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ABSTRACT

The topic about consensus target track seeking for high-order nonlinear multi-agent systems (MASs)
with unmodeled dynamics, dynamic disturbances, and dead-zone input is considered in the paper.
Using the strong nonlinear map characteristic of radial basis function neural networks (RBFNNGs),
the complex functions arising from recursive procedure are simplified. Also, inspired by input-to-
state practical stability (ISpS), the authors construct a dynamical signal in order to counteract the
impact of unmodeled dynamics and dynamic disturbances. The bounded inequality expression has
been applied to tackle the unknown input of dead zone. Based on this, consensus control protocol
suitable for nonlinear constraints has been constructed by using the recursive backstepping technique
and adaptive neural network method. Theoretical analysis indicates not only the uniform boundary
of all signals in the closed-loop under the neuro-based consensus controller, but uniform ultimate
convergence of consensus tracking errors. The final simulations also confirmed the correctness of
the theoretical analysis.
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INTRODUCTION

Because of the widespread use of MASs in robot network systems, rotorcraft-based unmanned aerial
vehicle (RUAV) systems, flight systems, biochemical processes, jet engines and so on, consensus
seeking in complex MASs has been pursued for several decades. Various excellent nonlinear
technologies have been applied to controller design for MASs, such as neural network control,
adaptive control, robust control and backstepping control. Furthermore, combined with some of
these control methods, many considerable achievements have been obtained (Sader et al., 2021;
Zhao, Tiao & You, 2022; Liu, Wang & Cai, 2021; Shen, Huo & Saab, 2021; Xiao & Dong, 2021).
The authors proposed a new neuro-based distributed controller in (Liu, Hu & Li, 2023) to achieve
formation cooperation for leader-follower MASs, and a novel Lyapunov function was built to eliminate
the influence of state delays. The full-state feedback NNs containment controller was presented for
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robots with flexible joints while ensuring the security of the robot in (He, Yan & Sun, 2018). The
new adaptive fuzzy tracking algorithm was reported in (Sun, Su & Wu, 2020; Zhou & Tang, 2020;
Chang, Zhang & Alotaibi, 2020) for nonlinear switched systems. The major characteristics of these
distributed control methods are summarized as follows: (i) the nonlinear functions were not required
to be known or expressed as linear parametric models because of the strong approximation ability of
NNss; (ii) the methods in (Liu, Wang & Cai, 2021; Shen, Huo & Saab, 2021; Xiao, & Dong, 2021)
all related to a common issue of “computer explosion’ resulting from repeated differentiations in the
standard recursive backstepping process; and (iii) the number of adjusted parameters in (Liu, Hu & Li,
2023; He, Yan & Sun, 2018) was too large because it was dependent on the quantities of NN nodes.
To overcome the weakness of (ii), the DSC technique was combined with backstepping control to
design controllers for multiagent systems (Sun & Ge, 2022; Yang, Zhao & Yuan, 2022), stochastic
systems (Chen, Yuan & Yang, 2022), and multi-input multioutput systems (MIMO) (Aghababa &
Moradi, 2021). Meanwhile, the problem addressed in (iii) was resolved by taking the norm square’s
upper bound of the weight vector instead of the vector itself for estimation (Jiang, Su & Niu,2022;
Shahvali & Askari, 2022); however, there were still too many parameters to be estimated. On the
other hand, notably, unmodelled dynamic and uncertain perturbations widely exist in many industrial
plants. Their existence can affect the control performance, even making it unstable. The existence of
unmodelled dynamics that may cause system instability was first initiated in (Krstic, Sun & Kokotovic,
1996). Meanwhile, dynamic nonlinear damping design was introduced for linear input unmodelled
dynamics to solve global asymptotic stability problems. Furthermore, nonlinear unmodelled dynamics
were discussed in (Chang, Zhang, & Alotaibi, 2020), and stochastic cases were discussed in (Li, Li
& Chen, 2015; Zhu, Liu & Wen, 2020). A fuzzy control strategy was proposed by constructing an
auxiliary dynamical signal aimed at nonlinear systems limited to unmodelled dynamics in (Yang &
Wang, 2016). The fuzzy self-adapting control approach has been discussed by integrating the small-
gain approach into the backstepping technique focusing on stochastic systems under the constraint
of unmodelled dynamics in (Sun, Su &Wu, 2020). Despite these achievements, to date, few studies
have focused on tracking systems with existing networked communication, unmodelled dynamics
and external perturbations.

