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Abstract

In this paper, the problem of optimal adaptive consensus tracking control for nonlinear multi-agent systems with
prescribed performance is investigated. To address the issue of satisfying the initial value conditions in existing re-
sults, an improved performance function is employed as the prescribed performance boundary, effectively resolving
this problem. Then, by employing the error transformation function, the constrained system is converted into an
unconstrained one. Furthermore, fuzzy logic systems are employed to identify unknown system parts. By applying
the dynamic surface technique, the problem of “differential explosion”, which often occurs in backstepping, is solved.
Moreover, a distributed optimal adaptive fuzzy control protocol based on the reinforcement learning actor-critic algo-
rithm is proposed. Under the proposed control scheme, it is proved that all the signals within the closed-loop system
are bounded, and the consensus tracking errors have remained within the predefined bounds. Finally, the numerical
simulation results demonstrate the effectiveness of the proposed scheme.

Keywords: Multi-agent system, reinforcement learning, prescribed performance, optimal consensus control, actor-
critic structure
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1. INTRODUCTION

Optimal control is achieved by designing a control protocol that not only achieves the system control objectives
but also minimizes the system cost. The field of optimal control has garnered significant scholarly interest in
recent years. The optimal controller can be deduced from the solution of the Hamilton-Jacobi-Bellman (H]B)
equation ). For linear systems, this is actually solving the Riccati equation. However, for nonlinear systems,
the HJB equation is a partial differential equation containing multiple nonlinear terms, and it is conceivably
challenging to solve the equation directly. One approach that can be implemented is dynamic programming
(DP) [2-5], However, this approach becomes less feasible for high-dimensional systems since it is a backward, of-
fline computational process, which significantly increases the computational complexity in high-dimensional
scenarios. As a form of machine learning, reinforcement learning (RL) arguably opens up another avenue
to solve the problem[®~°l. The most commonly used RL algorithms make use of the actor-critic structure, in
which the actor interacts with the environment, and the critic evaluates the actions of the actor and provides
feedback; in this way, the actor performs the next task again. Subsequently, RL has been employed in various
nonlinear systems for adaptive control, leading to remarkable outcomes'°-**!. For example, an optimal adap-
tive controller for nonlinear systems with control gain functions was proposed to achieve not only tracking
(121 the problem of tracking control of nonlinear
systems with input constraints was investigated. In('*l, an optimal observer-based adaptive control scheme
for nonlinear stochastic systems with input and state constraints was proposed.

control but also the optimal performance of systems!°), In

In the meanwhile, since most physical models in practical applications can be represented by nonlinear systems,
the study of nonlinear systems is very important and has yielded rich results!'5-'%]. In recent years, multi-agent
systems (MASs) have garnered significant attention from scholars due to their capability to perform tasks that
surpass the capabilities of a single agent. The consensus problem in MASs refers to achieving a state of agree-
ment or convergence among multiple agents through the design of control protocols, which is a fundamental
problem in the design and control of MASs. Over the past decades, the problem of consensus control for MASs
has been extensively studied, leading to significant advancements'*=*°). Tn[2*], a consensus control scheme
incorporating a modified disturbance observer was designed to achieve fixed-time tracking control of nonlin-
ear MASs with unknown disturbances. In!?”), an event-triggered control distributed scheme was proposed to
address the problem of asymptotic tracking for nonlinear MASs with uncertain leaders. In recent times, there
has been a surge of interest in incorporating RL into MASs. It is an interesting and challenging problem and
has produced some excellent results*'=*8]. For instance, in[*?, an optimal backstepping consensus control
protocol based on RL was introduced for nonlinear strict-feedback MASs, which not only exhibits algorithmic
simplicity but also relaxes the need for two general conditions: known dynamics and persistence excitation.
In[**), an optimal RL-based event-triggered controller was proposed for nonlinear stochastic systems.

