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Dynamical neural networks proved to be an important tool to
solve some practical engineering problems in the areas such
as optimization, image and signal processing, control sys-
tems, associative memories, and pattern recognition. When
employing neural networks to solve practical engineering
problems, it is crucial to be able to completely characterize
the dynamical properties of neural networks. There are
many various classes of neural network models that can be
described in the form of nonlinear systems. Therefore, neural
networks may exhibit extremely different complex dynamical
behaviors depending on the model and network parameters.
Hence, the analysis of nonlinear dynamics of neural networks
still possesses new challenges to researchers.

The aim of this special issue is to solicit theoretical
and application research in the fields of neural networks
exploiting their nonlinear dynamics. We believe it provides
a good opportunity for reflection on current developments
in the nonlinear analysis of dynamical behaviors of neural
networks. The papers submitted to this special issue represent
a mixture of cross-cutting investigations and provide deep
insight into the current developments in the field. The
accepted papers in this special issue addressed the following
topics:

(i) stability analysis of dynamical neural networks,

(ii) almost periodic solution of of neutral-type neural
networks,

(iil) impulsive control of stochastic synchronization of
reaction-diffusion neural networks,

(iv) neural network model for predicting peak ground
acceleration,

(v) dynamical analysis of high-order neural networks,

(vi) synchronization of nonlinear coupled complex net-
works.

As we mentioned above, the special issue aimed to
reveal new ideas in the area of nonlinear dynamics of
neural networks, which would be helpful for the scientists
and researchers who share the common interest in neural
networks. We hope that the readers will agree with us that
the published papers reflect convincingly the issue’s objectives
with its variety of presented topics, investigated at both
theoretical and application levels.

Sabri Arik
Juhyun Park
Tingwen Huang
José J. Oliveira
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This paper considers dynamical behaviors of a class of fuzzy impulsive reaction-diffusion delayed cellular neural networks
(FIRDDCNNSs) with time-varying periodic self-inhibitions, interconnection weights, and inputs. By using delay differential
inequality, M-matrix theory, and analytic methods, some new sufficient conditions ensuring global exponential stability of the
periodic IRDDCNN model with Neumann boundary conditions are established, and the exponential convergence rate index is
estimated. The differentiability of the time-varying delays is not needed. An example is presented to demonstrate the efficiency and

effectiveness of the obtained results.

1. Introduction

The fuzzy cellular neural networks (FCNNs) model, which
combines fuzzy logic with the structure of traditional neural
networks (CNNs) [1-3], has been proposed by Yang et al.
[4, 5]. Unlike previous CNNs structures, the FCNNs model
has fuzzy logic between its template and input and/or output
besides the “sum of product” operation. Studies have shown
that the FCNNs model is a very useful paradigm for image
processing and pattern recognition [6-8]. These applications
heavily depend on not only the dynamical analysis of equi-
librium points but also on that of the periodic oscillatory
solutions. In fact, the human brain is naturally in periodic
oscillatory [9], and the dynamical analysis of periodic oscil-
latory solutions is very important in learning theory [10, 11],
because learning usually requires repetition. Moreover, an
equilibrium point can be viewed as a special periodic solution
of neural networks with arbitrary period. Stability analysis
problems for FCNNs with and without delays have recently
been probed; see [12-22] and the references therein. Yuan et
al. [13] have investigated stability of FCNNs by linear matrix
inequality approach, and several criteria have been provided

for checking the periodic solutions for FCNNs with time-
varying delays. Huang [14] has probed exponential stability of
fuzzy cellular neural networks with distributed delay, without
considering reaction-diffusion effects.

Strictly speaking, reaction-diffusion effects cannot be
neglected in both biological and man-made neural net-
works [19-32], especially when electrons are moving in
noneven electromagnetic field. In [19], stability is considered
for FCNNs with diffusion terms and time-varying delay.
Wang and Lu [20] have probed global exponential stability
of FCNNs with delays and reaction-diffusion terms. Song
and Wang [21] have studied dynamical behaviors of fuzzy
reaction-diffusion periodic cellular neural networks with
variable coefficients and delays without considering pulsing
effects. Wang et al. [22] have discussed exponential stabil-
ity of impulsive stochastic fuzzy reaction-diffusion Cohen-
Grossberg neural networks with mixed delays. Zhao and Mao
[30] have investigated boundedness and stability of nonau-
tonomous cellular neural networks with reaction-diffusion
terms. Zhao and Wang [31] have considered existence of
periodic oscillatory solution of reaction-diffusion neural
networks with delays without fuzzy logic and impulsive effect.



As we all know, many practical systems in physics, biol-
ogy, engineering, and information science undergo abrupt
changes at certain moments of time because of impulsive
inputs [33]. Impulsive differential equations and impulsive
neural networks have been received much interest in recent
years; see, for example, [34-42] and the references therein.
Yang and Xu [36] have investigated existence and exponential
stability of periodic solution for impulsive delay differential
equations and applications. Li and Lu [38] have discussed
global exponential stability and existence of periodic solution
of Hopfield-type neural networks with impulses without
reaction-diffusion. To the best of our knowledge, few authors
have probed the existence and exponential stability of the
periodic solutions for the FIRDDCNN model with variable
coefficients, and time-varying delays. As a result of the
simultaneous presence of fuzziness, pulsing effects, reaction-
diffusion phenomena, periodicity, variable coefficients and
delays, the dynamical behaviors of this kind of model become
much more complex and have not been properly addressed,
which still remain important and challenging.

Motivated by the above discussion, we will establish some
sufficient conditions for the existence and exponential stabil-
ity of periodic solutions of this kind of FIRDDCNN model,
applying delay differential inequality, M-matrix theory, and
analytic methods. An example is employed to demonstrate
the usefulness of the obtained results.

Notations. Throughout this paper, R” and R™ denote,
respectively, the n-dimensional Euclidean space and the set
of all n x m real matrices. The superscript “I” denotes matrix
transposition and the notation X > Y (resp., X > Y),
where X and Y are symmetric matrices, means that X — Y
is positive semidefinite (resp., positive definite). Q = {x =
(X155 %) 5 |x;| < p} is a bounded compact set in space
R™ with smooth boundary 0Q) and measure mes Q) > 0;
Neumann boundary condition ou;/0n = 0 is the outer
normal to 9Q; L*(Q) is the space of real functions Q which
are L* for the Lebesgue measure. It is a Banach space with

the norm [lu(t, x)l, = (X7, lu;(t, X)), where u(t, x) =

(0,6, %) oty (&), 60, = ([ It 0Pdx),
lu(t, )| = (lu (£, 2, ..., lu,(t, x)))T. For function g(x) with
positive period w, we denote g = max,o,9(t), g =

min,¢ (o, g(t). Sometimes, the arguments of a function or a
matrix will be omitted in the analysis when no confusion can
arise.

2. Preliminaries

Consider the impulsive fuzzy reaction-diffusion delayed cel-
lular neural networks (FIRDDCNN) model:

ou; (t,x) <=~ 0 ( ou; (¢, x) )
e N 2 p e
at ;axl ! axl

— 6 (Ou; (6x) + Y ay () f ( (1,%))
j=1
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=
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j=1

+\/ By ) g; (u; (t -7, %))
j=1

+ AT 0v 0+ Hy@)v; 0,
j=1 j=1

t:#tk, xGQ,
U; (tlt»x)_”i (tl;x) = Iy ( (fi,x)))
t=t, keZ, xeQ,

ou; (t,x)
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U (to+5x) =y (%), -1;<s<0, x€Q,

0, t=>ty, x€dQ,

@

where n > 2 is the number of neurons in the network and
u;(t, x) corresponds to the state of the ith neuron at time ¢
and in space x; D = diag(D,,D,,...,D,) is the diffusion-
matrixand D; > 0; A = Y} (0°/0x;) is the Laplace operator;
fj(uj(t, x)) denotes the activation function of the jth unit
and v]-(t) the activation function of the jth unit; J;(f) is an
input at time t; ¢;(t) > 0 represents the rate with which the
ith unit will reset its potential to the resting state in isolation
when disconnected from the networks and external inputs
at time #; a;;(f) and b;;(t) are elements of feedback template
and feed forward template at time ¢, respectively. Moreover, in
model (1), (xij(t), ﬁ,j(t), Tij(t), and Hij(t) are elements of fuzzy
feedback MIN template, fuzzy feedback MAX template, fuzzy
feed forward MIN template, and fuzzy feed forward MAX
template at time ¢, respectively; the symbols “/\” and “\/”
denote the fuzzy AND and fuzzy OR operation, respectively;
time-varying delay 7;(¢) is the transmission delay along the
axon of the jth unit and satisfies 0 < Tj(t) < T (Tj is
a constant); the initial condition ¢;(s,x) is bounded and
continuous on [-7,0] x ), where T = max,j.,T;. The fixed
moments f; satisfy 0 = t, < t; < t,..., lim,_,, fp =
+00, k € N. u;(t;,x) and u;(f;, x) denote the right-hand
and left-hand limits at t;, respectively. We always assume
u;(t], x) = u;(ty, x), for all k € N. The initial value functions
y(s, x) belong to PC([-7,0] x Q; R"). PCH(J x Q, L2(Q)) =
{v:IxQ — L2(Q) | for everyt € J,y(t,x) € L*(Q); for any
fixed x € Q, y(t, x) is continuous for all but at most countable
points s € J and at these points, y(s*, x) and y(s~, x) exist,
y(st,x) = w(s",x)}, where y(s*,x) and y(s™,x) denote
the right-hand and left-hand limit of the function y(s, x),
respectively. Especially, let PC,, = PC([-7,0] x Q, L*(Q)).
For any y(t, x) = (y,(t,x),...,y,(t, x)) € PCq, suppose that
[y (t, )|, = sup_,.olw;(t + s, x)| exists as a finite number
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and introduce the norm [ly(t)|l, = (Z:’:l ||1//i(t)||§) , where

@)l = ([, vt )1Pdx)' .
Throughout the paper, we make the following assump-
tions.

(H1) There exists a positive diagonal matrix F =

diag(F,,F,,...,F,), and G = diag(G;,G,,...,G,)
such that
x)—f:
£ - apl 10
x#y X _,y
©-0,0) ?
x
G, - u‘
x#y
forallx+y, j=1,2,...,n
(H2) C(t) > 0, a;](t)a 1J(t))“ij(t)$ﬁij(t)inj(t)aHij(t)avi(t)a

L(t), and Tj (t) = 0 are periodic function with a
common positive period w for all t > ¢t),i,j = 1,
2,...,n

(H3) Forw > 0,i=1,2,...,n, thereexistsq € Z, such that
t+ @ =ty Li(u;) = Ii(k+q)(ui) and I;; (u;(#;, x)) are
Lipschitz continuous in R".

Definition 1. The model in (1) is said to be globally exponen-
tially periodic if (i) there exists one w-periodic solution and
(ii) all other solutions of the model converge exponentially to
itast — +oo.

Definition 2 (see [26]). Let C = ([t — 1,t],R"), where T >
0 and F(t,x,y) € C(R" x R" x C,R"). Then the function
F(t,x,9) = (filt: %, ), fo(t %, ¥), .., ot x, )T is called
an M-function, if (i) for every t € R*, x ¢ R", y) ¢ C,
there holds F(t, x, y'V) < F(t, x, y@), for y'V < y@, where

(1) (y(l) ...,yy(ll))T and y(z) (y(z) ce ,(,2))T; (ii) every
zth element of F satisfies f;(t,x", y) < fi(t,x'?, y) for any
y € Gt > t;, where arbitrary x'V) and x? (xV < x@)

belong to R" and have the same ith component xlfl) = x:@-
Here, xV = (x{",...,x)", @ = (P, ..., «@)".

Definition 3 (see [26]). A real matrix A = (aij)nxn is said to be
a nonsingular M-matrix ifa;; <0 (i#j;i,j = 1,...,n) and
all successive principal minors of A are positive.

Lemma 4 (see [13]). Let u and u™ be two states of the model
in (1), then we have

N\ e @ () = [\ o @) £; ()
j=1 j=1
—J (”;) ’

DRHCIRACH
j=1

3
v By () f; () - \/ Bij () f; (”j)
j=1 j=1
< 2 1B 15 () = £ ()]
a (3)

Lemma 5 (see [26]). Assume that F(t, x, y) is an M-function,
and (i) x(t) < y(t), t € [t — 1,t,), (ii) D y(t) >
F(t, y(t), y°(t)), D"x(t) < F(t,x(t),x'(t)), t > t, where
x°(t) = sup_, ., ox(t +5), Y'(t) = sup_ .o ¥(t + s). Then
x(t) < y(t), t > t,.

3. Main Results and Proofs

We should first point out that, under assumptions (HI),
(H2), and (H3), the FIRDDCNN model (1) has at least one
w-periodic solution of [26]. The proof of the existence of
the w-periodic solution of (1) can be carried out similar to
[26, 28] by the nonlinear functional analysis methods such as
topological degree and here is omitted. We will mainly discuss
the uniqueness of the periodic solution and its exponential
stability.

Theorem 6. Assume that (H1)-(H3) holds. Furthermore,
assume that the following conditions hold

(H4) C - AF — (@ + B)G is a nonsingular M-matrix.

(H5) The impulsive operators hy(u) = u + I, (u) is Lipschitz
continuous in R"; that is, there exists a nonnegative
diagnose matrix Tj, = diag(yyeo...,Ynx) Such that
| () — h(u™)| < Tilu — u®| for all u,u™ € R,
k € N*, where [hw)| = (Ihy(u)l,. .., [hy@))’
L(w) = (I (uy)s - . oLy ()"

(H6) n = supcn+ilnn/(te -
maxlsisn{la)ﬁk},k e N*.

o)t < A, where . =

Then the model (1) is global exponential periodic and
the exponential convergence rate index A — # and A can be
estimated by

§(A-¢)
' jilfj (g F;-+e™ (Ja| + By 6;) <0 qay
i=1,..,n
where C = diag(c;,...,¢,) and & > 0, A = (|;;[) e & =

(1% Ds B = (IByDs satisfies ~Eic+Y'%, &(laylF; +
(laijl + 18, Gy) < 0.

Proof. For any ¢,y € PCg, let u(t,x,¢) = (u,(t,x,¢),...,
u,(t, x, g[)))T be a periodic solution of the system (1) starting



from ¢ and u(t, x,v) = (u;(t, x,¥),..., u,(t, x, 1//))T, a solu-
tion of the system (1) starting from y. Define

u, (¢, x) =u(t+sx4¢),

u, (v, x)=u(t+sxvy), se[-1,0],

and we can see that u,(¢, x), u,(y, x) € PCq forall t > 0. Let
U; = u<(t x, ¢) — u;(t, x, ), then from (1) we get

ga&( >‘C(t U+Zalj(t)
x [fJ( i (tx, ¢))

: V\ a0 f; (1 (1 =70, .9))
j=1

©)

£ (u; (6 %,v))]

(6)

- /\ oy (t) f (u (£ = 7;(1)  x, ‘/’))]
j=1
+ {\/ By @) £ (w; (t-7,(8), %, 9))
=1

- \"/ Biy @) f (u; (£ =7 (1) x, ‘/’))]
j=1

forallt#t,xeQ, i=1,..., n.
Multiplying both sides of (6) by U; and integrating it in
Q, we have

1d
2dt

:J UZBx,( ax,) *
— () L dex+j;a,.j () L} U,
x[ £ (u; (6%, 9) = f; (u; (6%, 9)) )| dx

* J Ui | N\ @ £ (u (- 70, %.9))
O

Jde

- /\ ag; (8) £ (u; (t - 7 (t),x,t//))] dx
i1
! J Ui [\/ By () f; (u; (t = 7;(0),%.9))
Q =1

- \/ 181']‘ (1) fj (uj (t - T 1), x, 1//))] dx
j=1

7)
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fort#t,x € Q,i =1,..., n. By boundary condition and
Green Formula, we can get

RO CE

Then, from (8), (9), (H1)-(H2), Lemma 4, and the Holder
inequality,

>dx< DJ (VU)dx.  (8)

T

n
< —2gi||Ui||§ + 22; |aij| FjllUin"Uf"z
i=

W )
+ ZZ; (|“ij| + |/51]') Gj"Uinz
=
X[ (£ =70, x.8) —u (£ - 0. %9,
t#t,.
Thus,
DU,
< —¢|Ui, + Zl o] iUy,
=
c 10
AR g
i
%o (£ =70, 3x.9) —u (=75 0. 5.9,
t#t,
fori=1,..., n. Since C — (AF + (& + B)G) is a nonsingular
M-matrix, there exists avector & = (§,,..., En)T > 0 such that

~&ic;+ )& ([ay| Ei+ (fa] + [B;)) 6;) <0
j=1

Considering functions

Y (»)=&(-¢)

+Zf ('a11|F+e '“’J'+'ﬁ11|) ) (12)

i=1,..., n,

we know from (11) that ¥;(0) < 0 and ¥,(y) is continuous.
Since d¥(y)/dy > 0, ¥(y) is strictly monotonically
increasing, there exists a scalar A; > 0 such that

W (/\i) =¢ (Ai _Ei)
+Zlfj(|aij'Fj+eTAi(|&fj| +|B;])G;) =0, (3)
=

i=1,..., n.
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Choosing 0 < A < min{A,,..
§(hi-¢)

> A}, we have

7 p—
+ ij ('aif| F;+ e (|aij| + .ﬁijDGj) <0, (14
j=1

i=1,...,n
That is,
M- (C-AF)E+(a+p)Gee™ <o. (15)

Furthermore, choose a positive scalar p large enough such
that

peME> (1,1,..., 1), tel-1,0]. (16)

Forany e > 0, let

r@)=pe M (lp-vyl, +e)& ty<t<t. 17
From (15)-(17), we obtain

D'r(t)>-(C-AF)r(t)+(a+p)Gr ()
(18)

=V (6r().r (1), fst<t,

where r’(t) = (r{(t),..., i’f,(l‘))T and r;(t) = sup_TSsSOpe‘Mt“)
(¢ — @ll, + €)&;. It is easy to verify that V (¢, r(t),r*(t)) is an

M-function. It follows also from (16) and (17) that

[Uil, < ¢ - oll, < pe™&ll¢ - o,

(19)
<r;(t), tel[-1,0],i=12,...,n
Denote
U= (Ju, (.2, ¢) — vy (t,,9)] 5
T
e, (£, x,8) = w0, (%, 9)]1,)
S ®) (20)
U = (||u1 (tx @) —uy (9|, -
©\*
ot (8 %,8) =, (£ )5
where U1 = sup_,_ ot +s,x,¢) — u;(t + 5,59,
then
U® <r(t), tel-1,0]. (21)
From (10), we can obtain
D'U® < - (C-AF)U® + (a+ ) GUY
(22)
=V (LU%U°Y), t#t.
Now, it follows from (18)-(22) and Lemma 5 that
U®<r(t)=pe™ (¢ =, +e) &
(23)

ty<t<t.

5
Lettinge — 0, we have
U® < pEllp—vl,e ™, ty<t<t. (24)
And moreover, from (24), we get
" 1/2 " 1/2
U’ < 2 — vy, e,
(Bw) <r(32) wo-vier

ty<t<t.
Let M = p(Y1, &9)'2, then M > 1. Define W (¢) = llu, (x, $)—
u,(x, ¥)ll,; it follows from (25) and the definitions of u,(¢, x)
and u,(y, x) that
W) = [u(x4) - u,(x, )]
— At (26)
<M|p-yl,e™, to<t<t.

It is easily observed that
W) <M|p-yl,e™, -r<t<ty=0. (27
Because (26) holds, we can suppose that for [ < k inequality

W(t)<ny-- ’71—le“¢ - l/’"2@_M’

ty <t<t

(28)

holds, where #, = 1. When [ = k + 1, we note (H5) that
W (t) = o, (6 9) 1y, (9]
= [ (e, () = (s, (w0
< p (1) [, (o) =, (v
= p (L)W (£)
<o 1ap (T0) Ml =yl e ™

< - camep (I2) M1~ e ™,

(29)

where p(I7) is the spectral radius of I}. Let M =
max{M,p(F,f)M}, by (28), (29), and # > 1, we obtain

W (t) <o oM ¢ - V’"ze_/u’

t—T<t<t.

(30)

Combining (10), (17), (30), and Lemma 5, we get

W(t)<n-- 7’11—1’lkM||¢ - l/’"2‘3_/“’

t, <t<ty,, keN".

(31)

Applying mathematical induction, we conclude that

W(t)<ny--- ’71—1M"¢ - ‘/’Hze_M’

te St<t, keN".

(32)



From (H6) and (32), we have

W(t) < er’tle”(trtl) ... erl(tkfl’tk—z)

x Mg - yl,e™ < Mg -y,
(33)
~(A~
= Mg -y,
tey St<ty, keN".
This means that
"ut(x) ¢) - ut(x> 1//)“2
< Mg - yl,e " (34)
<M|¢p - yl,e PP, >,
choosing a positive integer N such that
Me— Ao _ 1 (35)
6
Define a Poincare mapping ® : I' — T by
D(¢) = uy (%, 4) (36)
Then
D (9) = e (%.9). (37)
Setting t = Nw in (34), from (35) and (37), we have
1
[2%6) -2 W, < ¢~ vl (38)

which implies that D" is a contraction mapping. Thus, there
exists a unique fixed point ¢* € T such that

(D) =D(DV(¥")=D("). (9

From (37), we know that D(¢") is also a fixed point of N,
and then it follows from the uniqueness of the fixed point that

D(pT)=¢", U, (x,¢7)=¢".  (40)

Let u(t, x,¢") be a solution of the model (1), then u(t +
w, x,¢") is also a solution of the model (1). Obviously,

Upro (6 87) = g (uy (%,¢7)) =1 (x,67),  (41)

for all t > t,. Hence, u(t + w,x,¢*) = u(t, x,¢"), which
shows that u(t, x,¢") is exactly one w-periodic solution of
model (1). It is easy to see that all other solutions of model (1)
converge to this periodic solution exponentially ast — +o0,
and the exponential convergence rate index is A —#. The proof
is completed. O

G (1) = iy by () =
= B Ty (0 = Ty (1) =

that is,

Remark 7. When ¢(t) =
By(®)

H;j, v;(t) = vl, ,(t) =I,and
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7, = 1706 al],bl],oclj,ﬁu, i Hij Ui, I;; and 7; are constants),

then the model (1) is changed 1nto

ou; (t, x) _ i 0 <D‘aui (t,x))

—qu; (%) + Y a; f; (u; (1, x))
j=1
+ Zb,lv] +;

+ N\ ayg; (u; (1 -7 0), %))
j=1

(42)
-7;(1),x))

+ \/ Big; (u; (¢
j=1

+/\TU+\/ iV t#t, x €Q,

w; (£ %) = 1y (0, %) = T (1 (£, %))
t=t, keZ, xeQ,

Ou; (t, x)
on

u; (ty+5,x) =y (s,x),

=0, t=>t; x€dQ,

—TjSSSO,XGQ.

For any positive constant w > 0, we have ¢(t + w) = ¢(t),
aij(t +w) = aij(t), bij(t +w) = bij(t), ocij(t +w) = ocij(t),
[J’ij(t +w) = ﬁij(t), T;;(t + w) = Ty(t), Hy(t + w) = Hy(t),
v(t+w) = v,(t), L(t+w) = L(t), and 7;(t+w) = 7;(¢) for t > ¢,,.
Thus, the sufficient conditions in Theorem 6 are satisfied.

Remark 8. If I (-) = 0, the model (1) is changed into

ou; (t,x) mi ou; (£, x)
o ;ax, (D" 0x; )
—q (O u (tx)+ Y ay (1) f; (u; (%))
j=1
+ Y b ()v; (1) + J; (1)
j=1
ACTIOP G AGRY)
j=1

-7, (1), x))

+\/ By (0) g; (u; (¢
j=1
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FIGURE 1: State response ul(t, x) of model (44) without impulsive
effects.

+ \ T 000+ \/ Hy ®)v; ),
j=1 j=1

t:,étk, X € Q,

ou; (t,x)
on

0, t=t, x¢€oQ,

u; (ty+5,x) =y;(s,x), -1,<5<0, x€Q,

(43)

which has been discussed in [22]. As Song and Wang have
pointed out, the model (43) is more general than some well-
studied fuzzy neural networks. For example, when ¢(¢) >
0, aij(t), bij(t), ocij(t),ﬁij(t),'l“ij(t), H;;(t), v;(t), and I;(¢) are all
constants, the model in (43) reduces the model which has
been studied by Huang [19]. Moreover, if D; = 0, 7;(t) = 0,
f:0) = g;(0) = (1/2)(16 + 1| - 16 - 1]), (i = 1,...,n), then
model (42) covers the model studied by Yang et al. [4, 5] as a
special case. If D; = 0 and 7,(¢) is assumed to be differentiable
fori,j = 1,2,...,n, then model (43) can be specialized to
the model investigated in Liu and Tang [12] and Yuan et al.
[13]. Obviously, our results are less conservative than that of
the above-mentioned literature, because they do not consider
impulsive effects.

4. Numerical Examples

Example 9. Consider a two-neuron FIRDDCNN model:

ou; (t,x) <~ 0 < ou; (t, x) >
at ;axl ! axl

=G (t)u; (£, x)

FIGURE 2: State response ul(t,x) of model (44) with impulsive
effects.

2
+ Y a; () f; (u; (%))
j=1

2
+ )b (O (1) +J; (1)

=

2
+ N\ a0 g; (u; (t =7, ), x))

1

2
+\/ By 0 g; (u; (£ -7, ), x))
j=l

A 2 (44)
AICIORAYE: AGINOR
j=1 j=1

t?étk, xEQ,

U; (t;,x) = (1= yp) w; (g, %),
t=t, keZ, xeQ,

oau; (t,x)

0, t>ty x€0Q,
on 0

u; (to+s,x) =y (s,%),

—TjSSSO, x €Q,

where i = 1,2. ¢ (t) = 26, ¢,(t) = 20.8, a;;(t) = -1 — cos(¢),
ap,(t) = 1+ cos(t), ay (t) = 1 + sin(t), a,,(t) = -1 — sin(¢),
D, =8,D, =4,0u,(t,x)/on =0 (t > ty, x = 0,271), ;. = 0.4,
Yok = 0.2, 9, () = y1(-) = 5, by, (t) = by, (t) = cos(t), by,(t) =
by, () = —cos(t), J;(t) = J,(t) = 1, Hy;(t) = Hy, (¢) = sin(t),
Hy,(t) = Hy(t) = -1 +sin(t), Ty, (t) = Ty (¢) = —sin(t),
Ty, (t) = Ty(t) = 2 +sin(t), 71() = (1) = 1, fi(u;) =
u(t,x) (j=1,2), g;(u;(t-1,x)) = u;(t - 1, x)e ) (=
1,2), oq;(t) = —12.8, ay; () = a,(t) = —1 + cos(t), a,,(t) =
-10, B, (t) = 12.8, B, (t) = -1 +sin(t) = By, (t), Brn(t) =



FIGURE 3: State response u2(t, x) of model (44) without impulsive
effects.

FIGURE 4: State response u2(t,x) of model (44) with impulsive
effects.

10, vj(t) = sin(t). We assume that there exists ¢ = 6 such
that t; + 27 = t;,,. Obviously, fi, f,, g;, and g, satisfy the
assumption (H1) with F; = F, = G, = G, = 1 and (H2) and
(H3) are satisfied with a common positive period 27

Q—(Z+&+E)F=

(45)

o Uil
Gl O

is a nonsingular M-matrix. The conditions of Theorem 6 are
satisfied, hence there exists exactly one 2w-periodic solution
of the model and all other solutions of the model converge
exponentially toitast — +o00. Furthermore, the exponential
converging index can be calculated as A = 0.021, because here
. = 1 and = 0. The simulation results are shown in Figures
1,2, 3, and 4, respectively.

5. Conclusions

In this paper, periodicity and global exponential stability of
a class of FIRDDCNN model with variable both coefficients
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and delays have been investigated. By using Halanay’s delay
differential inequality, M-matrix theory, and analytic meth-
ods, some new sufficient conditions have been established to
guarantee the existence, uniqueness, and global exponential
stability of the periodic solution. Moreover, the exponential
convergence rate index can be estimated. An example and
its simulation have been given to show the effectiveness of
the obtained results. In particular, the differentiability of
the time-varying delays has been removed. The dynamic
behaviors of fuzzy neural networks with the property of
exponential periodicity are of great importance in many areas
such as learning systems.
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A novel approach is presented to realize the optimal H™ exponential synchronization of nonidentical multiple time-delay chaotic
(MTDC) systems via fuzzy control scheme. A neural-network (NN) model is first constructed for the MTDC system. Then, a linear
differential inclusion (LDI) state-space representation is established for the dynamics of the NN model. Based on this LDI state-
space representation, a delay-dependent exponential stability criterion of the error system derived in terms of Lyapunov’s direct
method is proposed to guarantee that the trajectories of the slave system can approach those of the master system. Subsequently, the
stability condition of this criterion is reformulated into a linear matrix inequality (LMI). According to the LMI, a fuzzy controller
is synthesized not only to realize the exponential synchronization but also to achieve the optimal H* performance by minimizing
the disturbance attenuation level at the same time. Finally, a numerical example with simulations is given to demonstrate the

effectiveness of our approach.