Although neuro-based backstepping technologies have made great achievements, most of the
results were based on the actuator of each follower running in good condition. However, nonsmooth
nonlinear inputs such as hysteresis, input quantization (Chang, Huang & Park, 2020; Qin et al.,
2019) and dead zones commonly exist in industrial systems and devices, such as biological optics,
electric servomotors and mechanical actuators. Among them, the nonlinear dead-zone input, which
means that the actuators cannot perform accurately what the controller requires, has a considerable
influence on the system. The system performance may be severely degraded arising from dead-
zone existence, which is valuable but most likely to be neglected in control design, especially for
distributed control of MASs. The problem of a fuzzy adaptive controller was discussed for a single
agent system with nonlinear input in (Li & Tong, 2014; Wu, Sun & Su, 2022), second-order MAS
control with dead-zone inputs was considered in (Shen & Shi, 2016) and high-order stochastic MASs
in (Hua, Zhang & Guan, 2017). Nevertheless, the systems considered in (Shen & Shi, 2016) and
(Hua, Zhang & Guan, 2017) did not involve unmodelled dynamics. Although some useful results
have been obtained for dealing with unmodelled dynamics, most research achievements work for a
class of simple systems, and those controllers cannot be directly applied to nonlinear systems with
existing networked communication. The primary reason for this is that the state of each subsystem
is affected by subsystems that communicate with it. In addition, the methods developed in (Shen &
Shi, 2016) and (Hua, Zhang & Guan, 2017) are not suitable for the systems described in this paper
because they lack robustness of unmodelled dynamics and dynamic disturbances. The controller of
each follower depends not only on the information of itself but also on its neighbours. How to address
the distributed design for MASs with nonlinear dead-zone input and unmodelled dynamics is the
most important motivation of our work, which will be more complex and challenging.
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Based on the discussion above, we focus on solving the consensus control law design problem
for MASs with unmodelled dynamics, dynamic disturbances and dead-zone input. The contributions
of our research are as follows: (i) each dynamic equation is equipped with unmodelled dynamics,
dynamic disturbances and dead-zone input, which make systems more general and closer to the actual
systems; (ii) the “computer explosion” problem in (Liu, Wang & Cai, 2021; Shen, Huo & Saab, 2021;
Xiao & Dong, 2021) caused by the backstepping recursive procedure is removed by combining the
dynamic surface control technique with RBFNN:Ss; (iii) only one parameter needs to be estimated for
each follower compared with the number of estimated parameters in (Liu, Hu & Li, 2023; Hu, 2012);
thus, the computation cost is greatly reduced; and (iv) the proposed controller is robust to unknown
dead-zone parameters, unmodelled dynamics and dynamic disturbances.

The remainder of the paper is structured as follows. Section 2 gives the preliminaries. Section
3 states the research question and hypothesis conditions. Section 4 details the design steps of the
consensus controller and provides proof of system stabilization. Section 5 validates our proposed
algorithm through simulations. Section 6 concludes the paper.

BACKGROUND

In this section, we first formally state the consensus problem of multi-agent systems with unmodelled
dynamics, unknown dynamic disturbances and input dead-zone. Then, the authors proceed to discuss
the related works in the field.

Problem Statement and Assumptions

Considering an MAS, which contains a single leading node and M following nodes, all the nodes
exchange their information through a directed network. The system dynamical equation of the [ th
agent is expressed as follows:

=Xy, 1),
il.s = fl,s ('fl,s) + gl,s (fls )xl,s+1 + Al,s (xl’ T t) ?
i’l‘m = jll.m, (fl,m) + gl.m (‘Tl,m )ul + Al,m (xl’ L t) )

Y =T

(D

where 7, = [.TZ’I,JTLZ,"',ILW " € R" with [ =1,---,M, s =1,2,---,m represents the state vector;

y, € R isthe systemoutput; ¢(), f () : R* — R represent nonlinear unknown continuous functions;

5

g,,() = 0 is an unknown control gain; r € R" is the unmodelled dynamic; and A, (-) is unknown

dynamic disturbances. u, € R means the dead-zone output represented by

mz,e(vz) v, >b

I — “le

u = D](vl) =10 bm <y < bl,(r 2)

where v, indicates the dead-zone input and b, <0 and b, > 0 are unknown.

Remark 1. To the best of our knowledge, high-order MASs without dead-zone input have been
discussed in (Shahvali & Askari, 2022; Hasib, Towhid & Islam, 2021), and high-order nonaffine
MASs without unmodelled dynamics have been studied in (Pradhan et al., 2022). It is interesting to
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see that the follower in (1) includes three characteristics: unmodelled dynamics, dynamic disturbances,
and dead-zone input. Therefore, the MASs we consider are more general.

In our work, the research target is to explore a suitable tracking law to all the following nodes
for system (1) such that it can asymptotically synchronize to the desired output, while it can reach
global boundness to all system signals of the closed-loop systems.

To realize the above control strategy, several useful assumed conditions and lemmas need to be
prepared.

Assumption 3.1 The nonlinear gain g, (-) with known signs satisfies 0 <y, | gls | <g <
for [ =1,2,---,M . In general, we assume 0 < g < gl.s(-) <g <o0.