On the other hand, the concept of prescribed performance control (PPC) has emerged as a prominent research
topic in the control community, initially proposed by Bechlioulis and Rovithakis**). Transient and steady-
state performance, which is often neglected by conventional control schemes that solely ensure closed-loop
stability, is the primary concern of prescribed performance. The PPC strategy aims to align the actual sys-
tem performance achieved after execution with the desired or prescribed performance criteria and has yielded
remarkable outcomes**-*3), By utilizing exponential performance functions, both the nonlinear switched
systems in[*°) and the non-triangularly structured systems in [*? were able to achieve the desired rate of con-
vergence. To overcome the issue of “differential explosion” caused by repeated derivation, dynamic surface
control schemes were proposed to implement the tracking control of systems in*!) and[**], respectively. Re-
cently, there has been significant research focused on integrating RL into PPC[“+%3], However, it is noticed
that all of the above results depend on the initial conditions; i.e., at the initial moment, the initial error needs
to be made within a prescribed boundary by properly setting the initial values.

Motivated by the discussions above, this article focuses on the optimal adaptive consensus tracking control
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problem for leader-follower nonlinear MASs subject to prescribed performance constraints. The main contri-
butions of the article are as follows.

(1) Based on the actor-critic structure of RL, the proposed consensus tracking control scheme can achieve
optimal control of MASs while an excellent tracking effect is guaranteed. Compared with [1°-12], the proposed
algorithm is simpler to implement since it does not require system dynamic and persistent excitation condi-
tions.

(2) In contrast to existing performance functions**-**), most of which rely on initial value conditions, an
improved performance function is introduced such that the proposed consensus tracking control scheme is
able to force the convergence of the consensus tracking error to a prescribed region without the requirement
of initial value conditions.

(3) Compared with the traditional backstepping control scheme **?%], the dynamic surface technique is adopted,
which effectively avoids the problem of "differential explosion” caused by multiple derivations of the virtual
controller and makes the control structure simpler.

2. PRELIMINARIES AND PROBLEM FORMULATION

2.1 Topology theory

In this paper, information interactions between agents are inscribed by a directed graph & = (#, 7, ) in
which# = {1,--- ,N}and I C # X denote the set of notes and the set of edges, respectively. Furthermore,
d = |ajj] € RN*N denotes the adjacency matrix, all elements of which are non-negative, specifically a; ;> 0if
(j,7) € T and a;; = 0 otherwise. If the agent i has access to the information of the agent j, there is (j,i) € 7,
and hence, the neighbors of the agent i can be described as /#; = {j[(j,i) € 7 }. The in-degree and Laplace
matrix are defined as 9 = diag{d,,--- ,dy} with d; = Z?’:l ajjand Z = P — o . Similarly, if the agent i has
access to the leader, there is b; = 1; otherwise, b; = 0, which forms the matrix & = diag{b;,--- ,by}.

2.2 System formulation
Consider the following nonlinear MAS composed of N agents, where the ith agent can be modeled as:

Xij = xi a1 (1) + fij (% (1)),
xi,n = ui(t) + ﬁ,n(ii,n(t))’ (1)
yi =)C,"1,(j = 1,2,...,}1— 1)

wherei=1,...,N,%; = [xi1, X2, ,x,-,j]T € R/,j =1,...,nand u; denote the state variable and control
input, respectively. f;; represents the unknown nonlinear smooth function. y; = x;; denotes the output
variable. ¢ The consensus tracking error for agent i is defined as:

e = Z aij(yi = yj) +bi(yi = yr), (2)

JEN:
where y, is generated by the output of the leader to represent the reference signal.
Assumption 12%l Let the leader be the root node and the directed graph have a spanning tree.

Assumption 2 The reference trajectory y, and its derivatives y, are continuous and bounded.

Lemma 15 If a function F(x) is continuous on a compact set ®, then for any given accuracy & > 0, there
exists a fuzzy logic system (FLS) such that

sup [F(x) = 9" ¢p(x)| < &,
xed
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where ¢ = [#,---,9.]" denotes the ideal weight vector and L > 1 indicates the number of fuzzy rules,
and ¢(x) = [¢1(x), -+, (x)]T/ ZrLzl ¢, (x) denotes the basis function vector with ¢, (x) being a Gaussian
function, i.e., for r = 1,--- , L, ¢,(x) = exp[—(x — 7,)" (x — j,)/h2], where j, = [Jr1,Jr2, -+ » Jrn]” is defined
as the centre vector, and 7, is defined as the width of the Gaussian function.