1. Introduction

The stability analysis and stabilization of time-delay systems
are problems of considerable theoretical and practical signif-
icance and have attracted the interest of many investigators
for several years. Furthermore, time delays often appear in
various engineering systems [1], such as the structure control
of tall buildings, hydraulics, or electronic networks. Notably,
the introduction of a time-delay factor tends to complicate the
analysis. Consequently, convenient methods to check stability
have long been sought later. The stability criteria of time-
delay systems so far have been approached from two main
directions based on the dependence on the size of delay.
One method is to contrive stability conditions which do not
include information on the delay, while the other method
takes time delay into account. The former case is often
referred to as delay-independent criterion and generally gives
good algebraic conditions. Nevertheless, the abandonment of
information on the size of the time delay necessarily causes
conservativeness of the criteria, especially when the delay

is comparatively small. Hence, delay-dependent criteria are
derived to deal with the stability problem in this study.

Moreover, time delays have gained increasing interest in
chaotic systems, ever since chaotic phenomenon in time-
delay systems was first found by Mackey and Glass [2].
Chaotic phenomena have been observed in numerous phys-
ical systems, which can lead to irregular performance and
possibly catastrophic failures [3]. Chaos is a well-known non-
linear phenomenon, and it is the seemingly random behavior
of a deterministic system that is characterized by sensitive
dependence on initial conditions [4]. Besides, chaos is occa-
sionally preferable but usually intrinsically unpredictable as it
can restrict the operating range of many physical devices and
reduce performance. Therefore, the ability to control chaos is
of much practical importance. According to these properties,
chaos has received a great deal of interest among scientists
from various research fields [5, 6]. One of the research fields
for communication, chaotic synchronization, has been inves-
tigated extensively.



The chaotic synchronization of identical systems with
different initial conditions was first introduced by Pecora and
Carroll in 1990 [7]. They are intended to control one chaotic
system to follow another. Since the introduction of this con-
cept, various synchronization approaches have been widely
developed in the past two decades. Chaotic synchronization
can be applied in the vast areas of physics and engineering sci-
ence, especially in secure communication [8]. Consequently,
chaotic synchronization has become a popular study [9, 10].
However, all of them are focused on synchronizing two
identical chaotic systems with different initial conditions [11].
In fact, experimental and even more real systems are often not
fully identical; in particular, there are mismatches in parame-
ters of the systems [11]. Also, in many real world applications,
there are no exactly two identical chaotic systems. As a result,
the problem of chaos synchronization between two different
uncertain chaotic systems is an important research issue [12].
For instance, He et al. [13] investigate synchronization of two
nonidentical chaotic systems with time-varying delay and
parameter mismatches via impulsive control. To synchronize
nonidentical chaotic systems with unknown parameters,
Li et al. [14] proposed an approach based on the invariance
principle of differential equations, and employing a combina-
tion of feedback control and adaptive control. Li and Ge [15]
presented a new fuzzy model to simulate and synchronize two
totally different and complicated chaotic systems.

In general, some noise or disturbances always exist that
may cause instability. The influence of the external distur-
bance will worsen the performance of chaotic systems. There-
fore, how to reduce the effect of external disturbances in the
synchronization process for chaotic systems is an important
issue [16,17]. The H® control has been conferred for synchro-
nization in chaotic systems over the last few years [16-20],
and the H*™ synchronization problem has been investigated
extensively for time-delay chaotic systems (e.g., see [21-23]).
Accordingly, the purpose of this study is to realize the expo-
nential synchronization of nonidentical multiple time-delay
chaotic (MTDC) systems and attenuate the effect of external
disturbances on the control performance to a minimum level
at the same time.

Neural-network-(NN-) based modeling has become an
active research field in the past few years due to its unique
merits in solving complex nonlinear system identification
and control problems [24-29]. Neural networks consist of
simple elements operating in parallel; these elements are
inspired by biological nervous systems. As a result, we can
train an NN to represent a particular function by adjusting
the weights between elements. As in nature, the connections
between elements largely determine the network function.
Individuals can train a neural network to perform a particular
function by adjusting the values of the connections (weights)
between elements. Hence, the nonlinear systems can be
approximated as close as desired by the NN models via repeti-
tive training. Recently, numerous reports on the success of
NN applications in control systems have appeared in the liter-
ature (see [30-35]). For instance, Limanond et al. [30] applied
neural networks to the optimal etch time control design
for a reactive ion etching process. Enns and Si [32] advanced
an NN-based approximate dynamic programming control
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mechanism to helicopter flight control. Despite several
promising empirical results and its nonlinear mapping
approximation properties, the rigorous closed-loop stability
results for systems using NN-based controllers are still diffi-
cult to establish. Therefore, an LDI state-space representation
was introduced to deal with the stability analysis of NN
models (see [36]).

In the past few years, significant research efforts have been
devoted to fuzzy control, which has attracted a great deal
of attention from both the academic and industrial com-
munities, and there have been many successful applications.
For example, Wang et al. [37] presented a new measurement
system that comprises a model-based fuzzy logic controller,
an arterial tonometer, and a micro syringe device for the
noninvasive monitoring of the continuous blood pressure
wave form in the radial artery. A good tracking performance
control scheme, a hybrid fuzzy neural-network control for
nonlinear motor-toggle servomechanisms, was given by Wai
[38]; Hwang et al. [39] developed the trajectory tracking of a
car-like mobile robot using network-based fuzzy decentral-
ized sliding-mode control; a hybrid fuzzy-PI speed controller
for permanent magnet synchronous motors was proposed
in Sant [40]; Spatti et al. [41] introduced a fuzzy control
strategy for voltage regulation in electric power distribution
systems—this real-time controller would act on power trans-
formers equipped with under-load tap changers.

In spite of the successes of fuzzy control, many basic prob-
lems remain to be solved. Stability analysis and systematic
design are certainly among the most important issues for
fuzzy control systems. Recently, significant research efforts
have been devoted to these issues (see [42-45] and the
references therein). However, all of them have neglected the
modeling errors between the fuzzy models and the nonlinear
systems. In fact, the existence of modeling errors may be a
potential source of instability for control designs based on
the assumption that the fuzzy model exactly matches the
nonlinear plant [46]. In recent years, novel approaches to
overcome the influence of modeling errors in the field of
model-based fuzzy control for nonlinear systems have been
proposed by Kiriakidis [46], Chen et al. [47, 48], and Cao et al.
(49, 50].

Almost all the existing research works of synchronization
method made use of fuzzy models to approximate the chaotic
systems (see [3, 4, 28, 42] and the references therein).
Although using fuzzy models to approximate the chaotic
systems is more simple than the neural-networks (NNs), the
NN models will approach the chaotic systems by iterative
training and adjusting the weights. In other words, the model-
ing errors of NN models will be much less than those of fuzzy
models. With a view to the abovementioned, a novel approach
is proposed via the neural-network-(NN-) based technique
to realize the optimal H® exponential synchronization
of nonidentical multiple time-delay chaotic (MTDC) systems
such that the trajectories of the slave systems can approach
those of the master systems and the effect of external distur-
bances on the control performance can be attenuated to a
minimum level. First, the NN model is constructed for the
chaotic systems with multiple time delays. Then, a linear
differential inclusion (LDI) state-space representation is
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established for the dynamics of the NN model. Next, in terms
of Lyapunov’s direct method, a delay-dependent criterion is
derived to guarantee the exponential stability of the error
system between the master system and slave system. Subse-
quently, the stability condition of this criterion is reformu-
lated into a linear matrix inequality (LMI). According to the
LML, a fuzzy controller is synthesized not only to realize the
exponential synchronization but also to achieve the optimal
H® performance by minimizing the disturbance attenuation
level at the same time.

The remainder of this paper is organized as follows. The
system description is arranged in Section 2. In Section 3, a
robustness design of fuzzy control and a delay-dependent sta-
bility criterion are proposed to realize the optimal H* expon-
ential synchronization. The design algorithm is given in
Section 4. In Section 5, the effectiveness of the proposed
approach is illustrated by a numerical simulation. Finally, the
conclusions are drawn in Section 6.

2. Problem Formulation

Consider two different multiple time-delay chaotic (MTDC)
systems in master-slave configuration. The dynamics of the
master system (N,,,) and slave system (N,) are described as
follows:

. g
N,: X =fXO)+)H(X(t-7), O

k=1

N: XO=F(X®)+Y -7
D=fRO)s PR C-)

+BU (t) + D (t),

where f(-), ?(~), H ("), and Hk(-) are the nonlinear vector-
valued functions, 7.(k = 1,2,..., g) are the time delays, U(t)
is the control input, and D(t) denotes the external distur-
bance. Besides, X(¢) and X(¢) are the state vectors of N,, and
N,, respectively.

In this section, a neural-network (NN) model is first con-
structed for the MTDC system. The dynamics of the NN
model are then converted into a linear differential inclusion
(LDI) state-space representation. Finally, based on the LDI
state-space representation, a fuzzy controller is synthesized to
realize the synchronization of nonidentical MTDC systems.

2.1. Neural-Network (NN) Model. The MTDC system can be
approximated by an NN model, as shown in Figure 1, that has
S layers with J°(c = 1,2,...,S) neurons for each layer, in
which x,(t) ~ x;(t) are the state variables and x,(t — 7;) ~
x1(t=7,), x%,(t —17) ~ x5(t — 7,) are the state variables with
delays.

To distinguish among these layers, the superscripts are
used for identification. Specifically, the number of the layer
is appended as a superscript to the names for each of these
variables. Thus, the weight matrix for the oth layer is written
as WP. Furthermore, it is assumed that vg(t)(c =12,...,

J% 0 =1,2,...,S) is the net input and T(v‘:(t)) is the transfer

7

x5 ()
x(t - 7"1)

it —%g) XX X1 (t)

x2(t-71)

i

XX x5(t)

X5(t—Tg)

FIGURE 1: An NN model for N,.

function of the neuron. Subsequently, the transfer function
vector of the oth layer is defined as

W (1) = [T O)T (S ®) T (v )]
o=12,...,S,

where T(vg(t)) (¢ = 1,2,...,J°) is the transfer function of
the ¢th neuron. The final output of NN model can then be
inferred as follows:
X ()
— S (WS\I,S—I (WS—I\PS—Z
x (0 (W (WA @) -++))).
(4)

where AT(t) = [XT (1) X" (t — 7,)] with X(£) = [x,(£)x,(t) - -

x5 (017,

X(t-7)=

[xl (t-7)x

% (E=11) xs
fork=1,2...,g.

2.2. Linear Differential Inclusion (LDI). To handle the syn-
chronization problem of MTDC systems, this study estab-
lishes the following LDI state-space representation for the
dynamics of the NN model, described as [36, 51]

¢
A@®)=Yh@at)4, (6

i=1

O()=Aa()O(),
where ¢ is a positive integer, a(t) is a vector signifying the
dependence of #;(+) on its elements, Z,- (i=12,...,¢)are
constant matrices, and O(t) = [o,(t)o,(¢) - oN(t)]T More-
over, it is assumed that h;(a(t)) > 0 and Z; Lhi(a(®) =

According to the properties of LDI, without loss of generahty,
h;(t) can be replaced by h;(a(t)). The following procedure

represents the dynamics of the NN model (4) using the LDI
state-space representation [36].



To begin with, notice that the output T(vg(t)) satisfies

gVl (1) <T (vj 1) < g2vl ®),

gavi O <T (W (1) < glv? ()

v (t) =0,
(7)
v (1) <0,

where g7 and g, denote the minimum and maximum of the
derivative of T(vg(t)), respectively, and are given in the fol-
lowing:

Abstract and Applied Analysis

Subsequently, the min-max matrix G’ of the oth layer is
defined as follows:

G° = diag [ g?q,c]

r O q

I, 0 o --- 0
o t.
0 g2¢2 0 . 0 (9)

=l o 0 g5, 0
: .0 .0
o

L0 0 - 0 gpy, |

Besides, on the basis of the interpolation method, the transfer
function T(vg(t)) can be represented as follows [36]:

T ®) = (g

(1) g% +HE, (1) g8y ) v (8)

dr (v? (1)) (10)
Ar\ve ) _ K ,
™ e Ve et <Z » g“”) ¥
9o = o (8)
max T(Zc (t))’ when ¢ = 1. where the interpolation coefficients h‘7 (t) € [0,1] and
voodvi () Zq) o hg, () = 1. Equations (3) and (10) show that
¥ (v (1))
=[r05 @) TR @) - T )] )
T
1
((pz hi, (t) g1y, )v‘{ (t) ( Z hs, (t) g5, >vg (t) - ( Zoh}’g% (¥) g}’g%> vie (t) ] .
=0 ¢r=
Hence, the final output of the NN model (4) can be reformu- where
lated as follows: .
X (t) thb (t) = Zh p, () th,, (&) ) Iy, (8),
b=0
1
= thp )G 1 1 1
p=0 YR, ()= ) h, () Zh% &) ) by, (),
n=0 1n;=0 n;=0
( [ [Z;f )G
1 1 1
x <w2 Y hy ()G thp )= Y h, ® thp (£)--- Y s, (0,
b=0 p=0 =0 =0
WA S
x( 1)) thQ t) = Z ZZh t)h, () hy (1)
p=0 n=0b=0
1 1
=Z.--ZZh O 1, (O Ry () GW® ¢=12...,J,
p=0  n=0b=0
i CH=GW*-.GWG'W',
G W GW A(t) 1)

= thﬂ (t) CLA(t),
(12)

and b, n,, p. (¢ = 1,2,...,]) represent the variables ¢ of
the ¢th neuron of the first, second, and Sth layer, respectively.
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Finally, based on (6), the dynamics of the NN model (12) can
be rewritten as the following LDI state-space representation:

¢
X (t) =Y b () CA (D), (14)
i=1

where h,(t) > 0, 2?:1 h;(t) = 1, ¢ is a positive integer and C; is
a constant matrix with appropriate dimension associated with
C{,- Furthermore, the LDI state-space representation (14) can
be rearranged as follows:

¢ g
X(t)=Yh () {AIX (1) + ) Ay X (t- Tk)} , (15)

i=1 k=1

where A; and A;; are the partitions of C; corresponding to the
partitions of A (¢).

From the abovementioned, the NN models of the master
and slave chaotic systems are described by the following LDI
state-space representations (16) and (17), respectively:

¢ 9
master : X (t) = Zhi ) {AiX ) + ZZikx (t-7)p>
i=1 k=
1 (16)
= ¢ -~ —~ = g~ ]
slave: X (t) = Y h; (t) | A;X () + ZA (t-1)
rt fet |
+ BU ().
17)

2.3. Fuzzy Controller. On the basis of the state-feedback
control scheme, a fuzzy controller is utilized to make the
slave system synchronize with the master system. The fuzzy
controller is in the following form:

Control Rule / : IF e, (¢) is M;; and---and es(t) is Mg,

THEN U (t) = -K,E (t), (18)

where ] = 1,2,..., p, and p is the number of IF-THEN rules
of the fuzzy controller and M), (= 1,2,...,0) are the fuzzy
sets. Therefore, the final output of this fuzzy controller can be
inferred as follows:

OKE@®) &
- lwz (t)l _zzlhl MOKE®), (19

U=

with w;(t) = HfI:IMm(en(t)), Mln(en(t)) is the grade of mem-
bership of e, (t) in M,,,.

3. Stability Analysis and Chaeotic
Synchronization via Fuzzy Control

In this section, the synchronization of nonidentical multiple
time-delay chaotic (MTDC) systems is examined under the
influence of modeling error. The exponential synchronization
scheme of the multiple time-delay chaotic systems is describ-
ed as follows.

3.1. Error Systems. From (1) and (2), the synchronization
error is defined as E(t) = X(t) — X(¢) = [e (£), e,(t), ...,
e5(£)]”, and then the dynamics of the error system under the
fuzzy control (19) can be described as follows:

E®)=Y+D(@®) -

¢ ¢ p N _
+ Y Y Y (O Ry () By (1)

i=1j=1I=1

x {GilE 0 +(4;-A;) X (t)
g = —_ —
+y (Ajk - Aik) X(t-7)
k=1
g —_—
+2AikE (t- Tk)}

k=1
¢ ¢ p

IR ACEHCEAG)

i=1j=1]=1

x «[Gi,E 1)+ (A; - A,) X (t)
J = J— —
+y (Ajk - Aik) X(t-m)
k=1
g [—
+ZAikE (t- Tk)}

k=1

¢ p _ g _
=ZZmuwmﬂ%hMﬂ+Z&ﬁa—nﬁ
i=1]=1

k=1

+D({t)+D(t),

(20)
where
G; = A, - BK,,
¥=F(X0 He (X (t-7)) +U (1),
FE0)+ YA (Xl ) -
g
W= f(X(0)+ Y He(X(t- 7))
k=1
with
P —_—
Ut) ==Y () KE),
=1
o) =¥V-¥

{Zthmm

i=1l=1

GE (t) + ZA,kE (t- Tk)] }

(22)



Suppose that there exists a bounding matrix ®R;; such that

$ p _
zzhi (t) by (t) OR,E (t)

i=1]=1

I© @l < (23)

for the trajectory E(t), and the bounding matrix ®R;; can be
described as follows:

OR; = R, (24)

where R is the specified structured bounding matrix and
llegl < 1,fori =1, 2,..., ¢ 1 =1,2,..., p. Equations (23)
and (24) show that

¢ p _
O (1) D (1) < Y'Y Iy (8) hy (1) IRE ()] [l

i=1]=1

¢ p 3 25)
X 3N (O 1y (1) |lea | IRE ()]
i=1]=1
< [RE (t)]" [RE (t)].

Namely, O(t) is bounded by the specified structured bound-
ing matrix R.

Remark 1 (see [47]). The following simple example describes
the procedures for determining ¢; and R. First, assume that
the possible bounds for all elements in ®R;; are

11 12 13
Or; Or; Ory

20 5,22 o,23
OR; = Ory Ory Ory (26)

31 32 33
Or; Or; Or;

where —r% < Arl® < r® for some r] with g,s = 1,2,3;i =
L,2,...,¢,and I =1,2,...,p.

A possible depiction for the bounding matrix OR;; is

8i111 0 0 JRER I
OR;=| 0 £i212 0 22 2 = &R, (27)
0 0 811313 A1 323

where -1 < ¢l < 1 for g = 1,2,3. Notice that &; can be
chosen by other forms as long as ||| < 1. The validity of
(23) is then checked in the simulation. If it is not satisfied, we
can expand the bounds for all elements in ®R;; and repeat the
design procedure until (23) holds.

3.2. Delay-Dependent Stability Criterion for Exponential H®
Synchronization. In this subsection, a delay-dependent crite-
rion is proposed to guarantee the exponential stability of the
error system described in (20). Moreover, in general, some
noises or disturbances always exist that may cause instability.
The influence of the external disturbance D(t) will worsen
the performance of chaotic systems. To reduce the effect of
the external disturbance, an optimal H* scheme is used to
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design the fuzzy control so that the effect of external distur-
bance on control performance can be attenuated to a mini-
mum level. In other words, the fuzzy controller (19) realizes
exponential synchronization and at the same time achieves
the optimal H® control performance in this study.

Before examination of the stability of the error system,
some definitions and a lemma are given follows.

Lemma 2 (see [52]). For the real matrices A and B with
appropriate dimension,

A"B+B"A<2A"A+17'B"B, (28)
where X is a positive constant.

Definition 3 (see [51]). The slave system (2) can exponentially
synchronize with the master system (1) (i.e., the error system
(20) is exponentially stable) if there exist two positive num-
bers « and f3 such that the synchronization error satisfies

IE®I <aexp(-p(t-t)), Vt=0,  (29)

where the positive number S is called the exponential
convergence rate.

Definition 4 (see [19-23]). The master system (1) and slave
system (2) are said to be exponential H* synchronization if
the following conditions are satisfied:

(i) with zero disturbance (i.e., D(t) = 0), the error system
(20) with the fuzzy controller (19) is exponentially
stable;

(ii) under the zero initial conditions (i.e., E(t) = 0 for t €
[~ Tpmax> 01, in which 7, is the maximal value of 7,’s)
and a given constant « > 0, the following condition

holds:
O (E®),d(t) = ro ET(t)E(t)dt - «* ro D' (t)D(t)dt
0 0

<0,
(30)

where the parameter « is called the H* norm bound
or the disturbance attenuation level. If the minimum
k is found (i.e., the error system can reject the
external disturbance as strong as possible) to satisfy
the previous conditions, the fuzzy controller (19) is an
optimal H* synchronizer [18].

Theorem 5. For given positive constants a and n, if there exist
two symmetric positive definite matrices P, y, and positive
constants &, k so that the following inequalities hold, then the
exponential H® synchronization with the disturbance attenu-
ation « is guaranteed via the fuzzy controller (19) consider.

g g g
Ay = ZTkPGi, + ZTngP + Zl//k + ngRTR +1
k=1 k=1 k=1
(31a)

+ ir,sz ((1 4+ gail) <0,
k=1
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Vy = gahy Ay — v <0, (31b)

> \tg. (310)

where G; = A; - BK, fori = 1,2,...,¢; k = 1,2,..., g, and
I=1,2,...,p.

Proof. Let the Lyapunov function for the error system (20) be
defined as

g 9 7

V®=Zﬂ®%%®+ZJE”%m%MFMM,
k=1 k=170

(32)

where the weighting matrices P = PT > 0 and v = y{ > 0.
We then evaluate the time derivative of V() on the trajecto-
ries of (20) to obtain

. J T .
V=Y [E (#) PE (t) + ET (¢) PE (t)]

k=1

9
+ Y [E"OwE®) - E" (t- ) yE(t - 1)

k=1

g ¢ p _
S { S 07 0

i=1]=1

g
GuE @)+ S aE (e - rd>]

d=1

T g
+D(t) + @ (t) } PE(t)+ Y nE" ()P
k=1

«[ZZh (t) y (t) [G,ZE ) + ZA,dE (t —1,)

i=1l=1

+ Z [E (t) I/IkE (t) E (t - Tk) l//kE (t - Tk)]

+D (t) + D ()

g ¢ p _
=YY O (O E" () [14GyP + PGy + v, | E (1)

+ ZZZ (1) [ (t- Td)TkZZiPE (t)
+E" (1) i PALE (t - 1,)]
9
+ Y 7 [D" (t) % PE (t) + E" (t) 7,.PD (1)

k=1

+0" (1) T PE(t) + E' (1) T, PO (1)]

S k- w).

(33)

According to Lemma 2 and (33), we have

) g ¢ p _
V()< Y Y h () (O ET () [1Gp P + PGy + v E (1)

k=1i=1l=1
g ¢ g . .
£ DY N0 [aB" (- 7)) Ay AgE (t - 7,)
k=1i=1d=1
+a 'EN () TPPE (1))
g
+ Y [eD" ) D () + EET (1) iiP’E (1)
k=1
+n®" (1) @ (1) +n ' ET (t) TePPE (1)
9
- [ET (t— 1) iE (t - 7))
k=1

(34)

g ¢ r _
<Y I XHOmOE @)
k=1i=11=1

x |Gy P + 1, PGy + v, E (1)

g ¢ g L
YN Sk [aET (t—14) A, AyE (£ 15)

k=1li=ld=1

+a 'ET (1) 2P’ (t) ]

Sl

+nE" () R"RE (t) + n'E" () 7, P’E (1) ]

)D(t) + £ 'ET () T2P*E (1)

- i [ET (t — 7)) wieE (£ - Tk)] (by (25))
k=1
(35)

¢ p _
=YY h O ®E ¢

i=1l=1

ZTkPGll + ZTkG P
k=1

g
+ sz + ngRTR
k=1

+Zg:TkP2 (’q'_l +nl+ ga_l)] E(t)

k=1
g ¢ . o

+ Zzhi (O E (t-7) [gaAikAik - ‘/’k]
k=1i=1

xE(t-1,)+&D" (t)D(t).
(36)



From (36), we have

VO +ET®E®) -«*DT ) D ()

b (t)hy () ET (£) AyE ()

IA
Ite
I Mm

Il
—

g

iz

(O E" (t - 1) VyE (t - )

(¢9-*) D" (1) D(t)

P

<Y D () Iy (6) A (M) ET (O E (1)

i=11=1

+

-

hi (t) /\max (Vik) ET (t - Tk) E (t - Tk)
i=1k=1

+(&g-+*)D" () D (1) <0,

(37)
where
g g ’ g ,
Ay = Y 1PGy+ Y 1GyP+ Yy +ngR' R+ 1

k=1 k=1 k=1

& 2 a1 -1 -1 (38)
+ ZTkP (E +n +ga ) (see (31a)),

k=1

Vi = gaAy Ay — vy (see (31b)).

Integrating (37) from t = 0 tot = 00, the following
inequality is obtained as
V (00)- V(O)+I E'(t)E (t) dt—« I D' (t) D (t) dt <0.
0
(39)

With zero initial conditions (i.e., E(t) = 0 for t € [,
we have

max’ 0]))

ro ET () E(t)dt < & Jm D' ()D(®)dt.  (40)
0 0

That is, (30) and the H® control performance are achieved
with a prescribed attenuation «.
Since

9
Y Tihmin (P)E (1) E (1)
k=1

g
< Y. E" (1) PE(t)
k; ¢ (41)

9 T
=V(t)—ZJ E" (t -m) W E(t - m)dn

k=170
<V(t)
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(from (32)), we can get the following inequality from (37):

V()+ETWE®) -«*D" (1)D (1)
ZZh()h() (8) (t) e
< t) by (t Aman — T V() <O.
i=1l=1 : z 1kAmm()
Then, we can easily obtain
Vl,,, <V epp(t-ty), (43)

where B = 3 37 (OB MDA )/ 37, tidmin(P)] <
0.

Equations (32) and (43) show that

9
Y Tikmin (PVE" (1) E ()
k=1

«Q

< Y E" () 7 PE (1)

_ (44)
<V (to)exp B(t—t,)

9 T
-y L E'(t-m) W E(t —m)dn
k=1

<V (t))expB(t—t,).

Thatis, [|E(t)|* < (V(ty)/ Zle T A min (P)) €xp B(t—to). There-
fore, we conclude that

IE@®)] < acexp (=B (t-1o)),

_ (45)
With(XE\j#>0,ﬂE—%ﬁ>o.

k=1 Tk/\min (P)

Hence, on basis of the Definition 3, the error system (20) with
the fuzzy controller (19) is exponentially stable for D(t) = 0.
O

Corollary 6. Equations (3la) and (31b) can be reformulated
into LMIs via the following procedure.

By introducing the new variables Q = P™', F, = K,Q, and
v, = QuyQ, (31a) and (31b) can be rewritten as follows:

g
Y 1.{A,Q- BF, + QA] - F/ B}

k=1
& T
+ 9, + ngQR"RQ + QIQ (462)
k=1
g
+ ZT,f (E ! +ga‘1)1 <0,
k=1
9aQA, A Q- < 0, (46b)

fori=12,...,¢;k=1,2,---,gandl = 1,2,---, p. According
to Schur’s complement [36], it is easy to show that the linear
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matrix inequalities in (46a) and (46b) are equivalent to the
following LMIs in (47a) and (47b):

g QR Q
RQT ~(ng)”'1 0 | <0, (47a)
Q 0 -1
;KT
[__"’k QAy ] <0, (47b)
A;Q ~(ga) 1
where
g g
B = ZTkAiQ — ZTkBFl
k=1 k=1
g g
+ Y 7,QA; - Y 1B (48)
k=1 k=1

g g
+ Zwk + Zri (5_1 +uly ga_l)I.

k=1 k=1

Hence, Theorem 5 can be transformed into an LMI
problem, and efficient interior-point algorithms are now
available in Matlab LMI Solver to solve this problem.

Corollary 7 (see [53]). In order to verify the feasibility of
solving the inequalities in (47a) and (47b) using LMI Solver
(Matlab), the interior-point optimization techniques are uti-
lized to compute feasible solutions. Such techniques require that
the system of LMI is constrained to be strictly feasible; that is,
the feasible set has a nonempty interior. For feasibility problems,
the LMI Solver by feasp (feasp is the syntax used to test
feasibility of a system of LMIs in MATLAB) is shown as follows:

find x such that the LMI L (x) < 0, (49a)

(in this study, (49a) can be represented as (47a) and (47b)) and

minimize t subject to L(x) <t xI. (49b)

From the abovementioned, the LMI constraint is always
strictly feasible in x, ¢t and the original LMI (49a) is feasible
if and only if the global minimum ¢, (the global minimum
tmin 18 the scalar value returned as the output argument by
feasp) of (49b) satisfies ¢,;, < 0. In other words, if t,;, < 0
will satisty (47a) and (47b) then the stability conditions (31a)
and (31b) in Theorem 5 can be met. Then, the obtained fuzzy
controller (19) can exponentially stabilize the error system,
and the H® control performance is achieved at the same
time.

Corollary 8. In order to achieve optimal H® exponential
synchronization, the fuzzy control design is formulated as the
following constrained optimization problem:

minimize K > \/gg
subject to Q=QT >0, (50)
V=¥, >0, (47a)and (47b).

More details to search the minimum «x are given as
follows.

The positive constant £ is minimized by the mincx
function of Matlab LMI toolbox. Therefore, the minimum

disturbance attenuation level x,,,;,, > 1/&,.;,g can be obtained.
Remark 9. In order to reduce the computational burden, this
study sets the positive constants a and » as unity.