Assumption 3.2 (Pradhan et al., 2022) The states z,, and z,, are measurable for the hth
follower, WthhsatISfthN h=1--M,d=1--M,and h = d.

Assumption 3.3 (Li & Tong, 2014) If constants n

n n, and n,,, are all positive and

1,50 "Tls1? "Ulg0
satisfy
0< nl.s,O S nl'e (wl) S nl‘.w.,l’ wl(t) bl‘.s‘
0< nl.q,O < nl,q (wz) < nl.q,l’ w, (t) < bl.q

where n, (w,) = (dn, (p)/dp)|,_, .m (w)=(dn, (p)/ dp)

Based on Assumptlon 3.3, by means of the differential intermediate value theorem, the dead-
zone input expressed by the piecewise function in (2) can be transformed into a parametric expression
as follows:

p=w,

u, = K (02 (t)w,(t) + p, (w,(t)) 3)

K\(t) =K, (w (1), K (w,®)] . ) =g, t),0,0] .

0, w, < blq
Kl.s (wz) = nls (bl.s>’ bz,q <w, < bl,s >
n;.s (nl,s (wl))7 bZAs < wl < oo
";,q (nz.q(wz))7 —o0o <w, < bl.q
K[_,] (w[) = nl.q (b].q)7 b] < U} < b B
0, w, > bz
L w >0 1, w >b
SO S(t) — l,q , SO (t) — l l,s ,
L 0, w < bl ta 0, w, <b,
-, (nls( ))ble w, Zb]s
pl(wl) = 7( lq(b]q) + n (bz,s))wz’ bz,q <w, < bl,s
- 1,4(771,(1( l))bltq w, < bl.q
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n,,(w,) € (=00, ), m (w) € (b, 400); | p,(w,) |§ p, » p, is an unknown constant.
Remark 2 As mentioned in (Li & Tong, 2014), the unknown dead-zone input can be partitioned

into an input term and is similar to the disturbance part. The K" (¢)®,(¢) used as the weight coefficient

of the input signal is an unknown positive function, which is called the control slope in this paper.

Assumption 3.4 If smooth functions A | ()>0,\,,() >0 is monotonically increasing, when
0)=A\

1.d.,2 (

A

v 0) = 0 is satisfied, then

1A o2t < A (7 ) + A (2D “)

Assumption 3.5 For Lyapunov function V(e) , class k__ function o (), (), 7, () and constants

¢>0, d, > 0,if the e -subsystem is exponentially input-to-state practically stable (exp-ISpS), then

) < V(e) < oy

) )

(Je]
V(e a(y.e:t) < —cV(e) + 7, |z, ) + d, (6)

de

~

Lemma 3.1 If y(m,n) is a nondecreasing function, there exist ¢(m) >0, ¢(n) >0 then
[y(m, n)| < é(m) + $(v) .

Remark 3.2 For the nondecreasing function v, we obtain

7,(8) <, < 7,(s*)+~,(1) by using Lemma 3.1, and there exist v such that

1, 1
— 8 +_
2 2

7,(s) = s7(s) , we obtain ~y,(s) < s*y(s*) +7,(1) . Then, (6) can be rewritten as

oVie 2
J Q(ypea t) < —c V(G) + IZQ.L,V (Il_l) + dt) .

Oe ’ ’

Lemma 3.2 When the exp-ISpS conditions are met for Lyapunov function V(e) , we can always

find T, = TO(CO7 ro,eo) > 0, a dynamical function expressed by (Srivastava et al., 2022)

= —c,r + ' y(a*) + d, 7
to meet the following expression:

V(e) < r(t)+ B(t,,1),Vt >, ®)
where B(t,,T)=0, VI' >t +1T, ¢, €(0,c) and 1, =(f,) > 0 are arbitrary constants and
e, = e(t,) and t are initial values.

Remark 3.4 According to Assumption 3.5, o '(?) is an increasing function because a isa

class k_ function. From (4) and Lemma 3.1,

||e|| <o (T(t) +B(t,, t)) ©)
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o (o) < s (@ (7)) + B2, ) (10)

-1
1

be defined to obtain the inequality ¢, ,(|el)) <9, (r)+ 9, (B(to,t)) .

o -1

. . .. . . A
Because s °a; " is a continuous and positive function, a smooth function 19] s = P, o can

For B(t,,t) > 0, we can find a constant 51,5 that satisfies ¥, (B(to,t)) < 5“ . Thus, (4) can be

rewritten as
”ALS (z,e, t)” <y, ("xls ") +9,,(r) + 51,3 (11)

Lemma 3.3 For arbitrary variables z and positive ¢, the formula

z

0<|z|—2ztanh|=| < 0.2785¢ (12)
€

is always hold on.
Lemma 3.4 For any variable z and constant£ > 0

2

0<z]— << 13)

z

always holds.