2.3 Error transformation
Define the following monotonically increasing function over the interval (-1, 1)

Yx
I'(x) = VX , (3)
VI — x2
where y is a constant.
Define the monotonically increasing function w;(z), which has the following properties:
(1) wi(0) = I and limye w;(t) = =, with 0 < /; < 1 being a constant.
(2) w; is differentiable up to order n and w!,r = 1,-- -, n is bounded.
To achieve a desired level of system performance, we define the following performance function
X @i
T(gi) = ‘F—Z (4)
NI
1
where ¢; = R Then, our control objective is to make the consensus tracking error of the system satisty
w;
[(=¢i(1)) < ei < T(@i(2)).
Define the following normalized function
e
éie)) = ———, (5)
X2 +e?

From the above equation, we know that there exists a constant ¢ satisfying |&(e;)| < € < 1, in which case

e = f/‘l—‘_r_); is bounded.
The following error transformation function is introduced
@i (1)
(1) = ———, 6
0= e (6)

where @; (1) = w;(t)&(e;) with @;(0) = w;(0)&(e;(0)) = &(e;(0) € (—1,1). Therefore, it is clear from the
above equation that we can deduce that for any initial value of @;(0) € (-1,1), {j(t) — =+co if and only if
w; — —1 or w; — 1. This also implies that as long as ¢; is bounded, there exists a constant @ satisfying
|wi| <@ < 1.

From the above definition, it has
1 (A 1
A Y )
Wi Wi Wi Wi

Since F(x) is a monotonically increasing function, it follows that
F(=¢i) <T(&) <T(g). (8)
ﬁ, we can get ['(—¢; (1)) < e; < T'(¢i(2)).
1-&

Noting that T'(&;) =


http://dx.doi.org/10.20517/ces.2023.27

Yue et al. Complex Eng Syst 2023;3:19 | http://dx.doi.org/10.20517/ces.2023.27 Page 5 of 18

3. DESIGN PROCEDURE AND MAIN RESULTS

The controller design is conducted based on the following coordinate transformations
Zij = Xij — @, (9)
pi’j=C_l’l',j—CAl’,',j_1,j=2,...,l’L, (10)

where &; j_; denotes the approximate optimal virtual controller, @; ; denotes the output of the first-order filter,
and p; ; is defined as the filtering error. The filtering dynamic is introduced as

Kij1@ij+ @ = j-1, @ ;(0) = a;;-1(0), (11)

where «;, j—1 is a positive constant.

To facilitate brevity, the following definitions are provided before the commencement of the design steps. For
i=1,---,N,j=1,---,n, éa,,-j =04 — éa,,-j,éc,,»j =0.ij — GAC,ij,ﬁi,j =0 — ﬁi,j where éa,ij, HAC,,-j, and 5,-,1- are
the estimations of 6,;, 6., and ¥; j, respectively. /l?}n denotes the minimum eigenvalue of S; ; S{J.. The set Q
is the tight set that contains zero, and  (£2) represents the admissible control. The adaptive laws of actor FLSs
and critic FLSs, adaptive law 9; ; are designed to be

éa,ij = _Si,jSZ:j(o—a,ij(éa,ij —0eif) + 0ciibeif)s (12)
éc,ij = —O'C,ijSi,jSiT,jéc,ij, (13)
51‘,1 = Gdin — o1 ins (14)
51’,]‘=Zi,j¢i,j_O'i,jﬁi,j,].ZZa"' N (15)

where 07 ;j, 0c;j and oy j are design parameters.

Step 1: Derivation with respect to e; gives

ér = (di+ b) (xi2+ fi) = Y ai 37 = bisy. (1e)
JeN;

Define the performance index function for the first subsystem of the agent i as

V@) = [ oo @), (17)
t
where ¢; 1 (&, @i 1) = {l.z + ale represents the value function.

i,

The optimal performance index function is expressed as

Vi (2) / eor (G(0). ety (0)dr

t

a}‘,?elnibr(lg)(/,mCi,l(é“i(T),ai,l({))dT)- (18)

Considering x; » as the optimal virtual controller ;, then the HJB equation is given as

*

oV,
H * * * .
i1 (Gnai Vi) = cin(Gnagy) + —=1¢;
o ’ a¢i

= G aii e g (i by + fu) = ) aigyy = biv) +vil =0, (19)
1 JE-/Vl
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1+ @
where ; = X Vi= ——————

Vei+tei+y)  (-a?)?