Remark 10. Tt is an important issue to reduce the effect of
external disturbances in the synchronization process. The
H® norm bound « is generally chosen as a positive small
value less than unity for attenuation of disturbance. A smaller
x is desirable as this yields better performance. However,
a smaller x will result in a smaller &, making the stability
conditions (31a) more difficult to satisfy.

Remark 11. According to (25), the modeling error ®(t) is
assumed to be bounded by the specified structured bounding
matrix R, and then a larger O(t) results in a larger R. Since
the matrices A ; must be negative definite to meet the stability
condition (31a), a larger R will make Theorem 5 more difficult
to satisty.

4. Algorithm

The complete design procedure can be summarized as fol-
lows.

Problem 1. Given two different multiple time-delay chaotic
systems with different initial conditions, the problem is
centered on how to synthesize a fuzzy controller to realize the
optimal H ® exponential synchronization.

We can solve this problem based on the following steps.

Step 1. Construct the neural-network (NN) models of the
master system (1) and the slave system (2), respectively.
According to the interpolation method, the NN models are
then converted into LDI state-space representations.

Step 2. On the basis of the state-feedback control scheme, a
fuzzy controller (19) is synthesized to exponentially stabilize
the error system.

Step 3. Define the synchronization error E(t) = X(t) -
X(t), and then the dynamics of the error system (20) can be
obtained.

Step 4. Based on Corollary 8, the positive constant & is
minimized by the mincx function of Matlab LMI toolbox, and
then we have the minimum disturbance attenuation level.

Step 5. The matrices Q, F;, and ¥, can be obtained with the

minimum disturbance attenuation «;,.

5. Numerical Example

The following example illustrates the effectiveness of the
previous algorithm.
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Problem 2. The purpose of this example is to synthesize a
fuzzy controller to achieve optimal H® exponential synchro-
nization. Consider the modified multiple time-delay Genesio
and Lorenz chaotic systems in master-slave configuration,
described as follows:

X, (8) =%, (1),
X, (1) = x5 (1),
X5 (t) = —6x, (t) — 2.92x, (t — 0.015)
— 125 (£) + x; (t — 0.13)

(51)

X ()= 10(%, (1) =%, () + D (t) +uy (B),

X, (t) = 28%, (t) - X, (t — 0.13)
-X ()X, )+ D) +u,(t),

2 =%, (D%, (&) - (2) %, (- 0.015) + D (1) + s (1),
(52)

where [x,(£) x,(t) x3(t)]" and [X,(t) X,(t) %5(t)]" are the
state vectors of master and slave systems, respectively. Let
the different initial conditions of master and slave systems be
[x,(0) = —=0.5x,(0) = 2x5(0) = 6] and [X,(0) = 0.2X,(0) =
-1.5%;(0) = 5], and the external disturbance D(t) =
0.5 sin(2.3t).

Abstract and Applied Analysis

Figures 2(a) and 2(b) show the chaotic behaviors of the
master (51) and slave (52) systems, respectively.

Solution 1. We can solve the previous problem based on the
following steps.

Step 1. Establish the NN models for master and slave sys-
tems via back propagation algorithm, respectively. First, the
NN model to approximate the master chaotic system is
constructed by 7-3, and the transfer functions of the hidden
layer are chosen as follows:

T () - { :

-1 s
[1 +exp (_V? (1) /0~5)] } (53)

for o = 1.

On the other hand, the transfer functions of the output layer
are chosen as follows:

T(v (1) =v(t), for o=2. (54)
After training, we can obtain the following connection
weights (the indices in W state that the weight of the oth

layer in the NN model represents the connection to the ¢th
neuron from the 9th source):

-1.03122 5.94314 -20.9809 0.13627 507.458 868.021 588.569  0.2062  651.633
8.37089  26.8407 21.6151 0.00088 -239.108 -740.187 -377.569 -0.01391 76.6848
501.958 -3.80717 132.938 0.80211 135.643 137.647 57.0662 0.06242 992.269
w'= [V\fqls] =107 x | 1963.99 -273.63 359.637 8.01727 -848.291 —61.2187 —668.702 5.75107 —843.648 |,
-2.69396 -2.90578 -10.7761 0.02579 -892.099 -976.195 203.963 0.06003 -114.643
-770.561 146.747 -194.79 1.70179 61.5951 -325.754 -474.057 0.70796 -786.694
—495.801 7.53321 -127.132 -0.59639 558.334 -675.635 308.158 -0.00742 923.796
0.22075 0.37482 -0.15363 -0.00174 0.2211 -0.00355 -0.14954

W’ = [W5 | =107 x [ -0.12996 —0.05835 —0.00991 0.00027 —0.84887 —0.00075 —0.40655 | .

11.2915

Then, the net inputs of the oth (o = 1, 2) layer are as follows
(the symbol v{ denotes the net input of the gth neuron of the
oth layer in the NN model, and the indices ¢ and ¢ shown in
o _ T . i
hg, (¢ = 1,2) indicate the same thing):
ve (£) = Woyx, (1) + Whix, (£) + Wi (£) + Wy, (£ - 0.13)
+ W0+ W0+ W, -0+ Wex, (£ 0.015)
+ Wy 0, ¢=1,2,3,4,56,7,
(56a)

v () = WAT (vi (0) + WAT (v, ()
+WAT (v () + WAT (v () + WET (vs (D)

+WET (vg () +WST (vy (1), ¢=1,2,3,
(56b)

—-7.58331 4.85989

—0.05542 —-35.5864 —0.22732 5.1942
(55)

| Hm] [To)
X®)={%®|=|[TWO)|. (57)

x5 () T (v§ (t))

Based on (8), the minimum and maximum of the derivative of
each transfer function shown in (53) and (54) can be obtained
as follows:

1 2
ch = 0’ ch = 1’

1 , . (58)
9a=9a=1 for¢=1,2,...,]".

In order to simplify the notation, we let g:O = gy» gcll =g,
gfo = g and g?l = g:. Then, according to the interpolation
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method, we have
: 2 2 4 2 1
) (6) = Y hi,(8) gg Y WiT (vi )
d=0 ¢=1
: 2 2 7 2 1 1 1
= Y i (6) g3y Wi (hlg (1) gg + by (8) gy ) ve (1)
d=0 ¢=1

1
= 21 g;
d=0
11

1 1 1 1 1
XYY Y YN O, O, (®)

5=0 p=0r=00=0c=01=0 k=0
x hy, () he_ () by () By (£)
(GWIV O + g W5y, (8) + g, Wi ()
+ g, Wevy (6) + g: Wisvs (1) + gy Wigve (1)

+gWov; (1)),

1 7
%, (8) = Y b5, (1) g2 Y Wy.T (vi ()
e=0 ¢=1
1 7
= Y o, (6) g2 Y Wi (hiy (£) go + hey (B) 91) i (1)
e=0 ¢=1

1
=Y h, () g,

e=0
1 1 1 1 1 1 1 )

XYY XXX O, O, (0
5=0 p=07=00=0¢=01[=0 k=0

x hy, (t) hi, (£) by (£) by (£)

(Wi () + g, Wy, () + g, Wiy (©)

+ G Wivy (6) + g Wivs (1)

91 Wegvs (8) + gWerv; (1))

1 7
()= Y H (0 gy Y WoT (v (1))
f=0 ¢=1
1 7
= Yl (6) g7 Y Wi (hlg () gy + By (8) g1 ) vi ()
f=0 ¢=1

1
=Y h () g5
f=0

1 1 1 1 1 1 1
DWWHWNWINOLRC

s=0 p=07=00=0c¢=0]=0 k=0

x hy (t) hy, (£) hi. () by (£) Bb, (F)

1
(WAL (O + gy Wiy ()
+ G, Wavs () + g,Wovy (8) + g: Wesvs (1)
+gWEE () + gWEE ).
(59)
On the basis of (9), let
(g 0 0 0 0 0 0]
1
0 g, 01 00 0 0
0 0gloo0 00O
G'=|0 0 0gl0 o0 0
9o >
000 0g 00
0000 O0g O (60)
(00 0 0 0 0 g
(g; 0 0
G'=|0 g 0,
2
|0 0 g

then, Egyfoproak = GW?G'W! = [Yyylye R = 1,2,3X =
1,2...,9.
Plugging (56a) and (56b) into (59) leads to

SCEDRRRDDRIILAC

d=0e=0 f=05s=0 p=0r=00=0c=0[=0 k=0
X 15, () W (6) By (6) B, (6) I, (8) W, (8)

X héc (t) hél (t) h?k (t) {AdefsproclkX (t)
+ Zdefsproclklx (t-0.13)
+Zdefsproclk2X (t- 0015)} s
(61)

where X(t) = [x,(t) x,(t) x5()]7, X(t — 0.13) = [x,(t —
0.13)00]”, X(t - 0.015) = [0x,( — 0.015) 0],

Y1 1 Y1 2 Y1 3
YZI YZZ Y23
Y31 Y32 Y33

A defsproclk =

>

Y14 Y15 Y16

Zleefsproclkl = lYM YZS Y26
Y34 Y35 Y36

Y17 Y18 Y19

Zalefsproclkz = lY27 Yos Yy
Y37 Yig Y

(62)

Next, by renumbering the matrices shown in (61), the NN
model of master system can be rewritten as the following LDI
state-space representation:

1024

2
X(t)thi(t){AiX<t)+ ZikX(t—rk)}, (63)
1

i=1 k=
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where 7, = 0.13, 7, = 0.015,

Ay = Ago000000005 - - - » Aoz = Ao
A4 = At
Apr = Ag00000000 15 - - +» A2zt = Ao

A10241 = Allllllllll 1>

Abstract and Applied Analysis

Al = Ap0000000002> - - - > Ajzr = Ao

A10242 = A11111111112'

(64)

Similarly, the connection weights of the NN model for the
slave system are obtained as follows:

152.414 -108.845 5.89316 -2.46010 141.365 -68.6751 379.275 0.92354 -435.589
259179 -1.25408 0.23133 -0.03779 143.659 -441.921 -736.338 0.04626 951.915
. . 16.4571 -32.4571 -0.07041 -0.03095 —-427.963 350.75 -752.998 0.05790 -927.148
W = [Wcs] =107 x | 185.863 -168.015 63.4102 0.77781 398.267 807.329 -618.194 2.26166 -347.51 |,
30.1031 -6.65419 20.3791 -0.18987 592.515 817.051 -708.535 0.22644 946.027
-29.6884 2.93641 -19.0384 0.14757 -116.821 494.393 170.087 -—0.19531 -269.934
-30.3835 -2.8972 14.6662 -0.05355 -107.568 —-478.976 -853.276 0.04245 -381.7
Yy 5 —-0.02461 -2.39353 -2.95221 0.00325 -0.54634 -0.78523 -0.23624
W = [ch] =10"x | 036735 -35.2973 3.22363 -0.06269 -32.8677 —48.5154 -16.6456 |.
-2.20513 893374 -5.80935 -1.25235 164.85 164.933 -10.6894
(65)

Step 2. 'The procedures of constructing the NN model for the
slave system are similar to those for that of the master system,
and then we have the NN model of the slave system as follows:

. 1024 2

X(t)=) h;(t) {Zj)? () + D ARX (t- Tk)} +BU (1),
j=1 k=1

(66)

where X(t) = [%,(t) %,(t) %3(t)]7, X(t — 0.13) = [0
%,(t-0.13)  0]7,X(t-0.015)= [0 0 X,(¢t—0.015)]" and B

is identity matrix. The responses of X(#) and X(¢) for original
systems and NN models are shown in Figures 3(a) and 3(b).

Step 3. In order to synchronize the master and slave systems,
a fuzzy controller is synthesized as follows:

Control Rule 1: IF e, (t) is M;, THEN U (t) = -K,E (),

Control Rule 2: IF e, (t) is M,, THEN U (t) = -K,E (),
(67)

where M, and M, are the membership functions for each e,
(see Figure 4) as follows:

M, (e; ) =1(1+el—(t)>’ (68a)
2 q
M, (e, () = = (1 _a® ) (68b)
2 q
Based on (19), we have the overall fuzzy controller
2 2
U -- 2t O8O Sh ke, ©9)

Yo w ) =1

with wy(t) = M(e, (t)), hy(t) = wy(t)/ Yr, w(t).

Based on (20), the dynamics of the error system are
obtained as follows:

1024 2 2

E(t) = ZkZth () hy (t)
< {GUE () + ARE(t— 1)} + D () + © (1),
(70)

where G, = A;—BK,, ¥ = f(X(t))+ Y., Hy(X(t-1))+U(t),
withU(t) = - Y1 li(OKE®), Y = F(X(0))+ Yr_, He(X(t-
7)), O) = ¥ - ¥ - (N0 30, S, kOl (OIGE®) +
ZikE(t - 1)}

Step 4. According to (55) and (61)-(70), the LMIs in (47a)
and (47b) can be solved via the Matlab LMI toolbox. In
accordance with Remark 1, the specified structured bounding
matrix R and ¢; are set as

18000 0 0 100
R=| 0o 1800 0 |, g=|010]. (71
0 0 18000 001

Based on Corollary 8, the positive constant £ is mini-
mized by the mincx function of Matlab LMI toolbox & ; =
0.0000125, and then we have the minimum disturbance
attenuation level p..;, = 0.006.

Step 5. The common solutions Q, F,, F,, y,, and y, of the
stability conditions (31a) and (31b) can be obtained with the
best value tmin of LMI Solver (Matlab) as —2.202477 x 10”7
as follows:

0.7456 0 0
Q=10°x| 0 07454 -0.0001|, (72
0 —0.0001 0.7452
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(®)

FIGURE 2: (a) Chaotic behavior of the master system (51). (b) Chaotic
behavior of the slave system (52) without control.

[0.0071 0 0
F, = 0 0.0071 0 ,
| 0 0  0.0071 |
[0.0071 0 0
F, = 0 00071 0 .
0 0  0.0071 |

In addition, the resulting controller gains are

K, =10’ x
K, = 10° x
Y=Y, =

[9.4701 —0.0004
0.0004 9.4701
| 0.0055 —0.0014

[ 9.4701 0.0001
—0.0001 9.4701

| —0.0013 0.0053

1.0344 0
0 1.0345
—-0.0032 0.0002

-0.0055]
0.0014
9.4701 |

0.0013 ]
-0.0053

9.4701 |

—-0.0032
0.0002
1.0345

(73a)

(73b)

(74)

X3

13

Time (s)

—— Original
—— Model

200

-200
0
400

—400
0
400

200

—200 L
0

—— Original
—— Model

(b)

FIGURE 3: (a) The responses of X(t) for original system and NN

model. (b) The responses of X(t) for original system and NN model.
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FIGURE 4: Membership functions of the fuzzy controller.
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FIGURE 5: State responses of both master and slave systems.

x3(t)
o

—— Master
-.- Slave

FIGURE 6: The chaotic behaviors of the master and slave systems.

Figure 5 displays the state responses of both master and
slave systems. The chaotic behaviors of the master and
slave systems are shown in Figure 6. Besides, Figure 7 illus-
trates the synchronization errors (e;, e,, and e;) which
converge to zero. Moreover, the assumption of |D(¢)|| <
I 31024 5% | hi(t)hy(t)OR,E(t)|| is satisfied from the illustra-
tion shown in Figure 8.
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FIGURE 7: State responses Of the error System.
1000 —————
900 |
800 |
700
600 |
500 |
400 |
300 |
200 }
100 JM o

O I I I I I I I I I
0 002 0.04 006 0.08 0.1 012 014 0.16 018 0.2
t

FIGU&E , 8: Plots of  ||o®@)| (blue line) and
I Z?O Yo @k ()OR,E(t)] (red line).

i=1

6. Conclusion

This study proposes a novel approach not only to realize
the exponential synchronization of nonidentical multiple
time-delay chaotic (MTDC) systems but also to achieve the
optimal H*® performance at the same time. First, a neural-
network (NN) model is employed to approximate the MTDC
system. Then, a linear differential inclusion (LDI) state-space
representation is established for the dynamics of the NN
model. Next, in terms of Lyapunov’s direct method, a delay-
dependent stability criterion is derived to ensure that the
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slave system can exponentially synchronize with the master
system. Subsequently, the stability condition of this criterion
is reformulated into a linear matrix inequality (LMI). On the
basis of the Lyapunov stability theory and LMI approach,
a fuzzy controller is synthesized to realize the exponential
H*® synchronization of the chaotic master-slave systems and
reduce the H® norm from disturbance to synchronization
error at the lowest level. Finally, the simulation results
demonstrate that the exponential H* synchronization of two
different MTDC systems can be achieved by the designed
fuzzy controller. algorithm, respectively. First, the NN model
to approximate the master chaotic
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The purpose of this paper is to investigate a delay-dependent robust synchronization analysis for coupled stochastic discrete-time
neural networks with interval time-varying delays in networks coupling, a time delay in leakage term, and parameter uncertainties.
Based on the Lyapunov method, a new delay-dependent criterion for the synchronization of the networks is derived in terms of
linear matrix inequalities (LMIs) by constructing a suitable Lyapunov-Krasovskii’s functional and utilizing Finsler’s lemma without
free-weighting matrices. Two numerical examples are given to illustrate the effectiveness of the proposed methods.

1. Introduction

In recent years, the problem of synchronization of coupled
neural networks which is one of hot research fields of complex
networks has been a challenging issue due to its potential
applications such as physics, information sciences, biological
systems, and so on. Here, complex networks, which are a set
of interconnected nodes with specific dynamics, have been
studied from various fields of science and engineering such
as the World Wide Web, social networks, electrical power
grids, global economic markets, and so on. Many mathe-
matical models were proposed to describe various complex
networks [1, 2]. Also, in the real applications of systems,
there exists naturally time delay due to the finite information
processing speed and the finite switching speed of amplifiers.
It is well known that time delay often causes undesirable
dynamic behaviors such as performance degradation and
instability of the systems. So, some sufficient conditions for
synchronization of coupled neural networks with time delay
have been proposed in [3-5]. Moreover, the synchronization

of delayed systems was applied in practical systems such as
secure communication [6]. Furthermore, these days, most
systems use digital computers (usually microprocessor or
microcontrollers) with the necessary input/output hardware
to implement the systems. The fundamental character of
the digital computer is that it takes compute answers at
discrete steps. Therefore, discrete-time modeling with time
delay plays an important role in many fields of science and
engineering applications. In this regard, various approaches
to synchronization stability criterion for discrete-time com-
plex networks with time delay have been investigated in the
literature [7-9].

On the other hand, in implementation of many practical
systems such as aircraft, chemical and biological systems,
and electric circuits, there exist occasionally stochastic per-
turbations. It is not less important than the time delay as a
considerable factor affecting dynamics in the fields of science
and engineering applications. Therefore, the study on the
problems for various forms of stochastic systems with time-
delay has been addressed. For more details, see the literature



[10-13] and references therein. Furthermore, on the problem
of synchronization of coupled stochastic neural networks
with time delay, various researches have been conducted [14-
17]. Li and Yue [14] studied the synchronization stability
problem for a class of complex networks with Markovian
jumping parameters and mixed time delays. The model con-
sidered in [14] has stochastic coupling terms and stochastic
disturbances to reflect more realistic dynamical behaviors
of the complex networks that are affected by noisy envi-
ronment. In [15], by utilizing novel Lyapunov-Krasovskii’s
functional with both lower and upper delay bounds, the
synchronization criteria for coupled stochastic discrete-time
neural networks with mixed delays were presented. Tang and
Fang [16] derived several sufficient conditions for the syn-
chronization of delayed stochastically coupled fuzzy cellular
neural networks with mixed delays and uncertain hybrid
coupling based on adaptive control technique and some
stochastic analysis methods. In [17], by using Kronecker
product as an effective tool, robust synchronization problem
of coupled stochastic discrete-time neural networks with
time-varying delay was investigated. Moreover, Song [18-
20] addressed synchronization problem for the array of
asymmetric, chaotic, and coupled connected neural networks
with time-varying delay or nonlinear coupling. Also, in [21],
robust exponential stability analysis of uncertain delayed
neural networks with stochastic perturbation and impulse
effects was investigated.

Very recently, a time delay in leakage term of the systems
is being put to use in the problem of stability for neural
networks as a considerable factor affecting dynamics for
the worse in the systems [22, 23]. Li et al. [22] studied
the existence and uniqueness of the equilibrium point of
recurrent neural networks with time delays in the leak-
age term. By use of the topological degree theory, delay-
dependent stability conditions of neural networks of neutral
type with time delays in the leakage term were proposed in
[23]. Unfortunately, to the best of authors’ knowledge, delay-
dependent synchronization analysis of coupled stochastic
discrete-time neural networks with time-varying delay in
network coupling and leakage delay has not been investigated
yet. Thus, by attempting the synchronization analysis for the
model of coupled stochastic discrete-time neural networks
with time delay in the leakage term, the model for coupled
neural networks and its applications are closed to the practical
networks. Here, delay-dependent analysis has been paid more
attention than delay-independent one because the sufficient
conditions for delay-dependent analysis make use of the
information on the size of time delay [24]. That is, the former
is generally less conservative than the latter.

Motivated by the above discussions, the problem of
a new delay-dependent robust synchronization criterion
for coupled stochastic discrete-time neural networks with
interval time-varying delays in network coupling, the time
delay in leakage term, and parameter uncertainties is consid-
ered for the first time. The coupled stochastic discrete-time
neural networks are represented as a simple mathematical
model by the use of Kronecker product technique. Then, by
construction of a suitable Lyapunov-Krasovskii’s functional
and utilization of Finsler’s lemma without free-weighting
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matrices, a new synchronization criterion is derived in terms
of LMIs. The LMIs can be formulated as convex optimization
algorithms which are amenable to computer solution [25].
In order to utilize Finsler’s lemma as a tool of getting
less conservative synchronization criteria on the number of
decision variables, it should be noted that a new zero equality
from the constructed mathematical model is devised. The
concept of scaling transformation matrix will be utilized in
deriving zero equality of the method. In [26], the effectiveness
of Finsler’s lemma was illustrated by the improved passivity
criteria of uncertain neural networks with time-varying
delays. Finally, two numerical examples are included to show
the effectiveness of the proposed method.

Notation. R" is the n-dimensional Euclidean space, and R™"
denotes the set of all m x n real matrices. For symmetric
matrices X andY, X > Y (resp., X > Y) means that the matrix
X - Y is positive definite (resp., nonnegative). X denotes a
basis for the null-space of X. I,, and 0,, and 0,,,,,, denote n x n
identity matrix and nxn and m xn zero matrices, respectively.
| - |l refers to the Euclidean vector norm or the induced
matrix norm. A, (-) means the maximum eigenvalue of a
given square matrix. diag{---} denotes the block diagonal
matrix. * represents the elements below the main diagonal
of a symmetric matrix. Let (Q, %, {F,};5¢, %) be complete
probability space with a filtration {F,},., satisfying the usual
conditions (i.e., it is right continuous and &/, contains all
P-pull sets). E{-} stands for the mathematical expectation
operator with respect to the given probability measure 2.

2. Problem Statements

Consider the following discrete-time delayed neural net-
works:

y(k+1)=(A+AA) y(k-1)+ (W, + AW;) g (¥ (k))
+ (W, + AW,) g (y (k= h (K))) + b,

where n denotes the number of neurons in a neural network,
y() = [yl(-),...,yn(')]T € R" is the neuron state vector,
g¢) =1g:0),..., gn(-)]T € R" denotes the neuron activation
function vector, b = [b ,...,bn]T € R" means a constant
external input vector, A = diag{a,,...,a,} € R™" (0 <

a; < 1,9 = 1,...,n) is the state feedback matrix, W, €

R™" (g = 1,2) are the connection weight matrices, and AA
and AW, (g = 1,2) are the parameter uncertainties of the
form

[AA, AW,, AW, ] = DF (k) [E,, E;, E,] , 2

where F(k) is a real uncertain matrix function with Lebesgue
measurable elements satisfying

FT(k)F(k) < 1. 3)

The delays h(k) and 7 are interval time-varying delays and

leakage delay, respectively, satisfying
0<h,<h(k)<hy, 0<T, (4)

where h,, and h,, are positive integers.
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The neuron activation functions, gp(yp(-)) (p=1,...,n),
are assumed to be nondecreasing, bounded, and globally
Lipschitz; that is,

-9 (Ep) 9 (Eq) <

l = — >
P E,-&, P

Ve, 8, €R, §,#8, ()

where [, and l; are constant values.

For simplicity, in stability analysis of the network (1), the
equilibrium point y* = [y5, ..., y*]" is shifted to the origin
by the utilization of the transformation y(-) = ¥(-)—y*, which
leads the network (1) to the following form:

Jk+1) = (A+AA)y(k-1)+ (W, + AW;) G (7 (k)
+ (W + AW,) G (7 (k - h (K))),

where y(-) = [j/'l(-),...,j/'n(-)]T € R” is the state vector
of the transformed network, and g(¥(-)) = [g,(7,()),...,
Gn( j/"n(-))]T is the transformed neuron activation function
vector with g, (¥,() = g,(7,() +y;) - gq(y;) q=1,...,n)
satisfies, from (5), [, < §,(§,)/¢, < l;,VqukO, which is
equivalent to

(3, (5 ) = 1,7, 0] [3, (7, W) = [;7, ®)] < 0. (7)

In this paper, a model of coupled stochastic discrete-
time neural networks with interval time-varying delays in
network coupling, leakage delay, and parameter uncertainties
is considered as

yik+1)=(A+AA) Y, (k—-1)+ (Wl + AWl)g(yi (k))
+ (W, + AW,) G (3, (k = h (k)

N
+ 3 9,17 (k=h (k) (1 +w, (k)

j=1
+0; (k, 7; (k), 7; (k = h (k))) w, (k)

i=1,2,...,N,
(8)

where N is the number of couple nodes, y;(k) = [¥;(k),
> 7 (k)]T € R" is the state vector of the ith node, T €
R™" is the constant inner-coupling matrix of nodes, which
describe the individual coupling between the subnetworks,
G = [gijlnxn is the outer-coupling matrix representing
the coupling strength and the topological structure of the
network satisfies the diffusive coupling connections

9;=9;20 (i#j)),
N - )
gii:_'z 9ij (1,]21,2,...,N),

jELi#j

and wq(k) (g = 1,2) are m-dimensional Wiener processes
(Brownian Motion) on (Q, &, {F,},5o, &) which satisty

E{w, ()} =0,
E {w; )} =1, (10)

E{w, (), ()} =0 (i#)).
Here, w,(k) and w,(k), which are mutually independent,
are the coupling strength disturbance and the system noise,
respectively. And the nonlinear uncertainties o;(:,-,-) €
R™™ (i = 1,...,N) are the noise intensity functions satis-
fying the Lipschitz condition and the following assumption:

UiT (k, ; (k) , y; (k = h (k))) 0; (k, 7; (k) , 5; (k — h (k)))
<[ H,7 0| + |Hy5: (k= h ()|,

where H, (9 = 1,2) are constant matrices with appropriate
dimensions.

(11)

Remark 1. According to the graph theory [27], the outer-
coupling matrix G is called the negative Laplacian matrix
of undirected graph. A physical meaning of the matrix G is
the bilateral connection between node i and j. If the matrix
G cannot satisfy symmetric, the unidirectional connection
between nodes i and j is expressed. At this time, the
matrix G is called the negative Laplacian matrix of directed
graph. Therefore, new numerical model and strong sufficient
condition guaranteed to the stability for networks are needed.
Moreover, in order to analyze the consensus problem for
multiagent systems, the Laplacian matrix of directed graph
was used [28].

For the convenience of stability analysis for the network (8),
the following Kronecker product and its properties are used.

Lemma 2 (see [29]). Let ® denote the notation of Kronecker
product. Then, the following properties of Kronecker product
are easily established:

(i) (@A) ® B= A® (aB),

(ii) ( A+B)®C=A®C+B&C,
(iii) (A® B)(C® D) = (AC) ® (BD),
(iv) (Ao B)" = AT o B

Let us define
x(k) =7 (®),... 7n )],

f) =[G ®),...g(Gy @), (2

T
G(t) = [01 ('3':')3'-~>0N (”)] .

Then, with Kronecker product in Lemma 2, the network (8)

can be represented as

x(k+1) = (Iy® AK) x(k—1) + Iy ® W, (k) f (x (k)
+(Iy® W, (k) f (x (k= h(k)))

+(GoD) x(k-h(k) (1+w (k) +0®)w, (),
(13)



where A(k) = A + DF(k)E,, W,(k) = W, + DF(k)E,, and
W, (k) = W, + DF(k)E,.

In addition, for stability analysis, (13) can be rewritten as
follows:

x(k+1)=n(k)+ok)w(k), (14)
where
(k) = (Iy® A) x (k=1) + (Iy®W,) f (x (k)
+(Iy®W,) f(x(k-h(k))+(G&T)x(k-h(k)
+(Iy®D) p(k),
pk) = (Iy®F(k)q(k),
q(k) = (Iy® E,) x (k- 7) + (Iy ® E,) f (x (k)
+(IN®Ey) f (x (¢t =h(k),
o(k) = (GeD) x(k—-h(k),o (K],
W' (k) = [w] k), @, (0)].
(15)

The aim of this paper is to investigate the delay-dependent
synchronization stability analysis of the network (14) with
interval time-varying delays in network coupling, leakage
delay, and parameter uncertainties. In order to do this, the
following definition and lemmas are needed.

