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ABSTRACT This paper is concerned with the dissipative problem based pinning sampled-data control
scheme. We investigate the problem for function projective synchronization of neural networks with hybrid
couplings and time-varying delays. The main purpose is focused on designing a pinning sampled-data
function projective synchronization controller such that the resulting function projective synchronization
neural networks are stable and satisfy a strictly Hs, Ly — Lo, passivity and dissipativity performance
by setting parameters in the general performance index. It is assumed that the parameter uncertainties
are norm-bounded. By construction of an appropriate Lyapunov-Krasovskii containing single, double and
triple integrals, which fully utilize information of the neuron activation function and use refined Jensen’s
inequality for checking the passivity of the addressed neural networks are established in linear matrix
inequalities (LMIs). This result is less conservative than the existing results in literature. It can be checked
numerically using the effective LMI toolbox in MATLAB. Numerical examples are provided to demonstrate
the effectiveness and the merits of the proposed methods.

INDEX TERMS Dissipative, function projective synchronization, neural networks, time-varying delays,

sampled-data control.

I. INTRODUCTION

For a long time, there has been a lot of interest in the study of
artificial neural networks (NNs) because of their numerous
applications, such as pattern recognition, image and signal
processing, optimization, and so on [1]-[4]. Because time
delay frequently occurs in many classes of NNs, it causes
oscillation, degraded performance, divergence, and instabil-
ity. Furthermore, time delay can be caused by the finite speed
of information processing and the natural communication
time between neurons. As a result, fruitful researchers have
challenged the problem of delayed NNs [5]-[9].

The associate editor coordinating the review of this manuscript and

approving it for publication was Shuai Liu

VOLUME 10, 2022

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/

Furthermore, synchronization is one of many types
of neural network behaviors that have a significant and
appealing scenario. It has been studied in a variety of
sciences [10]-[12]. To date, the literature has reported a
wide range of synchronization phenomena, including com-
plete synchronization (CS) [12], generalized synchronization
(GS) [13], phase synchronization [14], anticipated synchro-
nization [15], projective synchronization (PS) [16], and so on.
Another type of function projective synchronization (FPS),
has been introduced and studied [17], [18]. FPS is a broader
definition of chaotic synchronization that encompasses both
complete and projective synchronization. It states that the
driver and response systems can be synchronized up to a
scaling function [19], [20]. FPS has drawn the interest of
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many researchers in plenty of fields [21]-[23]. FPS on mem-
ristive NNs has been proposed by Wu et al. in [21], where
master-slave dynamical systems synchronize in case of weak
and the desired scaling function. In [22], the drive-response
systems can realize in FPS with linearly chaotic nodes, and
a simple control law was applied. The exponential FPS of
mixed delayed impulsive NNs was studied [23] using the
contradiction method and analysis approach. In general, the
systems cannot achieve synchronization autonomously due
to weak coupling or variation in the NNs. As a result,
we must artificially impose control from outside. Various
control schemes can be applied in NNs such as adaptive
control [24], [25], intermittent control [26], feedback con-
trol [27], impulsive control [28]. A natural method to achieve
synchronization of networks is to input a controller to all
network topology nodes. However, coupled NNs are typi-
cally composed of many-dimensional connected nodes, and
controlling each node is difficult and expensive. To prevent
part of nodes, named pinning control, was proposed in [29],
many pining rules have been applied in the synchronization
of dynamical networks [30]-[32]. Due to, the skyrocketing
in modern computers and communication, the controllers
used to solve synchronization problems in continuous-time
systems prefer to be digital. Thus, sampled-data control sys-
tems have received a lot of attention [33]-[36]. In such
systems, digital computers are used to sample and calculate
a continuous-time scale signal to generate a discrete-time
signal, which is then converted back into a continuous-time
control input signal utilizing a zero-order hold (ZOH) [37].
It is worth noting that the control signal is kept constant
throughout the sampling period and is only allowed to change
at the sampling instant. With the benefit of pinning and
sampled-data control, so there are many of applications of
pinning sample-data control. For example, [38] studied the
problem of coupled reaction-diffusion neural networks with
added inertia and time-varying delays. It can be synchronized
by using pinning sampled-data approach. In [34], the problem
of global Hy, synchronization of complex networks based
on pinning sampled-data control has been addressed. The
H, pinning synchronization of Lur’e complex networks with
sampled-data control has been studied in [39]. However, few
articles have been published on pining function projective
synchronization of connected NNs with hybrid couplings and
time-varying delays at the same time. As a result, solving this
problem for NNs is challenging.

Moreover, NNs have been investigated for a variety of anal-
ysis methods. In one research, the performance of NNs has
been examined in a lot of approaches. The input and output
relationships play a vital role in real-world problems. For
example, Tang et al. [40] studied passive synchronization of
coupled reaction-diffusion NNs with multiple time-varying
delays by using an impulsive controller and Lyapunov theory.
In [41], the research of passivity for NNs with an inter-
val time-varying delay has been investigated by applying
Lyapunov—Krasovskii function with double and triple inte-
gral terms and using new Jensen inequalities. And passivity
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criteria for neural networks is published in [42]. Lu et al. [43]
Hy, synchronization of directed coupled NNs with mixed
delays were examined using innovative criteria based on
exceptional sampled-data control and the Lyapunov method.
In [44], the problem of Takagi—Sugeno fuzzy NNs with
Ly — L filtering was addressed via Wirtinger-type inequal-
ities, formulated in the restriction of LMI. As is known, the
ingenious concept of dissipative analysis was first introduced
by Willems [45]. It is noted that the dissipative performance
has gotten more attention from researchers because it not only
dealt with Hy, and passivity performance [46], but it also
indicates an excellent practicable control scheme in many
varieties of sciences, including power converters [47] and
chemical process control [48]. Recently, [49]-[52] has exam-
ined into (Q, S, R)-dissipativity analysis; however, in those
works, the L — Lo performance is not considered in
the (Q, S, R) -dissipativity analysis. To address this con-
cern, Zhang et al. [53] first introduced a general performance
approach known as extended dissipativity, which involves
these performances by adjusting weighting matrices in a
unified framework. Furthermore, the study of extended dis-
sipativity performance for NNs with time delays has been
obtained more attention in the references [54]-[56]. As a
result of incorporating the extended dissipative performance
into the issue of synchronization for delayed coupled NN,
the analysis of the system will become more general, which
has not yet been investigated.

By the above motivation, function projective synchroniza-
tion and extended dissipativity performance are proposed
for NNs with hybrid couplings and time-varying delays
in this article. The main ideas of this work are given as
follows:

e For the first time, we address the FPS problem for
NNs including both discrete and distributed delays in
the hybrid asymmetric coupling, which differs from
the time-delay case in [57], [58]. Furthermore, the
above delays are not necessarily differentiable functions,
which can be easily be used into a real-world applica-
tion. The output terms include the state vector with the
disturbance and interval discrete time-varying delay.

e We develop a suitable Lyapunov—Krasovskii func-
tional (LKF) for using in FPS stability and extended
dissipativity analysis of delayed coupled NNs with new
inequalities.

e We first obtained new FPS stability and extended dissi-
pativity criteria that contain H, Ly — Lo, passivity, and
dissipativity performance. New parameters in the gen-
eral formulation has not yet been reported for delayed
coupled NNs.

e Unlike previous work [59]-[61], we carefully study the
FPS using mixed nonlinear and pinning sample-data
controls for our control method.