Define the Bellman residual as

O =H; (&, a7, Vi) = Hii (a7, Vi)
= isl(é’l’a&zla‘/:l)'

(20)

The approximate optimal virtual controller is expected to guarantee that ® tends to zero. The following positive

function is given by
L= it = 0ci) (Bt — Oen).

Since equation H; (i, @},
OH; 1 (diva] | V] )
l(aé “-;1_,1) = 0. Then, from equations (12) and (13), we get
i 81[,1 A (91,-,1 A

Ii,l =T ail T —=

aga,il (996,,'1

a1 01 Ol 1
_ _Zai Al, Si,]S;-Tl Al’
2 aga,il ’ 696,,‘1

c,il

0.

IA

Thus, the designed adaptive laws éa,” and éc,,- 1 enable H; 1 (&, ], V7)) = 0 to be satisfied.

i1’

By calculating ?,Zi’l =0, it yields
il

s _ _ni(di +b;) v
Bl 2 g’

v,

To obtain the optimal virtual controller, we decompose

to derive the following equation

vy _ 2¢i1¢i . 1 Ve s 2
0l (di+b)n?  (di+b)?n? " (di+b)*n

T
2 ﬁ[’l ¢i,17
i
s

oV
, *
VY = (d; + b, 27752% =2ci14i — 219,-}@',1-

1

where c¢; | is a design parameter.

Substituting equation (24) into equations (23), it follows that

Cil 1 1

N = VY - 91 i
(di+bi)77i§ 2(di+biyni " (di + b i1 i

*

@ =

Since V| is an unknown term, by applying Lemma 2, there exists an FLS such that

0 #T
Vi(,l = gi’lsi,l + E&il,

(21)

V) = 0 has a unique solution, it is easy to deduce that /;; = 0 is equivalent to

(22)

(23)

(24)

(25)

(26)

(27)

where 67| refers to the optimal weights, S; | refers to the basis function, and &; | is the approximation error.
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Substituting equation (27) into equations (24) and (26) results in

* Ci,1 1 «T 1 «T

= - - 0781 +e01) - ———— 9T, 28
il (di"'bi)’]ig 2(di+bi)77i( 1Ser + i) (di + bi)n; 191 (28)
3V*] 2C']§' 2

> = el + Q%TSI' +&1)t—— i 29
50~ (e b b S A Bii i (29)

The 8,1 and d..;1 of the actor FLS and the critic FLS are used to estimate the unknown weights 67 |, respectively,

to obtain
Qi1 =— Ci,l 4” — 1 éT S = ;ﬁf ¢ (30)
T b 2(di + by T (dy+ b O
Vi1 2¢i1di 1 2
= - + 0. 1Si1+ ————0 ¢i1. 31
G (di+b)*n?  (di+b)*n> " ST+ b it G
Construct the following Lyapunov candidate function
| R 1
=—( +2 a119a,51+29”19c11+219,119 (32)

The derivation of V; ; yields

Via = &ilni((di + bi)(pin + @ia + zin + fin) — Z a;;jy; — biy,) +vil

JEN:
+ 9~u,i1551~9z1 (0ait(Bait = Oci)) + 0cinBein) + éiilac,ilsi,lsgléc,il - 5,-T,11§i,1. (33)
Define F; to be the
Fii=ni(di + b)) fin —mi Z a;;jyj —nibiy, — vi. (34)

JeN;

By Lemma 2, there exists an FLS approximation to F;; that results in
T
Fin=971¢i1 + €1, (35)
where #7, is the ideal weight, ¢; is the basis function, and ¢;; is the approximation error satisfying ;1 < &

with €1 > 0.