Graph Theory (Qin et al., 2019)

The information flow between followers is expressed through a digraph P={M,H}, in which M
represents the nonempty collection of nodes, and the collection of directed edges is expressed as
H c M xM.Edge (m,n) € H directs the communication from m towards node n . The adjacent

c R71><7z , b — O,b

m,n } m,m m,n

matrix B = [b =1 if (n,m) € H, else a, = 0. Neighbour nodes are

defined with sets N = {n|n € M,(n,m) € H}. N = C — B refers to the Laplace matrix, where

C =diag{c,,---,c, },and ¢, = Z b . Define B =diag{b,,---,b,} as the leader adjacency matrix;
neN,,

when bk =1, it represents the communication direction from the leader to the k -th follower;

otherwise, b, = 0 means there is no information exchange.

Neural Network

NN have been widely applied to data processing (Srivastava et al., 2022; Hasib, Towhid & Islam,
2021; Pradhan et al., 2022), pattern classification and recognition (Chiang et al., 2022; Hammad et
al., 2021; Yen, Moh & Moh, 2021), and blockchain technology (Nguyen et al., 2021) owing to their
strong learning and approximation capability. For an unknown continuous nonlinear function ¢(K) :
g, (K)=L'®K), R" — R, K € R’ represents the input vector and p denotes the dimension of
the NNs. L =[l,1,,-

neural cell numbers. ®(K) = [p,(K), ¢, (K), -, (K)]" € R’ is the radial basis function with ¢ _(K)

~,ls]T € R’ and ls are the weights of neural networks, and s > 1 indicates
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(K—p) (K—-p,)
&

refers to the centre of the curve on the x-axis and &_ is the width related to the full width at half peak.

defined by ¢ (K):= exp I

, §=12-,m, where p =[p_,p ., p

5,q

For an arbitrary expression g(K), there always exists a NN expression L "®(K) and any § > 0 to

ensure g(K)=L"®(K)+n(K), VK € R”, where L indicates the desired weight vector, and it
can be expressed as follows:

L := argmin { sup

LeR? XeQy

9(K) - LT@(K)\} LK) <6

PROPOSED METHOD

The distributed consensus control design is carried out for system (1) with the backstepping recursive

design approach. Then, the analysis of stability is carried out via Lyapunov’s direct method. For
simplicity, we omit ¢, z, and X, in the corresponding functions for the following control design

procedures.

Neuro-Based Consensus Controller Design

To keep the design simple, we define the unknown positive constant as

9; :max{“VVl:“/&,j:1,2,~--,M} (14)

where Wlt indicates the optimal weight vector of the neural network. Let é, be the estimated value

of ,. 6, = 0, — 0, denotes the estimation error. We introduce the following graph-based error surfaces
for | =1,2,--- M,s=2,---,m

2, =20, (y,—y)+b —v,) (15)
sENL

zl.s = xl,s - 7Tl.s (16)

£, =T, —o 7

Step 1: To take a derivative with respect to z, and substitute (1), we can obtain

. _ _ m_oq b .
L= D j;,l + 9,175 + Al.l - Zigk,lq:k.? 7_]y7‘ (18)
' k=l B B
7 @, A=A a’l,lvA o
where Ji.1 - fz.l - Z_fk,,w (N N g b= dk + bl.-'
keN, I3 keN, I3

Consider the Lyapunov candidate function:
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where A\ >0, r is a dynamical signal described by (7).

Taking a derivative with V/

., along (18), the following can be obtained

. _ m al,k
Vu =2, fu + 91%5 — Z_gk:,lxk-,Z
k=1 1
~ b, . ro.
+A,, -y |+
b, o

By use of Young’s inequality and (11), we obtain the following formulas:

ro. 1 V2 L a o Lo,
)\—7“ < - (Co)‘o _)‘0 )7” +§Zl,17 (Zl.1)+5d0
0

1

2
zl.lAl.l < 2 5

1 1-
S012.1 +1912.1 +§] +519L21 +

2
Mﬁ%+

a a
Lk 2 1k
2 Am < zuZ[

kEN, p] keN, 1

+= 2192 +—_

keN

N |~
_

Substituting (21)-(23) into (20), we obtain

. 1_
Vl,l Szl‘l (91,1(212 Jr512 Jroz )JFF; (Z ))7591212&

_(co)\ﬂ_l—)\(;?)r ;z +— 192 gﬁfl+%d§+%
where
B =T~ X 0 - Z_y +135,

+2,|eh O+ ;N Il?; o+ + %]

]‘ 3 2 2
+z,,+ 3 Z (z;,1)

T
is an unknown nonlinear function with 7| = |z, , Ty Ty 052 00,07

19)

(20)

2y

(22)

(23)

(24)

(25)
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By employing an RBFNN WZ?S “( ,) to approach unknown continuous nonlinear expression
F (Z,,), we have
*T
F,(2,)=W]'S,(2,)+8, 26)
where 6, represents the error between the approach value and the actual value, and there is an upper
bound | §, [< 6,

To simplify the expression, the parameter Z, , is omitted from the function expression.