The rest of paper is organized as follows: Section 2 pro-
vides some mathematical preliminaries and network model.
Section 3 presents the passivity analysis of uncertain
NNs with interval and distributed time-varying delays.

VOLUME 10, 2022



T. Botmart et al.: Dissipative Pinning Sampled-Data Control for Function Projective Synchronization of Neural Networks

IEEE Access

Numerical examples are given in Section 4. Finally, the con-
clusion is provided in Section 5.

Il. PROBLEM FORMULATION AND PRELIMINARIES

Notations: Throughout this paper, R" denotes n-dimensional
Euclidean space and R"*" is the set of all n x n real matrices.
For any matrix X, the notation X > 0 means that the matrix X
is symmetric positive definite. Amax(X) and Anpin(X) denote
the maximum and minimum eigenvalues of X, sym{X} means
X + XT. The superscript T stands for the transpose. The
symbol * is used to represent the term of a symmetric matrix
which can be inferred by symmetry. The symbol & stands for
Kronecker product and diag{- - - } denotes the block diagonal
matrix. C([—op, 0], R") represents the space of all continuous
vector functions mapping [—o, 0] into R", where ¢ € R™*.
£>[0, 0o) denotes the space of functions ¢ : RT — R" with

1
the norm ||¢llz, = [[o~ 1#(0)1>dO]>.

Given delayed NNs containing N identical nodes with
hybrid couplings as follows:

Vilt) = —Cyi(t) + Aif Qi) + Aaf (it — r(1)
t N
+A3 / o 01N F 0 > g Buyo)
1—da(t

j=1

N
2
+02 Y g1 Bayj(t — r(1)

N t

+o3 Y g5 B3 / Yi(s)ds + Eyw;(t)

= t—d(t)
+ui(?),

Zi(t) = D1yi(t) + Dayi(t — (1)) + Exwi(?), (D

i = 1,2,...,N, where y;(fr) and u;(¢) are the state vari-
able and the control input of the node i, respectively.
FGi) = A L), ... i)' is a nonlinear
vector valued function describing the dynamics of nodes.
zi(t) € R! is the measured output of the ith node, C =
diag{cy, c2, ..., ¢y} > 0denotes the rate with which the cell i
resets its potential to the resting state when being isolated
from other cells and inputs. Aj, A and A3 are connection
weight matrices, D1, D>, E1 and Ej are given real matrices,
the positive constants o1, 07 and o3 are the strengths for
the constant coupling and delayed couplings, respectively,
w;(t) is the system external disturbance which belongs to
L[0, 00), B1,By,B3 € R™" are inner-coupling matrices
with constant elements and By, B>, B3 are assumed as positive
definite matrices, G® = (gg‘))NxN(k = 1,2,3) are the
outer—coupling matrices and satisfy the following conditions

N
k k
g, '>0,i#), gy = Zgﬁj), J=12,....,N, k=
./=1,j#t
1,2, 3. The interval discrete delay r(¢) and distributed delay
d(t) are satisfactory to the following conditions

O<srn=r(®=nr, 0=d@) =d, @
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where r{, r, and d are real constants. The isolated node of
network (1) is given by the following delayed neural network:

W(t) = —Cw(t) + Arf (W(t)) + Aof (w(t — r(1)))

t
wa [ pwtss,
t—d(t)
2w(t) = Diw(t) + Daw(r — r(1)), (3)
where w(t) = (wi(t), wa(t), ..., wa(®))T € R" and the

parameters C, A1, Az, A3, D1, Dy and the nonlinear functions
f(-) have the same definitions as in (1). The network (1) is said
to achieve FPS if there exists a continuously differentiable
positive function «(¢) > 0 such that

im0l = lim [lyi(e) = aow)]l, 4

i =1,2,...,N, where ||.| stands for the Euclidean vector
norm and w(t) € R”" can be an equilibrium point. Let p;(t) =
vi(t) — a(t)w(t), be the synchronization error. Then, by sub-
stituting it into network (1), it is easy to get the following:

PilE) = 5i(0) = Gewr) — (i),
= —Cpi(D) + A1 | 0i(1) — ) ()]
A2 (£t = () = a0 (w2 = r(0)]

t
iz [ [roun - ayonsy)] as
t—d(t)

N N
1 2
+o1 Y 8y Bipj(t) + 02 Y g Bapi(t — (1)
j—l j=1

+03 Z g B / oy PO = GO
+E) wl(t) + ui(2),
zi(t) = Dipi(t) + Dopi(t — r(1)) + Exawi(1), &)

where Z;(t) = 7;(t) — z,,(1).

Regarding to the pinning sampled-data control scheme,
without loss of generality, the first [ nodes are chosen and
pinned with sampled-data control u;(¢), expressed as the fol-
lowing form

ui(t) = up(t) +up), i=1,2,...,N, (6)
where
i (6) = &(Ow()
A1 @we) — a)f ()]
Ao (@(mr = r1))

—af (wt = (1))

t

[ [ - awrou] as
1—d(1)

i=1,2,...,N, 7)

Uin(t) = {Kipi(lk),

th <t <tr41,i=1,2,...,1,
i=Il+1,1+2,...,N,
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where K; is a set of the sampled-data feedback controller gain
matrices to be designed, foreveryi = 1, 2, ..., N, p;(t) is dis-
crete measurement of p;(¢) at the sampling interval #;. Denote
the updating instant time of the zero-order-hold (ZOH) by #
satisfy

O=mn<tn<--- lim # = 400,

k—+o00
Vk >0, 9

<l <

kvl =k = T =T,

where T > O represents the largest sampling interval.
By substituting (6) into (5), it can be derived that

pi(t) = —Cpi(t) + Ailf i) — f(a(Ow(1))]
FA2{f it — r(1))) — fa@w(t — r()))]
t
+A3 [f Oi(s)) = f(ee(r)w(s))]ds

t—d(t)

N
1
+o1 ) gf-,- 'Bipj(r)
j=1

N
2
+o2 Y 8 Bapj(t — r()
j—l

+03 Zg( 'B; / pi(s)ds + Eya(t)
d(t)

+Klp,(t — (1)),
i=1,2,...,1,

pi(t) = —Cpi(t) + A1lf i(1)) — f(e(t)w(1))]
FHA2[f it — (1)) — fa()w(t — r(1)))]

t
+A3 [f Oi(s)) = f(ee(t)w(s))]ds

t—d(t)

N
1
+o1 ) gf»,- 'Bipj()