With the help of Young’s inequality, one has

1

lin€n < —C +5 2 & (36)

gmi(di + bi)zip < 54’52 + 577[2(511' +bi)°2;,, (37)
1 1

Lmi(di +bi)pin < Efiz + 5771'2(61[ + bi)zpiz,z, (38)

Substituting equations (30), (36), (37), and (38) into equation (33) yields

1
2 l] gl allSll

+ O'i,lﬁi,ﬂ?i,l + ea,iIS,'JSi,l(O—a,il(‘ga,il —0c1) + 0citen) + 90,,-10},1'151',15[,19@,1'1- (39)

Vi,l < —(ci1 - ){ + ’71 (d +b; )2 Zipt ’71 (d +b; )zp,,z
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According to Young’s inequality, it can be derived that

- %giél,,-lsi,l < JG+ GZ,IS 187 B (40)
U'ailégilsilsilaa,il

=— 0-‘;[1 ~azIS’ 1Sz 19(“1 - ‘;ll éallsi’lszléa,” + ;ll azlSl 1Sl 191111» (41)
O-Llleulsilsilec,il

_ ”‘2" 0 SiaST Gt — g;"émsi,lszléc,ﬂ + ;"e?,lsi,lsflec,“, (42)
(oeil — O'ail)éailsi,lsi’lac,il

_(O-C,ll 5 O—(/lll) allsl lsll il + (O—C,ll 5 O—ull) CIISI 15119”1, (43)
o101 < 0-11192 0';1192 (44)

By means of equations (40) — (44), V;; becomes

. 7 1
Vir < ~(ein = )+ 3md+ b)<hy + 57+ bl

1 a' il an 0' i
) 7,1 7,1 ail T T Oc,il 7
DA 19 - _19 > 04,1515 16ai1 + —— > ——0ciSs, lsz 101
O’a,tl AT T A T¢,il A T A Oc,il T ~
- (T - _)Ha,ilsi,lsi,lga,il - 2 GC llsi,lsi,lec,tl (a-all - )gall i 1Si,19a,il
Il &
- 2 L”St ISI 19011 (45)

Then, it can be further bounded as

. 7 1
Vit < —(cip— Z)(iz + 577:'2(611‘ +bi)2 2771 2(d; + b;)? P,2+Y11
0-11
2

Oc.il ~
S A0 O (46)

32 Tcil\ ymingT 3
19,1 (O-a,il )/l 0 gu,il - 5 il

a,il

_ 122 <f',12<f1T Oc.il T Ta,il T A 0'1T T A
where Y; | = 38 +754097 +7520] | S115110a11+ cilg S,lS”H”]—( 4)9[”1 SinS] Oain==5"0" Si1S] 0cin-

25,1 2 1,1 c,il c,il

Stepj(2 < j < n—1): From equations (9) and (10), it holds that

Zij = Zij+l F Pij+l + Qg+ fij — Qjel. (47)

The performance index function is chosen to be
Vii(zij) :/ ci,j(zij(7), @ ;(z))dr, (48)
t
where ¢; j(z;, i ;) = it a ; Tepresents the value function.

Considering x; .1 as the optimal virtual controller o, then the optimal performance index function has the
form

Vii(zi) Z/ ci,j(zi,j(7), 7 ;(2))dt
t

min_( / o) 20y (7). (2))dT). (49)

(Y;J-EW(Q)
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The HJB equation can be written as

*

Hij(zij ;1 Vi) = cij(zij, @ij) + 81 ——Zij
i
a *
_ 2 *2 b % - _

= Zl,j + ozi’j + ?(afu + fi,j - (1’,',]‘4_1) =0.

Zl’]
L =0, it yields

10V".

o =
i 2 0z,

*

avy .
iy .
77, into the following two parts

Then, decompose

*

iy
L= =2¢ ;i +V0 +219*T¢,j,

aZi,j
vy, o
Ve = = 2¢jzij — 20, ,
Lj (91,] NN j%ii
where ¢; ; is a design parameter.
From equation (52), it is easy to introduce
* «T
@; ;= —CijZij— 5V =0 ;0

2

Since V; is an unknown term, by applying Lemma 2, there exists an FLS such that

o _ p*T . .
Vij=0i;Sij* i)

Page 9 of 18

(50)

(51)

(52)

(53)

(54)

(55)

where 6} ; refers to the optimal weights, S; ; refers to the basis function, and ; ; is the approximation error.

According to the above equation, we can get
* =T T
@ ;= —Cijli,j — (9 Sl] + 5i,j) ﬂ ¢lj,

av:.