Utilizing Young’s inequality and (12), it is further obtained that

WS, <z, W8]
2, 1S _ (27)
< 2119]_1 gl S, || tanh B . G QZQJEH
11
1, 1o
zz,léu < 5 214 + 561,1 (28)

where gu = 0.27856111.
Formulas (26)-(28) are substituted into (24) to yield

HII HII

Vz,l < Z11911% + znel_l ” ”t

1
291211+legllgl2+gll 1,1 12 (29)
+D, - (CU)\[;I - xZ)r?

0

where D, 9;_1511+ 6 +219[21+ 2192 + + d2
kEN

Selecting the first virtual control law «,  , which is expressed by

117

=k 2, —0 ”Sl_l”tanh M (30)

11711
€

where I<:l1 > (0 and g, >0 are selected control parameters, it is obtained that

20900, < =k, — 7,095, ||tanhw 3D

€

Applying Young’s inequality, the formula below is achieved through calculation:



International Journal on Semantic Web and Information Systems
Volume 19 - Issue 1

1_ 1_
911711712 < _91212.1 + _91212.2 (32
2 2
Substituting Formulas (31) and (32) into (29) yields

Vz.l = _kl‘lglzlz.l + Z!.lélgl ||Sl-,1||tanh 6—
I,

25
1 (33)
+ zlﬁlgl.lgl] + %@Zé + DLl — (c Ao )\’2>7"2

0°0 0

To overcome the “explosion of differentiation of the virtual control”, we introduce the filtering
7, » Which is produced by passing through a first-order filter with constant [, of virtual control a;,

as

l1.27i-1,2 +m, = Q5T (0)= Q) (0) (34)
Step s (2 < s < m —1): Following a similar process to the above at each step.
The time derivative of z becomes

Zl.s = fl’s + gl.sxl,s-%—l + Al‘i - 7:‘—“ (35)
Choosing the following Lyapunov candidate function

1, 1,
‘/Z.,s = ‘/Z,sfl + 5 Zl,s + 5 5l‘s (36)

The differential operator of V, —along (35) satisfies

v, = s (fz.s_+ gz.smz,sﬂ_ + Al,s - 7:(1.5)

ls

(37N
+ I/'l,s—l + é-lsé-ls
Utilizing Young’s inequality again and (11), the following expression can be obtained:
2 2 2 1 2 1 92 1
ZZ,SALS S zl,s (wl,s + 79!,5) + 5 ZLS + 5 191,3 + 5 (38)

Substituting (16), (17) and (38) into (37), we obtain

10
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Vvl.s S Zl,s (gl,s (Zl,s+l + §IS+1 ) + Fl' (le))

B 1, - 39)
_gzz15_5z113+27915+§15§15 Zsl
where
'Fl’,s (Zl.s) = fl:s + (El + 1)Zl,s + ZZAS (9912,9 + 19129) - 7.rl.s (40)
is a nonlinear function with unknown items and
Z[.s = [fl..ﬂ ZLS ? 7.(-1737 T]T :
AnRBFNN WS, (Z, ) is applied to approach the uncertain nonlinear function F, J(Z,),and
we have
*T
F(Z,) =W 5,2,)+§, (4D
where ¢, represents the approach error with upper bound | o, I< 51‘5 .
According to Young’s inequality and (12), we have that
a8, <, | WS
lLs "ls Tls —I Tls ls l,s
2, |15, _ (42)
< ZZ sel_l ||Sl.s || tanh e + elglgl.s
Ls
1 1=
Zl.sél.s S 5 zlzs + 5 61.25 (43)
where €, = 0.2785¢ .
Substituting Formulas (41)-(42) into (39) yields
‘/Z,s S zl.sgl.sal,s + zl‘sgl‘sgl‘sﬁ»l + gl,szl.szl,s+l
7.2 04 s |tann| el "S’” 44
=94, + 2,04, " Ls " an e (44)
09z, +o82 19
+jgjgj- 5 +2 ]k+ +£]k€_]k'+
Based on the above, virtual control law ¢,  is expressed by the following equation:
Q= —kl&zls —0 ”S "tanh " (45)

1"
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where k>0 and ¢, > 0 are design parameters; then, we obtain

Z[.sgl.sal,s
A zl‘s ||Sl,s (46)
< fk“glzfs — Zz,,ﬂzgz ||Sl,s "tanh —
s
Once again, we use Young’s inequality, which is obtained
1, 1_,
gl‘szl,le‘s+l < 5 Vs + Eglzl,erl 47)
Plugging Formulas (46) and (47) into (44) yields
5 ~ 23 Zl,s Sl.s
V., < Gszl‘ng ||Sl.s "tanh -
s=1 l,s
m—1 ) m—1 m .
- Z kl‘sglzl.s + Z Zl.sgl,sgl.,s+l + Z gl..s'él..s' (48)
s=1 s=1 §=2
1_, -1 -2\ 2
+ 59121”1 + Dl,s - (Co/\o - )‘0 )T
_ 1l 1- 1
where Dl.s = Dl.s—l + 912161,5 + 5615 + 519/«,8 + 5 .