N
2
+o3 Z gf»,- )szj(t —r(1))

j—l
+ong,3>Bg / sy IS + 16,
z=l+1,l+2,...,N, (10)
where 7(t) = t — t; satisfies 0 < t(¢) < 7. The initial

condition of (10) is defined by

pi(0) = ¢i(0), —w <06 <0, (11)

where w = max{r;, d, 1} and ¢;(0) € C([—w, 0], R"), i =
1,2,...,N
Let us define

K = diag{Kl, K>, ..., Kj, Oy, ...,0,},
N —— —— — —

[ times N—I times
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[ pi(0)

pa(t)
pt) = : ,

| PN (D)

(010 = f@@w()
F02() = f@w()
E(p() = : ,

| FONG) — flalm()

[ wi() z1(t)

(1) 22(t)
o(t) = : , 2= }

Zn(t)
Then, with Kronecker product, we can reformulate the sys-
tem (10) as follows

pt) = —(Un ® O)p(t) + (In @ AE(p(1))
+(Uy @ Ar)E (pt(t —r(1)))
+(Iy ® A3) E(p(s)) ds
t—d(t)
+01(GV ® By)p(r)
+02(G? @ Bo)p(t — r(t))

+03(G® @ B3) p(s)ds + Kp(t — (1))
t—d(t)

+(In ® E1o(1),
2(t) = (In @ D1)p(t) + (In ® D2)p(t — r(1))
+(In ® Ex)o(r). (12)

| on (1)

So far the following definitions and lemmas are introduced to
be served for the proof of the main results.

Definition 1 [54]: For given matrices F1, Fy, F3, and
Fy4 satisfying Assumption 2, system (12) is said to be extended
dissipative, if, under the zero initial condition, there exists
a scalar § such that the following inequality holds for any
tr > 0 and all w(t) € L2[0, 00):

14
/ "Jds = sup T OFa) + 5, (13)
0

0<t<ty

where

J(s) = 2 (9)F12(s) + 227 (s)Faro(s) + ! (s)F300(s). (14)
Remark 1: The inequality (13) implies that the new perfor-
mance contains more general solution by setting the weight-
ing matrices Fi,i = 1,2,3,4, (i.e.)
o IfF1 =0,F, =0,F3 = y*I, Fy =1, and § = O then
the inequality (13) becomes the Ly — Lo performance;
o IfFi=—1,F»=0,F3=y%,F4 =0, and § = 0 then
the inequality (13) determines the Hxo performance;
e [fF1=0,F,=1,F3=vyIl,F4=0,andd = 0 then the
inequality (13) reduces to the passivity performance;
e IfF1 =Q F, =8, F3=R—yl,F4 =0,and$§ =
0 then the inequality (13) degenerates the (Q, S, R) —
y — dissipativity performance.
The following assumptions are made throughout this paper.
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Assumption 1: The activation functions fi(-), i = 1,
2,...,n, satisfy Lipschitzian with the Lipschitz constants
fi>0:

(@) — fila(OwONI =< fi [Iy(0) — e()w(O)][,

where I' is positive constant matrix and I' = diag{f;, i =
1,2,...,n}

Assumption 2: [54]: For given real symmetric matrices
F1 < 0,F3, F4 > 0, and a real matrix F3, the following
conditions are satisfied:

Lo |[E2|l - IF4ll =0,

2. (IFil + NIF20D) - IFsll =0,

3. EJF\E; + EXF, + FIE, + F3 > 0.

Lemma 1 ([62], Cauchy Inequality): For any symmetric
positive definite matrix R € R"™" and x,y € R" we have

+xTy < X" Rx+y" R71y.

Lemma 2 [62]: For any constant symmetric matrix
W e R W = Wl > 0,b > 0, vector function
p : [0,b] — R™ such that the integrations concerned are
well defined, one has

b T b b
(/ pT(s)ds) w (/ p(s)ds) < b/ pT(s)Wp(s)ds.
Le(i)nma 3 [63]: For aopositive definiteomatrix S >0anda
functionp : [a, b] = R" whose derivative p € C([a, b], R"),
the following inequalities hold:

b
1
/ pr(s)Sp(s)ds > ——TIT ST,
a b—a

3
+mngs I,

+ > nTsm
b—a ° 3
+— nTsm
b—_ua 4 4,
b pb
f / pl(s)Sp(s)ydsdy > 211 S Tls + 4T1% S T,
a ¥
where

IT; = p(b) — pla),
2 b
Iy = p(b) + p(a) — —— / p(s)ds,

I3 = p(b) — P(a)+ — f p(s)ds
a)2 f / p(s)dsd?v,
[y = p(b) +pl@) — —— / p(s)ds
a)2 / / p(s)ds dv

120
(b —a)3 / / / p(s)ds dv du,

s = p(b) — m P(S) ds,

a
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2 b
g = p(b) + —— / p(s)ds
b—alJ,
b pb
P E— p(s)dsdv.

—a)? P
Lemma 4 [64]: For any symmetric positive definite matrix
A € R My, My € R™", Q € R¥™™ Y8 e (0, 1), the

following inequality holds:

1
—A 0
—oTf B | Q
0 —A
1-8
< -Q'z2(p)Q

1 — T
_sym{ QT |:( ﬁ}f]iTMl

+(1 — M2 A~ MY,

} }—i—,BMlAlMlT

where
2-PA 0
2(B) = .
) |: 0 1+ BA
Lemma 5 [64]: Consider a parameter dependent symmet-
ric matrix W(B) € R™* ™, such that the convex inequality

v(B) = A - W)+ B¥(D),

holds for all B € [0, 1]. If there exist a symmetric positive
definite matrix A € R"™" and two matrices M1, My € R"™*",
such that the inequality

T(p) = [Q M +£1A‘ﬂ)M2}<o,

1—pMT
o [ ]

where

Q=v(B) - QPR — sym

holds for B = {0, 1}, then the following inequality holds:
1 —
—A 0
wp) -af | P ) Q < 0. VBe.1).
0 —A

1-8

Lemma 6 ([62], Schur Complement Lemma): Given con-

stant symmetric matrices P, Q, R with appropriate dimen-

sions satisfying P = PT, 0 = QT > 0, one has P +
RTQ'R < 0 ifand only if

P RT - R
[R —Q]<O or |:RTQ P:|<O.

Remark 2: The merit of our method is that hybrid
couplings are considered for the first time, which contain con-
stant, discrete, and distributed delay couplings. These addi-
tional tools are more practical than the references in [10],
[57], [58]. Moreover, we obtain new FPS with extended
dissipative containing, passive, and dissipative performance.
Additionally, the conditions are more general than those
in [34]-[36], [39], [40], [43], [44], [57]-[59], and these
couplings are not inputted. We can notice that their conditions
cannot be simulated to our examples.
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Remark 3: Differing from references [10], [11], [57],
[58], we are first concerned with the FPS problem for NNz,
including both discrete and distributed delays. Moreover,
these delays are not necessarily differentiable functions that
can be easily used in a real-world application which differ-
ence from [6], [22], [32]. For the first time, we obtained new
FPS stability and extended dissipativity criteria that contain
Hy, Ly — Ly, passivity, and dissipativity performance by
setting parameters in the general formulation, which has not
yet been reported for delayed coupled NNs. Additionally,
we use mixed nonlinear and pining sampled-data controls,
which are unlike previous work [59]-[61].