Definition 3 (see [7]). The network (8) is said to be asymptot-
ically synchronized if the following condition holds:

Jlim "xi (k) - x; (k)|| =0, i,j=12,...,N. (16)

Lemma 4 (see [3]). Let U = [u;]nun P € R™" xT = [x,,

Xy s %) s and yU = (1, ¥as . s ¥, )T IfU = U and each
row sum of U is zero, then

x'(UeP)y=- z ”ij(xi_xj)TP(yi_yj)' 17)

1<i<j<N

Lemma 5 (see [30]). For any constant matrix 0 < M = MT e
R™", integers h,, and h,, satisfying 1 < h,, < hy,, and vector
function x(k) € R", the following inequality holds:

Iy
—(hy=hy+1) Y xT (k) Mx (k)
k=h,,

by T by
< —( D x(k)> M( D x(k)>.
k=h,, k=h,),

Lemma 6 (see [31] (Finsler’s lemma)). Let{ € R", ® = ®T ¢
R™", and Y € R™" such that rank(Y) < n. The following
statements are equivalent:

(18)

(i) {Td¢ < 0, ¥YL =0, {#0,
(i) Y oYt < 0.
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3. Main Results

In this section, a new synchronization criterion for the
network (14) will be proposed. For the sake of simplicity
on matrix representation, ¢; (i = 1,...,9) € R are
defined as block entry matrices (e.g., e, = [0,,1,,0,,0,,0,,
0,,0,,0,, On]T). The notations of several matrices are defined

n> “n’

as follows:

k) =[x k), x" k-1),x" (k=) x" (k-h(K),
(k= hyy) (7 (0 = x ()T, £ (x (k)
fM e e=h)), p" k)],

2 () = x,(0) = x; (k). f (2 (00)) = f (x; () = £ (x; ().

i () = 1. () = 1; ()., pyj (K) = p; (k) = p; (k).

G k) = 2] (k)2 (k= 1), 25, (k= h,,) 2], (k= h(K)),
2l (k= hag) (i (0~ 25 ®) ' 17 (2 R)).
£ (2 (e = R ())), pj; (B)]

Y;; = [-1,,A,0,,— (Ng,T),0,, -1, W,,W,, D],

S =P+R R, + (hy —h,)’R, +7°S,,

[1]

1= elPe6T + e6Pe1T + e(,PeZ,
T T T
e,Qie; —e; (Q-Q,) e; —esQ,e;5,

T
€ (hfan +(hyy — hm)sz) eg_(el - ‘33) R1(61_63)

1

2

83]

—(e5 —eg) Ry(e5 - e4)T —(eq—e5) Ry(ey - es)T
—(e;—ey) TT(34 - es)T —(ey—e5)T(es — 34)T>

T T 2 T T
4 = €518 —e;5e; e (T Sz) es—(e1—¢,)Sy(e1-e) ",

N
T T T T
5= €4 <Nzgilgljr ZI‘> e, te (PH1 Hl) €

=1

[1]

1

+ey (pHgHZ) e4T,
8¢ =-¢ (2L,,D,L,)e{ +e (L, +L,)Dye;
+(e; (L, +L,) DleZ)T —e,(2D,) el
—e,(2L,,D,L,)e; +e,(L,, +L,) Dyeg
+(eg (L, +L,) DzeST)T —e3 (2D;)ef,
E‘7 =€ (eln) eZ’

Y =[0,,E,,0,,0,,0,,0,, E;, E,,0,] .
(19)

Then, the main result of this paper is presented as follows.
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Theorem 7. For given positive integers h,,,, hy, and T, diagonal
matrices L, = diag{l,..., I/} and L, = diagi{l],..., 1]}, the
network (14) is asymptotically synchronized for h,, < h(k) <
hy, if there exist positive scalars p, €, positive definite matrices
P,Q,,Q,, R\, R,, S, S, positive diagonal matrices Dy, D,, and
any matrix T satisfying the following LMIs for 1 <i < j < N:

S —pl, <0, (20)
R, T
EHE o

T 7
[ [(] - l) Yij]L ‘O%Xn ] ZEI G\PT
=1

OnxSn ‘ In

* (22)
. . J‘
—1) 4y 9nxn
[ LG=0v] o <o
0n><8n In
where 2, Yij, B (I=1,...,7), and ¥ are defined in (19).
Proof. Define a matrix U as
N-1 -1 - -1
-1 N-1-1 :
U=luyl = . 23)
. -1 =1
-1 -+ -1N-1

and the forward difference of x(k) and V (k) as
Ax (k) =x(k+1)—x(k)=n(k)—xk)+eo(k)w(t),
24
AV (k)=V(k+1)-V (k). (

Let us consider the following Lyapunov-Krasovskii’s func-
tional candidate as

V (k) = V; (k) +V, (k) + V5 (k) + V, (k), (25)
where

Vi) =x" (k) UeP)x(k),

k-h,,

hy,-1
+ Z x' () (UeQ,)x(s),

s=k—hy,

-1 k-1
Vi) =h, Y Y Ax"(u)(U®R,)Ax ()
s=—h,, u=k+s
~h,~1 k-1
+ (hy — hyy) Z Z Ax" (u) (U ® R,) Ax (),

s=—hy u=k+s

k-1
Vi)=Y x' (s)(U®S,)x(s)

s=k—-1

-1 k-1

+TZ Z Ax" () (U®S,) Ax (1)

S==T y=k+s

(26)

The mathematical expectation of AV(k) is calculated as
follows:

E{AV; (b}

=E{x" (k+ 1) (UsP)x(k+1)
—x" (k) (U ® P) x (k)}

= E{(Ax (k) + x (k))" (U ®P) (Ax (k) + x (k)
—x" (k) (U®P)x (k) }

=E{Ax" (k) (U ® P) Ax (k)
+2Ax" (k) (U ® P) x (k)}

= E{(n(k) - x (k)" U P) (k) - x (k)
+(eWw(®) UeP) (e k)
+2(n (k) - x (k)" (U ® P) x (k)|

= E{(n(0) - x (&))" U @ P) (17 (k) - x (k)

+x (t-h(k)(GeD)T (UsP)(GeT)x(t—h(k)
0,

+0o! (k) (U® P)o (k)
(o)

#2(n (k) - x (k)" (U & P) x (K},
E {AV; ()}
=E{x" () (UeQ)x(k)
-x' (k=h,) (U®(Q -Q,))x(k-h,)
—x" (k= hy) (UeQ,)x(k—hy)},
E {AV; (k)}

=E <|AxT (k) (U ® (KR, + (hy — h,,)’R,)) Ax (k)

k-1
~h, Y Ax'(s)(U®R,)Ax(s)
s=k—h

m

k—h,,~1
—(hy=hy) Y Ax"(s)(UsR,)Ax (s)}
s=k—hy,
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k—h(k)-1 T
=Eq(nk)-x (k))T (U ® (hfan + (g — hm)sz)) Z Ax (s) 1
s=k—hy; - (U®R,) (U
< - k
x (1 (k) = x (k) et 1 O, ! wenr,)
T T Z Ax (s) 1=
x (t-hk)(GeT) G
+| x(Ue (R, + (hy —h,,)°R,))
x(G®TD)x(t—h(k)) k=h(k)-1
Ax (s)
0,
s=k—hy;
T 2 _ 2 X
+0" (k) (Ue (KR, + (hy —h,)'R,)) 0 (k) ot
% Z Ax (s)
k-1 s=k—h(k)
-h,, Z Ax" (s) (U®R,) Ax (s) .
s=k—h,, ez - eST
T
keh, -1 - Z & () T T
—(hy - h,,) Z Ax" (s) (U®R,) Ax (s) }, Isi<j=N € ¢
s=k-h
M 1
—R, 0, ez - eST
Elav. ®) x| % & ®),
. . 0, T Re|leg-ef
=E{x" () (U®S)x(k)-x" (k-17)(U®S,)x(k-1) %k 29)
+Ax" (k) (U 7°S,) Ax (k) where o, = (hy—h(k))(hy—h,,) ", which satisfies 0 < o < 1.
el Also, by Theorem 7 in [32], the following inequality for
_r Z AxT (s) (UssS,)Ax (s)]» any matrix T holds
s=k-t1 1- o
I, 0, R T
=E{x" () (UeS)x (k) -x" (k-17)(U®S,)x (k-1) %k [ 2 ]
- 5 n 1 _ ak n
+(n(k) - x (k)" (UeT’s,) (k) - x (k) (30)
+x" (t-h (k) (GeD)" (Uer’s,) (GeT) x (t — h (k) \j Lo I, 0,
P X %k >0,
3 0, —y|—k_p
+o' (k) (UeT’s,)0 (k) " \jl—ock g
0 which implies
k-1
- Z AxT () (U®S,) Ax(s)]» ) iRz 0,
s=k-t X > [RZ r ] (31)
1 = R, |’
(27) 0 R, * Ry
n 1 _
By Lemmas 4 and 5, the sum terms of E{AV;(k)} are bounded %
as follows: then, an upper bound of the sum term (29) of E{AV;(k)} can
k-1 be rebounded as
- h, Z Ax" (s) (U®R,) Ax (s) k—h,,—1
s=k=hy, —(hy - hy,) Z Ax" (s) (U ®R,) Ax (s)
k-1 T k-1 s=k=h
< - Ax(s) | (U®R,)) Ax (s) S
s=k—h,, s=k—h,, €y ~ 6 R. T
T T T\ T T o = Z Cg(k)l: T T :| [*2 Rz] (32)
== (,-j (k) (61 - 63) R, (e1 ) ) Cij k), 1si<jsN € — ¢
1<i<j<N -
k—h, -1 € 7% k
—(hy —hy) Y Ax"(s) (U®R,) Ax(s) o Gj ()
s=k—hy, € 74
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Similarly, the sum term of E{AV,(k)} is bounded as

k-1
-7 Z Ax" (s) (U ®S,) Ax (s)

s=k—-1

(33)
£- Z CZ (k) (el - ez) Sz(el - eZ)TCij (k).

1<i<j<N

Also, by properties of Kronecker product in Lemma 2 and
UG = GU = NG, the terms 0, (g = 1,2,3) in (27) are
calculated as follows:

3
YO, =x'(t-h(k)(GeD) Usx)(Gar)x(t-h(k)

=1

=x' (t-h(k) (NG'GeI'EI)x (t - h(k)),
(34)

where ¥ is defined in (19), and, if £ < pI, then, from (11), the
upper bound of terms Q, (g = 1,2,3) in (27) is calculated as
follows:

3
Yo =0 (kU)o (k)
I=1
<plx" (k) (Ue H{H,)x (k) 3
+x' (t = h (k) (Ue Hy H,) x (t - h(k))} .

Then, by utilizing Lemma 4, an upper bound of E{AV (k) =
Z;l:l AV;(k)} can be written as follows:

E{AV (k)} < [E<|

5
Y k) (ZE;) G (k)} . (36)

1<i<j<N I=1

From (7), for any positive diagonal matrices D, (q = 1,2),
the following inequalities hold.

0< Z (5 (k) Eé(z’j (k). (37)

1<i<j<N

Since the relational expression between p(k) and q(k),
pT(k) plk) < qT(k)q(k), holds from the second equality of
the system (14), there exists a positive scalar € satisfying the
following inequality:

0< Y Gk (¥ +E;); (k). (38)

1<i<j<N

From (36)-(38), by S-procedure [25], the E{AV (k)} has a new
upper bound as follows:

7
E{AV (k)} < E «l PR <Zal + e‘PT\P) G (k)} .
=1

1<i<j<N

(39)

Also, the network (14) with the augmented matrix Cij(k) can
be rewritten as follows:

[E{ > G-

1<i<j<N

i) Yij(ij (k)]> = 01 (40)
Here, in order to illustrate the process of obtaining (40), let
us define the following:

AN]=IN,N-1,...,1]®1, e RN,
(41)

A=[ALA,,...

By (14), (23), and properties of Kronecker product in
Lemma 2, we have the following zero equality:

0, = E{AU®A)x(k—7)+ A(NG®T) x (k — h (k))
-AUL) (k) —x (k) +AUW,) f (x (k)

FA(UOW,) f (x(k-h (k) + AU D) p(k)}.
(42)

By Lemma 4, the first term of (42) can be obtained as follows:

AU®A) x(k-1)

=[NIL,...I,JU® A)[x; k=1),....,xy (k-1)]"
nxNn NnxNn Nnx1

== > w(A-A)A(x(k—1) - x; (k- 1))

Y (Ai-Aj) Az (k-1)

1<i<j<N

Y (N+1-i)I,-(N+1-j)I,) Az;(k-1)

1<i<j<N

Y (j-i) Az (k-1).

1<i<j<N

(43)
Similarly, the other terms of (42) are calculated as follows:

ANG®T) x (k- h (k)

- 3 Ngy(a-a )T

1<i<j<N
x (x; (¢ = R (K)) = x; (t = h (K)))

== Z (j-1) (Ngijr) Zij (k—h(k)),

1<i<j<N

~AUeL,) (1 (k) - x (k)

= ) uy(Ai-A)I,

1<i<j<N
x (1 o) = x; (K)) = (m; () = x; (k)
== > (-1 (1) - 2;(8)),

1<i<j<N
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AUeW,) f (x (k)
== Y wy (A=A )W (f (5 R) - f (x5 ()
1<i<j<N
Z (j-1) Wlf(zij (k)) >
1<i<j<N

AUW,) f (x (k- h(k))

- 3

1<i<j<N
< (f(x(t=h(k) - f (x;t—h(K)))
Z (j-i)Wf (zij (k—h (k))) >

t (A=A ;) W,

1<i<j<N
AU&D)p(k)
=- Z ujj (Ai _Aj)D(pi (k) = p; (k))
1<i<j<N
Z (j-1) Dp;; (k).
1<i<j<N
(44)
Then, (42) can be rewritten as follows:
x1 = E ‘l z (j-1)
1<i<j<N
x [-1,, A,0,,-(Ng,T),0,, ~I,, W}, W,, D]
Y,
XCij (k) ]’ .
(45)

Therefore, if the zero equality (40) holds, then a synchroniza-
tion condition for the network (14) is

1 D gw%zﬂ+wqjgw4 (46)

1<i<j<N

subject to

E { Z (j =) Y8, (k)]> = 0,1 (47)

1<i<j<N

Here, if inequality (47) holds, then there exists a positive
scalar € such that 217:1 g + €YY < —¢l,,. From (39) and
(47), we have E{AV(K)} < E{-e ¥ jon IIx;(k) - xj(k)llz}.
Thus, by Lyapunov theorem and Definition 3, it can be
guaranteed that the subnetworks in the coupled discrete-time
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neural networks (14) are asymptotically synchronized. Also,
condition (47) is equivalent to the following inequality:

> G (k)(zul+€‘1’ ‘I’) Gi(k) <0 (48)
1<i<j<N

subject to

Z (] - i) Yijcij (k) = 0,1 (49)

1<i<j<N

Finally, by the use of Lemma 6, condition (49) is equivalent
to the following inequality:

1T 7 1
Y [G-i)vy) (ZEZ+€\PT\I’)[(j—i)Yij] <0,
1<i<j<N I=1
(50)

and applying Schur complement [25] leads to

o | 6-0m(S=) 16w | - ],

1<i<j<N e‘I’[(j ~) Yij]l ‘ el
(51)
which can be rewritten by
. . L T
z |: [(] - 1) Yij] 09151 :|
1<i<j<N 0n><8n ‘ In (52)

0

X[K%O%F

09n><n ] <0.

nx8n ‘ In

From inequality (52), if the LMIs (22) are satisfied, then
stability condition (47) holds. This completes our proof. []

Remark 8. In order to induce a new zero equality (40), the
matrix A in (41) was defined. It is inspired by the concept
of scaling transformation matrix. To reduce the decision

variable, Finsler’s lemma (ii) Y~ ®Y* < 0 without free-
weighting matrices was used. At this time, a zero equality is
required. If the matrix A is not considered, then the following
description (see only (43) as an example)

{(}(UeA)x(k-1)

=(JU®A) [x,(k-1),...,xy(k-1)]" (53)
= Y (HA(xk-1)-x;(k-1)

1<i<j<N

as shown in (53) does not hold. Thus, the derivation of
zero equality in (40) is impossible. Here, to use Lemma 4,
a suitable vector or matrix in the empty parentheses {} is
needed. Therefore, by defining the matrix A, the induction
of the zero equality (40) is possible.
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FiGURe I: The structure of complex networks with N = 5
(Example 10).

TaBLE 1: Maximum allowable delay bounds, h,,, with different #,,,
and fixed 7 = 3 (Example 10).

h,, 1 5 10 50 100
hy, 3 7 12 52 102
TABLE 2: The conditions of simulation in Example 10.

Number T h,, hy, h(k)
3

Cl-1 15 5 7 sin (kr/2) + 6
30

Cl-2 3 50 52 sin (k7r/2) + 51

Remark 9. In this paper, the problem of new delay-dependent
synchronization for coupled stochastic discrete-time neural
networks with leakage delay and parameter uncertainties is
considered. By using Finsler’s lemma without free-weighting
matrices, the proposed robust synchronization criterion for
the network is established in terms of LMIs. Here, as men-
tioned in the Introduction, the leakage delay is the time
delay in leakage or forgetting term of the systems and a
considerable factor affecting dynamics for the worse in the
network. The effect of the leakage delay which cannot be
negligible is shown in Figure 2. Also, the stochastic discrete-
time systems with parameter uncertainties do not formulate
like as the network (14) in any other literature. To do this,
the vector (y(k) — x(k)) is added in the augmented vector
((k). It is just like as x(f) in continuous-time systems. This
form for the systems may give more less conservative results
for stability analysis. As a case of stochastic continuous-
time systems with parameter uncertainties, Kwon [13] derived
the delay-dependent stability criteria for uncertain stochastic
dynamic systems with time-varying delays via the Lyapunov-
Krasovskii’s functional approach with two delay fraction
numbers.

4. Numerical Examples

In this section, we provide two numerical examples to
illustrate the effectiveness of the proposed synchronization
criterion in this paper.

Example 10. Consider the following coupled neural networks
by complex model in Figure 1:
Vi (k+1) = (A+AA) y; (k- 1) + (W, + AW,) G (3 (k))
+ (W + AW,) G (7, (k = h (k)

5
+ Zg,.jr’y'j (k-h(k)(1+w, (k)

j=1

+0; (k, 7; (k) 7; (k = h (k))) w, (k)

(54)
with g(x) = 0.5 tanh(x), where
02 0
A= [ 0 0.3]’
0.001 0 -0.1 0.01
Wi = [ 0 0.005]’ W2 = [—0.2 —0.1]’
T =0.01L,
-2 1 0 0 1
1 -3 1 1 0
G=lo 1 21 o, (55)
0 1 1 -3 1
1 0 0 1 -2
L,=0, L,=05L, D=0.llL,
03 0 -04 0
ko= [ 0 —0.1]’ Ey= [ 0.3 —0.7]’
E,=E, H,=02I, H,=H,.

For the network above, the maximum allowable delay
bounds with different h,, and fixed 7 = 3 by Theorem 7
are listed in Table 1. In order to confirm the obtained results
with the conditions of the time delays as listed in Table 2,
the simulation results for the trajectories of state responses,
x;(k) (i = 2,3,4,5), and synchronization errors, z;,(k) =
x;(k) — x,(k), of the network (54) are shown in Figures 2, 3,
4, and 5. These figures show that the network with the errors
converge to zero for given initial values of the state by x! (0) =
[1,-3], x5 (0) = [-1,2], x5 (0) = [4,-5], x;(0) = [3,~1], and
x?(O) = [4,2]. Specially, the simulation results in Figure 2
show state response trajectories for the values of leakage delay,
T, by 3, 15, and 30 with fixed values h,, = 5and hy; = 7. It is
easy to illustrate that the larger value of leakage delay gives
the worse dynamic behaviors of the network (54).
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0 10 10 30 40 50 0 20 40 60 80 100

0 50 100 150

(0
FIGURE 2: State responses with CI-1 (Example 10): (a) 7 = 3, (b) 7 = 15, and (c) 7 = 30.

201 (k)
231 (k)

30 40 50

(c) (d)
FIGURE 3: Synchronization errors trajectories with Cl-1 (7 = 3) (Example 10).
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0 50 100 150 200 250
k

FIGURE 4: State responses with C1-2 (Example 10).

21 (k)
z31(k)

0 50 100 150 200 250 0 50 100 150 200 250

(@ (b)

z41 (k)

(© (d)

FIGURE 5: Synchronization errors trajectories with C1-2 (Example 10).

Example 11. Consider the following coupled neural networks &
by BA scale-free model [33] in Figure 6: + Z;gijryj (k= h (k) (1 +w, (k))
j=
Sk (A AT D e (e A1) 507 ) +0, (k.7 0. 3, (k = h () @, (),

+ (W, + AW,) (7, (k = h (k) (56)



12

(a)
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0 10 20 30 40 50

(®)

FIGURE 7: State responses and time-delay h(k) with C2-1 (Example 11).

with g(x) = 0.1 tanh(x), where

0.01 0
A= [ 0 o.oz]’

02 -0.1 03 0.1
Wi = [0.3 —0.2]’ W, = [—0.3 0.2]’
r=0001l,,  L,=0, L,=01L,
D=0.1L,

0.7 —0.2 02 —0.5
Eﬂ‘[o 0.4]’ El‘[o 0.3]’

E,=E,,H, =02I,,H, = H,.
(57)

The results of maximum allowable delay bounds with
different h,,, and fixed T = 3 by Theorem 7 are listed in Table 3.
For lack of space, the outer-coupling matrix G is omitted.
It is easy that the matrix G was expressed from Figure 6.
Figures 7 and 8 show the state response trajectories, x;(t) (i =
1,...,50), of the network (56) with the condition of the time

TABLE 3: Maximum allowable delay bounds, h,,, with different #,,
and fixed 7 = 5 (Example 11).

h,, 1 5 10 25 30
hy 5 9 14 29 34

TABLE 4: The conditions of simulation in Example 11.

Number h,, hy, h(k)
C2-1 5 9 Random integer variable with 5 < h(k) < 9
C2-2 30 34 Random integer variable with 30 < h(k) < 34

delays as listed in Table 4 for random initial values of the
state. These figures show that the network (56) with the state
responses converge to zero. This means the synchronization
stability of the network (56).

5. Conclusions

In this paper, the delay-dependent robust synchronization
criterion for the coupled stochastic discrete-time neural
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xi (k)

0 50 100 150

(a)

13

34
33.5

32.5
32
31.5

h(k)

31 - fif- U
305
30

0

50 100 150

(b)

FIGURE 8: State responses and time-delay h(k) with C2-2 (Example 11).

networks with interval time-varying delays in network cou-
pling, leakage delay, and parameter uncertainties has been
proposed. To do this, the suitable Lyapunov-Krasovskii’s
functional was used to investigate the feasible region of
stability criterion. By utilization of Finsler’s lemma with a
new zero equality, a sufficient condition for guaranteeing
asymptotic synchronization for the concerned networks has
been derived in terms of LMIs. Two numerical examples have
been given to show the effectiveness and usefulness of the
presented criterion.
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A class of dynamical neural network models with time-varying delays is considered. By employing
the Lyapunov-Krasovskii functional method and linear matrix inequalities (LMIs) technique, some
new sufficient conditions ensuring the input-to-state stability (ISS) property of the nonlinear
network systems are obtained. Finally, numerical examples are provided to illustrate the efficiency
of the derived results.

1. Introduction

Recently, the dynamical neural networks (DNNs), which are firstly introduced by Hopfield
in [1], have been extensively studied due to its wide applications in various areas such
as associative memory, parallel computation, signal processing, optimization, and moving
object speed detection. Since time delay is inevitably encountered in implementation of
DNNs and is frequently a source of oscillation and instability, neural networks with
time delays have become a topic of great theoretical and practical importance, and many
interesting results have been derived (see, e.g., [2-5] and [6-9]). Furthermore, in practical
evolutionary processes of the networks, absolute constant delay may be scarce and is only
the poetic approximation of the time-varying delays. Delays are generally varied with time
because information transmission from one neuron to another neuron may make the response
of networks with time-varying delays. Accordingly, dynamical behaviors of neural networks
with time-varying delays have been discussed in the last decades (see, e.g., [3, 8-11],
etc.).

It is well known that neural networks are often influenced by external disturbances
and input errors. Thus many dissipative properties such as robustness [12], passivity
[13], and input-to-state stability [4, 10, 11, 14-19] are apparently significant to analyze its
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dynamical behaviors of the networks. For instance, Ahn incorporated robust training law
in switched Hopfield neural networks with external disturbances to study boundedness
and exponentially stability [12], and studied passivity in [13]. Especially, the ISS implies
not only that the unperturbed system is asymptotically stable in the Lyapunov sense but
also that its behavior remains bounded when its inputs are bounded. It is one of the
useful classes of dissipative properties for nonlinear systems, which is firstly introduced
in nonlinear control systems by Sontag in [20], and then extended by Praly and Jiang
[21] and Angeli et al. [19 and Ahn (see [17, 19], and references therein). Due to these
research background, the ISS properties of neural networks are investigated in recent years
(see, e.g., [16-19] and references therein). For example, by using the Lyapunov function
method, some nonlinear feedback matrix norm conditions for ISS have been developed
for recurrent neural networks ([16]). Moreover, Ahn utilized Lyapunov function method
to discuss robust stability problem for a class of recurrent neural networks, and also some
LMI sufficient conditions have been proposed to guarantee the ISS (see [17]). In [18], by
employing a suitable Lyapunov function, some results on boundedness, ISS, and convergence
are established. Also, in [19] a new sufficient condition is derived to guarantee ISS of
Takagi-Sugeno fuzzy Hopfield neural networks with time delay. However, there is few
results to deal with the ISS of dynamical neural networks (DNNs) with time-varying delays
([11]).

Motivated by the above discussions, we discuss the ISS properties of DNNs with
time-varying delays in this paper. By using Lyapunov-Krasovskii functional technique, ISS
conditions for the considered dynamical neural networks are given in terms of LMIs, which
can be easily calculated by certain standard numerical packages. We also provide two
illustrative examples to demonstrate the effectiveness of the proposed stability results.

The organization of this paper is as follows. In Section 2, our mathematical model of
dynamical neural networks is presented and some preliminaries are given. In Section 3, the
main results for both ISS and asymptotically stability of dynamical neural networks with
time-varying delays are proposed. In Section 4, two numerical examples are illustrated to
demonstrate the effectiveness of the theoretical results. Concluding remarks are collected in
Section 5. Proof of Lemma 2.4 is given in the appendix.

Notions

Let R" denote the n-dimensional Euclidean space and | - | denote the usual Euclidean
norm. Denote C = C([-7,0],R") and designate the norm of an element in C by ||¢|: =
sup_,.s<ollP(B)||. R™" is the set of all n x n real matrices. Let BT, B!, Aax(B), Amin(B), and
Bl = v/Amax(BTB) denote the transpose, the inverse, the largest eigenvalue, the smallest
eigenvalue, and the Euclidean norm of a square matrix B, respectively. The notation P > 0 (>
0) means that P is real symmetric and positive definite (positive semidefinite). The notion
X >Y (X >Y), where X and Y are symmetric matrices, means that X — Y is positive
definite (positive semidefinite). I denotes the element matrix. The set of all measurable locally
essentially bounded functions u : R* — R", endowed with (essential) supremum norm
llullo = sup{|lu(t)||,t > 0}, is denoted by LZ. In addition, denote u; the truncation of u at ¢;
that is, u;(s) = u(s) if s < t, and u(s) = 0 if s > t. We recall that a function y : R* — R"isa
K-function if it is continuous, strictly increasing, and y(0) = 0; it will be a K ,-function if it is
a K-function and also y(s) — o ass — oo. A function : R* x R* — R* is a KL-function if
for each fixed t > 0 the function (-, t) is a K-function, and, for each fixed s > 0, it is decreasing
tozeroast — co.



Abstract and Applied Analysis 3

2. Mathematical Model and Preliminaries

Consider the following nonlinear time-delay system
x = f(t,x,u(t)), (2.1)

where x(t) € R" is the state vector, u(t) € R" is the input function; x; € C is the standard
function given by x;(7) = x(t + 7). Without loss of generality, we suppose that f(0,0,0) = 0,
which ensuring that x(#) = 0 is the trivial solution for the unforced system x(t) = f (¢, x¢,0).
Define x(t) £ x(t,to, $) is a solution of system with initial value ¢ at time t,.

Given a continuous functional V : R* x C — R, the upper right-hand derivative V of
the function V is given by

V() = hlirro1+sup% [V(t+h,xpn(t, x) = V(E xp)]. (2.2)
For delayed dynamical system, we first give the input-to-state stable (ISS) definition

as usual case.

Definition 2.1. System (2.1) is ISS if there exist a KL-function f# and a K-function y such that,
for each input u € LY} and each ¢, € C, it satisfies

x(t;& 1)l < P(llgrll- £ —to) +y(luelle),  VE > to. (2.3)

Note that, by causality, the same definition would result if one could replace [|u||o by ||#]|oo-

Definition 2.2. A continuous differentiable functional V(t,¢$) : R* x C — R is called the ISS
Lyapunov-Krasovskii functional if there exist functions a;, a, of class K, a function y of
class K and a continuous positive definite function W such that

a1 (190)]) <V (t.¢) < a(lIdll,), (24)
V(t,d) <-W(|p©)]) if |$0)] > x(llull,,), Vp € C, u € LT (2.5)

Remark 2.3. A continuous differential functional V (¢,¢) : R* x C — R is an ISS Lyapunov-
Krasovskii functional if and only if there exist a3, ay € K, such that (2.4) holds and

V(t,¢) <-as(|p0)]) + as(llull,,)- (2.6)

The proof is similarly to one of Remark 2.4 in [23]. We omit it here.