L]

T
9z, —2CIJZ,J+(9 Si,j+8i,l)+ﬁ;tj¢i,j~
ij

(56)

(57)

The éa,,' jand HAC,,- ; of the actor FLS and the critic FLS are used to estimate the unknown weights 9;‘1., respectively,

to obtain

1.
A qxT
Qi j = —CijZi,j — 29a ijSi,j — 9 bij

Vi
0z

—2CUZ1/ +0£‘ljSlj+201]¢’/

The candidate Lyapunov function function is chosen as

1 (PO |
Vij =Vij- 1+22 +20ul]0a,ij+

_ 1p - 1
2931 jOcij + Eﬁf Ui+ SPiiPL-

(58)

(59)

(60)
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Derivation of V; ; yields

Viij = Vij-1+2i,j(Zije1 + pijer + Qi + fij — @i je1) + PijPi

T oT A aT &
+9at]SlJSlJ(0-a,ij(9a,ij cz])+o—cz/ Ltj)+9“10—cth S 901/ ﬁ]ﬂi,j- (61)

From equations (10) and (11), it holds that

. Pi.j X
Pij =——"=—Qij-1. (62)
Ki

Define M; = ;. -1, which is a bounded continuous function.
By Lemma 2, there exists an FLS satisfying
Fij= ﬂij-fﬁi,j + € s (63)

where F;; = fi; — @i, 97 ; is the ideal weight, ¢; ; is the basis function, and ¢ ; is the approximation error

satisfying €, < € with €,j > 0.

With the help of Young’s inequality, the following inequality holds

Zij€ij < Ezi’j + EEIJ, (64)
1 2 1 2
ZijZij+1 < Ezi’f + Ezi’jﬂ, (65)
1 2 1 2
2ijPij+1 < Ezi’j + EP,’JH» (66)
1 1
pl',jM[ < §pi2,j + EMlZ (67)
Similar to the first step, it has
1 "T 1 2 AT T A
- 2 i j ath»] = 4 lj+49aljSi,ISi,j00»ij’ (68)
O'a,]QQUS S Qa,j
‘“/ T T ‘”J AT T ‘“J T T
= QaUS S Qa:j HMJS S Ha,j QaUS S 95,,,-1-, (69)
O'C,jHL”S S OC,j
0'
- "Z”efus N ”2”9{”5 ST Beij + ;'JGCT”S N (70)
(O-C,ij_o-a,ij)ezljs ST Oc.ij
(O-C,ij_o-a,ij) T T (O-C,ij_o-a,[j) AT T
ngaus 1S 10a.ij fews S C,j, (71)
3 3 Yij g2 O'ZJ 52
ity < 70— 5 (72)
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From equations (58), (62), and (64)-(72), V. ;j can be directly bounded as

: 7 7 (di+bi)n; +b) m; 1 1
Vij < —(ein = Z)é’iz —(eiz—7 - Z(Cz m = ) Zim * gziz,m + E”ipim
11 (di+b)n} d o
(-5 - Z(— P2 = > TR, = 3 A i — T i
! m=1 m=1
J o J
c,um A
= > apin S0 i Ocim + > Yim, (73)
m=1 m=1
where Y, ; = 5& + 75207 +75L00 .S ;ST 00ij+75L 08 S ;ST 0cij—(T5L =)L, Si ;ST 075207 ;S 1ST ;6
(di+b;)? 7]1 ] -1
IM? and %, = 2 '
1, j=2, . n—1.
Step n: The performance index function for the last subsystem is defined as
Vi) = [ cunlain(0)ui @), (74)
t
where c;,(zp, @in) = zin + ul’.‘2 represents the value function.
The optimal performance index function is
Vi (i) = / in(zin(7), 1} (2))dT
1
= min ([ (G (2)do) 75)
wen(2) J;
The HJB equation is introduced as
Hi,n(zi,na u;'k, ‘/:n) = Ci,n (Zi,ne u;k) + _lJlZi,n
azi,n
2 *2 6 l'Tn % =
=Ziy, +u;” + P) (I/tl- + ﬁ,n - (Yi,n) =0. (76)
Zin
3 = =0, we get
19Vi
Uy = ———=—. (77)
! 2 0z
av; .
7z can be decomposed into
a‘/i*l‘l T
— = 2ci,nzin VO +2ﬂ* ¢tn, (78)
azi,n
i?n —= - 26‘, niin 2ﬁz£¢i,)1- (79)

azll’l

where ¢; , is a design parameter. Since V7, is an unknown term, by applying Lemma 2, one gets