Ill. MAIN RESULTS

In this section, we present control scheme to synchronize the
NN (1) to the homogenous trajectory (3). Then, we will give
some sufficient conditions in the FPS of NNs with mixed
time-varying delays and hybrid coupling. Before proposing
the main results, for the sake of presentation simplicity,
we denote:

X = [p" . p =), pTt = r2). pT ¢ = 1))
p), pTt — ), pl(t — (@), m@), m),

T
@, mo]
1 t 1 t—r|
m) = [—/ p’(s)ds, —/ pl(s)ds,
r Ji—n r(t) =11 Ji—r@)
1 t—r(t) - T
— = (s)ds| ,
r— () / o]
1 t t T
0 =[5 [ [ oo,
rl t—r; J
l t—rp t—rp
—_— / f p' (s)dsdv,
@ —r)” Ji—rin Jo
1 t—r(t) t—r(t) - isd T
— s)dsdv | ,
(r2 — (1)) /_ /ﬂ P s
1 t t t T
mo == / / f P! (s) dsdvdu,
ry Ji—ri Ju Jo
1
(r(1) — r1)?
t—r t—r t—rp
x/ / / pT(s)dsdﬁdu,
t—r(t) Ju 2
1

(ra — r(1))?

t—r(t) pt—r@t) pt—r(t) T
x / / f pT(s)dsdﬁdu] ,
t—r) u 9

t T
m® = | / Pr@ds, o] (15)

t—d(t)

where v; € R™18" is defined as

Vi = [Onx(i=1)n> In, Opx1g—i] fori=1,2,...,18.
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A. SYNCHRONIZATION ANALYSIS WITH SAMPLE-DATA
CONTROL

The following stability theorem is given for system (12) with
w(t) =0.

Theorem 1: For given scalars ry, rp, d and t if there exist
real positive matrices P € RSnx5n, 00, S0, Oi, Sk, R1,Ry €
R = 1,2,3,4; k = 1,2,3), M|, My € R4,
positive constants €; (i = 1,2,...,6), and any matrices
Y = diag{Y1, Yo, ..., Yn}, Z = diag{Z1, 2, ..., Zn} with
appropriate dimensions, such that the following hold.:

T BMi+(1—pMy  Tis

T(B) = * —A 0 <0, (16)
* * Y33
for B = {0, 1}, where
i3 = [TB T4 Y15 Y16 Y17 Tls],
. . €1 € € €. € €
T35 = diag{——1, ——=1, — =1, ——], — =1, - 2]},
3 = diagl=o . =l =51 =5 1. =5 1. =51}

5
Tn=)Y I-Q"spQ
i=1

1-pgMm!
—sym{ QT|:( ﬁJ\IZT 1 :| },
Ti3 = Iy ®ZA|, Y14 = Iy ® ZAs,
Ti5 = Iy ® ZA3, Y16 = Iy ® ZAy,
T = Iy ® ZAs, Tig = Iy ® ZAs,

M, = 07 PO, + 01 PO, — 015,03 — 0] 5,0,
+1vE Sovs + v{ Qovi — v§ Qove.

My = v{ (Q1 + I QaT)v1 — v (Q1 + T Qovy
(03 + T4y
—v§(Q3 + T Q4I)v3,

M3 = vE(r}S1 + 3, S2)vs + d>v] T $3Tvy
—VLTTS3Tv; — 015,05 — 30706
—5075,0; - 70{ 5,0,

Iy = —2®1T7R1®17 - 4®1T8R1®18 - 2®{9R2®19
—405 R1O2 — 201 ROy — 4OT,R, 0,

Ms = v ZSo + SEZzTvi +v1 28y + STz vs
+v1TYv4 + V4T_YTV1 + vgYw; + VZYTVS,

l T T
+2(61 +e)vi Uy T My

l T T
+2(62 +es v (Un @T My

1 T T
+§(63 +e6)vi;Un @ ' vy,

So = [01(GV @ B) — (Iy ® C)Ivy
+02(G? ® By)vs
+03(G® @ B3)v7 — vs,

A = diag{SQ, 352, 552, 7S2},

T
T T of of of of of of
Q= [99 B9 O11 O, O13 014 O ®16] ; (17)
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with

T T T T
O1 =[v;,rnvg, Bravg — (1 — Bravig,
2T 3. T4T
Fivins rivial®s
T T T T T T T
Oy = [v5, V| —Vy, V5 —V3, V] — Vg,
1
2. T 2.T 1T
Erlvl —rpvil’,

O3 =vi—v;, ©O4 =v7—vg,

®s =vi—wm, B¢ =vi+vy—2vg,
®7 = v — vy + 6vg — 12vqy,

Og = vi +vo — 12vg + 60vi; — 1200v14,
Og =vy —v4, O19=1v2+v4—2vo,
O11 = vy —vq+ 6vg — 12v1,

O12 = vp +v4 — 12v9 + 60vi2 — 1200v5,
O3 =v4 —v3, O14 =vs+v3;—2v,
O15 = v4 — v3 + 6vip — 12vy3,

O16 = v4 +v3 — 12v1g + 60vi3 — 1200v6,
O18 = vy + 2vg — 6V11,

®o0 = V3 + 2v9 — 6v12,

B17 = vi —vg,
B9 = v2 — o,

O21 = v4 — V10, O =v4+ 2vi0 — 6V13,

then, the system (12) with w(t) = 0 is asymptotically stable
with the gained sampled-data feedback controller designed
askK =z7'vy.

Proof: We consider a candidate Lyapunov-Krasovskii
functional:

4
V), 0 =Y Vip(), 1), (18)

i=1

where
t
Vi), 1) = PT(t) PP(t) + f T (5)Q0p(s)ds
1—T
t t
+ / f L ($)So p(s)ds d,
t—t JO
t
Va0 = [ [ 00w
1—r
+fT(p(s))sz(p(s))]ds
t—r
[ oo
t—r
T (P($)Qf (p(5)) |
t t
Va(p(1), f)=r1/ /ﬁ[’?T(s)Sm(s)dsdﬁ
t—rp
t—r t
+r2 / l / L ()S2p(s)dsdd
t—r v
t t
td / d /ﬁ FT (D)3 (p(s)dsd.
-
t t t
Va(plt), 1) = / / / 5 (OR1p(s) ds 9 dp
t—ry Jo JU
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—r —r t
- / / / P (Ryp(s)dsdv do,
—ry ] t+10
where

t—r
PO =[p"0. [ T @ds, / T (s)ds,
1—r t—

t t t ” t pt T
f / o7 (s)dsd, / / f pT(s)dsdl‘}dw] .
t—ry JU t—ry Jo JU

By taking the derivative of V(p(¢), t) along the trajectories of
the error system (12), we get
Vip(), 1) = 2P" (1) P P(1) + p" (Qop(1)
—p" (t = D)Qop(t — T) + " (S0P (1)

t
-7 / Pl ($)Sop(s) ds, (19)
t

Va(p(0). 1) = pT (1)01p(1) + T (p(1)Qaf (p(1))
—p"(t = r)Q1p(t — 1)
~fT(p(t — rONQf (p(t — 11))
+p" (t — r)Q3p(t — r1)
+f T (p(t — r))Qaf (p(t — 1))
—pT(t — r2)Q3p(t — 12)
Tt — )0 T (Pt — 1)),