Similarly to the case of ordinary differential equation (ODE), we will establish a link
between the ISS property and the ISS Lyapunov-Krasovskii functional for time-delay systems
in the following Lemma.

Lemma 2.4. The system (2.1) is ISS if it admits an ISS Lyapunov-Krasovskii functional.
For completeness, the proof is given in appendix.
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To obtain our results, we need the following two useful lemmas.

) . . Si S
Lemma 2.5 (Schur Complement [24]). For given symmetric matrix S = <5; S >, where S11 €

T
R™, 55 =5),,

the following three conditions are equivalent:
(i) S<0;
(ii) S11 <0, Sx» — ST, 51151
(iii) Sz2 <0, S11 — S125,, ST,
Lemma 2.6 (see [25]). Given any matrix X, Y, and A with appropriate dimensions such that A = AT

and any scalar € > 0, then

1
XTY + YTX < eXTAX + EYTA’lY. (2.7)

In this paper, we consider the following dynamical neural networks with time-varying
delays

d’;:” a,x,(t)+Zbl]g](x](t))+Zc,]g](x] —r)) + Suwil), i=12...,n, (28)
i=1

or equivalently

dx(t)
dt

=-Ax(t) + Wg(x(t)) + Wig(x(t —(t))) + u(t), (2.9)

where x(t) = (x1(t), x2(F),...,x,())" is the neuron state, u(t) = (u1 (), us(t), ..., u.(t))" is
the input, and g(x(t)) = (g1 (xl(t)),gz(xz(t)),...,gn(xn(t)))T denotes the nonlinear neuron
activation function. A = diag{ay, as,...,a,} is the positive diagonal matrix. W = (bij) ..,
and W1 = (cij) .« are the interconnection matrices representing the weighting coefficients of
neurons. 7(t) is the time-varying delays.
Throughout this paper, we always suppose that
|g,~(xi(t))| Sli|x,-|, ViVx; € R,i=1,2,...,n, (Al)

0<7(t)<T, 0<7(f) <1 (A2)

From (A1), we easily see that x(¢) = 0 is the solution of (2.9) with u(t) = 0.

3. ISS Analysis

In this section, we give two theorems on ISS in form of LMIs.
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Theorem 3.1. Let (Al) and (A2) hold. If there exist a positive definite matrix P and a positive
diagonal matrix D such that

-ATP-PA M I Pw;
( M D2+WTPW 0 0 <0

1 0 P 0 (3.1)
WlTP 0 0 -D?
where M = diag{l, b, ...,1,}, and then the system (2.9) is ISS.
Proof. We consider the following functional:
t
V(x(t)) = x" () Px(t) +J‘ ()8T(x(§))D728(X(C))d§- (3.2)
t—7(t

Its derivative along the solution x(t) of (2.9) is given as

V(x(t)) = 2x" () Px(t) + g (x()) D (x(t))
- (1=7(8)g" (x(t - 7(1)))D?g(x(t - 7(1)))
= 2xT(t)P[—Ax(t) +Wg(x(t) + Wig(x(t—7(t))) + u(t)]
+g" (x(1)D2g(x(1) = (1= #(1)g" (x(t = 7(1))) D g (x(t - (1)) (3.3)
= 2xT(t) (-ATP - PA)x(t) +2xT () PW g (x (1))
+2xT () PWig(x(t - (1)) + g7 (x (1) D g (x(t))

— (A= 1(1))g" (x(t = 7(1)))D2g(x(t = (1)) + 2x" () Put).

We have

— (L= 7()g" (x(t—7(£))) D2 g (x(t — 7(1))) + 2xT (HPWig(x(t - 7(t)))

T
- —[\/a ~#(0)D g(x(t ~ 7(t))) - DWT Px(t)]

(3.4)
|Va= sy - pwipxo)|
+xT (1) PW1 D*W] Px(t).
Since the first term of the right-hand side of (3.4) is negative semidefinite, we obtain
— (1= 7(1)g" (x(t - 7(t))Dg(x(t - 7(1)))
(3.5)

+2xT (1) PWyg(x(t — T(t))) < xT (t) PW, D*WT Px(t).
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From (A1), we obtain
g (x(t))Dg(x(t)) < x" () MD>Mx(t), (3.6)

where M = diag{l,»,...,1,}.
Then by Lemma 2.6, we have

2T ()PW(x (1)) < x" () Px(t) + [PWg(x(1)]' P PWg(x(t))
= x' () Px(t) + g (x(£)) W PWg(x(1))
< xT (H)Px(t) + xT (t)y MWT PW Mx(t), (3.7)
2xT () Pu(t) < xT (1) Px(t) + [Pu(t)]T P~ Pu(t)

= xT (t)Px(t) + u’ (t)Pu(t).
Substituting (3.5), (3.6), and (3.7) into (3.3), we finally obtain

V(x(t)) < xT(H)Gx(t) + ul (t)Pu(t)

(3.8)
S )tmin(G)|x(t)|2 + )‘max(P)|u(t)|2r
where G = —~ATP - PA + M(D2 + WTPW)M + PW,D*W!P + P.
Define az(r) = —Amin(G) - 7%, ay(r) = Amax(P) - 72, then we can obtain that
V(x(t)) < —az(|x(t)]) + as(lull,). (3.9)

Note that G < 0 is equivalent to (3.1) by Lemma 2.5. Then the defined V is an ISS
Lyapunov-Krasovskii functional. It follows from Lemma 2.4 and Remark 2.3 that the delayed
neural networks (2.9) are ISS. The proof is complete. O

Remark 3.2. Theorem 3.1 reduces to asymptotically stability condition for dynamical neural
networks with time-varying delays when u(t) = 0.

Remark 3.3. Recently, some results on ISS or IOSS were obtained in [10, 17-19, 26]. However,
these results were restricted to nondelay or constant delay. In contrast to the results [10, 17—
19, 26], we consider dynamical neural networks with time-varying delays and propose a set
of delay-independent criteria for asymptotically convergent state estimation of these neural
networks in this paper.

In the following, we give a delay-dependent sufficient criterion.



Abstract and Applied Analysis 7

Theorem 3.4. Let (A1) and (A2) hold. The system (2.9) is ISS if there exist a symmetric positive
definite matrix P and a positive definite matrix Q such that

~ATP-PA+7Q=-pul, u>0,Yuel®”, (3.10)
2|| M|l 21712

S A IMIPIWR+2 ) <, 3.11

< 0 MWl Iz (3.11)

where M = diag{ly, I, ...,1,}.

Proof. We consider the following functional:

t
- g (x(0))Rg(x(¢))dg,  (3.12)

0 t
V(x(t)) = xL () Px(t) + I_ Y L ng(TZ)Qx(q)dq de +J

where R is a positive definite matrix.
The derivative of (3.12) along the trajectories of the system is obtained as follows:

V(x(t) = 2x" () P[-Ax(t) + Wg(x(t)) + Wig(x(t — T(t))) + u(t)]
t
+7(H)x’ (H)Qx(t) - (1 - (1)) - x"(£)Qx(¢)d¢
+g" (x(t)Rg(x(t)) — (1 = () g" (x(t — T(t)))Rg(x(t — T(t)))

(3.13)
<xT(t) (—ATP - AP+ TQ)x(t) +2xT () PW g(x(t)) + 2xT (t) Pu(t)

t

+2xT () PWrg(x(t - 7(t)) = (1 - 7(t)) o x"(§)Qx(¢)d¢
+ g (x(8))Rg(x()) = (1 = #(1)g" (x(t - 7(t)))Rg(x(t — 7(1))).
From (3.10), which reduces to
V(x(t) < — px" (8)x(t) + 2xT ()PW g(x(t)) + 2x7 () Pu(t)
+2xT () PWhg(x(t - 7(t))) - (1 - 7(t)) J‘:_T(t) xT(§)Qx($)d¢ (3.14)
+ " (x()Rg(x(8)) = (1~ (1) g" (x(t - 7(t)))Rg (x(t — 7(1))).
From (A1), we obtain that

g" (x(t))Rg(x(t)) < x" (t) MRMx(t) < |R[||M|P|x(t), (3.15)

where M = diag{ly, I, ..., 1,}.
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From Lemma 2.6, we have
2xT () PWg(x(t)) < x () Px(t) + [PWg(x(t)]" P'PW g(x(t))
= T () Px(t) + g7 (x(1)) W' PWg(x(t))
< xT(H)Px(t) + xT () MWT PW Mx(t)
< (1+ IMPIW )Pl (®) P, (316)
2x" () PWag(x(t - T(t)) < (1 —-#(t)g" (x(t - 7(t)))Rg (x(t - 7(t)))

+

1 T ~1yA7T
1= 7,_(t)x (H)yPW R W, Px(t).

Then
2xT () PWig(x(t - 7(t))) — (1 - 7(t))g" (x(t — T(t)))Rg(x(t — 7(t)))

1 T(t)PW, R W Px(t) < 1 IRI WA PRl (B) P (3.17)
(0N N () ! x(B)F

For the third term of (3.14), we have

2xT(H)Pu(t) < xT () Px(t) + [Pu(t)]" P71 Pu(t)
= xT(t)Px(t) + u’ () Pu(t) (3.18)

< IP|lxc(t)]” + | Plllu(t) .

Substituting (3.15), (3.16), (3.17), and (3.18) into (3.14), we can obtain the following
inequality:

V(x(t)) < Ax(®)] + ||Plllut))?, (3.19)

where we denote that

1 -
A= (= IRIMIE + EPIIMIFIWIE + 21 + 1o IRI WA IPIE ),
(3.20)
R| - AP
Vv1-z(®)M]|
From (3.11), we easily obtain that A <0.
Define K-functions az(r) = —=Ar?, ay(r) = || P|| - 2. Then we can obtain that
V(x(t)) < as(|x(®)]) + aa(llull, )- (3.21)

From Lemma 2.4 and Remark 2.3, the system (2.9) is ISS. The proof is complete. O
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4. Illustrative Examples

In this section, we will give two examples to show the efficiency of the results derived in
Section 3.

Example 4.1. Consider a 3-dimension dynamical neural network (2.9) with parameters

defined as
400 1 -01 -0.2
A=1040), W=w;=(-01 1 -03]). (4.1)
004 -02 -03 1

Letting g;(x;) = 1/(1 + ™) and the time-varying delay is chosen as 7(t) = 0.6|sin¢|.
They satisfy assumptions (A1) and (A2), respectively. Obviously, there exist [y = I, = I3 = 1
and 7 = 0.5,0 < 7(t) < 0.6 that satisfy the conditions. Then M = <(1) ? 8).

001
By using MATLAB to solve the LMIs (3.1), we have

100
, D=(010). (4.2)
001

From Theorem 3.1, we can see that delayed neural network (2.9) achieves ISS.

=

Il

o
S NI~k O
WL o o

Example 4.2. Consider a 3-dimension dynamical neural network (2.9) with parameters

followed as
76 0 0 0.40 0.12 0.32
A= 0 95 0 ), W=w;=1{ 045 0.02 0.10 }. (4.3)

0 0 88 0.12 0.04 0.42

Letting g;(0) = (|18 + 1| - 160 —1])/2,0 € R and the time-varying delay is chosen as
T(t) = 1/(t + 2). We can check the assumptions (Al) and (A2) withl; = I, = I3 = 1 and

0<7(t) £1,0<7(t) £0.5 for any t > 0. Also we have M = <é§§>.

By solving (3.10) and (3.11), we get

0.7 0.1 0.3 2.82 0.855 2.46 0.927 -0.03 -0.02
P=(010701), Q=[085 415 0915), R=(-003 9.28 -0.08 ).
0.3 0.1 0.7 246 0915 3.16 ~0.01 -0.02 9.25
(4.4)

From Theorem 3.4, we can see that delayed neural network (2.9) obtains ISS.
However, the above results cannot be obtained by using criteria on ISS in existing
publications (e.g., [10, 11, 17-19, 26]).
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5. Conclusions

In this paper, dynamical neural networks with time-varying delays were considered. By using
Lyapunov-Krasovskii functional method and linear matrix inequalities (LMlIs) techniques,
several theorems with regarding to judging the ISS property of DNNs with time-varying
delays have been obtained. It is shown that the ISS can be determined by solving a set of
LMIs, which can be checked by using some standard numerical packages in MATLAB. At
last, two numerical examples were given to illustrate the theoretical results.

Appendix

Proof of Lemma 2.4. We divided into four parts to prove this lemma.

Claim 1. (i) The solution x = 0 of the system (2.9) is uniformly asymptotically stable if and
only if there exists a function f of class KL and a positive number ¢ independent of t such
that for for all t > fy, for all ||xy, || < c it satisfies that

lx(®)] < p(llxe - £ = to). (A1)

Particularly, the system (2.9) is uniformly global asymptotically stable if and only if (A.1)
admits for any x;, € C.
The Claim is so trivial that we omit the proof here. O

Claim 2. For each (t, $) € R* x C, if there exist a continuous functional V(t,¢) : R* xC — R,
functions a4, a, of class K, and a continuous positive definite function W such that

a1 (|p0)]) < V(L) <ar(l9ll,), (A2)
V(t,$) <-W(|$0)]), (A.3)

then the solution x(t) = 0is globally uniformly asymptotically stable, and there exista f € KL
such that

|x(t)| < ﬁ(”xt(]”'z'/t - tO)/ V(tO/ xto) € R+ X C/ t > tO' (A4)

Proof. From [27], the solution x(t) = 0 is globally uniformly asymptotically stable. Then by
Claim 1, we obtain (A.4). The proof is complete. O

Claim 3. Let (A.3) in Claim 2 replaced by
V(t,¢) <-W(|$pO)]), Y|$(0)]=p>0. (A5)
Then for any x;, € C, there exist p € KL, T =S T (x4, 1), such that

Ix(5)] < B(llxt, |l t —to), VEE [to,to+T],

(A.6)
Ix(t)| < a7’ (a2 (), VE>to+T.
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Proof. Let B, = {x € R" | |lxyll- < p}, B; & R" = By, Dy = {x € R" | [lx [l < a”'(az(p)))
(no loss generality, we assume that a; () < ap(u), then p < oql(az(‘u))). Then B, C D,,. In the
following, we divided x;, € C into two parts.

Case 1. xt, € By,.

We make the claim that x(t) will be always remain in B,,. Define t; = inf{t >t : [x(t)| =
ub, if |x(t)] > p, t > ty, then ||x(t)|| > p, t > t; and V(t,$) < —a3(|¢(0)]) < 0, and we have
ai(lx(B)]) SVt x:) SV (Exy) < aa(|lxnllz), £ 2 b Then [x(8)] < ay' (a2(llxy, (1)) = a; (a2 ().
If [x(t)] < p, t > t1, let t, = inf{t > t; : |x(t)| = u}, we will analyze them as the above. Then we
obtain |x ()| < a[l((xz(‘u)),t > to.

Case 2. xy, € B;, that is, ||x, || > p.

Let to + T (x¢, p) =inf{t >ty : |x(t)| = p} and T = T (xy,, u). We prove that to + T is limit.
From |x(t)| > p, t € [to, to+T], (A.2), (A.5), and Case 2, we have |x(t)| < B(||xt, |-, t —to), where
p € KL. Since B(||x, |-, t — to) is strictly decreasing, and B(||x,||z,-) — Oast — oo, to+ T is
limit. Then from Case 1, x(t) will be always remain in D,, if arrive the boundary of B,,. Then
we obtain (A.6). The proof is complete. O

Claim 4. Let (A.3) in Claim 2 replaced by

V(t,d) <-W([¢O]), if [|p©)] > pllul.,), (A7)
where p € K. Then the system is ISS.
Proof. From Claim 3, we have
()] < p(llxw |l t = to) + i (a2(p(llull.o))), ¢ 2 to. (A8)

Since x(t) only depends on the u(s) defined on [to, t], we obtain

O] < plllxal t = to) + ar (@2(p(lsllo)), 2 to. (A9)
Then
()] < (llxill t = to) +y(luelle), > to, (A.10)
where y £ a7 (a2(p)). This proves that the system is ISS. O
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A class of BAM neural networks with variable coefficients and neutral delays are investigated. By
employing fixed-point theorem, the exponential dichotomy, and differential inequality techniques,
we obtain some sufficient conditions to insure the existence and globally exponential stability of
almost periodic solution. This is the first time to investigate the almost periodic solution of the
BAM neutral neural network and the results of this paper are new, and they extend previously
known results.

1. Introduction

Neural networks have been extensively investigated by experts of many areas such as pattern
recognition, associative memory, and combinatorial optimization, recently, see [1-10]. Up
to now, many results about stability of bidirectional associative memory (BAM) neural
networks have been derived. For these BAM systems, periodic oscillatory behavior, almost
periodic oscillatory properties, chaos, and bifurcation are their research contents; generally
speaking, almost periodic oscillatory property is a common phenomenon in the real world,
and in some aspects, it is more actual than other properties, see [11-21].

Time delays cannot be avoided in the hardware implementation of neural networks
because of the finite switching speed of amplifiers and the finite signal propagation time
in biological networks. The existence of time delay may lead to a system’s instability or
oscillation, so delay cannot be neglected in modeling. It is known to all that many practical
delay systems can be modelled as differential systems of neutral type, whose differential
expression concludes not only the derivative term of the current state, but also concludes
the derivative of the past state. It means that state’s changing at the past time may affect the
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current state. Practically, such phenomenon always appears in the study of automatic control,
population dynamics, and so forth, and it is natural and important that systems will contain
some information about the derivative of the past state to further describe and model the
dynamics for such complex neural reactions [22]. Authors in [18-29] added neutral delay
into the neural networks. In these papers, only [18-20] studied the almost periodic solution
of the neutral neural networks. For example, in [19] the following network was studied:

Xi(t) = —ci(t)x;(t) + Zaij(t)fj (xj(t=mj(t))) + Zbij(t)g]'(xj (t=0ii(t))) + Li(t). (1.1)
= =

Some sufficient conditions are obtained for the existence and globally exponential stability
of almost periodic solution by employing fixed-point theorem and differential inequality
techniques. References [21-26] studied the global asymptotic stability of equilibrium point,
where [22] investigated the equilibrium point of the following BAM neutral neural network
with constant coefficients:

ili(t) = —aiui(t) + Zwlﬁgj (’U]'(t — d)) + ZWZijuj(t - h) +1;,
- "~ (1.2)
vj(t) = —bju(t) + Zrlijgi(ui(t —h)) + Zrzjif?i(t —-d)+ Ji.
i=1 i=1

By using the Lyapunov method and linear matrix inequality techniques, a new stability
criterion was derived. References [27-29] studied the exponential stability of equilibrium
point.

It is obviously that men always studied the stability of the equilibrium point of the
neutral neural networks, and there is little result for the almost periodic solution of neutral
neural networks, especially, for the BAM neutral type neural networks. Besides, in papers
[11, 23, 27, 28], time delay must be differentiable, and its derivative is bounded, which we
think is a strict condition.

Motivated by the above discussions, in this paper, we consider the almost periodic
solution of a class of BAM neural networks with variable coefficients and neutral delays.
By fixed-point theorem and differential inequality techniques, we obtain some sufficient
conditions to insure the existence and globally exponential stability of almost periodic
solution. To the best of the authors” knowledge, this is the first time to investigate the almost
periodic solution of the BAM neutral neural network, and we can remove delay’s derivable
condition, so the results of this paper are new, and they extend previously known results.

2. Preliminaries
In this paper, we consider the following system:
xi(t) = —ci(t)xi(t) + Zaij (t)fl]' (y](t - Tij (t))) + Zb]l(t)fzj <x] <t — Sjl(t)>> + Ii(t),
- ™ 2.1)
yi(t) = =d;j(Oy;(t) + D pji(D)ui(xi(t = 6;i())) + D 4ij () &ai (; (= T3j (1)) + J;(B),
i=1 i=1
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wherei=1,2,...,n;j=1,2,...,m. x;(t), y;(t) are the states of the ith neuron of X layer and
the jth neuron of Y layer, respectively; a;;(t), pji(t) and bj;(t), gij(t) are the delayed strengths
of connectivity and the neutral delayed strengths of connectivity, respectively; f1;, f2;, 1i, i
are activation functions; I;(t), J;(t) stands for the external inputs; 7;;(t), 7;; (t), 6;i(t), and gji(t)
correspond to the delays, they are nonnegative; c;(t), d;(t) > 0 represent the rate with which
the ith neuron of X layer and the jth neuron of Y layer will reset its potential to the resting
state in isolation when disconnected from the networks.

Throughout this paper, we assume the following.

(Hy) ci(®), dj(t), aij(t), pji(t), bjs(t), qii(1), T;(1), Tij (), 6i(t), 6;i(t), Li(t), and J;(t) are
continuous almost periodic functions. Moreover, we let

= - T =1 . = T =1 .
cf = Stl;II\?{Cl(t)}, c; %glg{cl(t)} >0, d stlgl}{){d i)}, d] %glg{d](t)} >0
aij =sup{|aj(t)|} <oo,  bji=sup{[bii(t)|} <oo,  pji=sup{|p(H)]} < oo,

teR teR teR

s =supllas O]} <o, Li=supllL(il} <o,y =sup(|Jj0]} <o
te te

teR

(2.2)

(H2) fi1j, f2j, &1, and g»; are Lipschitz continuous with the Lipschitz constants Fyj, Fy;,
Gii, Gai, and f15(0) = £2j(0) = £1:(0) = £2i(0) =0
(Hs) Consider

1
a= max{r1r<1?<>r<l max{ C1 z } <Za1]1:1] + Zb]lF2]>

(2.3)
1
1mg,2§1 max{ Z 1+ —} <ZP]th + qu]G21> }
The initial conditions of system (2.1) are of the following form:
xi() = gi(t), € [-6,0], 6 = sup max max{8;(t), (1) |,
teR Ul
(2.4)

yj(t) =¢;(t), te[-7,0], T=supmax max{Tj(t),Tij(t)},
teR b

wherei=1,2,...,n;j=1,2,...,m; ¢;(t), ¢;(t) are continuous almost periodic functions.

Let X = {¢glp = ((p1,<p2,...,(pn,<])1,¢2,...,gbm)T, where ¢;, ¢; : R — R
are continuously differentiable almost periodic functions. For any ¢ € X, ¢(t) =
(@15, 92(8), ., ou(8), G1(8), §a(8), .., (D). We define [lgr(Olli = maxllgs(®)lo, Ig(Dllo},
where [|¢s(t)[Jo = max{maxi<i<, {|;(t)[}, maxi<j<m {|pi(t)|}}, and ¢s(t) is the derivative of ¢ at ¢.
Let [|¢s| = sup,xllgg(t)]]1, then X is a Banach space.

The following definitions and lemmas will be used in this paper.
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Definition 2.1 (see [11]). Let x(t) : R — R" be continuous in t. x(t) is said to be almost
periodic on R, if for any € > 0, the set T(x,¢) = {w|x(t + w) — x(t) < ¢, forallt € R} is
relatively dense, that is, for all € > 0, it is possible to find a real number I = I(¢) > 0, for any
interval length I(¢), there exists a number 7 = 7(¢) in this interval such that |x(t+7) -x(t)| < ¢,
forallt € R.

Definition 2.2 (see [11]). Let x € C(R, R") and Q(t) be n x n continuous matrix defined on R.
The following linear system:

x() = Q(H)x(t) (2.5)

is said to admit an exponential dichotomy on R if there exist constants K, &, projection P, and
the fundamental solution X (t) of (2.5) satisfying

|X(t)Px-1(s)| <Ke™s), t>s,
(2.6)
|X(t)(I - P)X’l(s)l <Ke®th,  t<s.

Definition 2.3. Let z*(t) = (x*(t),y*(t))T = (x;(t),...,x;‘l(t),yi‘(t),...,y;(t))T be a continu-
ously differentiable almost periodic solution of (2.1) with initial value ¢* = (¢*,¢*)" =
(@, - n, 7, -, (i):n)T. If there exist constants A > 0, M > 1 such that for every solution z(f)

= (x(), y(1)" = (x1(t),-, Xu(t), Y1 (t), ., ym(£))" Of (2.1) with any initial value ¢ = (p, §)" =
((Plr---,(Pn,¢1,...,¢m)T, if

lz(t) - z*(t)]l; < MeM||¢g — ¢*||, fort>0, (2.7)

where (p;f‘(t),d);f(t),(pi(t), and ¢;(t) are almost periodic functions. Then z*(t) is said to be
globally exponentially stable.

Lemma 2.4 (see [11]). If the linear system (2.5) admits an exponential dichotomy, then the almost
periodic system

x(t) = Q()x(t) + f(#) (2.8)

has a unique almost periodic solution
t +oo
wt) = J X(H)PX(s)f(s)ds — f X ()T - P)X ' f(s)ds. (2.9)
-0 t

Lemma 2.5 (see [11]). Let g;(t) be an almost periodic function on R and
t+T

1
Mlqi] = Tlir?oof t gi(tds>0, i=1,2,...,n, (2.10)

then the linear system z(t) = diag{—qi(t), ..., —qn(t)}z(t) admits exponential dichotomy on R.
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3. Existence and Uniqueness of Almost Periodic Solutions

In this section, we consider the existence and uniqueness of almost periodic solutions by
tixed-point theorem.

Theorem 3.1. Under the assumptions (H;) — (H3z), the system (2.1) has a unique almost periodic
solution in the region ||¢ — ol < ap/ (1 — a).

(Ha) If

t+T
Mci] = TETOOTJ‘ ci(s)ds>0, i=1,2,...,n,

(3.1)
1 t+T
M[d;] = lim — | dj(s)ds>0, j=1,2,...,m
T—>+ooT ¢
holds, where
ﬁ—max{@igmax{a,fﬁ = },gljgmax{d—i,]j+—dj p
t . ¢ t

(P()(t) = <I e J;- C1 (u)dul'l (S)dS, L ’J e~ J‘_;, Crz(u)du[n (S)ds, (32)

t t
f e‘fsdl(“)d”h(s)ds,...,J

—0o0

T
e‘f; d'"(”)d”]m(s)ds> .
Proof. For any (¢, (]))T =1, P Pr,. .., (j)m)T € X, we consider the the following system:

xi(t) = —ci(t)x;(t) + Zaij(t)flj (i (t-mij(t)) + iji(t)ij <<i)j <f _gji(t)>> +I;(t),

=i =1

(3.3)
yi(8) = =d;(®)y;i(H) + D pji(t) gui (i (t = 65i(8))) + D qij (D) i (i (t =T (1)) + T ().
i=1 i=1
From (H4) and Lemma 2.5, we know the following linear system:
xi(t) = —ci(t)xi(t),
(3.4)

yi(t) ==d;(t)y;(t)
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admits an exponential dichotomy on R. By Lemma 2.4, System (3.3) has an almost periodic
solution z od) (t) which can be expressed as follows:

t t t t
Z<¢,¢>r(t>=<f e e 4y (5) + T, [ e A 5) 41,05,

—o0

f t e bW (A, (5) + Ju(s))ds, .., f t e—Iédm<u>du(Zm<s>+Jm(s>)ds>T,

h (3.5)
where
Ai(S) = Zaij(s)flj ((iJ] (S - Ti]'(S))) + Zb]'i(s)fz]' <(p] (S - gﬁ(s)>>, i= 1,2,. ...n,
- " (3.6)
Aj(s) = D pii(s)81i(pi(s = 6;i(5))) + D41 ()i (§i (s — T (5))),  j=1,2,...,m.
i=1 i=1
So, we can define a mapping T : X — X, by letting
T(9, ) () = 2y gr (B, Y(p,$)" €X. (3.7)

Set Xo = {glyg € X, |l¢g — @oll < af/(1 —a)}; clearly, X is a closed convex subset of X, so we
have

, Sup max
teR 1sisn

t
J‘ Pt adur. (5)ds

¢ !
<I e ¥ c"(”)"I“I,-(s)ds> ',
t , !
<J‘ e s dj(u)du]j(s)ds> ‘} (3.8)

I Lict ; Jid?
Smax{max max{—l_,L-+ l_l },max max{L]_,]]-+# =p.
C.

lgol| = max{sup max

teR 1sisn

sup max

,supmax
teR 1sjsm '

teR 15jsm

t t
J el dwany () ds

1<i<n ; C; 1<j<m d]. d].‘

Therefore,

[24
ol < llo—goll + lgoll < 22 +p= L= wpex, 39)
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First, we  prove that the mapping T is a self-mapping from X, to Xj. In fact, for any
¢ = (‘Plf . "Pn"i)lr . ¢ ) € Xo, let

Bi(s) = D, ai(s) f1j ($;(s = 751(9)) ) + Dbsi(s) i (9, (5 - 81i()) ), i=1,2,...,m,
i=1 j=1
Bj(s) = D pji(s)81i(;(s — 6ji(s))) + D4 (s)ai @(S - ?if(s))>/ j=12,...,m
i=1 i=1
From (H,) and (Hj3), we have

e -1 C"(”)d”Bi(s)ds

I

—ci(b) f [ieidup, (5)ds + Bi(t)

I

—d; (t)f e 4B, (5)ds + B, (f)

Ty - gol| = max{supmax

][
{

sup max
teR 1<i<n

|

e 4B, (5)ds

sup max
teR 1<]<m

)

sup max {
teR 1<7<m
< max{sup max{f c'(St)|Bi(s)|dS},
R 1<isn

su max{ e Y|B;(s)|ds + | Bi(t)] },

teR 1<l<"
t
_t g
sup max f a4t )|B]-(s)|ds ,
teR 1<]<m o0
sup max{

uF p max dr me prAC 'Ej(s)'ds + |§]~(t) ' }}

1[(& c
< max{{r}iﬁ{ ? <Z1 a;jFyj + ]Z_;bjiF2j> },
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1 :' m n
= max4{ maxmaxq{ — — aijF1j + > bjiFs;

1
112]22 max{d— 1+ —} <Zp]lG11 + Zq,]G2,> } ”([}”
ap

1-a

=all¢| <
(3.11)

This implies that T(¢) € Xo, so T is a self-mapping from X to Xp.
Finally, we prove that T is a contraction mapping. In fact, for any ¢ =

(“1/‘- 'Ianlﬁll" -/ﬁm)T/ P2 = (Ell"‘lanlﬁll‘ "/Bm)T € XO- Let

H;(s) = ilaij(s) [flj(ﬁj(s - Tij(s))) - flj (B].(s - Tij(s))>]
i=
+ ibﬁ(s) [le' <d]' (S - Sji(s)» - fz]' <E] <S - 5ﬁ(5)>>], i= 1,2,. .., n,
) = (3.12)
Hj(s) = > pji(s) [g1i(ai(s = 6;i(9))) — g1i(@i(s ~ 6ji(s)))]
i=1

+ Zqi]‘(s) [821’(@'(5 -Tij(s))) - &i (ﬁi(s —?ij(s))>], i=12,...,m.
i=1

We have
|Tg1 - Ty = max{supmax{ e I;C"(”)d”Hi(s)ds },
teR 1<is<n
sup max{ —c,(t)f e IC’(”)d”H (s)ds + H;(t) }
teR 1<i<n
sup max e Id(wd“H (s)ds
teR 1<]<m
t . o o
sup max 1 |—-d;(t) f ek df(”)d“H]-(s)ds +H;(t)
teR 1<j<m oo

1
< _ _’
< max{rlr;lagz max{ - L1+ P } <Zal]1:1, + Zb]lF2]>

N
1
max man{ L1 —’} (St S } s — el

= al|g1 - ¢]|-
(3.13)
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Notice that & < 1, it means that the mapping T is a contraction mapping. By Banach fixed-
point theorem, there exists a unique fixed-point ¢* € X such that T¢* = ¢*, which implies
system (2.1) has a unique almost periodic solution. O

4. Global Exponential Stability of the Almost Periodic Solution

In this section, we consider the exponential stability of almost periodic solution, and we give
two corollaries.