T
Vi, =0Sin+&in. (80)

czj+
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Then, the facts below are easily available

% 1 * s
U; = —Cinlin — E(giﬁsi,n + 3i,n) ﬁ T¢t ns (81)
av* «T
= zcl nlin t (0 Si,n + si,n) + 219 ¢1 n (82)
azl n

The éa,m and éc,in of the actor FLS and the critic FLS are used to estimate the unknown weights 6, respectively,
to obtain

I . ~
N T T
Uj = —Cinlin — Ega,msi,n - ﬂi,n(ﬁi,m (83)

Vi
(9_ = 2Ct nZin t 95 mS + 2191 n¢i,n- (84)
Zi,n

Candidate Lyapunov function is chosen to be the

1 1 ~ | R 1 1
Vin =Vip1 + zzzzn + 265m9a in t 59317109 in T zﬁlTnﬁl nt zpi,npi,n- (85)

The time derivative of V; , is given by

Vi n = Vl n-1+2i, n(ﬁz + ﬁ,n - &i,n) + PinPin (86)

+ 90 mS,TnS, n(o-a,in(ea,in - Qc,in) + O-C,ingc,in) + éz:[no-c an S ec in = ﬁT ﬁi,n-

By Lemma 2, there exists an FLS satisfying

T
Fi,n = ﬁzn ¢i,n + €in» (87)

where F;, = fin — @in, and €, < &, with &, > 0.

Similar to the previous steps, V;,, can be bounded as

: 7. ., 7 (d +b)77, o1 2
Via < ~(cin = D& = (ea =7 - Z(c,m = Pam = ), = Ve

4 =
1 1 (dz + bi)zrl,'z 2 O-l m a2 O-C im \ ymin 5T T §
- (K— - E - T .0,',2 - ﬁ - Z(‘Ta,im - )/11 m ga th Si,mga,im
! m=1 m=1
n
_ Z /lmm Oc.im gzszC o+ Z Y, (88)
m=1

whereY,-,n=ze,n+‘”"z92 +24m 07 S,ns WOaint 5200, S,”S Oein—(T5m—1yar S,”S WOain—T5207, S,ns Ocint

a,in c,in a,in c,in
1;‘[2
2770

— i 7 7 _ (ditbi)’n} 9 T o Teim AT o
I?eﬁne E; = mln{ci,l 7 Ci2— 1~ Tla Cim — %> 'm (O-a im = =3 lm)/l:n’;;l’ /l;n’;n S HC zm} Y; = Zm:] Yim
Vin can then be written as

Vin < —EVip+ Y, (89)
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Theorem 1: Consider a nonlinear MAS under Assumptions 1-2, with the optimal virtual controller choice of
equations (30), (58), and (83), the adaptive laws of equations (14) and (15), the actor FLS choice of equation
(12), and the critic FLS choice of (13). Then, we select the parameter o7, ;,, > ”“2'[’" > (r“% >0,¢1 > 7 cin >
I+ (di+l;i)2"’2 S Cim > 5, K_1, > 14 M, KL, > 1. Thus, we can conclude the following results:

(1) All signals in the closed-loop system are bounded.
(2) Consensus tracking error is within predefined bounds.

Proof: The total Liapunov function for all agents is selected to be

N
V= Z Vin- (90)
i=1
The derivative of V with respect to time is
V<-EV+Y, (91)

where E =minkE;,i =1,2,--- ,N,Y:ZfZIYi.

Obviously, it can be inferred that

Y

0<V(r) <e B (v(0) - %) + (92)

From (91), we know that ¢; is bounded by

[2Y
gi < z (93)

This means that the consensus tracking error can be bounded within prescribed bounds, i.e., I'(—¢(?)) < e; <
['(¢()). Then, we can easily confirm ||y — 1y,|| < %, where o (Z + %) represents the smallest singular
value of the matrix & + A.