< p Q1 +TTQ:D)p(r)

—pT(t — r)(Q1 +TTQD)p(t — 1)
+p"(t — r)(Q3 + TTQaD)p(t — 1)
—p"(t = r2)(Q3 + T QuD)p(t — 12),

= XTI, X@), (20)
V3(p(o), 1) = rip" S1p(@) — ft tr P ($)S1p(s)ds
+13pT (OS2p(0) |
oy f _ BT (5)Sai(s) ds
+d2fT(p2(t)Saf(p(t))

t
—d / TS (o,
5

< pT@O(rS1 + 13,92)p(1)
+d? p()r'T 3T p(r)

t
- / B (9S1p(s)ds
1—r

1—r
- / T ()S2(s) ds
t—nr

t
—d / dfT(p(S))S3f(p(S))ds, 1)
-

2 2
Va(p(t). 1) = %meRm(r) + %lﬁT(I)Rzl'?(t)

t t
- / f PL($)R1p(s)ds do
t—r JU

—ry

1—r
- / PT(Rp(s)dsdy,  (22)
t+9

)
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where I, is defined in (17). Applying Lemma 2 and
Lemma 3, it can be shown that

t
-t / P ($)Sop(s) ds
t—T
t
S—_— / pL()Sop(s)ds
t—1(t)

t—t(t)
-7 / Pl (s)Sop(s) ds,
t

-7

< ~[p0) — ptt = @] s0[p) ~ pts ~ (0]
~[p =@y —p =] 5o
x[pt = 7)) = ptt = )], 23)
=1 /t P ($)S1p(s) ds

< —055,05 - 300504 — 5615,60,
~-70%s,05. (24)

t
d / ST s
5

t
< —d / FT(p(s)S3f (p(s))ds,
t—d(t)

t

t
- f FT(p(s))ds Ss / F(p(s)ds.
t—d(t) t—d(t)

IA

t

t
- f o7 (s)ds (FTS3F> / ps)ds.  (25)
t—d(1) t—d(t)

t t
— / / PL(OR1p(s)dsdd
t—r; JU
t—ry t—ry
_ f / T ($)Rop(s) ds d o
t—r 2
< X7 X0). (26)

A

Let 8 = r(’r)2—7”, and applying the auxiliary function-based
inequality, Lemma 4 and Lemma 5 yields

1—r
-1 f P ($)S2p(s) ds
t

)

1—r
= —ry / P ($)S2p(s) ds
t—r(t)

t—r(t)
—ra / Pl (5)S2p(s) ds,
t

)

3
< — (085,09 + 305,010 + 50],5:01;
r(t) —r
+7®1T252®12)
1
——(@{352@)13 + 3@{452@)14 + 5@{552@)15
ra —r(r)
+70165:016),

= —i(®TS B9 + 3075010 + 507,50
—5929 1002910 1122911
+7®1T252®12)
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1
“1°% (07,5,013 +307,5,014 + 507,5,0,5
+701¢52015).

1
—A 0

—_ql | P : Q.
0 —A

1-8
_ T
_QTE(,B)Q—sym{ Qf [(1 ﬁAﬁiTMl } }

+BMi AT MT + (1 — pMaA ™' MT, (27)
where My, My € R4 A = diag{S,, ;52, 58, 755},
= [®g CHICHECHACHCHRCH ®1T6] and

_|C=H/A 0
E(’B)_[ 0 1+PA |
On the other hand, we consider the following zero equation:
0=2[p"0+p"0] 7| Uy ® Cptr)
+(Un @ ADEP®)) + (In @ A2)E(p(t — 1(1)))
t

+(Iy ® A3) £(p(s))ds + 01(GV @ By)p(7)
t—d(t)

+02(G® ® By)p(t — (1)) + 03(G® ® B3)
t
x f p(s)ds + Kp(t — T(1)) — p(r)]. (28)
t—d(t)

IA

Applying Lemma 1 and Lemma 2, we have
POy ® ZADEP())
17 T,T
< 26117 O UN ® ZA1ATZ )p(1)

+%]§T(p(t))(1N ® L)E(P(1),

IA

1
Z”T(’)(’N ® ZA\A] Z )p(t)
+%pT(t><IN ® I T)p(r),
1
= EpTa)(IN ® ZAVe; Iy @ ATZT)p(r)
+ 50" 0y & TTTp(), (29)
Pl Uy ® ZA)E(p(t — r(1)))
1
< Z—QpT(t)aN ® ZA2ATZM)p(t)
+€—225T<<r — r))Uy ® LYEP(t — r(1)),
1
< ZpTa)aN ® ZA2AT 2T )p(1)
+6—22pT(r — )y ® TTTYp(t — r(1)),
1
= EpTu)(IN ®ZA2) ;' (Iv @ ATZT)p(1)

+€—2217T(t — r()Iy @ TTD)p(t — (1)), (30)

Pl () ® ZA3) £(p(s))ds
t—d(r)

t
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1
< EpT(t)uN ® ZA3ATZTp(r)

€3

4 T
T
(/ o ET0Os) v 1)

«( id@) E(P)ds).

1
nga)(IN ® ZA3AYZTp(r)

+

IA

€3 t T T T /t
+—= d. 1 r'r ds ),
> ( / o) avert( [ )
1
= EpT(naN ® ZA3) ;' (Iv @ ATZT)p(1)

t T
+€—3</ pT(s)ds) (Iy ®T7T)
2N Ji—aw

«( / id(t)p(s)ds>, (1)

Ty ® ZADE(P(1))

1 . .
< ZpTa)(IN ® ZA\A] ZT)p(t)

€4 1
+= & () @ LEPD).
< zipTa)(lN ® ZAIATZT)p(t)
€4
+%“pT<r)(1N ® I T)p(o),
1
= EpT(t)(lN ® ZA)e, (v ® ATZTp(t)
€4 7 T
+5 7" Oy ® TTT)p(). (32)
(O Uy ® ZADEP(t — r(1)))
< zipT(n(lN ® ZA2ATZT)p(t)
€5
+%55T(<r — rE)) Uy ® LEP( — r(1)),

1 . .
EPT(I)(IN ® ZA2AT ZT)p(t)

