tions are chosen as p,(t) = p,(¢) = (3 —0.05)e™" 4 0.05.
The controller parameters are selected as follows:
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Y11 = 10’3’1,2 = 20, V2,1 = 20, Y22 = 5, M= 1, M2 = 1, X1
112,1 = 1, 112’2 = 1, F171 = Fz‘l = 0.515,

', =T5%,=0.5l, s; =s, =0.1. The simulation results X12
are illustrated in Figs. 2, 3, 4, 5.

Figure 2 demonstrates that the satisfactory tracking Vi
control performances are obtained. Figure 3 displays that .
the tracking errors e; and e, satisfy the predefined transient 21
and steady-state performance, respectively. Figure 4 shows .
the trajectories of u;, v and uy, v, respectively. Figure 5 22
shows the trajectories of x;, and x,,. It can be seen from
Figs. 2, 3, 4, 5 that: (1)the system output y; tracks the
desired trajectory y4;, for all i = 1,2 as well as all the
closed-loop signals are bounded. (2) The tracking errors e Y2
and e; satisfy the given predefined transient and steady- %31
state performance p, () and p,(r), respectively. '
Example 2 For the purpose of further clarifying the cor- X32
rectness and reasonableness of the proposed approach, we

Y3

consider a class of actual systems consisting of triple
inverted pendulums. According to [51, 52], the system
model can be described as follows

=X12
g 2
=u; +=sinx; | +—2(siny2 COsy; — siny; cosyp)
l mll
=X,
=X22
2
8 . 1a . .
=uy +sinxy; +—— (siny; cosy; — siny; cosys)
l mll
k2a2 . .
+ e (siny; cosys — siny, cosy;)
2
= X2
=X32
2
. a . .
= u3 +7sinx3; +—— (sinyz cosy, — siny; cosys3)
l m3l
=X3

(59)

where k; denote the spring constants, and m; and / denote
the mass and the length of rod, respectively, for all
i=1,2,3. g denotes gravitational acceleration and it
generally taken as g = 9.8m/s*. a denotes the distance

5 10 15 20 25

Time (sec)

40

0.5 :
0.4
0.3
0.2
014 i

-0.1
-0.2

-0.3

1 | |

-0.4
0 15 20 25

Time (sec)

Fig. 2 The trajectories of y; and y4 1, y» and y4» of Example 1
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3 T
.............. Tracking error e,
2 + p1(t) H
1+ o
O b=
A+ _
2 -
3 \ \ | I I I I I I
0 5 10 15 20 25 30 35 40 45 50
Time (sec)
3 T
.............. Tracking error e,
2 + pz(t) H
1 - st
(o)
A+ _
-2 ] o
3 \ \ | | I I | \ I
0 5 10 15 20 25 30 35 40 45 50
Time (sec)
Fig. 3 The trajectories of e; and p, (), e; and p,(¢) of Example 1
1.5 \ \ \ T
Y
1 L V1 L
0.5 _
0
\ \ \ I I I I I |
5 10 15 20 25 30 35 40 45 50
Time (sec)

T T T T T

25 I | | L 1 1 l 1 1
0 5 10 15 20 25 30 35 40 45 50

Time (sec)

Fig. 4 The trajectories of u; and vy, u, and v, of Example 1
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0.4

0.3

02t

o = =
-0.1 —
02+ =
03 | | | | | | | | |

0 5 10 15 20 25 30 35 40 45 50
Time (sec)

Fig. 5 The trajectories of x;, and x,, of Example 1

between the rod’s center of and the pivot. In addition, the
inputs of system satisfy the following nonsymmetric satu-
ration nonlinearity:

1, vy > 1

up =< vy, —0.8<v <1
—0.8, vp<—038
0.6, vy > 0.6

Uy =< Vo, —-0.5<v,<0.6
—0.5, < —0.5
0.5, vy > 0.5

uz =< v, —0.6<v3<0.5
—0.6, < —0.6

For system (59), the desired trajectories y, 1, ya2 and y43
are selected as ya,1 = 0.5sin(0.5¢) and
Ya2 = Ya3 = 0.4sin(0.41), respectively. The bounded pre-
scribed  performance functions are chosen as