On the other hand, it is known from equation (92) that f,,;, 8", ;» Y5> pij> and z; ; are bounded. Since @ ; is
a function consisting of bounded signals, @; ; is bounded. Based on the definition of Ga =04 — Oai s O ;=
Ocij — OAC,,- s ;. i=0ij - ﬁ,-, j» it is evident that éa,i s éc,i > and ﬁ,-, ; are bounded. Thus, it can be concluded that

all signals are bounded.

4. SIMULATION EXAMPLES

Consider the nonlinear MASs with four following agents and a leader, whose dynamics model is represented
as

(94)

X1 = Xip12(1),
Xip = ui(t) + fio(Xi2(2)),

wherei =1,2,3,4, fi» = 0.01sin(0.5(x;; — x;2)). The reference output trajectory is set to y, = sin(0.5¢). The
communication topology is displayed in Figure 1, through which the Laplace matrix Z is easily obtained as

0 0 0 O
-1 2 0 -1
z = -1 0 1 O
0 -1 0 1
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Figure 1. The communication topology.

Y
(2]
Y3 |
Ya
Yr

0 2 4 6 8 10 12 14 16 18 20
Time(sec)

Figure 2. The trajectories of the system output state y; (i = 1,2, 3,4) and the reference signal y,.

Select the fuzzy membership function as

(x;,j+0)%
Kk = e_ 2
NFI._/ ’

k=9,7,53,1,0,-1,-3,-5,-7,9.

~

=1,2,3,4j =12,

1
T (1 =1 exp(-1.51) +Al,-‘
selected as x; 1 (0) = [0.11,0.09,0.13,0.1], x;2(0) = [0.11,0.2,0.18,0.11], §,.:1(0) = [0.2,0.2,0.22,0.12],
6:.12(0) = [0.2,0.2,0.12,0.12], 8,11 (0) = [1.4,1,1,1], 6,:2(0) = [1.2,1.2,1,1], 4 ;(0) = 1, @ ;(0) = 0. The
design parameters are selected as [; = 0.2, ¥ = 5,¢;; = 9, k0 = 0.02, 0¢jj = 7, 04jj =5, 011 = o120 =
o021 = o = 031 = 21, and 030 = 041 = o4 = 11. The resulting simulations are presented in Figures 2-

The initial state values are

The time-varying function w;(¢) is chosen as w;(r)

6. Figure 2 depicts the output trajectories of follower agents and the reference trajectory, demonstrating the
guaranteed well-tracking performance under the designed control protocol. Figure 3 shows the consensus
tracking errors of agents and performance constraint bounds, from which it can be seen that the constraint
has never been violated. Figure 4 provides the designed control protocol. Figure 5 depicts the trajectories
of adaptive parameter 6. ,;. Figure 6 portrays the trajectories of adaptive parameters 6,;;. The trajectories
of adaptive parameter ¥, ; is plotted in Figure 7. The above leads show that adaptive parameters 6.;;, 04/,
and 1; ; are bounded. Based on the aforementioned results, it is evident that our control objectives have been
successfully achieved.
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Figure 3. System consensus tracking error ¢; (i = 1,2, 3, 4) and constraint functions I'(¢ (1)), T(-¢(1)).
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Figure 4. The trajectories of the control protocols u; (i = 1,2, 3,4).
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Figure 5. Responses of 6. ;;(i=1,2,3,4;k =1,2).

5. CONCLUSIONS

In this paper, the problem of optimal adaptive consensus tracking control for nonlinear MASs with prescribed
performance has been addressed. Firstly, a time-varying scalar function is introduced such that the designed
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0 2 4 6 8 10 12 14 16 18 20
Time(sec)

Figure 6. Responses of 6, (i =1,2,3,4;k = 1,2).

0 2 4 6 8 10 12 14 16 18 20
Time(sec)

Figure 7. Responses of 9; ; (i =1,2,3,4:k = 1,2).

performance function bypasses the initial value conditions. Based on the error transformation function, an
unconstrained system is obtained. Subsequently, a RL-based consensus control scheme based on optimal
control theory and dynamic surface technique has been proposed. Finally, it is shown that the stability of the
closed-loop system and the error constraints are not violated. In practice, the systems are always subject to
various uncertain constraints, such as actuator faults and input dead zones, which will have a large impact on
the performance of systems. Therefore, designing a properly performance-constrained optimal control scheme
considering the above situations is a topic for further research in the future.
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