IA

+%5pT<r — )y ® TTTYp(t — r (1)),
1
= Ez‘aT(szN ® ZAr) &5 ' (v @ ATZT)p(1)

+%5PT(t — r()Iy ® T D)p(t — r(1)), (33)

t
L)y ® ZA3) £(p(s))ds
t—d(t)

1 . .
< 2—€6PT(l)(1N ® ZA3AY ZTp(r)

€6 ! T T
+3( /td(t)é (p(s)ds) Uy @ 1)

<[ id([) E(p(s)) ds),

1 . .
< EpT(n(lN ® ZA3AY ZTp(t)
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t

€6 ! T r T /
— d I rr ds),
+3( /fdm” ©ds) tver'n( | pds)

1, _ .
= EpT(n(IN ® ZA3) ;' (Iv @ ATZT)p(1)
€6
2

X ( /:d(z) p(s)ds) ) (34)

Then, from V(p(t), 1), and (23)-(34), can be estimated as
Vp(), 1)

t T
n ( / pT(s)ds) Iy ® TTT)
t—d(t)

5
=X | Y m-eTzpe
i=1

1 — T
S I

+(1 — pMa A MT + %V{EIVI + %vsT Ezvs} X(1),
(35)
where I;, i = 1,2, ...,5) are defined in (17) and
Bl =(y®ZA) e Uy ®ATZT)
iy ® ZAo)e; Iy ® Ay ZT)
+(Iy ® ZA3)e; (v @ ATZT),
By = (Iy ® ZADe; ' (Iy ® A{Z")
+(Iy ® ZAr)es (Iy ® AT ZT)
+(Iy ® ZA3) €5 ' (Iy ® ATZT).
Applying the Schur complement of Lemma 6, we have
Vip(). 1) < XT(0) T(B) X (1), (36)

where Y'(B) is defined in (16).

According to Lemma 4, if LMI (16) is verified for 8 = {0, 1},
then the inequality Y(8) < O holds for all 8 € (0, 1). Then,
the system (12) with w(#) = 0 is asymptotically stable. This
completes the proof. U

Remark 4: The FPS of NNs is implemented to mixed con-
trol in Theorem 1 where u;1(t) is a nonlinear control (not
pinning sampled-data control) and must be applied to each
node. Relying on the pinning sampled-data control principle,
upp(t) is a pinning sampled-data control intended to apply to
the first | nodes 0 < i < l. The selected or unselected pinning
nodes don’t base on the estimation of node errors, where one
avoids rearranging each node errors. For further study, there
is another technique which doesn’t base on the estimation of
node errors in the reference [65].

Remark 5: It is worth noting that sampled-data control
has recently received much attention [33]-[36]. Because
computation and communication resources are frequently
limited in sampled-data implementation, reducing the data
transmission load when using a sampled-data controller
to achieve stability is critical. Furthermore, a neural net-
work is typically composed of many high-dimensional nodes,
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w0

w, (0

w0

FIGURE 1. The trajectory of the isolated node (48) in Example 1.

and controlling all neurons is expensive and impractical.
To address this issue, we introduce pinning control, which
allows us to control a subset of all nodes. Thus, the benefits
of using pining sampled-data control include low control
equipment costs, reliability, and ease of application.

B. EXTENDED DISSIPATIVE ANALYSIS WITH SAMPLE-DATA
CONTROL

For any non zero w(t) € £L5[0, 00), the extended dissi-
pativity theorem can be obtained under the condition of
assumption.

Theorem 2: For given scalars r1,ry,d, T and a positive
scalar k < 1, if there exist real positive matrices P €
R 00,80, 0i, Sk, R1,Ry € R™"(i = 1,2,3,4;
k=1,2,3), M|,M, € R18nx4n positive constants €; (i =
1,2,...,6), and any matrices Y = diag{Yy, Y2, ..., Yn},
Z = diag{Z,, 2>, ..., Zy} with appropriate dimensions, such
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0.8

0.6

0.4

0.2

1,2) and a(t)w2 (]

02

0.4

¥,(0),

-0.61

-0.8

1,2) and a(t)w1 (t)

¥, . G

=l -0.5 0 0.5 1

yiz(t), (i=1,2) and a(t)wz(t)
FIGURE 2. The chaotic behavior of the network y;(t) and the isolate node
o(t)w(t) in Example 1.
that the following holds:

Y BMi+(1—pBMy  Tis

T = * —A D=0 eP
" * T33

kP — D} F4D Dy F4DT2 >0, (38)
% (1 — k)P — Dy F4D;

for B = {0, 1}, where

4
Y=Y I+ s+ s — QT 2()Q

i=1

_ T
—sym{ Qf [(1 ﬂlfliTMl i| },

5 = V{ZSO + _OTZTvl + v5TZS_‘0 + _gZTV5
+v1TYV4 + VIYTW + VSTYV4 + VZYTV5,

VOLUME 10, 2022



T. Botmart et al.: Dissipative Pinning Sampled-Data Control for Function Projective Synchronization of Neural Networks

IEEE Access

1,2,3); a(t)w,I (t)

Yy, G

Time t

1,2.3), a(tw, (b

V(0 (i

0 10 20 30 40 50

Time t

FIGURE 3. The state trajectories of the network y;(t), (i = 1, 2, 3) and the
isolate node «(t)w(t) in Example 1.

1 T T
+§(61 + e Uy T Thvy

1 T T
+2(62 +es)vy Iy @I TNy

1 T T
+§(63 + esvi;Un @ ' vy,

Mg = —(D1v1)" F1D1vy — (D1v1)! F1Dyv4
—(Dv1) F1Eavis — (Dava) F1Dyvy
—(D2va)" F1Davs — (Dava)! F1Eavis
—(Eavig)" FID1vi — (Eavig)" F1Davy
—2(Dyv1) Favig — 2(Dava)! Favig
—vig(E3 F1E2 + 2E] Fy + F3)vis,

So = [01(GV ® B)) — (Iy ® )i
+02(G? @ Bo)va + 03(G® ® B3)viz
—vs + Epvis,
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FIGURE 4. The state trajectories of the error system without control in
Example 1, where p;(t) = y;(t) — a(t)w(t), (i = 1,2, 3).

then, the system (12) is asymptotically stable and extended
dissipative with the gained sampled-data feedback controller
designedas K = Z7'Y.

Proof: To show that the system (12) is extended dissipa-
tive, first, we use the LKFs candidate (18) and the following
performance index for the system (12). Using inequality (36)
in Theorem 1, equation (14), and LMIs (16) we obtain

Vpt),n—J@) < XT@) T(B) X@t) < 0,
V(p(t), 1) < —J(1), (39)

where Y(B) is defined in (37). Then we integrate both sides
of the inequality (39) from 0 to ¢ > 0 and letting § <
=V (p(0), 0), we get

t
f J(s)ds = V(p(1), 1) — V(p(0), 0)
0
> pT'(t) P p(t) + 8. (40)
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0.4
0.3
0.2
0.1 :’\

-0.1 ‘ J
-0.2

-0.3

—0p,,(®
Py, (D]
Py, (0

=]
e

State trajectories

-0.4

-0.5

0.2
IO

—D,,1)
0.1+ P3O

-0.1 4

State trajectories

-0.2

-0.3

04 i ; .
0 5 10 15 20 25
Time t

FIGURE 5. The state trajectories of the error system with control in
Example 1, where p;(t) = y; (t) — «(t)w(t), (i = 1,2, 3).