Similar to step 1, we introduce virtual filtering 7, , , whichis produced by a first-order low-pass
filtering of virtual control Q. , and the filter coefficient is constant ll e

+ Msp1 — Qo 7Tz.s+1(

0) =« (0) (49)

ll.s+17Tl.s+1

Step m : We construct the actual control signal v, in this step. The derivative of z, is

Z.ZJYL = gl,m (KZT (t)él(t)vl + pl (UZ)) + F;,m (Zl,m) (50)
where

1_ .
F;JH (Zl‘m,) = 1 + 5 gl Zl,m - ﬂ—l,m (51)

+z,, (gofm + ﬁfm) +

is an unknown nonlinear formula with

12



International Journal on Semantic Web and Information Systems
Volume 19 « Issue 1

— [ . T
ILm — [len ) Zl‘m ’ 7.rl‘m’ r]

We define a new auxiliary variable to facilitate design

5 =k, 2, + 69, [tank % (52)

l L,m " lm
' ' 3

I,m

Based on this, the actual control law v, and adaptation law for parameters 6, and (3, are built
below:

v o= — thm 121712 (53)
! 22 321—)2 + 52
L1 Y !
- m z |18 .
TP SR I 2 [ -
k=1 Eik
é1 = 2,0~ Vs, Bl (55)

where (3, is the estimated value of 3,, 5, =1/ m,, with m, = min{ml_m,ml‘k‘o}; ks w0 s
u, and vy, are all positive parameters.
i

Choosing the Lyapunov candidate function

1. 1~ 1 -,
V =V  4+=-2 +—0+-m g (56)
Im lm—1 lm 1 1,021
2 2y, 2

Following a similar procedure from (40) to (43) with k£ = m , to take the derivative of V, along
(50), we obtain

5 Zl m ||Sl m ||
V <z gl.m 91 ||Sl,m||tanh

Im — “lm

lm

. 1 ~:
T —_ —_
+K; ()@, (t)v, +v, — vj.) - 7— 00 +z 9. p 57
j
_ _ 1, 1-, 1
_szgi " + 0]2/(6]-,"1 + Eéz,m + 519] m + 5 + Jm—=1

By using Lemma 3.4 and K/ (t)®,(t) > m, , the following result holds:

13



International Journal on Semantic Web and Information Systems
Volume 19 - Issue 1

zl.m gl.mKlT (t)él (t)v/

22 [921_)2
= =0, K (2,() ==
zl,mﬁl 6l + gl 58
2 N2—2 ( )
—m g Zl,m 17l
= 104 5 A5
Zl_.,m ]22}1_ + 512
< f]m, 09~ A0 Y 1_/
By Young’s inequality, the two inequality expressions can be obtained as follows:
2'ulézéz < —uﬂ? + 'u’lelz (59)
27,&,6/61 < _7@512 + 7;3,@2
Plugging Formulas (58) and (59) into (57) yields
7 - 2 -1 -2 2 Iu’l N2
Vz.m s - kl,kglzl‘k o (Co)‘o o >‘o )’ — _01
) k=1 271
1 -
- Eml,l)gl’yd, ﬂlz + Z],mgl‘mpl (60)

m—1 m
+ Z Zl‘kgl,kgl,kJrl + Z fl.,lcé.l.k + DZ,771
k=1 k=2

1- 1- 1
in which DW =D +912151‘m +§52 +292 42

lm—1 Lm o bm 9

Remark 4.1 In the literature (Shen & Shi, 2016; Hua, Zhang & Guan, 2017), the number of
adoption parameters depends on the followers’ order or number of neurons, and it is usually higher
than one. It is noteworthy that merely one adaptive parameter will be required to be adjusted for all
followers in this work; thus, the computational complexity would be greatly reduced by using this
proposed control method.

To address the unknown dead zone, Lemma 3.4 plays a crucial role. Moreover, the unknown
inverse of the control slope is estimated online to offset the negative effect of the unknown dead zone.

Stability Analysis

According to the above analysis and deduction, the major findings are condensed as the following
theorem. Then, the analysis of stability for a closed system and uniform boundness are demonstrated,
which implies that all the followers can track the reference trajectory consistently.