Theorem 4.1. Under the assumptions (Hy) — (Hy), then system (2.1) has a unique almost periodic
solution which is global exponentially stable.

Proof. It follows from Theorem 3.1 that system (2.1) has a unique almost periodic solution
Z5(t) = (x* (1), y* ()" = ([ (1), ..., x5(0), Y (b), ..., y5, (1) with the initial value ¢* = (¢*, $*)"
= (@}, p Bl )" Set z(t) = (x(B), y(1))" = (x1(t), ..., %u(®), y1(b), .., ym(t))" is an
arbitrary solution of system (2.1) with initial value ¢ = (¢,9)" = (p1,.-., P, P1, .-, Pm)"
Let u;(t) = x;(t) — x;(t), vj(t) = y;(t) - y}‘(t), Wi =i —¢;, ®j = ¢ - (l)}* Then z(t) — z*(t)
= (ul(t),...,un(t),vl(t),...,vm(t))T, wherei=1,2,...,n;,j=1,2,...,m. Then system (2.1) is
equivalent to the following system:

1;(s) + ci(s)ui(s) = Fi(s), s>0,

_ (4.1)
vi(s) +d;(s)vj(s) = Fj(s), s>0,
with the initial value
Wi(s) = ¢i(s) —¢;(s), s€[-6,0],
(4.2)
D@;i(s) = ¢j(s) - Pj(s), se[-7,0]
where
Fi(s) = > aij(s) [flj (y}“ (s —mij(s)) +vj(s - Tij(s))> - fij <y;‘ (s- Tij(S))>]
=1
+ Zb],(s) [fz] <X; <S - 511(5)> + ilj (S - 511(5)>> - f2]' <x;‘ (S - Sﬂ(s)>>],
j=1
(4.3)

Fi(s) = > pji(s) [81(x] (s = 8ji(s)) +ui(s = 8;i(s))) — gui(x} (s = ji(s)))]
i1

+ >4i7(9) [82i (U7 (s = Tij (5)) + 0i(s = Tij(5))) — 82 (¥} (s = Ti5(s))) -
i=1
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Let

m n
Iwi(é’i) = Ci_ - gi - ZaijFljeTgi - ijinjeﬁéi,

j=1 =i
(4.4)

— — m — n _
I <§1> = Ci_ - §i - (Cl+ + Cz_) <j§_;[1ijF1jeT§i + ]Z_;bﬁszeégi>,

where ¢;, 5,. >0,i=1,2,...,n. From (H3), we know I;(0) > 0, T;(0) > 0. Since T;(-) and T;(-)
are continuous on [0, oo] and I;(¢;), T; (Ei) — —oo as¢;, Ei — +00, so there exist ¢, Ef > 0 such
that T;(¢¥) = Ti(§;) = 0 and Ti(&) > 0 for & € (0,¢), Ti(§) > O for & € (0,¢;). By choosing
¢=min{¢],..., g;;,EI, . ,EZ }, we obtain T;(¢), T;(¢) > 0. So we can choose a positive constant
A, 0 <Ay <min{¢,c;,...,c,} such that I';(A1), I';(A1) > 0. For the same reason, we define

Gj(n) = d; =1 = D .pjiGiie™ - >.qiGaie™,
i=1 i=1
(4.5)

Gj <ﬁ1> =d; =1, - <d]_ + d?) <anpjiG1i66"" + ZleiiGzieT"f)
i= i=

There exists 1y, 0 < Ay < d].‘,j = 1,2,...,m, such that G;(\y), Ej(xz) > 0. Taking A =
min{\y, A2}, since T;(:), I:i(-), Gj(-), and Ej(-) are strictly monotonous decrease functions,
therefore, T';(1), T; (1), G;(), G;(A) > 0, which implies

1 < A C 61
ri = C; 1 <i§aijF1jeT + ;b]‘inje <1,

ct L n
Foe— § A (28 s .
ri = <1 + = l_/\> (j_laijFljeT + j.:Elbﬁsze > <1, i=1,2,...,n;

1

(4.6)

1 [ u
—d_ Y <ZP]'1'G11'€6)L + Zqi]'GZieT)‘> <1,
j i=1 i=1

> (Zpﬁclie““ + Zqiszie”> <1, j=12,...,m.
i=1 i=1

(1

+
j
dj—)L
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Multiplying the two equations of system (4.1) by elocidu and el djdu, respectively, and
integrating on [0,t], we get

t
u;(t) = u;(0)e” hon +f el canE, (5)ds,

2 4.7)
v;(t) = vj(0)e o 4 fo e W (5)ds.
Taking
o 4
M= max{@%’ﬁ ST agFy + S biFay 15em S piGui + St 4G } (48)
then M > 1, thus
1z(8) = 2" (Ol = [l - g™ O, < [l - " < Mllg —g7[le¥,  t<0, (4.9)
where A > 0 as in (4.6). We claim that
Iz(t) = z*(B)]l; < M||g — ¢*||e", t>0. (4.10)
To prove (4.10), we first show for any p > 1, the following inequality holds:
lz(t) = z*(1)]l; < pM|g — ¢*|le*, > 0. (4.11)

If (4.11) is false, then there must be some t; > 0 and some i,/ € {1,2,...,n},j, k€ {1,2,...,m},
such that

Iz(t1) = 2" (t1) Iy = max{fu;i(tr)], [ (t)],

vi(t)], o (t)!}
(4.12)

= pM]||y - ¢,

lz(t) = z*(B)]l, <pM|lg - ¢*|le", 0<t<t. (4.13)
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By (4.3)-(4.8), (4.12), and (4.13), we have

t
()] = [wi(0)e C"‘””“f oLl W, () g
0

t
0

<etllp-gl+ [ e IRl

tl m
<ty gl + e <ZaijP1ij||<p gl
0

j=1

+ 2 bjiFapMllg - ¢ IIE‘“S‘SJ"'(s’)) ds

j=1

. a etl (A=c;) 1- etl (A=c;) m " n 6
< P‘]\/I”(llr ¢ ”e ' M + o — 1 ZaijFlje + ij,-FQje
i j=1 j=1

=pMllg - gl [(% - n)e”“*cf) +7i
M e —Ml;
<pMlly -¢°[le (4.14)
t
(1)) = |~ci(t)un(0)e B @ — ¢ (ty) f el i (5)ds + Fy(t)
0

5]
Scfe ity -t +¢f f e~ (179 |Fy(s)|ds + |Fi(t1)|

0

_ t1 _ m

<cre ity g7l + ¢ f eI (Y aFrpM]|g - g5l

0 j=1

n —
+ > buFapMlgs - " ||l ) ds
j=1
m n —
+ ZaljFleM”(lf _ (If* ”e—x\(tl—ﬂj(h)) + ijlFZjPM”‘If _ q,*||e—)t(f1-5n(t1))
j=1 j=1
<pM|lg - ¢*[le™ [(% - rz>e““‘”f) +7)
<pMllg — g’ [le".
We also can get
loj(t)] < pM||gr = g*[|le™",
(4.15)

[ok ()] < pM | g5 = g5*[| e
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From (4.14)—(4.15), we have

lz(t1) — z*(t1) ||, = max{|u;(t)|, | (t)], |v; } <pM||g - q,r*”e*’”l, (4.16)

which contradicts the equality (4.12), so (4.11) holds. Letting p — 1, then (4.10) holds. The
almost periodic solution of system (2.1) is globally exponentially stable. O

Corollary 4.2. Let bj;(t) = g;;(t) = 0. Under assumptions (Hy), (Hz), and (Hy), if, (Hs)

ap = max{{l}g)rf{ z ZaUFl]} max{ ZpﬂGh}} (4.17)

holds, then system

%i(t) = —ci(D)xi(t) + Xaij () frj (yi (t = 73i(1)) + Li(t),

= (4.18)
yj(t) = =d;j(Hy; () + D pji()gu (xi(t - 6;i(t))) + J; ()

i=1

has a unique almost periodic solution in the region ||¢g — goll < a1/ (1 — ay), which is global
exponentially stable.

In fact, Zhang and Si [11, 16] and Chen et al. [17] studied system (4.18). This
Corollary 4.2 is the Theorem 3.1 in [11], Theorem 1.1 in [16], and Theorem 1 in [17].
Especially, in [17], authors let

(Hs)

{121;25{ ZaUFl]} + 1111]2("{ Zp]lGll} <1. (4.19)

Therefore, we extend and improve previously known results.

Remark 4.3. Letc;(t) = d;(t), aij(t) = pji(t), bji = qij (), Li(t) = J;(t), 7i;(t) = 0ji(t), Tij(t) = Sji(t)/
n = m. Then system (2.1) is reduced to be system (1.1), hence we have the following.
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Corollary 4.4. Under assumptions (Hy), (Hz), and (Hy), if (He)

¢ | &
ap = 11’131135); max{l + ? }jz_;(aijljlj + bﬁFz]) < 1, (420)

holds, then system (1.1) has a unique almost periodic solution in the region ||¢ — go|| < a2/ (1 - ay),
which is global exponentially stable.

This Corollary 4.4 is the result of [19].

5. An Example

In this section, we give an example to illustrate the effectiveness of our results.

Letn =m =2, fi(y1) = y1/10, fo(y2) = siny2/10, g1(x1) = x1/12, g2(x2) = |x2|/8,
;i (t) = Tij () = cos?t, 6i(t) = 6i(t) = 0.5, I (t) =1 + sin?(t), L(t) = 1+ cos?t, Ji(t) = 1+ |sint|,
and J,(t) = sin2t + 0.5, then we consider the following almost periodic system:

2 2
21t = —c1 ()i (B) + D aj (D) f (y]- (t - Cos2t>> + b (H)j(t - 05) + I (¢),
j=1

j=1

2 2
o(t) = —ca(t)xa(t) + D az (D) (y,» (t - cos2t>) + Sbp(t)x;(t - 0.5) + L(1),
j=1 j=1
(5.1)

2 2
1(t) = = Oy ) + Dpugx(t-05)) + X Oyt~ cos’t) + Nu(#),

i=1 i=1

2 2
Pa(t) = =da(B)ya(t) + Dpa(t)gi(xi(t = 0.5)) + Do ()yi(t - cos’t) + La(h),

i=1 i=1

where ¢;(t) = 1+ cos’t, ca(t) = 1 +sin’t, di(t) = 1 + | cost|, da(t) = 1 + |sint|, ay (t) = |sint|/4,
app(t) = cos’t/8, ax (t) = cos’t/6, axn(t) = |sint|/4, by1(t) = cos2t/8, byp(t) = 0, by (t) = 0,
by (t) = sin2t/10, p11(t) = cos2t/4, pio(t) = sin2t/9, pn(t) = sin’t/8, p2(t) = |cost|/6,
g (t) = cost/8, gia(t) = 0, g1 (t) = 0, and g (t) = cos?t/10. By simple calculation, we
obtain &« = max{39/80,51/120,69/144,63/160} < 1, hence this system has a unique almost
periodic solution, which is global exponentially stable by Theorem 4.1. Figure 1 depicts the
time responses of state variables of x1(t), x»(t), y1(t), and y,(t) with step h = 0.005 and initial
states [-0.2,0.2, —0.3,0.4]T for t € [-1,0], and Figures 2, 3, and 4 depict the phase orbits of
x1(t) and yi(t), x1(t), and x2(t), y1(t) and y»(t). It confirms that our results are effective for
(5.1).

6. Conclusions

In this paper, a class of BAM neural networks with variable coefficients and neutral time-
varying delays are investigated. By employing Banach fixed-point theorem, the exponential
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Figure 2: Phase response of state variable x; () and x»(f).

dichotomy and differential inequality techniques, some sufficient conditions are obtained to
ensure the existence, uniqueness, and stability of the almost periodic solution. As is known
to all, neural networks with neutral delays are studied rarely, and most authors solve these
problems by linear matrix inequality techniques. In addition, BAM neural networks are much
more complicated than the one-layer neural network. In a word, this paper is original, and
novel. It also extends and improves other previously known results (see [11, 16,17, 19]).



16 Abstract and Applied Analysis

y1(t)
o
a1

10

0.5

. 5
*](f) 0

e ©)

Figure 3: Phase response of state variable x; (t) and v (£).

1.5 |

xa(t)

0.5 4

10

5

T“me (5)

Figure 4: Phase response of state variable x,(t) and y(t).

Acknowledgment

This work is supported by Distinguished Expert Science Foundation of Naval Aeronautical
and Astronautical University.

References

[1] H. Jiang and J. Cao, “BAM-type Cohen-Grossberg neural networks with time delays,” Mathematical
and Computer Modelling, vol. 47, no. 1-2, pp. 92-103, 2008.

[2] Z. Huang and Y. Xia, “Exponential periodic attractor of impulsive BAM networks with finite
distributed delays,” Chaos, Solitons and Fractals, vol. 39, no. 1, pp. 373-384, 2009.
[3] Y. Li and C. Yang, “Global exponential stability analysis on impulsive BAM neural networks with

distributed delays,” Journal of Mathematical Analysis and Applications, vol. 324, no. 2, pp. 1125-1139,
2006.



Abstract and Applied Analysis 17

[4] B. Wang, J. Jian, and C. Guo, “Global exponential stability of a class of BAM networks with time-
varying delays and continuously distributed delays,” Neurocomputing, vol. 71, no. 4-6, pp. 495-501,
2008.

[5] M. Gao and B. Cui, “Global robust exponential stability of discrete-time interval BAM neural
networks with time-varying delays,” Applied Mathematical Modelling, vol. 33, no. 3, pp. 1270-1284,
2009.

[6] A. Chen and D. Du, “Global exponential stability of delayed BAM network on time scale,”
Neurocomputing, vol. 71, no. 16-18, pp. 3582-3588, 2008.

[7] Y.Li, X. Chen, and L. Zhao, “Stability and existence of periodic solutions to delayed Cohen-Grossberg
BAM neural networks with impulses on time scales,” Neurocomputing, vol. 72, no. 7-9, pp. 1621-1630,
2009.

[8] R. Yang, H. Gao, and P. Shi, “Novel robust stability criteria for stochastic Hopfield neural networks
with time delays,” IEEE Transactions on Systems, Man, and Cybernetics B, vol. 39, no. 2, pp. 467474,
2009.

[9] Z. Feng and ]J. Lam, “Stability and dissipativity analysis of distributed delay cellular neural
networks,” IEEE Transactions on Neural Networks, vol. 22, no. 6, pp. 976-981, 2011.

[10] Z.-G. Wu, P. Shi, H. Su et al.,, “Exponential synchronization of neural networks with discrete and
distributed delays under time-varying sampling,” IEEE Transactions on Neural Networks and Learning
Systems, vol. 23, pp. 1368-1376, 2012.

[11] L. Zhang and L. Si, “Existence and exponential stability of almost periodic solution for BAM neural
networks with variable coefficients and delays,” Applied Mathematics and Computation, vol. 194, no. 1,
pp. 215-223, 2007.

[12] Y. Xia, J. Cao, and M. Lin, “New results on the existence and uniqueness of almost periodic solution
for BAM neural networks with continuously distributed delays,” Chaos, Solitons and Fractals, vol. 31,
no. 4, pp. 928-936, 2007.

[13] Y. Li and X. Fan, “Existence and globally exponential stability of almost periodic solution for Cohen-
Grossberg BAM neural networks with variable coefficients,” Applied Mathematical Modelling, vol. 33,
no. 4, pp. 2114-2120, 2009.

[14] L. Zhang and L. Si, “Existence and global attractivity of almost periodic solution for DCNNs with
time-varying coefficients,” Computers & Mathematics with Applications, vol. 55, no. 8, pp. 1887-1894,
2008.

[15] B. Liu and L. Huang, “Existence and exponential stability of almost periodic solutions for cellular
neural networks with mixed delays,” Chaos, Solitons and Fractals, vol. 32, no. 1, pp. 95-103, 2007.

[16] L. Zhang, “Existence and global attractivity of almost periodic solution for BAM neural networks
with variable coefficients and delays,” Journal of Biomathematics, vol. 22, no. 3, pp. 403-412, 2007.

[17] A. Chen, L. Huang, and J. Cao, “Existence and stability of almost periodic solution for BAM neural
networks with delays,” Applied Mathematics and Computation, vol. 137, no. 1, pp. 177-193, 2003.

[18] B. Xiao, “Existence and uniqueness of almost periodic solutions for a class of Hopfield neural
networks with neutral delays,” Applied Mathematics Letters, vol. 22, no. 4, pp. 528-533, 2009.

[19] C. Bai, “Global stability of almost periodic solutions of Hopfield neural networks with neutral time-
varying delays,” Applied Mathematics and Computation, vol. 203, no. 1, pp. 72-79, 2008.

[20] H. Xiang and J. Cao, “Almost periodic solution of Cohen-Grossberg neural networks with bounded
and unbounded delays,” Nonlinear Analysis, vol. 10, no. 4, pp. 2407-2419, 2009.

[21] K. Wang and Y. Zhu, “Stability of almost periodic solution for a generalized neutral-type neural
networks with delays,” Neurocomputing, vol. 73, pp. 3300-3307, 2010.

[22] J. H. Park, C. H. Park, O. M. Kwon, and S. M. Lee, “A new stability criterion for bidirectional
associative memory neural networks of neutral-type,” Applied Mathematics and Computation, vol. 199,
no. 2, pp. 716-722, 2008.

[23] R. Rakkiyappan and P. Balasubramaniam, “LMI conditions for global asymptotic stability results for
neutral-type neural networks with distributed time delays,” Applied Mathematics and Computation, vol.
204, no. 1, pp. 317-324, 2008.

[24] J. H. Park, O. M. Kwon, and S. M. Lee, “LMI optimization approach on stability for delayed neural
networks of neutral-type,” Applied Mathematics and Computation, vol. 196, no. 1, pp. 236244, 2008.

[25] J. Liu and G. Zong, “New delay-dependent asymptotic stability conditions concerning BAM neural
networks of neutral type,” Neurocomputing, vol. 72, pp. 2549-2555, 2009.

[26] R. Samli and S. Arik, “New results for global stability of a class of neutral-type neural systems with
time delays,” Applied Mathematics and Computation, vol. 210, no. 2, pp. 564-570, 2009.



18 Abstract and Applied Analysis

[27] R. Samidurai, S. M. Anthoni, and K. Balachandran, “Global exponential stability of neutral-type
impulsive neural networks with discrete and distributed delays,” Nonlinear Analysis, vol. 4, no. 1,
pp. 103-112, 2010.

[28] R. Rakkiyappan, P. Balasubramaniam, and J. Cao, “Global exponential stability results for neutral-
type impulsive neural networks,” Nonlinear Analysis, vol. 11, no. 1, pp. 122-130, 2010.

[29] R. Rakkiyappan and P. Balasubramaniam, “New global exponential stability results for neutral type
neural networks with distributed time delays,” Neurocomputing, vol. 71, pp. 1039-1045, 2008.



Hindawi Publishing Corporation
Abstract and Applied Analysis

Volume 2012, Article ID 603535, 25 pages
doi:10.1155/2012/603535

Research Article

Stochastic Synchronization of
Reaction-Diffusion Neural Networks under
General Impulsive Controller with Mixed Delays

Xinsong Yang,’ Chuangxia Huang,? and Zhichun Yang'

! Department of Mathematics, Chongqing Normal University, Chongqing 400047, China
2 Department of Mathematics, College of Mathematics and Computing Science,
Changsha University of Science and Technology, Changsha, Hunan 410076, China

Correspondence should be addressed to Xinsong Yang, xinsongyang@163.com
Received 23 September 2012; Accepted 25 November 2012
Academic Editor: Sabri Arik

Copyright © 2012 Xinsong Yang et al. This is an open access article distributed under the Creative
Commons Attribution License, which permits unrestricted use, distribution, and reproduction in
any medium, provided the original work is properly cited.

This paper investigates drive-response synchronization of a class of reaction-diffusion neural
networks with time-varying discrete and distributed delays via general impulsive control method.
Stochastic perturbations in the response system are also considered. The impulsive controller is
assumed to be nonlinear and has multiple time-varying discrete and distributed delays. Compared
with existing nondelayed impulsive controller, this general impulsive controller is more practical
and essentially important since time delays are unavoidable in practical operation. Based on
a novel impulsive differential inequality, the properties of random variables and Lyapunov
functional method, sufficient conditions guaranteeing the global exponential synchronization in
mean square are derived through strict mathematical proof. In our synchronization criteria, the
distributed delays in both continuous equation and impulsive controller play important role.
Finally, numerical simulations are given to show the effectiveness of the theoretical results.

1. Introduction

Since the pioneering work of Pecora and Carroll [1], the issue of synchronization and chaos
control has been extensively studied [2] due to its potential engineering applications such
as secure communication, biological systems, and information processing (see [3-10]). It
is shown that neural networks exhibit chaotic behavior and provided that parameters and
delays are appropriately chosen (see [11, 12]). Therefore, in recent years, synchronization
and control of neural networks has been one of the hot research topics (see [13-15], etc.).

It is known that many pattern formation and wave propagation phenomena that
appear in nature can be described by systems of coupled nonlinear differential equations,
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generally known as reaction-diffusion equations. These wave propagation phenomena are
exhibited by systems belonging to very different scientific disciplines. The reaction-diffusion
effects, therefore, cannot be neglected in both biological and man-made neural networks,
especially when electrons are moving in noneven electromagnetic field [16]. So we must
consider that the activations vary in space as well as in time, and in this case the model
should be expressed by partial differential equations. There are some published papers
concerning stability or synchronization of neural networks with reaction-diffusion terms
and delays (see [17-25]). In [22], the authors investigated synchronization of reaction-diffu-
sion neural networks with discrete and unbounded distributed delays. In [24], the authors
investigated the boundedness and exponential stability for nonautonomous fuzzy cellular
neural networks with unbounded distributed delays and reaction-diffusion terms. The
authors of [25] studied exponential stability of reaction-diffusion Cohen-Grossberg neural
networks with time-varying discrete delays and stochastic perturbations.

Time delays usually exist in neural networks due to finite speeds of switching of
amplifiers and transmission of signals in hardware implementation. Ignoring them when
studying dynamics of neural networks may lead to impractical results. Moreover, delays are
commonly time varying and unknown [26]. Therefore, papers concerning synchronization or
stability of neural networks with or without reaction-diffusion terms have considered various
time delays. The authors in [11] studied exponential synchronization problem for coupled
neural networks with constant time delay. In [27], both constant and time-varying discrete
delays were considered for the synchronization of a class of delayed neural networks. In
[28-31] several types of synchronization for neural networks with discrete and bounded dis-
tributed delays were studied. However, the delay kernel of the bounded distributed delays in
[28-31] has to be 1 because the well-known Jensen’s inequality [32] is not applicable anymore
if the delay kernel is not 1. In the case of unbounded distributed delay, it is necessary to
consider the delay kernel, which satisfies the condition that its integral from zero to infinite
is bounded [22, 33, 34]. But the authors in [22, 33, 34] had to use algebraic approach instead
of matrix method to derive their main results which has more complex form and is more
conservative than those obtained by matrix method. In [21], Wang and Zhang studied global
asymptotic stability of reaction-diffusion Cohen-Grossberg neural networks with unbounded
distributed delays by using a matrix decomposition method, and the obtained results were
in terms of linear matrix inequality (LMI). But the Lyapunov functional and proof process
used in [21] are relatively complex. Recently, authors in [35] studied global asymptotic
synchronization in an array of coupled neural networks with probabilistic interval time-
varying coupling delays and unbounded distributed delays; a novel integral inequality
including the Jensen’s inequality as a special case was developed. By using the developed
integral inequality, one can use LMI method to solve the problem of distributed delays with
not-equal-to-1 delay kernel instead of the matrix decomposition method used in [21].

It should be noted that control method is of great significance to realize synchroniza-
tion. Specially, in [29], the output feedback controller which has time-varying discrete and
distributed delays was considered. On the other hand, impulsive control, as one of the
most effective and economic control methods, has recently attracted great interests of many
researchers in different fields, since it needs small control gains and acts only at discrete times,
thus control cost and the amount of transmitted information can be reduced drastically (see
[3,9, 26, 36-40] and references cited therein). As for neural networks with reaction-diffusion
terms, there are several results on synchronization via control. For instance, state feedback
control technique is utilized in [20] to realize exponential synchronization of stochastic fuzzy
cellular neural networks with time delay in the leakage term and reaction diffusion. In [22],
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global exponential stability and synchronization of delayed reaction-diffusion neural
networks under hybrid state feedback control and impulsive control. However, to the
authors knowledge, impulsive control has not been considered in the literature to realize
synchronization of reaction-diffusion neural networks. Moreover, the impulsive controllers in
[3,9, 36-40] were nondelayed. Recently, in [41], global exponential stability of fuzzy reaction-
diffusion cellular neural networks with time-varying discrete delays and unbounded
distributed delays and impulsive perturbations were studied. Nevertheless, to the best of our
knowledge, there are no results on stability or synchronization of reaction-diffusion neural
networks with time-varying discrete delays and distributed delays under impulsive con-
troller which has multiple time-varying delays, let alone impulsive controller with dis-
tributed delays. If these delays are considered in impulsive controller, the analysis methods
used in [3, 9, 26, 36-40] are not applicable anymore. Considering the fact that both discrete
delays and distributed delays are unavoidable in practice, it is of great importance to consider
delayed impulsive control to synchronize-delayed neural neural networks.

Being motivated by the above discussions, this paper aims to study the global expo-
nential derive-response synchronization of reaction-diffusion neural networks with multiple
time-varying discrete delays and unbounded distributed delays via general impulsive
control. The general impulsive controller is assumed to be nonlinear and has multiple time-
varying discrete and distributed delays. Since time delays are always vary and unavoidable
in practical operation, the general impulsive controller is essentially important and more
practical than existing nondelayed impulsive controller. Stochastic perturbations in the
response system are also considered. By using a novel integral inequality in [35], the problem
of distributed delays with not-equal-to-1 delay kernel can be solved by matrix method. By
utilizing the novel integral inequality, the properties of random variables and Lyapunov
functional method, sufficient conditions guaranteeing the considered drive-response systems
to realize synchronization in mean square are derived through strict mathematical proof. The
proof process and the results are very simple. Finally, numerical simulations are given to
show the effectiveness of the theoretical results.

The rest of this paper is organized as follows. In Section 2, the considered model of
coupled reaction-diffusion neural networks with delays is presented. Some necessary
assumptions, definitions, and lemmas are also given in this section. In Section 3, synchro-
nization for the proposed model is studied. Then, in Section 4, simulation examples are
presented to show the effectiveness of the theoretical results. Finally, Section 5 provides some
conclusions.