Next, we consider two cases:

Case I: F4 = 0. For this case, from inequality (40) we

obtain
I
/ J(s)ds = §.
0
This implies Definition 1 with F4 = 0.
Case II: F4 # 0. From Assumption 2, it is clear

Fi = 0,Fb =0, F3 > 0, and E, = 0. Then, for
O0<t=<trand0 <1 —A(r) < tr, (40) lead to

14 t
/ " (s = / J)ds = pT(Pp() + 5,
0 0

t =)
/ J(s)ds > / J(s)ds
0 0

> pl(t = M) P p(t — A1) + 6.

and
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Py ()] |
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Time t
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0.1

-0.1

State trajectories

-0.2

-0.3 A

P,(®)
Py,

P3|+

-0.4

10 15 20

Time t

FIGURE 6. The control input u;(t) in Example 1.

25

On the other hand, for t — A(¢) < 0, it can be shown that

Lt — M)Pp(t — A1) + 8
< IP|l Ip(t — MO)* + 8

IA

IA

IA

sup  |p(O)> + 8

—8,<6<0

—V(p(0),0)

i
f J(s)ds.
0

Thus, there exists a positive scalar k < 1 such that

4
/f J(s)ds = 8 + kpT ()Pp(t) + (1 — k)
0

xp! (t — MO))Pp(t — A(1)).

By the relationship of output z(¢) with (38):

2 (t)Faz(t)

(44)

(45)
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021
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0
w, (0

FIGURE 7. The trajectory of the isolated node (48) in Example 2.

_ [ o T
| p(r = A1)
[ kP — DI F4D, —~DTF4D,
| * (1 — k)P — DI F4D;
[ p@) T
x| e = M,))} +xp” (1Pp(1)
+(1 = ©)pT (¢ = MO)PP(t — A(1)). (46)

So, it is clear that for any ¢ satisfying 0 <t < ¢

.
f ’ J(s)ds > 7L (1)Faz(t) + 6. 47
0

Taking the supremum over ¢ in inequalities (41) and (47),
the system (12) is extended dissipative. This completes the
proof. |
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G
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G®@
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FIGURE 8. Simple directed neural network in Example 2 with
5 nodes.

IV. NUMERICAL EXAMPLES

In this section, we provide three examples to illustrate the
effectiveness of the results obtained above and applicability
of the designed reliable pinning sampled-data controller in
the previous section. Now, consider the FPS problem of the
following network consisting of two-dimensional NNs (1)
and two-dimensional isolated nodes of network by the fol-
lowing equation:

Ww(t) = —Cw(t) + A1f (w(@)) + Aof W(t — r(2)))
t
+A3 / fw(s)ds, (48)
t—d(t)

where w(r) = [wi,ws2]7 € R" is the state vector of the
network and the parameters C, Ay, Az, A3, r1, 12, d and the
activation functions will be specified in the following two
examples.
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FIGURE 10. The state trajectories of the network y;(t), (i = 1,2, 3,4, 5)

FIGURE 9. The chaotic behavior of the network y;(t) and the isolate node and the isolate node o(t)w (t) in Example 2.

a(t)w(t) in Example 2.

€6 = 0.6 the inner-coupling matrices are given by

Example 1: Consider the isolated node of network (48) 1 0 0.1 0
with the parameters as follows: By = |:O 1] , By = |: 0 0‘11| ,
1 0 1.8 10 02 0
C—[o 1]’ Al—[o.l 1.8]’ 33_[0 0.2]
Ay — |: —O 115 _0115 ] Ay = |: —0013 _00121| ’ and the outer-coupling r_natrices are described by
-2 1 1
fwi(®)) = 0.5(lwi + 1| — lw; — 1)), . = 1,2), r(t) = 1, and GV=1|1 -2 1],
d(t) = 0.2. Then, the trajectory of the isolated node (48) with 1 1 -2
initial conditions w1(0) = 0.9, wp(0) = 0.6,V0 € [—1,0] is = 1 0 1 =
shown in Figure 1. G? — 1 ) 1|,
As presented in Theorem 1, the pinning sample-data con- 1 0 -1
trol for FPS of delayed NNs (1) with w(t) = 0, choosing the = =
time-varying scaling function o(t) = 0.02 + cos(%t), the G® _01 11 1
coupling strength o1 = 0.2, 05 = 0.1, 03 = 0.5, the positive - B
constants €] = 0.5, ¢ = 0.5, €3 = 0.8, ¢4 = 0.7, 5 = 0.8, L1 1 =2 ]
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FIGURE 11. The state trajectories of the error system without control in
Example 2, where p;(t) = y;(t) — a(t)w(t), (i = 1, 2,3, 4, 5).

By solving the LMI (16), the gain matrixes can be obtained

as
—0.0684 0
K1 = [ 0 —0.0684}’
o _ [ 0:0452 0
2= 0 —0.0452 |’
Kz = 0.

Moreover, the chaotic behavior of the network y;(t) and the
isolate node wi(t), i = 1,2) with the time-varying scaling
function a(t) are shown in Figure 2. Figure 3 shows the state
trajectories of the isolated node a(t)w(t) and the network
vi(t), (i = 1,2,3). Figure 4 shows errors between the states
of the isolated node o(t)w(t) and the network yi(t), where
pii®) = yii®) — a®wi(t) ¢ = 1,2,3,j = 1,2) without
control (6). In order to illustrate the efficiency of our method,
we plot errors between the states of the isolated node o.(t)w(t)
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FIGURE 12. The state trajectories of the error system with control in
Example 2, where p;(t) = y;(t) — a«(t)w(t), (i = 1,2, 3, 4, 5).

and network y;(t) with control (6) shows in Figure 5, where
pij(t) = i) —a®w;(t) ( = 1,2,3,j = 1, 2). And Figure 6
shows the control input u;(t).

Example 2: In this example, the extended dissipativity
performance of the FPS for delayed NNs (1) with pinning
sample-data control is considered, which links all of the
famous and important performance such as the Ly — Lo,
Hoo, passivity, and dissipativity performances. We consider
the isolated node of network (48) with the parameters as
follows:

10 2 —0.1
e=fo oas[5

~-15 0.1 -03 0.1
Az:[—o.z —2.5]’ A3=[0.1 —0.2}’

fwi(2)) = tanh(w;(2)), (i = 1,2), r(t) = 1 and d(t) = 0.2.
Then, the trajectory of the isolated node (48) with initial
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FIGURE 13. The state trajectories of the error system in Example 2 with
w(t) is Gaussian noise.

conditions w1(0) = 0.01, w(0) = 0.01,V0 € [—1,0] is
shown in Figure 7.