@ Springer

p1(t) = p,(2) = p3(t) = (3= 0.05)e" + 0.05. In simula-
tion, on the one hand, the initial conditions of (59) are
taken as x;;(0) =x12(0) = x2,1(0) = x22(0) = x3,(0) =
x32(0) = 0. The parameters of (59) are selected as k; = 1,
ko =12, m =my =m3 =0.5 kg, ] =9 m. On the other
hand, the parameters of the control structure of (59) are
designed as Y11= 10, Y12 = 2, Y21 = 10, V22 = 5,
731 = 20, V32 = 5, M= L Mp = L, M1 = 1, Mo = L,
1’]371 = 1, 1’]372 = 1, FlA,l = F2’1 = F3’1 = 0.515,
F1’2 = F272 = F3,2 = 0.5]9, S1 = 0.1, Sy = 0.1,S3 =0.1.
The simulation results are illustrated in Figs. 6-9. Fig-
ure 6 demonstrates that the satisfactory tracking control
performances are obtained. Figure 7 displays that the
tracking errors ej, e, and e3 satisfy the predefined transient
and steady-state performance, respectively. Figure 8 shows
the trajectories of u;, vy, up, v, us, v3, respectively. Fig-
ure 9 shows the trajectories of xj 2, x2 > and x3 5. Obviously,
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25

35 40 50

Time (sec)

0.5

20

25

Time (sec)

40

0.5

20

25
Time (sec)

35 40 45 50

Fig. 6 The trajectories of y; and y, 1, y» and y,4», y3 and y,3 of Example 2

a satisfactory control effects have been obtained from
Figs. 6, 7, 8, 9.

Remark 9 The result of Examples 1 and 2 show that the
proposed algorithm is valid for both constructed systems
and actual systems. On the one hand, it can be clearly seen
that the proposed control algorithm can realize that all the
signals of the given control systems are bounded, all the
system outputs track the desired trajectory and all the
tracking errors satisfy the predefined transient and steady-
state performance, respectively. On the other hand, theo-
retical analysis and simulation experiments show that the

proposed control algorithm can get a satisfactory control
effect at the expense of low computational.

Example 3 The following experiment is employed for the
sake of illustrating the validity of the proposed control
method. Specifically, radial basis function (RBF) neural
networks are used to replace MTNs in the control structure
for the system (58). Simulation results are shown in
Figs. 10 and 11.
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Fig. 7 The trajectories of e; and p, (), e; and p,(¢), ez and p3(¢) of Example 2

According to Figs. 10 and 11, we can see that the
tracking control effects of two methods are almost the
same. However, compared with MTN, the structure of RBF
neural network is more complicated and functions more as
a calculation. Therefore, we can draw a conclusion that the
proposed approach can get satisfactory results at the cost of
low computational complexity.

5 Conclusion

In this study, we have developed a new adaptive decen-
tralized MTN controller approach for the predefined per-
formance tracking of a class of large-scale nonlinear
systems subject to nonsymmetric input saturation. The
proposed control approach can not only guarantee all the

@ Springer

closed-loop signals are bounded but also all the tracking
errors satisfy the predefined transient and steady-state
performance. The novelty is that, for the first time, the
MTN-based adaptive decentralized tracking control
approach is generalised to a class of large-scale nonlinear
systems, and the input saturations and the prescribed per-
formance control are simultaneously considered.

In recent years, a growing attention has been imple-
mented to the nonlinear systems subject to full-state con-
straints in view of the fact that neglecting the existence of
constraints may reduce the performance of control systems.
Therefore, our future research will be focused on gener-
alizing the method proposed in this paper to the issue of
full state constraints of large-scale nonlinear systems.
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Fig. 8 The trajectories of u; and v, u, and v,, u3 and v3 of Example 2
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0 5 10 15 20 25 30 35 40 45 50
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Fig. 9 The trajectories of x; 7, X2, and x3, of Example 2

T
Y1 — Y2
-y, using MTN method 051 < Y, Using MTN method
Y, using RBF method 04 ¥, using RBF method | |
1 03
1 0.2
8 0.1
8 0
01 8 -0.1
024 1 0.2
-0.3103 3 0.3
-0.4 102 / i . /
, 0.4 y
01t //
0.5F - 8 05F |
05 0,08
0% ‘ ) 0.5 1 15
0 1 3 4 5 1 .
0 5 ) 10 15 0 5 10 15
Time (sec) Time (sec)
Fig. 10 The trajectories of y; and y,; under two methods of system Fig. 11 The trajectories of y, and ys, under two methods of system
(58) (58)
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