Notations. In the sequel, if not explicitly stated, matrices are assumed to have compatible
dimensions. N, denotes the set of positive integers. I, denotes the n x n identity matrix.
R" denotes the Euclidean space, and R™"™ is the set of all n x m real matrix. Amax(A)
and Apmin(A) mean the largest and smallest eigenvalues of matrix A, respectively, [|A| =
VAmax (AT A), where T denotes transposition. C = diag(ci, ¢z, ...,c,) means C is a diagonal
matrix. Moreover, let (S, ¥, {F:} 0, P) be a complete probability space with filtration {¥;},
satisfying the usual conditions (i.e., the filtration contains all P-null sets and is right
continuous). Denote by Lgo((—oo,O] ;R") the family of all ¥o-measurable C((-o0,0];R")-
valued random variables ¢ = {{(s) : s < 0} such that sup__ E(||é(s)]|”) < oo, where E{-}
stands for mathematical expectation operator with respect to the given probability measure P.
Sometimes, the arguments of a function or a matrix will be omitted in the analysis when no
confusion can arise.



4 Abstract and Applied Analysis

2. Preliminaries

Consider a delayed neural network with reaction-diffusion terms which is described as fol-
lows:

dy; d Oyi S
wilt) Z@g( i <flx)) - it x) + 3 aii i (vt %)
=1

j:: (2.1)
+ D biifi(yi (=71 (t), ) + D dij f K(t-9)fi(yj(s,x))ds + L;(t),
j=1 =1 I
or in a compact form
oy(t, 20 (. 0y(t,
% ) g‘@_xz <Rl ya(xZX) ) = Cy(t,x) + Af (y(t,x)) + Bf (y(t = u(1), x))
(2.2)

+ th K(t-s)f(y(s,x))ds+1(t),

wherei =1,2,...,n, R, = diag(ru, 12, ...,7u), l =1,2,...,m, ry > 0 means the transmission
diffusion coefficient along the ith neuron; x = (x1,x,.. .,xm)T € QCR"” Q = {x |
|xk| < z;, 1 =1,2,...,m}, and z; is a constant. y(t,x) = (yl(t,x),yz(t,x),...,yn(t,x))T e R"
represents the state vector of the network at time ¢ and in space x; n corresponds to the
number of neurons; f(y(t,x)) = (fl(yl(t,x)),...,fn(yn(t,x)))T is the neuron activation
function at time ¢ and in space x; C = diag(ci, ¢z, . ..,cu) With ¢; > 0; A = (aij) yxps B = (bij) psn
and D = (d;j),., are the connection weight matrix; I(t) = (I1(t), I»(t),... L) € R"is an
external input vector. The bounded function 71 (t) represents unknown time-varying discrete
delay of the system with 0 < 7(f) < 71, in which 7 is a constant, K(t) is a nonnegative
bounded scalar function defined on [0, +o0) describing the delay kernel of the unbounded
distributed delay.

We suppose that system (2.2) has an unique continuous solution for any initial condi-
tion of the following form: y(s,x) = ¢(s,x) € C([-o0,0] x Q,R"), where C([-0,0] x ,R")
denotes the Banach space of all continuous functions from [-oo, 0] x Q to R” with the norm

1/2

s, x)| = UQ ¢ (s, x)Pp(s, x)dx| . (2.3)

It is assumed that (2.2) satisfies the following Dirichlet boundary condition:

y(t,x) =0, (tx)€ [-o0,+o0] x OQ. (2.4)
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Based on the concept of drive-response synchronization, we take (2.2) as the driver
system and design the following controlled response system:

u(t,x) = [Zax,< Ou, x)>—Cu(t,x)+Af(u(t,x))+Bf(u(t—T1(t),x))

+D It K(t—-s)f(u(s,x))ds + I(t) + +Z.o6(t — )UKk (8, x)]dt +o(t, x)dw(t),
—o0 k=1
(2.5)

where e(t, x) = u(t, x)—y(t, x), 6(t) is the Dirac delta function, the time sequence {#,} satisfies
0=t <t <th < -+ < tq < tx < --,and limg_ ofx = +oo. Uk(t,x) is the con-
trol input. w(t) = (wr(b),...,w,(H))T € R" is a n-dimensional Brown motion defined on
(S, F, {¥Ft}10, P). Here, the white noise dw;(t) is independent of dw;(t) for i #j, and o(t, x) £
o(te(t,x),e(t —1(t),x), f:_TS ® e(s, x)ds) is the noise intensity function matrix, in which the
bounded functions 7, (t) and 73(t) represent unknown discrete and distributed delays of the
system in the stochastic perturbation with 0 < 7;(t) < 7, i = 2,3. This type of stochastic per-
turbation can be regarded as a result from the occurrence of random uncertainties during the
process of transmission. We assume that the output signals of (2.2) can be received by (2.5).
In the present paper, the control input U (¢, x) is assumed to be the following form:

t

U (t,x) = hy <e(t,x), e(t—mi(t),x),...,e(t—mnq(t),x), e(s,x)ds> —e(t,x), (2.6)

t*qu-ﬂ (1)

where 7;(t) i=1,2,...,9 + 1 are unknown time-varying delays with 0 < 7;(¢) < ;-
Integrating from ti — € to tx + € (¢ > 0 is a sufficient small constant) on both sides of
system (2.5) and letting ¢ — 07, one gets from the property of the Dirac delta function that

t
u(ty, x) —u(ty, x) = hy <e(tk,x),e(tk —mi(te), x), ..., e(tk —ng(t), x), o e(s, x)ds>
b

tk"’lqﬂ

- e(tx, x),
2.7)

where u(tf, x) = limt_”t;u(t,x), u(t,, x) = limtﬁt;u(t, x). In the following, we use hy(tx, x) to

denote hy (e(tx, x), e(tx — mi(tk), x), ..., etk — n4(tx), x), f::_qqﬂ ) e(s, x)ds) for short.

Remark 2.1. Equation (2.7) is actually the impulsive controller of response system (2.5). To the
best of our knowledge, result on synchronization of reaction-diffusion neural networks under
impulsive control is seldom. In [22], global exponential synchronization of delayed reaction-
diffusion neural networks was studied. However, the control scheme in [22] is hybrid non-
delayed state feedback control and nondelayed impulsive control, and the continuous state
feedback controller is indispensable. Moreover, the impulsive controller (2.7) is very general,
since it includes information of multiple time-varying discrete delays and time-varying
distributed delays. Nevertheless, most of published paper concerning impulsive control
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including [3, 9, 26, 36-40] did not consider time delay in the impulsive function, let alone
multiple time-varying discrete delays and time-varying distributed delays. It is known that
both discrete delays and distributed delays are unavoidable and often time-varying in neural
networks, hence considering impulsive control with time-varying discrete delays and time-
varying distributed delays is essentially important. However, when time-varying discrete
delays and time-varying distributed delays are considered in impulsive control, the results in
[3, 9, 26, 36-40] is not applicable anymore.

From (2.7), the controlled system (2.5) can be rewritten as

u(t,x) = [Zax< ) = Cutt )+ Afult, ) + B (e~ 1), %)

t ] (2.8)
+Df K(t—-s)f(u(s,x))ds + I(t) |dt + o(t, x)dw(t), t#tx,

u(ty, x) = u(ty, x) + hi(te, x) —e(te,x), t=ty, keN,.

To maintain consistency with above definitions, the initial value and the boundary
condition of (2.8) are given in the following form:

u(s, x) = ¢(s,x) € C([-0,0] x Q,R"), (2.9)

u(t,x) =0, (tx) € [-o0, +o0] x OQ. (2.10)

Throughout this paper, we always assume that u(t, x) is left continuous at t, that
is, u(t,,x) = u(tk,x). Then subtracting (2.2) from (2.8) gets the following error dynamical
system:

de(t, x) = [ia% < aeé;lx) ) — Ce(t, x) + Ag(e(t, x)) + Bg(e(t - 1 (t), x))

=1
t ] (2.11)
+Df K(t-s)g(e(s,x))ds|dt + o(t, x)dw(t), t#tk,
e(ty,x) = hi(te,x), t=t, keN,,

where g(e(t, x)) = f(u(t,x)) - f(y(t,x)).
It is obvious that system (2.11) satisfies the Dirichlet boundary condition, and its initial
condition is

e(s,x) = (s, x) —(s,x) = (s, x) € C([-00,0] x Q,R"), i=1,2,...,N. (2.12)

It is easy to see that the error system (2.11) admits a zero solution. Clearly, if the zero
solution is globally exponentially stable, then the controlled system (2.8) is globally exponen-
tially synchronized with system (2.2).



Abstract and Applied Analysis 7
Throughout this paper, we assume that

(Hy) for any u, v € R, there exist constants y; (i = 1,2,...,n) such that |f;(u) - fi(v)] <
pilu —vl;
(Hy) there is a positive constant k such that jg *® K(u)du = k;

(H3) there exist positive constants p1, p» and p3 such that

trace [GT(t,x)o(t, x)] < p1eT(t,x)e(t, x) + pzeT(t -m(t), x)e(t — m(t), x)

¢ (2.13)
+p3 f eT(s,x)e(s, x)ds;
t*‘[‘3(t)
(Hy4) there exist nonnegative constants ay, ﬁ;(, j=1,2,...,9+1such that
h{(tk, X)hi(te, x) < ael (b, x)e(te, x) + ﬂieT(tk —11(tk), x)e(te — m(te), x)
t
St ﬁZeT(tk —11q(tk))e(tx — 1q(tk)) + ﬁzﬂ J‘ e’ (s,x)e(s, x)ds.
te—=1g+1 (tk)
(2.14)

The following basic definitions and lemmas are needed in this paper to get main
results.

Definition 2.2 (see [9]). The dynamical network (2.9) is said to be globally exponentially
synchronized with system (2.2) in mean square if there exist constants M > 1 and 6 > 0
such that for any initial values (2.12)

E{lle(t, 0 } < maxe{ (s, x)||” | Me™ (2.15)

hold for t > 0.

Lemma 2.3 (see [17]). Let Q be a cube |xx| < Ix (k = 1,2,...,m), and let v(x) be a real-valued
function belonging to C'(€2) which vanish on the boundary 9Q of Q, that is, v(x)|aq = 0. Then

J‘Q v*(x)dx < l,z( J‘Q

Lemma 2.4 (see [42]). If X, Y are real matrices with appropriate dimensions, then there exist number
€ > 0 such that

dv(x) |?

Xk

(2.16)

XY +YTX <eXTY + %YTY. (2.17)
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Lemma 2.5 (see [35]). Suppose that K(t) is a nonnegative bounded scalar function defined on
[0, +00), and there exists a positive constant k such that jgw K(u)du = k. For any constant matrix
D e R™", D > 0, and vector function x : (—oo,t] — R" for t > 0, one has

t t T
kJ‘ K(t—s)xT(s)Dx(s)d92<f K(t—s)x(s)d9> DI K(t-s)x(s)ds (2.18)

provided the integrals are all well defined.
Remark 2.6. When there is a positive bounded function k(t) such that fog 0K (u)du = k(t),
where 0 < 8(t) < 6, then the inequality (2.18) becomes the following from:

T
k(t) t K(t-s)xT(s)Dx(s)ds > <r K(t- s)x(s)ds> D t K(t-s)x(s)ds.
£-6(t) t-60(t) t-6(t)
(2.19)

Specially, when K(t) = 1 for t > 0, then k(t) = 6(t) in (2.19). In this case, the inequality
(2.19) turns out to the well-known Jensen'’s inequality [32]. In the literature, there were many
results concerning stability or synchronization of neural networks with bounded distributed
delays, for instance, see [28-31]. However, the delay kernels in [28-31] were all assumed to
be 1. Obviously, the unbounded distributed delays in this paper include those [28-31] as a
special case. It is easy to see from inequalities (2.18) and (2.19) that results of this paper are
also applicable to neural networks with bounded distributed delays, no matter whether K(t)
is equal to 1 or not. In this sense, models in this paper are more general than those those in
[28-31].

Lemma 2.7. Consider the following impulsive differential inequalities:

D*o(t) <av(t) + bi[v(t)],, + ba[v(t)],, + - +bu[o()], , t#tk, t>t,
v(t) <pro(ty) + q[o(t)], + alo(t)], + -+ a0 (K], keN,, (2.20)
’U(t) =(i)(t), te [to—T,to],
where a, by, px, q,, and T; are constants, b; > 0, px > 0,9, > 0,7 > 0,i=1,2,...,m, v(t) >0,
[v()];, = sup, . .v(s), [0(t)], = suptk_Ti(tk)SKtkv(s), ¢(t) is continuous on [ty — T, 1], and

v(t) is continuous except ty, k € N., where it has jump discontinuities. The consequence {t} satisfies
O=ty <ty <ty < - <t <ty <---,and limg_, ot = +oo. Suppose that

pe+ D qk <1, (2.21)
i=1

" b, In(pe+ 3™, g1
a+ lel bl + < j=1 k) <0. (222)

Pk + Z}nzl qgc st = b
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Then there exist constants p > 1 and A > 0 such that

o(t) < ||¢]| e, t>t, (2.23)

where |gll, = sup, ., I§p(s)l, 7 = max{z,i=1,2,...,m).

The proof of Lemma 2.7 is given in the appendix, which is partly similarly to that of
Lemma 1 in [43].

Remark 2.8. Lemma 2.7 actually provides stability criterion for impulsive differential
equations with multiple time-varying delays, and impulsive function is related to the same
multiple time-varying delays. Actually, Lemma 2.7 can be written in a more general form. Let
bj=0,i=h+1,...,m, q{( =0,j=1,...,hh1<h<m-1, T =01,..., Them-h = Om-h = Oy,
gt =g, g = gnh = g7, the other parameters are the same as those in Lemma 2.7.

Then one can get the following Lemma 2.9.

Lemma 2.9. Consider the following impulsive differential inequality:

D™o(t) < av(t) + bi[o(B)],, + ba[o()],, + -+ bu[o(B)],,,  t#ik, t2to,

T/

o(ty) <pro(ty) + G [o ()], +aclo(t)],, + -+ dclo(t)],, keN,, (2.24)

o(t) = p(t), etk

Suppose that

o np o In(pet 27
P+ <1, a+ Zibi ( - "> <0. (2.25)
i=1 Pr+ i g, b1 — bk

Then there exist constants p > 1 and A > 0 such that

o(t) < ||¢]| e, t>t, (2.26)

where |||, = sup;, ... P(s)l, T =max{7, 05, i=1,2,...,h, j=1,2,... 1}

Remark 2.10. Lemmas 2.7 and 2.9 are general. Specially, if zﬁ =0,i=1,2,...,r then the
inequalities in (2.25) becomes

h
b ]

pr<1l, a+ Ziabi | _Inpe (2.27)
Pk trs1 — i

Take p = max{pk, k € N, }, p = sup, . {tx — tk-1}. Then p <1 and

hop hop Wy
gy 2imbi Impe o Sb Ip o SLb Inp (2.28)
Pk tre1 — Lk Pk brs1 — Lk Pk p
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Therefore,

h
o1
p<1, a+M+¥<O (2.29)

p

implies (2.27); that is, the inequality (2.27) is less conservative than (2.29). In fact, the
inequality (2.29) is exactly the inequalities (5) and (6) in Theorem 3.1 of [26]. (In the
proof in Theorem 3.1 in [26], one can get from b; = (L;/ )\ Amax(P)/ Amin(P) that
(L Amax (P)) / (bidmin(P)) = aLi\/Amax(P)/Amin (P). By comparing the coefficients in the first
two inequalities in the proof of Theorem 3.1 in [26] with those in the inequalities (5) and (6) in
[26], the conclusion can be easily achieved). Hence, Lemmas 2.7 and 2.9 improve and extend
the Theorem 3.1 in [26]. In the literature, many results including those in [3, 9, 38, 40] were
derived by using similar method used in [26]. Since Lemmas 2.7 and 2.9 include correspond-
ing results in [26] as a special case and are less conservative than them, Lemmas 2.7 and 2.9
are very useful for stabilization and synchronization of impulsive control system.

3. Main Results

In this section, the global exponential synchronization criteria for system (2.8) and (2.2) are
derived through strict mathematical reasoning.

Theorem 3.1. Suppose that conditions (Hy)—(Ha) hold. If there exists constants €1 > 0, &, > 0 and
&3 > 0 such that

q .
O<ar+ > pi+pl 7,y <1, keN, 3.1)
i=1

— i 1—
L ertpt £3k2;1 + paT3 .\ ln(“k +3 ﬂk) + ﬁT g1

T T <0, (32)
ay + Zi:l ﬁ;c + ﬂk qu+1 e k

where a = ~2Amin(R + C) + ' | AIP + 1t + &' IBI? + &5 IDI? + p1, R = diag(S}, (ru/22),
Stira/zd), ..., S (ra/2)), p = max{p?, i=1,2,...,n}. Then, under the impulsive controller
(2.7), the controlled system (2.8) is globally exponentially synchronized with system (2.2) in mean
square.

Proof. Consider the following Lyapunov function:
Lr
Vi(t) = 3¢ (t,x)e(t, x)dx. (3.3)
Q

We use £V (t) to denote the infinitesimal operator of V' (t) [44], which is defined as

2V(t) = lim AE(V(E+ A) | ] - V(D] (3.4)
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Based on the property of Wiener process [11], differentiating V (t) along the solution of
the error system (2.11) for t € (tx_1,tx], k € N, obtains that

AV (t) = LV (#)dt + e(t, x)o(t, x)dew(t), (3.5)

where

LV(t) = f [ i;( Selt, x)> —eT(t, x)Ce(t, x) + " (t, x) Ag(e(t, x))
1=1
+e’ (t,x)Bg(e(t -1 (t),x)) + e’ (t,x)D ft K(t-s)g(e(s, x))ds (3.6)

+%trace [O'T(t, x)o(t, x)]]dx.

From the Green’s formula and the Dirichlet boundary condition, we have (see [17-19])

J‘ e’ (t, x)Za ( ad;x)) f};ei(t,x)f; < dei(t, x)>dx
i’[ ei(t, x)V( ae'b(—;x)>l 1dx
i1 _

i _[ <€i(t, x)Til aeia(:c' *) ):nldx

i=1 -

i 1

n f < ael(tlx)>l_1 ei(t, x)dx (3.7)

. Oei(t, x) )"’
ei(t,x)ryj———= dx
; .[ag < : 0x; I=1

S (e

i=1 =1

ST

i=1 =1

in which V = (0/0x1,0/0x3,...,0/0xy,) is the gradient operator, and

m T
(rl.l('iel-(rf,)c))l_1 _ (m Oe;(t, x) maei(t,x) - 6ei(t,x)> ' (3.8)

ox; ox; ox, M dxy,
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In view of Lemma 2.3, it is derived that

zn:J‘ i <ael(t x)) dx <—ZI ir—; et x)dx——IQeT(t,x)ﬁe(t,x)dx. (3.9)

i=1 =1 =12
For any positive constants €1, £, and €3, it follows from (H;) and Lemma 2.4 that

e’ (t,x)Ag(e(t,x)) < %e;leT(t,x)AATe(t, x) + %slgT(e(t,X))g(E(t, x))
) (3.10)
<5 (&A1 + )’ (¢, el x),

el (t,x)Bg(e(t - T (t),x)) < %g£1||B||zeT(t,x)e(t, x) + %szyeT(t -7 (t), x)e(t — 11 (t), x),
(3.11)

t 1 t T
T(t,x)DJ‘ K(t-s)g(e(s,x))ds < 563 <f K(t-s)g(e(s, x))ds)

t
X ’[ K(t-s)g(e(s,x))ds + %53‘1||D||26T(t,x)e(t,x).

(3.12)
By using condition (H;) and Lemma 2.5, one obtains from (3.12) that
t 1 —t
eT(t,x)Df K(t-s)g(e(s,x))ds < —s;;kf K(t- s)gT(e(s, x))g(e(s, x))ds
+ 531||D||26T(t x)e(t, x)
(3.13)

IN

—%Euf K(t-s)el (s, x)e(s,x)ds

+ 531||D|| e’ (t,x)e(t, x).

Considering condition (H3) and substituting (3.9)—(3.11) and (3.13) into (3.6) derive
that

2V () < j [gem,x)e(t,x) + geape (t = (0), X)elt - 71 (), %)
Q
P2 T 1 - T
+?e (i’—Tz(t),x)e(t—Tz(t),x)+§€3kﬂf K(t-s)e' (s,x)e(s,x)ds

t
+& f el (s,x)e(s, x)ds |dx
2 Jimwm
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=aV(t)+euV(it-11(t) + pV(E—m(t)) + Egzy J-t K(t-s)V(s)ds

+p3 It V(s)ds. (3.14)

t-73(t)

Taking mathematical expectations on both sides of (3.5), it can be derived from
inequations (3.14) and (H>) that

TS VO BV O, B VO s+ R BV

+psT3[E{V(s)}]z,, t€ (-1, tk], KEN,,

where [E{V(s)}]_,, = maxs<E{V(s)}.
On the other hand, it is obtained from (H4) and the second equation of (2.11) that

V() = J; %eT (t, x)e(t;, x)dx = fQ %hi(tk,x)hk(tk,x)dx
(3.16)

t
<o V(t) + ﬂ}cV(tk -m (tk)) +eee ﬂZV(tk - ﬂq(tk)) + ﬁz+1 J‘ o V(s)ds,
t=1ga (t

which means that

E{V ()} < aB{V ()} + BLEIV () g, + -+ BLE(V (g + L T, VO - (317)

By virtue of Lemma 2.7, if the inequalities (3.1) and (3.2) hold, then it follows from
(3.15) and (3.17) that there exist constants M > 1 and 0 > 0 such that

E{V (1)} < r%xE{ 7, (s, ) me®, ¢ >0. (3.18)

By Definition 2.2, the controlled system (2.8) is globally exponentially synchronized
with system (2.2) in mean square. This completes the proof. O

Note that there are three uncertain positive constants €1, 5, and 3. Not making a good
choice of the three constants may lead to the conservativeness of Theorem 3.1 in practical
application. In order to hit off this fault, our next aim is to determine the constants &1, &,
and &3 such that the conservativeness of Theorem 3.1 can be reduced as much as possible. We
present the following Theorem 3.2.
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Theorem 3.2. Suppose that conditions (Hy)—-(Hy). Then, under the impulsive controller (2.7), the

controlled system (2.8) is globally exponentially synchronized with system (2.2) in mean square if the
following inequalities hold

0<br<1l, keN,, (3.19)

_ (R NN
di =~ min (R + C) + Al + 1Bl -+ KIDI [

1 [%] p3?3 In bk )
+ <p1+bk + by +tk+1—tk <0, keN,,

(3.20)

where b = ax + 3,1 | Bi + ﬁzﬂﬁqw the other parameters are defined as those in Theorem 3.1.

Proof. Define the function H (e1, €2, €3) with positive variables €3, €2, and &3 as follows:

q+1—

Ep+p2+ £3E2‘u + paT3 .\ h‘(“k +3L ﬂ;) P Tgn

e+ S B+ L Ty bt =

H(ey,e2,63) =a+ (3.21)

In order that the result of Theorem 3.1 is less conservative, we only need to find out
three constants £, £, and €] such that the inequality (3.2) is less conservative. To achieve
this goal, we will find a point (51,52,53) such that H (51,52,53) takes the minimum value
and H(s?,sz,%) < 0. By simple Computatlon one derives that 0H/0e1 = p — (||A||2/£%),
O0H/0ey; = (u/bx) - (IB|I* /e%) OH/0e3 = (k u/b) - (ID|1? /Eg) Let 0H/0e1 = O0H/0e; =
OH/0e3 = 0, one gets (51,52,53) = (||A||/\/ﬁ, |Bl|\/bx/ 1, ||D||/k\/bk/ ). It is obvious that the
Hesse matrix of H (51,52,53) at (51,52,53) is positive definite. Hence, H (€1, €2, €3) takes the
minimum Value at (€9, €9, £9) according to the extreme value theory of multivariate function.
Taking H (51, 52, 53) < 0 arrives at the condition (3.20). This completes the proof. O

Remark 3.3. Theorems 3.1 and 3.2 are not dependent on discrete delays of both continuous
equation and impulsive controller, which is consistent with results of [3, 9, 26, 38], though
they did not consider delays in impulses. It should be noted that the inequalities in Theorems

3.1 and 3.2 are related to E2, T3, and 7] ey which mean that distributed delays in both contin-
uous equation and impulsive controller have important effects on synchronization criteria in
our results. This new discovery is completely different from existing results including those
in [3, 9, 26, 37-40]. As was pointed out in Remark 2.8, results in [3, 9, 38, 40] were derived
by using similar method used in [26], hence results of this paper improve those in
[3,9,26,38,40] evenwhen D =0, 0(t, x) = o(t, e(t, x), e(t—2(t), x)) and hy (tx, x) = h(e(tk, x))
in (2.11). To sum up, results of this paper are new and improve and extend most of known
corresponding ones.

Remark 3.4. Lemma 2.5 is utilized in (3.13), which makes the proof process more simple than
those in [21, 22, 34]. In [21], matrix decomposition method was used to deal with not-equal-
to-1 delay kernel, hence the Lyapunov functional and proof process are relatively complex.
Authors in [22, 34] had to utilize algebraic approach instead of matrix method to derive their
main results. It is well known that results derived from algebraic approach have more
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complex form and is more conservative than those obtained by matrix method. Therefore,
results of this paper improve those in [21, 22, 34] to some extent.

Remark 3.5. Stochastic perturbations are unavoidable in real applications of neural networks.
In this paper, we synchronize a class of reaction-diffusion neural networks with stochastic
perturbations via impulsive control. Although there were several results on stability of
reaction-diffusion neural with stochastic perturbations [45, 46], seldom published papers
considered synchronization of this kind of neural networks under impulsive control.
Moreover, the stochastic perturbations of this paper are more general than those in [45, 46],
since they include information of distributed delays.

4. Examples and Simulations

As applications of the the theoretical results derived above, in this section, we give numerical
simulations to demonstrate that our synchronization criteria are effective.

Consider the following reaction-diffusion neural network with both discrete and
unbounded distributed delays

oy (t, oy(t,
ygt ) _ a%(R yé;”) ~Cy(t,x) + Af (y(t,x)) + Bf (y(t - 71 (t), x))

t 4.1)
+ DJ‘ K(t-s)f(y(s,x))ds+I(t),

where y(t, x) = (y1(t, x), y2(t, ), xeQ=1[-22],
f(y(t,yg)) = (tanh(x1(t, x)), tanh(x;(t, x)))T, 71 (t) = 1, K(t) = e, R = diag(0.1,0.1), I(t) =
(1,1.2)7,

12 0 3 -03 ~14 0.1 ~1.2 0.1
C‘<0 1)' A‘<4 5 > B‘(os —8>’ D_<—2.8 —1>' “2)

Take the boundary condition of (4.1) as y(t,x) = 0, (¢, x) € (—oo, +o0) x 0Q. In the case
that initial condition is chosen as y(s,x) = (0.4,0.6)", (s,x) € [-3,0] x Q and y(s,x) =0,
(s,x) € (-0, -3) xQ, the chaotic-like trajectory of (4.1) is shown in Figures 1, 2, and 3. Taking
R =0, then we get the chaotic-like trajectory of (4.1) without reaction-diffusion terms shown
in Figure 4.

Let system (4.1) be the driver network, we design a response system as

0

du(t,x) = I:a (R%) —Cu(t,x)+ Af (u(t,x)) + Bf (u(t — 7 (t), x))

t ] (4.3)
+Df K(t-s)f(u(s,x))ds +I(t) |dt + o(t, x)dw(t), t#tx,

u(ty, x) = u(ty, x) + hi(te, x) —e(ty,x), t=t, keN,,
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t

Figure 2: Chaotic behavior of the state y,(t, x) in system (4.1).

where e(t, x) = u(t,x) — y(t,x), he(t, x) = ae(te, x) + be(tx — 0.5]sinty|, x) + C.[tt—O.S e(s,x)ds
with positive constants a, b, and ¢, the noise intensity function matrix is

ei(t, x) ex(t-1,x)

o(t,x) =0.1 J‘t er(s,x)ds  ea(t,x) . (4.4)

t-0.3

By Jensen’s inequality (which is a special case of inequality (2.19)), one has

2 t

J‘t e1(s,x)ds 50.3f

(e1(s,x))*ds < 0.3 J‘t el (s, x)e(s, x)ds. (4.5)
t-0.3 t-0.3

t-0.3
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10 ¢

15 T T T T T T T

y1(t,0)

yZ(tr 0)

Figure 4: Chaotic behavior of system (4.1) with R = 0.

From (4.5) one gets

trace(aT(t,x)o(t, x)) < 0.01e” (t, x)e(t, x) +0.01eT (t -1, x)e(t - 1, x)

¢ (4.6)
+ 0.003f el (s,x)e(s, x)ds.

t-0.3
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() (b)

Figure 5: Dynamical behavior of synchronization errors e (f, x) (a) and e»(t, x) (b).