As presented in Theorem 2, we consider pinning
sample-data control for the FPS of recurrent NNs (1), consist-
ing of fifth linearly coupled identical models (48) with hybrid
couplings. Choosing the time-varying scaling function a(t) =
0.1 + cos(%t), the coupling strength o1 = o, = o3 = 0.1,
the positive constants €¢; = 0.5, = 1,2,...,6), k = 0.5
and the other parameters are as follows:

1 0
D1=D2=E1=E2=[0 1],

e—O.St 0
C()(t) = [ 0 e_oatjl .

The inner-coupling matrices are given by

10 0.1 0
Bl:[o 1]’BZ=[0 0.1}’

58662

0.05 : ‘ : ;
—>p;,(®
0.04 —Eail)
Py, (D)
—D4®
003 ——py,®
B8 0021 ]
-
=]
3
g 0.01
o
=
@a 0r
-0.01 ¢ ]
-0.02 1 ]
-0.03 ‘ : : ‘
0 5 10 15 20 25
Time t
0.25
P,
—P,,®»
02r Py(®
— DD
0.15| —rO
R
g ol 1
Q
2,
E
g 0.05
176}
ol
-0.05
0.1 : : : :
0 5 10 15 20 25
Time t

FIGURE 14. The control input u;(t) in Example 2.

01 0
332[0 0.1}'

The outer-coupling matrices are simple directed NNs as show
in Figure 8 and described by

(e}
S = = =
(e}
(e}
|
—_

G, =

_
|
_
o

S o = —

SO O =
o o
—_—
— |
—
|
[\®]
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FIGURE 15. The trajectories of L(t) and P(t) in Example 2.

-1 0 0 1 0
1 -2 0 0 1
Gy=| 0 1 -1 0 0
0 0 0 -1 1
1 0 1 0o -2

By solving the LMIs (37)-(38), the gain matrixes can be
obtained as

© _ [ —0.0346 0
Lo —0.0346 |~
©, — [ ~0:009 0 ]
7o —0.0090 |

—0.0366 0 ]
k=1 o —0.0366 |~
K4 = Ks=0.

Moreover, the chaotic behavior of the network y;(t) and the
isolate node wi(t), (i = 1,2) with the time-varying scaling
function o(t) are shown in Figure 9. Figure 10 shows the state
trajectories of the isolated node a(t)w(t) and the network
vi(t), (i = 1,2, 3). Figure 11 shows errors between the states
of the isolated node o(t)w(t) and the network yi(t), where
pii®) = yii®) — a®wi(t) (¢ = 1,2,3,j = 1,2) without
control (6). In order to illustrate the efficiency of our method,
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FIGURE 16. The trajectories of H(t) and D(t) in Example 2.

we plot errors between the states of the isolated node o(t)w(t)
and network y;(t) with control (6) shows in Figure 12, where
pii(t) = yii(t) — a®w;(t) (i = 1,2,3,j = 1,2). Figure 13
shows the response solution p(t), where w(t) is Gaussian
noise with mean 0 and variance 1 and the initial condition
¢(t) = [-0.2 0.217. Figure 14 shows the control input
ui(t) and for extended dissipative analysis with sample-data
control, we consider the following four cases:

Case 1 (L — Ly, Performance): By using the LMIs in
Theorem 2 and letting F1 = 0, F, = 0, F3 = y21, and
Fy4 = I, the extended dissipativity performance is converted
into the Ly — Lo performance. Figure 15, shows the plot of

T (0p(t
L(t) = for ZTES;fz)((j) ds’
o) = [0.1 0.117. Clearly, sup L(t) = 1.2773 is less
Oftftf
than the prescribed Ly — Lo performance index 1.5521 in
Table 1. The Ly — Lo performance index y can be achieved
for ri = 0.5, and different rp, which are shown in Table 1.

Case 2 (Passivity Performance): By applying the LMIs in
Theorem 2 and taking F1 = 0, F» = I, F3 = yl, and
Fy = 0, the extended dissipativity performance degener-
ates the passivity performance. Figure 15, shows the plot

versus time with the initial condition
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TABLE 1. Minimum y for Case 1. and Case 2. in Example 2 with r; = 0.5,
and various r,.

Methods ro = 0.7 ro = 0.8 ro = 0.9 ro = 1.0
Lo — Loo 1.5521 1.6392 1.7295 1.8171
Passivity 4.3227 4.5231 4.8357 5.1942

TABLE 2. The maximum allowable values of r, for Case 3. and Case 4.
in Example 2 with r; = 0.5 and various y.

Methods v=15 v=1.6 v=17 v=18
Hs 0.8511 1.1426 1.3005 1.4893
Dissipativity 1.3178 1.2951 1.2446 1.1996
=2 17 d . , e
of P(t) = M, versus time with the initial con-
f() ol (s)w(s)ds

dition ¢(t) = [0.1 0.117. Clearly, P(t) converges to 3.6932,
which is less than the prescribed passivity performance
index 4.3227 in Table 1. The passivity performance index y
can be gained for ri = 0.5, and various ry, which are
presented in Table 1.

Case 3 (Hx, Performance): By using the LMIs in Theorem 2
and letting F1 = —I, F, = 0, F3 = y21, and Fy = 0, the
extended dissipativity performance becomes the Ho, perfor-

roT
mance. Figure 16, shows the plot of H(t) = .| %,
0

versus time with the initial condition ¢(t) = [0.1 0.1]7.
Clearly, H(t) converges to 0.1998. The maximum allowable
values of ry with various y can be obtained for ri = 0.5,
which are depicted in Table 2.

Case 4. Dissipativity performance: By applying the LMIs
in Theorem 2 and taking F1 = —I1, F, =1, F3 = R — yI,
R = 81, and F1 = 0, the extended dissipativity perfor-
mance determines the dissipativity performance. Figure 16,
Jo P ©p&+2T () (s)+80" ()o(s)) ds

fot o' (s)w(s)ds ’
versus time with the initial condition ¢(t) = [0.1 0.1]7.
Clearly, D(t) converges to 7.7000. The maximum allowable
values of ry with various y can be achieved for ri = 0.5,
which are shown in Table 2.

shows the plot of D(t) =

V. CONCLUSION

This research carried out dissipative FPS of NNs with mixed
time-varying delays and hybrid couplings. First, we gain
novel FPS criteria for delayed hybrid coupled using an appro-
priate Lyapunov—Krasovskii functional (LKF), a refined
Wirtinger single and double integral inequality, and new con-
vex combination lemmas. Furthermore, the coupled NNs and
isolated systems could be synchronized up to the desired scal-
ing functions by applying the pinning sampled-data control
technique. The FPS result is then used to perform an extended
dissipativity analysis, including Hso, L» — Lo, passivity and
dissipativity performance, by adjusting parameters in the gen-
eral index. Eventually, numerical examples are provided to
demonstrate the effectiveness of the above theoretical results.
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