Theorem 4.1 Considering the MASs characterized by (1), under Assumptions 3.1-3.5, each
virtual controller (30) and (45), the resulting actual control law (53), and the parameter adaptation
laws (54) and (55), the RBFNNs are adopted for all unknown nonlinearities. Then, the MASs can
obtain better consensus tracking when the design parameters are properly chosen.

Proof. See Appendix.
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NUMERICAL EXAMPLE AND RESULTS ANALYSIS

In the Presence of Dead-Zone Input

In this subsection, we will carry out a simulation to test and demonstrate the validity of the main
findings in our work. Taking the nonlinear networked system, for example, which contains one leading
node and six following nodes, the relations between agents are represented in Fig. 1. Each subsystem
can be described by the second-order dynamics equation.

F1:

i, = +x,+0.1sin(t)

11
2 2
G, =2x, +x,7, + 1+ ——"—|u +0.1sin(t) + 22 (61)
1+ REZD)
yl = xl.l
F2:
—0.5z,
xll = xll + $2‘2
2 2
T
&y, = 2,75, + |1+ —"—u, + 0.12" cos(0.2z, ) (62)
I+ Ly 1Ty
y2 = x?l
F3:
31 21’,3‘1 sin(x&lt) t Ty, Ty, T T,
T, = a;jl +z,.2,, + 1+ zzzjlx;2)u3 +227 4+ cos(0.5a:311t) (63)
y3 = $3‘1
F4-:
T, = T, Sin(m4,1t) +z,,
T, =2,,%,+ miZ + u, + 0.1z° cos(0.5z, t) (64)
Yy =Ty,
F5:
:1':&l =27, sin(:cmt) + 7,
:ts,z = le +7, COS(JJM + x5,2) + x?,zua +22° (65)
y5 = :1;5‘1
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Fé:
T, = sm(;v )+ Ty T,
Ty, = xm + , €os(, )—|— u, + 22° + cos(0. 5z, ) (66)
Ys = oy

where z = —z + xil +0.5.

(1-03sin(v))(y, —25) v >25
u, = D (v,) =10, —15<y <25 (67)
(0.8—0.2cos(v))(v, +1.5) v, <-15

It is easily obtained that g =1, g, = 2.
Choosing V(z) = z°, we obtain

V. (2) = 22(—2 + 27, + 0.5)

) 2 68
_92 4 (2 + Bz +84 2 (©8)
45 4 B

Then, the following expression is obtained by setting parameter 3 = 2.5 :

V.(2) < —1.22" + 2.5z +0.625 (69)

UnderAssumption3.6,wecanchoose o (| z |) = 0.5z, a, (] 2 |) = 22°,¢ =1 €(0,1.2),d, = 0.625

and (] =, |) = 2.5z, , and the dynamical signal r is defined as

11°

r=—r+ 2.5xi1 + 0.625 (70)

The RBENN consists of 72 nodes with centres 4, spread evenly on the interval [—3,3] with

widths ¢, = 2 ; thus, the continuous nonlinear expressions can be approximated with the help of the
RBFNN.
The target trajectory is selected as follows:

y, = sin(t) (71)

The simulation parameters are: Vit = Ve = Yoy = Yoo = Vg1 = Vs = 35, Yor =Y,
Vo1 = Vs = 20, Vo1 = Vo2 = 15, B, = 0.2, W, = 0.01, k, =25, kw =35, k =30,

ky,=25,k, =25 k,=25k, =20,k,=30,k, =20, k,=20,k, =20,Fk,6 =15,
v, =1 and fj.z0.0l.
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Figure 1. Communication diagram for all the agents
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Given the initial value as z,(0) =[0.1,—0.2]", z,(0) =[0.2,—0.2]" , z,(0) =[-0.1,0.2]",
2(0) = 0.1, 6,(0) = 6,(0) = 6,(0) = 0.01, and the other initial conditions are all zero.

Our results are depicted in Figure 2-5. Figure 2 shows the trace curves of the output for six
following nodes and one leading node output. Figure 3 shows the consensus tracking error signals.
Figure 4 displays the trajectory of the estimation parameters for six followers. The actual dead-zone
input and output for all six followers are shown in Figure 5. It can be deduced from all the above
results that all the consensus errors uniformly approach a small range around the zero point, and
all the adaptive parameters and control signals are bounded. We further conclude that the presented
distributed consensus tracking control method is effective and fulfils the control target.

Figure 2. Output tracks of six following nodes

1.5 T T T T T T T T T

— ]

rsensn %21

Followers and leader culputs

2 4 [ 8 10 12 14 16 18 20
tisee)
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Figure 3. Cooperative tracking error curves
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Figure 5. Trajectories of the input signal
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Remark 5.1 Figure 5 displays the curves of v, and u, of six followers. v, represents the
dead-zone input of u, which is achieved in the last step of the backstepping recursive process.

By definition u, in (2), we can obtain that u, is a piecewise function of G and it also demonstrates
a certain nonsensitivity to small control inputs. Thus, we draw Figure 5 to show the relationship
between v, and u .

Without Dead-Zone Input

To verify that our presented control algorithm can reach the same control result even with unknown
nonlinear dead-zone input, we carry out a comparison experiment between the proposed controller
and the controller in (Jiang, Su & Niu, 2022). The dynamic model is introduced in Section 5.1, which
is shared by the two control methods under all the same initial values and parameter selections. All
comparison outcomes regarding the consistency error are illustrated in Figure 6. It is concluded that
there is little difference in the absolute value of the consensus tracking errors by comparing Figure
3 with Figure 6. In addition, this presented control law is also applicable for more general systems,
significantly reducing the number of adoption parameters.

CONCLUSION

In this work, a neuro-based robust adaptive backstepping control method has been developed for
high-order MASs with unmodelled dynamics, dynamic disturbances and unknown dead zones. With

19



International Journal on Semantic Web and Information Systems
Volume 19 - Issue 1

Figure 6. Trajectories of cooperative tracking errors without dead-zone input
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the help of NN approximation, the nonlinear items produced by backstepping recursively for each
follower are considered as a whole to be approximated. To handle unmodelled dynamics, an auxiliary
dynamic signal is defined to build a proper Lyapunov function. The unknown nonlinear dead-zone
input can also be decomposed to an input similar to the perturbed parts. A new inequality is introduced
to handle the unknown dead zone. The target tracking errors will be driven to a small region of zero,
provided proper design parameters are chosen. The proposed method does not require the dead-zone
parameters to be known and only one parameter to be estimated for each follower. In addition, it
is robust to unmodelled dynamics and unknown disturbances. However, the consensus errors are
associated with the design parameters and some bounded terms of the estimated parameters, and the
transient performance needs to be further improved. Future research can focus on developing new
control strategies to handle input dead-zone. This includes compensation techniques of dead-zone,
input prediction or estimation methods and feedback linearization. The current research mainly focuses
on uniform network structure, in the future, we can explore more irregular and complex network, and
develop more practical controllers based on these network topologies. Besides, the proposed algorithm
can be applied to practical applications and further verified by experiments.
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APPENDIX
The global Lyapunov function is selected below:
[

W
v=>V
=1

1

(AD)

58

From (17), it can be rewritten as follows:

gl,erl = ¢l‘s+l (xl,l PR xl,s’ xz,l ? xz,? ? $1,3 ) yr’ yr’ jjr’ 9])
S (A2)
l

ls+1

where

k

o ()=- Mg — b

Z,s+1() ; 833].‘1. gy Z 8$.’ i,1 (A3)
M 80%_ (90[1g . X

_Z L, — —Y, ——= 91

i=1 81}72 ' 8yr

where © () is continuous and bounded with M, .

By differentiating (A1) and using (60), one has

M m
7 2 Hy 5o 1 22
V= Z _Z kl-,sg/zl,s - 0 — 5 M09 7, B
I=1 =1 2’)’; 2

m—1

+Z é—l.sél.s + Z Zl,sglﬁsé—l,ks‘#rl + DZAm (A4)
s=1

5=2

Jrzl‘mgl,m pl(vl)}if (Co)‘(;1 B A(IZ ) r

Applying Young’s inequality, we obtain

5 1 .
—2 2 2
gl,szl.sgl.s+1 < 9, % + Zfl,SJrl (A5)

*2

1
£ (A6)

-2 _2
gl‘mzl‘mpl S gl Zl,rn, + 4
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S _ s + M2 52 4 K/Q‘
l 4/{;5 1,s s l,s

l,s

Substituting (A5)-(A7) into (A4), we obtain
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Now, by defining the parameters k', m, , I =1,2,---,M ,and s =1,2,---,m as follows:

1 1 M?
B, =kg =5 m, = — =1
ls+1 4ﬁl.s+1
we have
V< —-CV+C, .
where

m—1 1
2
Dl,m +Z K +5_9 += mzogﬂdﬂ
s=1 ’y 2

l

M

C :min{2k2172mfs,2(c[]—/\[,7 )7/‘1"74} C, —Z

1
=1

Using the integral over (A9) on [0,T], the following inequality is obtained:

C C
0<V(T) < (1 - e*C'T)E2 LV 9T <V(0)+ o (A10)

1 1

Let Z=V(0)+ & , we can easily obtain that as ¢t — oo, "zks " < \/ﬁ

1
Moreover, by the definition of the expression of V' in (A1), the bounds of all closed-loop signals are

obviously guaranteed.
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