Similarly, by using Jensen’s inequality one derives that
hi(tk,x)hk(tk,x) <(a+b+c) [aeT(tk,x)e(tk, x) + bel (t; — 0.5|sin tx|, x)e(tx — 0.5|sin tx|, x)

t
+cf el (s, x)e(s, x)ds].

t-0.5
(4.7)

Obviously, p1 = pp = 1,% =2,p1 =p2=0.01,p3 =0.003, ay = a(a+b+c),ﬂi =b(a+b+c),
ﬂi =cla+b+c),q=1,7 =7, =173 = 03,and 77, = 77, = 0.5. Therefore, (H;)-(Hy)
are satisfied. Choose a = 0.2,b = 0.15,¢ = 0.2, and tx — tx-; = 0.02. Then the inequalities
(3.19) and (3.20) are satisfied with by = 0.2475, & = —0.4086 < 0, respectively. According to
Theorem 3.2, the controlled system (4.3) is globally exponentially synchronized with system
(4.1) in mean square. Figure 5 presents the dynamical behavior of synchronization errors
ei1(t, x) and e (t, x), which close to zero quickly as time increases.

5. Conclusion

Delays are unavoidable in practical systems, and they are always unknown and time-varying.
This paper studies stochastic synchronization of reaction-diffusion neural networks with both
time-varying discrete and distributed delays via delayed impulsive control. The impulsive
controller has multiple time-varying discrete and distributed delays which is very general.
Based on a novel integral inequality, the problem of distributed delays with not-equal-to-
1 delay kernel is well handled with matrix method. Sufficient synchronization criteria are
given to guarantee the global exponential synchronization in mean square of the considered
system. The function extreme value theorem is utilized to get a less conservative result. It is
discovered that, in our synchronization criteria, the distributed delays in both continuous
equation and impulsive controller have important effects. At last, numerical simulations
show the validity of the obtained criteria.
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Appendix

Proof of Lemma 2.7. Without loss of generality, we assume that 7 =71 > 7 > - -+ > 7,,. Consider
the following scalar function:

() =204 g4 i bie” tn(pi+ 7, gie')
K(4) = ~ :

+ (A1)
p+ 37 qpetm et = B

It follows from inequality (2.22) that gx(0) = a + (X2, bi)/ (px + Z]’"il q{() + (In(px+
> g))/ (ka1 — t) < 0. Since g, () = 2 + 37 (pebide'™/ (pi + > q.e\)?) +
(A S qpe’)/ (o = b (pi + S qpe’™)) > 0 for A > 0 and gk (A) is continuous on (0, +o0),
there exists a positive constant A such that gk(1) < 0 and px + 37, q{(e“f <1forall k € N,.

Let y = supey {1/ (px + X7 q{ce“f )} > 1. Then we can select a constant ¢ > 0 such
that for all k e N,

a+ Zybie“f <o-4, (A.2)
i=1
(0 + )t — 1) < —In <pk + Zq{;e“f> <Iny. (A3)
j=1

From (A.3), we can choose = 51 > ffo > --- > f,, > 1 such that
1< el@Vlh=h) < g, < yelmi, (A4)
It follows from the above inequality that
191l < l@lle” < @]l pre~". (A5)
Next we will prove that
o(t) < Pl fre ™, te [t b)), k€N, (A.6)

We use mathematical induction to prove that (A.6) holds. Firstly, we prove that (A.6)
holds for k = 1. To do this, we only need to prove that

o(t) < ||p||,fre” @), te [to, ). (A7)
If the inequality (A.7) is not true, then there exists some t € (ty, t;) such that

o() > 191l pre™ ™ > [|g]] foe @7 22 (|| fre ™)

2 [|9ll,e7 > 1]l 2 vito +5), s €[-7,0],

(A.8)
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which implies that there exists (= (to, t) such that fn <tma <--- <t and
o(B) = [1gll. e, o) <o(E), telt-7k|, (A9)
and there exists t € [to, f,,) such that
o(f) -

Therefore, one gets from (A.4), (A.9), and (A.10) that, for any s € [-7;,0],

v(?) <o(t) < v(ﬂ), te [f,?,] (A.10)

v(t+s) < ”4)” ﬁe_)L(tl to) < ||¢||TY6)LT,6—)L(t1 ~to) < Ye/\'r,v< ) < Y@AT’U( te [t t] (A.11)

Thus, one has from (A.2) and (A.11) that

DYv(t) < av(t) + by [o)],, +b2[v®)],, + -+ bu[v(t)],,

m - (A.12)
< <a + Zybie)‘Tf>v(t) <(oc-MNo(t), te [t,tl].
i=1
It follows from (A.5), (A.9), (A.10), and (A.12) that
v(ﬂ) <t>e(" V(- _ = 19ll. elo-V(E-D - 9]l o(ti~to)
(A.13)
< gl e = o(R),
which is a contradiction. Hence (A.6) holds for k = 1.
Now we assume that (A.6) holds for k =1,2,...,n, n € N, n > 1, that s,
o(t) < ||§] . fre ), te [t t), k=1,2,...,n (A.14)

Next, we will show that (A.6) holds for k = n + 1, that is,

o(t) < |||l fre™ ), tE [t tuir)- (A.15)
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For the sake of contradiction, suppose that (A.15) does not hold. Define f = inf{t €
[tn, tns1] | ©(t) > [Pl fre*")}. Then one obtains from (A.3) and (A.14) that

o(ty) < pav(ty) + gu[o(t)],, + @ lo(E)],, +- - +an [o(h)],
< Pl e ) gl e 4 gl e

4o+ qZ””d)”Tﬁle—)L(tn—Tm—tO)

m ) )
) <Pn " Zqi‘em> 19|, Bret 1 et

j=1

m. .
< <p1’l + Zq]ne)LT]> e)L(trHl_tn)
j=1

< e_(o""/\) (tnnt _tn)e/\(tnﬂ ~tn) (i) ” Tﬂl e_-)t(l_t())

DIl pre ) < || pre ),

(A.16)

¢||,pre )

— e_U(th ~tn)

which implies that f # t,. From the continuity of v(t) in the interval [t,, t,+1), one has
v(F) = ||¢||Tﬁle’)‘(fft°), o(t) <o(f), t € [t f]. (A.17)

On the other hand, one can deduce from (A.16) that there exists t* € (t,, ) such that

moo.
o(t) = <Pn + Zqﬁe”f> gAltnate)
=1

For any t € [t*,F], s € [-7;,0], either t + s € [to — T;,t,) Or t + 5 € [ty f]. Two cases will
be discussed as follows.

lpre T, o) <o) <o(l), te [r1]. (A18)

Case 1. If t + s € [tg — T3, t,), then one obtains from (A.14) that

v(t+s) < ”(p”‘rﬁlef)t(tfto)efls < ||¢||Tﬁle’)‘(f’t°)e)‘(i’t)e“"
(A.19)
< ||¢||Tﬂle_)‘(f_“’)e)‘(t"”‘t")e“".

Case 2.1f t + s € [t,, ], then it follows from (A.17) that

v(t+s) < ”('b”Tﬁle—)t(f—to) < ”4,”Tﬁlew\(f—to)ef\(tm—tn)e)tri_ (A.20)
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In any case, one has from (A.18), (A.19), and (A.20) that, for any s € [-7,0],

v(t+5) < ||| fre WMt - E_p(r)
Pu+ X qne™
| (A.21)
< #v(t) <ye'lio(t), te [t
pn+ 27 gre’
Hence, one obtains from (A.2) and (A.21) that
D*v(t) < av(t) + by [v(H)],, +ba[o(B)],, + -+ bu[v(B)],,
m (A.22)
< <a + Zyb,e”") o(t) < (0 -Vo(t), te]t1].
i=1
It follows from inequalities (A.3), (A.17), (A.18), and (A.19) that
U(E) < U(t*)e(o—)l)(l—t*)
= <pn + iq_{le)ﬂ'j> eJ\(tnﬂ—fn) ¢”Tﬂle—/\(f—to)e(o—l)(f—t*)
=1
(A.23)

< e @ b=t Al =t) | p | gy 0-10) (-2 =1)

= o O(tna—tn) 4,” ﬂle‘*“‘tﬂ)e("‘“(f—t*)
T

<@l pre ) = v (D),

which is a contradiction. Therefore the assumption that the inequality (A.15) does not hold
is not true, and hence the inequality (A.6) holds for k = n + 1. According to the theory of
mathematical induction method, the inequality (A.6) holds for all k € N... This completes the
proof. O
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This paper is concerned with the delay-dependent synchronization criterion for neutral-type
stochastic delayed complex networks. Firstly, expectations of stochastic crossterms containing the
It6 integral are investigated. In fact, for stochastic delay systems, if we want to obtain the delay-
dependent condition with less conservatism, how to deal with expectations of stochastic cross
terms properly is of vital importance, and many existing results did not deal with expectations
of these stochastic cross terms correctly. Then, based on this, this paper establishes a novel delay-
dependent synchronization criterion for neutral-type stochastic delayed complex networks. In the
derivation process, the mathematical development avoids bounding stochastic cross terms. Thus,
this method shows less conservatism. Finally, a numerical example is provided to demonstrate the
effectiveness of the proposed approach.

1. Introduction

In the real world, many systems can be described as complex networks such as Internet
networks, biological networks, epidemic spreading networks, collaborative networks, social
networks, neural networks, and so forth [1-4]. Thus, during the past years, the study of
complex networks has become a very active area, see, for example, [5, 6] and the references
therein. In particular, for complex networks, the major collective behavior is the synchro-
nization phenomena, because many problems in practice have close relationships with
synchronization [7]. Recently, growing research results, that focused on synchronization
problems for complex networks, have been reported in [8-12] and the references therein.
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Up to now, it has been well realized that in spreading information through complex
networks, there always exist time delays caused by the finite speed of information transmis-
sion and the limit of bandwidth, which often decrease the quality of the system and even lead
to oscillation, divergence, and instability. Accordingly, synchronization problems for many
delayed complex networks have been studied in [13-17]. It is worth mentioning that in the
above results for delayed complex networks, each dynamical node is modeled as a retarded
functional differential equation coupling with other nodes. However, in some cases, in order
to reflect dynamical behaviors for some realistic networks models, the information about
derivatives of the past state variables of the networks should be utilized. Therefore, the
dynamic of the complex networks should be described by a group of neutral-type functional
differential equations. This kind of delayed complex network is termed as the neutral-type
delayed complex network. As a matter of fact, neutral-type delays exist in many fields such
as the population ecology, distributed networks containing lossless transmission lines, and a
typical neutral-type delayed complex network example which is the stock transaction system
[18]. Consequently, synchronization problems of neutral-type delayed complex networks
were studied in [18-20]. For instance, a delay-dependent synchronization criterion for
complex networks with neutral-type coupling delay was presented in [18], and the robust
synchronization criterion for a class of uncertain neutral-type delayed complex networks was
given in [19]. And [20] discussed the synchronization problem for the neutral-type complex
networks with coupling time-varying delays.

On the other hand, in the real world, complex networks are often subject to stochastic
disturbances. For example, the signal transfer in a real complex network could be perturbed
randomly from the release of probabilistic causes such as neurotransmitters and packet
dropouts [21]. Hence, such a stochastic disturbance phenomenon that typically occurs in
complex networks has attracted considerable attention during the past years, and synchro-
nization problems for delayed complex networks with stochastic disturbances have been
investigated in [21-24]. For instance, the synchronization problems of discrete-time delayed
complex networks with stochastic disturbances were investigated in [21, 22]. Reference [24]
designed an adaptive feedback controller to solve the synchronization problem for an array of
linearly stochastically coupled networks with time delays. Although the above results have
discussed delayed complex networks under the influence of stochastic noises, it should be
pointed out that as to the neutral-type delayed complex networks, there is still no paper to
investigate the influence of stochastic disturbances on this kind of complex networks.

Moreover, for delay systems including delayed complex networks, a very active
research topic is to obtain the delay-dependent conditions. The reason is that the delay-
dependent condition makes use of the information on the size of time delays, and the delay-
dependent condition is generally less conservative than the delay-independent one [25-27].
However, when we used the existing effective methods, such as the model transformation
method [25, 26] and the free-weighting matrix method [27], to give the delay-dependent
condition for stochastic delay systems including stochastic delayed complex (or neural)
networks, the following stochastic cross terms containing the Ito integral will appear:

t t
x(t)TJ L_h U(s, xs)dw(s), x(t— h)TK L_h u(s, xs)dw(s),

t T
<f x(s, xs)ds> ]LJ‘ U(s, xs)dw(s).
t-h —h

(1.1)
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It is still very difficult to calculate expectations of these stochastic cross terms up to now.
The results in [28-31] resorted to bounding techniques, which obviously can bring the
conservatism. Some papers such as [32-34] considered that expectations of these stochastic
cross terms are all equal to zero. However, these results are not given by strict mathematical
proofs, and we can find examples to illustrate that expectations of some stochastic cross
terms are not equal to zero in Remark 3.3. Therefore, in order to obtain the delay-dependent
synchronization criterion with less conservatism for neutral-type stochastic delayed complex
networks, there is a strong need to investigate the expectations of stochastic cross terms
containing the Ito integral firstly.

Motivated by the discussion mentioned above, this paper investigates the delay-
dependent synchronization problem for neutral-type stochastic delayed complex networks.
The main contributions of this paper are summarized as follows. (1) Expectations of
stochastic cross terms containing the It6 integral are investigated by stochastic analysis
techniques in Lemma 3.1 and Corollary 3.2. We prove that the expectation of x(f —
'K f:_h (s, xs)dw(s) is equal to zero and expectations of other stochastic cross terms are
not. (2) Based on this conclusion, this paper establishes a delay-dependent synchronization
criterion that guarantees the globally asymptotic synchronization of neural-type stochastic
delayed complex networks. In the derivation process, the mathematical development avoids
bounding stochastic cross terms. Thus, this method leads to a criterion with less conservatism.
Finally, a numerical example is provided to demonstrate the effectiveness of the proposed
approach.

Notation. Throughout the paper, unless otherwise specified, we will employ the following
notation. Let (Q, F, { ¥} 5, P) be a complete probability space with a natural filtration {F:},
and let &£(-) be the expectation operator with respect to the probability measure. If A is a
vector or matrix, its transpose is denoted by A”. If P is a square matrix, then P > 0 (P < 0)
means that it is a symmetric positive (negative) definite matrix of appropriate dimensions
while P > 0 (P < 0) is a symmetric positive (negative) semidefinite matrix. I stands for
the identity matrix of appropriate dimensions. Denote by Amin(-) the minimum eigenvalue
of a given matrix. Let | - | denote the Euclidean norm of a vector and its induced norm of a
matrix. Unless explicitly specified, matrices are assumed to have real entries and compatible
dimensions. L*(Q) denotes the space of all random variables X with &|X|* < oo, it is a
Banach space with norm || X||, = (<S|X|2)1/2. Let h > 0 and C([-h,0]; R") denote the family
of all continuous R"-valued functions ¢ on [k, 0] with the norm ||| = sup{|p(0)| : —h <
0 < 0}. Let Léo([—h,O]; R") be the family of all #¢-measurable C([-h, 0]; R")-valued random
variables ¢ such that £([|¢||*) < oo, and let £2([a,b]; R") be the family of all R"-valued F-
adapted processes { f ()} <<, such that fﬁ |f(t)|?dt < o a.s. Let M?([a,b];R") be the family
of processes {f ()}, in £%([a,b]; R") such that é(f: |f(t)|?dt) < oo, and M>*([a,b]) is the
1-dimensional case of #?([a,b]; R™).

2. Problem Formulation and Preliminaries

In this paper, we consider the following neutral-type stochastic delayed complex networks
consisting of N identical nodes:
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d[xi(t) - Dxi(t - h)]

N N
= |:Axi(t) +Bf (xi(t)) + Cf (xi(t — h)) + > &iiTx;(t) + D hijYx;(t — h) | dt (2.1)

=1 =1

+Gi(t/xi(t)/xi(t_h))dw(t)/ i= 1/2/-'-/]\]/

where x;(t) = [xi1(t), xi2(t), ..., xin(£)]" € R" represents the state vector of the ith node; the
scalar h > 0 is the time delay; A is a known connection matrix; B and C denote, respectively,
the connection weight matrix and the delayed connection weight matrix; I,’Y € R™"
are matrices describing the inner coupling between the subsystems at time ¢t and ¢ — h,
respectively; G = (gij)nxy and H = (hjj)n,n are called the outer-coupling configuration
matrices representing the coupling strength and the topological structure of the complex
networks; D is a known real matrix, and the spectrum radius of the matrix D, p(D), satisfies
p(D) < 1.0i(-,-) : RxR"x R" — R" which is the noise intensity function vector; w(t) is
a scalar standard Brownian motion defined on a complete probability space (€2, F, { ¥} 0, P)
with a natural filtration {F}o. f(xi(t)) = (fi(xii(£)),..., fn (xin(H))T, is an unknown but
sector-bounded nonlinear function.
The initial conditions associated with system (2.1) are given by

xi(s) =¢i(s), -h<s<0,i=12,...,N, (2.2)

where ¢;() € L, ([-h,0];R™).
Let

x(t) = (a®),.... 07,
Fx) = (fea®) . fan®))
Flx(t=h) = (Faate =), fOen(t=m)T) s

o(t) = (or(t, 1 (0, 1t~ 1), .., on (b xen (B, xn (= 1))

N
— —ee—,
D =diag| D,D,...,D

With the Kronecker product “®” for matrices, system (2.1) can be rearranged as

d[x(t) ~Dx(t- h)] = [(In®A+GoD)x(t) + (HeY)x(t - h)
(2.4)
+(In ® BYF(x(t)) + (In ® C)F(x(t — h))]dt + o(t)dw(t).

Before stating our main results, we need the following definitions, assumptions, and
propositions.
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Definition 2.1. The neutral-type stochastic delayed complex network (2.1) is globally asymp-

totically synchronized in the mean square if, for all ¢;(-), ¢; (-) € Léo ([-h,0];R™), the following
holds:

lim &{|xi(t pi) - xj (L g)) [P} =0, 1<i<j<N. (2.5)

Definition 2.2 (see [35]). If a stochastic process {v(t)} <, belongs to M?([a,b]), then its Ito
integral (from a to b) is defined by

b b
j v(Hdw(t) = lim f vu(t)deo(t) <limin L2(Q)>, (2.6)

a

where {v,(t)},q<, (n = 1,2,...) are the step stochastic processes and belong to #*([a,b])
such that

b
lim & < f lv(t) - v,,(t)|2dt> =0. (2.7)

Definition 2.3 (see [36]). Let {¥¢},er be an increasing family of o-algebras of subset of Q. A
stochastic process {X;},cr is said to be adapted to {¥F:} .y if for each t, the random variable X;
is ;-measurable.

Assumption 2.4. The outer-coupling configuration matrices of the complex networks (2.1)
satisfy

gij = g]l 2 0, hl] = h]l 2 0/ (1#])’

N N (2.8)
gi=- > &, hi=-> hy ij=12...,N.
j=lj#i j=Lj#i

Assumption 2.5. The noise intensity function vector o; : R x R" x R" — R" satisfies the Lip-
schitz condition, that is, there exist constant matrices W, and W, of appropriate dimensions
such that

2 (2.9)

|0i(t, 21, y1) = 0 (t, x2,y2) | < Wi (21 = x2) P + [Wa(y1 — 12)

foralli,j=1,2,...,N and x1, y1, x2, y» € R™.

Assumption 2.6. For all x,y € R", the nonlinear function f(:) is assumed to satisfy the
following condition:

(f@) - f(y)-Ux-y) (f(x) - f(y) - V(x-y)) <0, (2.10)

where U and V are real constant matrices with U-V being symmetric and positive definite.
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Proposition 2.7 (see [14]). The Kronecker product has the following properties:

(@A) ®B = A® (aB),

(A+B)eC=A8C+BoC,

(2.11)
(A®B)(C® D) = (AC) ® (BD),

(AeB)T = AT @ BT.
Proposition 2.8 (see [19]). Let U = (i), P € R™™,x = (xI,xI,..., x0T,y = (], yl,...,

yz;)T, where X; = (xﬂ,xiz,...,xim)T € R™, Yi = (yilz]/iZI---/yim)T € R™ (i = 1,2,...,11). If
U = U and each row sum of U is equal to zero, then

TUePy=- 3 ay(xi-x) Plyi-y;)- 2.12)

1<i<j<n

Proposition 2.9 (see [35]). Let {8(t)} <, be a stochastic process and belong to M*([a,b]), then

b
e<J' 19(t)dw(t)> = 0. (2.13)

3. Main Results

Then, we give the following lemma and corollary which will play a key role in the proof of
our main results.

Lemma 3.1. If a stochastic process {v(t)} ,<;<p € M*([a,b]) and w is a bounded and F,-measurable

random variable, then
b
é<wf v(t)dw(t)> =0. (3.1)

Proof. Firstly, in order to prove the above results, we will prove that if {v(t)} .o, € M#*([a, b])
and w is a bounded and ¥ ,-measurable random variable, then

b b
wJ‘ v(t)dw(t) =f wv(t)dw(t). (3.2)

Most important of all, since @ is a bounded and ¥,-measurable random variable, it is easy to
verify {wv(t)} ,<cp € M*([a,b]). Then, we will prove (3.2) by the following two steps.

Step 1. If {v(t)} <y is a step stochastic process, then we let, without loss of generality,

v(t) = ZGi—ll[ti,l,ti) (t), (3.3)
i=1
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where ty = a,t, = b, gi_1 is ¥,_,-measurable and é(gfﬁl) < o0. In this case,

b n n b
[ @) = e (o) i) =@ X6 (0) ) = [ v,
a i=1 i=1 a

(3.4)

Step 2. If {v(t)} . € M2 ([a,b]) is not a step stochastic process, then by Definition 2.2, we
can find a sequence of step stochastic processes in #>([a,b]): {w (1)} act<vr 1V2(8) } actcr - -

{n(t)}aci<ps - - - Such that

Jbv(t)dw(t) = lim Ib vu(t)deo(t) <limin LZ(Q)>,

a

where {v(t)} ¢, and {v,(t)} < satisfy

b
Jlim a< f lv(t) — vn(t)lzdt> =0.

Because w is bounded, by Definition 2.2 and (3.5)-(3.6), it is easy to prove that

b b
f @v(t)dw(t) = lim f @ (t)dw(t) <lim in L2(Q)>,
b b
wf v(H)dw(t) = 1imwf vu(t)dw () <limin LZ(Q)>.
a n—oo a
From Step 1, it follows that for each step stochastic process {v,(t)} ,<;<p, We have

b b
f wv, (t)dw(t) = wf v (t)dw(t).

Therefore, it is easy to obtain

b b
lim | @v,(t)dw(t) = lim wf v () deo(t) <limin LZ(Q)>.

n— oo
a

Then, we can get by (3.7) and (3.9) that

b b
J‘ wv(t)dw(t) =wf v(t)dw(t).

(3.5)

(3.6)

(3.7)

(3.8)

(3.9)

(3.10)
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Due to {wv(t) } ,c1<p € M?([a,b]), then by Proposition 2.9, we can know that

b b
é<wf v(t)dw(t)> = 6<J‘ wv(t)dw(t)> =0. (3.11)

This completes the proof. O

Corollary 3.2. Let one consider the following neutral stochastic functional differential equation:
dlx(t) = Dx(t —h)] = x(t, xp)dt + p(t, x;)dw(t), (3.12)

on t > 0 with the initial data xo = ¢ € Léo([—h,O];R"). x(-,+) and p(-,-) satisfy the local Lipschitz
condition and the linear growth condition. If x(t) is the solution of (3.12) and K is any compatible
dimensional matrix, then

<S<x(t— h)TK[ t ‘u(s,xs)dw(s)]> =0, t>h (3.13)
h

-
Especially when ® = 0 in (3.12), that is,

dx(t) = x(t, xp)dt + p(t, x;)dw(t). (3.14)

Equation (3.14) is a common stochastic functional equation. For this case, (3.13) is also tenable.

Proof. Since x(-,-) and pu(-,-) satisfy the local Lipschitz condition and the linear growth con-
dition, we can know that, for all T > 0, (3.12) has a unique continuous solution on [-h, T]
denoted by {x(t)}_j<r that is adapted to {F:}_ < and {x(t)}_jqer € M*([-h,T]) [37].
Therefore, it can be derived that for t > h, x(t — h) is a bounded random variable and x(t — h)
is Fi-p-measurable. Then, by Lemma 3.1, it is easy to obtain (3.13). If ® = 0 in (3.12) that is
a common stochastic functional equation, then we can easily prove that (3.13) is also tenable
for this case. O

Remark 3.3. Lemma 3.1 has proved

é<x(t— h)TK[ t ‘u(s,xs)dw(s)]> =0, t>h (3.15)
h

t—
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However, for any compatible dimensional matrix J or L, the following results are not correct:

é<x(t)TJ|:ft y(s,xs)dw(s)]> =

~h
t T t

é<<f K(s,xs)ds> ]L[ ‘u(s,xs)dw(s)]> =
t=h t-h

We will give two examples to illustrate it.

t2h. (3.16)

Example 3.4. Consider the following one-dimensional Langevin equation in [36] that can be
regarded as a special class of neutral stochastic delay systems as follows:

d[x(t) = 0x(t - h)] = x(t, xp)dt + p(t, xp)dw(t),  x(0) =¢, (3.17)
where x(t, x¢) = —px(t), u(t, x;) = a and a > 0, f > 0. This equation has a solution

t
x(t) = e PEWx(u) + af e P 9dw(s), u<t (3.18)

u

Then by (3.18), we can know that

é(x(t)J J‘:_h U(s, xs)dw(s)> = <‘.< <eﬂhx(t -h)+a Jt_h eﬁ(ts)dw(s)>

t
X d
J[L_h « w(s)])
t
=ePhg <x(t -h)J [J a dw(s)])
t-h

t t
+ é<af e P9 dw(s)] adw(s))
t-h t-h

t
=0+ azqﬂe"ﬂtf ePds
t—h

= —J( —e*ﬂh)7eo VI#0,

p
t t t
6<J‘ K(s,xs)dsIL[ (s, xs)dw(s) ]> é<<x(t) x(t—h) - y(s,xs)dw(s)>
t-h t-h t-h
XL[ y(s,xs)d’w(s):l>
t-h

=é<x(t)]L t y(s,xs)dw(s)>

t-h
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& x(t- h)]L ‘u(s xs)dw(s)>

<‘,< (s, xs)dw(s)L It_hy(s, xs)dw(s)>
(
(

2]L t
=2(1- e‘ﬁh> ]Lf a’ds
p th
a’LL
=—(1-eP"—ph)#0, VL#O.
; )
(3.19)
Example 3.5. Consider the following one-dimensional stochastic equation:
d[x(t) = 0x(t - h)] = dw(t), (3.20)

which has a one solution x(t) = w(t). However, we can easily verify that
t t
k1 <x(t)TJf (s, xs)dw(s)> = é<w(t)JI dw(s)> =Jh#0, VI#0. (3.21)
t=h t-h

We should point out that in recent years, some papers such as [32-34] considered that the
expectations of these stochastic terms are all equal to zero. However, this is not the case.
From the above examples and Corollary 3.2, we can see that x(t - 'K f:_h U(s, xs)dw(s) is
the only one whose expectation is equal to zero.

Then, we are in the position to present our main result for the synchronization criterion
of the neutral-type delayed complex networks with stochastic disturbances.

Theorem 3.6. Under the Assumptions 2.4-2.6, the dynamical system (2.1) is globally asymptotically
synchronized in the mean square if there exist matrices P > 0, Q1 >0, Q> >0,R>0,Z >0, Sand
scalars € > 0,X > 0 such that the following LMIs hold forall 1 <i < j < N:

P <\, (3.22)
211 21 0 S PC Zie 0
x Ep Z3 -DTPB -DTPC Zoe 2oy
*  x - 0 0 0 0
Z=] * =* *  R-2el 0 BTsT 0 <0, (3.23)
x % * * -R CTsT 0
* % * * * hZz-ST-S 0
* % * * * -hZ
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where
En1=PA+A"P-Ng;PT - NgiI"'P+ \W[W; + Q1 + Q —elU'V —eV'U],
En= -A'"PD+Ng;I"PD, Zu=PB+elU’ +eV', Zi=A"S"-NgI's’,
Sy = AW, W, — Q1 — Nh;;PY - NhijY'P,
E = NhjjY'PD,  Z5=-NhijY'S",  Ey=-hNh;Y'P.

(3.24)

Proof. Firstly, set

y(t) = (In® A+ GeD)x(t) + (HeY)x(t— h) + (I ® B)F(x(t)) + (In ® C)F (x(t - b)),

(3.25)
then, (2.1) can be rewritten as
d[x(t) ~Dx(t - h)] = y(H)dt + o(t)dw(t). (3.26)
From (3.26), we can have
[x(t) ~Dx(t- h)] - [x(t —h) - Dx(t- 2h)] _( y(s)ds + f o (s)dw(s). (3.27)
t—h —h
Consider the following Lyapunov functional for the system (3.26):
_ T _ £
V(xi,t) = [x(t) ~Dx(t- h)] (U e P) [x(t) ~Dx(t- h)] + f x(s)T(U ® Q1)x(s)ds
t 0 t
+ f x(s)" (U ® Q2)x(s)ds + f y(s)" (U ® Z)y(s)ds dO (3.28)
t=2h ~hJt+6
t
+ j F(x(s)) (U ® R)F(x(s))ds, t>h,
t-h
where
N-1 -1 - -1
e O I (329)
-1 -1 -~ N-1

Then, by the It6’s formula, the stochastic differential dV (x;, t) can be obtained

AV (x,t) = LV (x;, t)dt +2 [x(t) ~Dx(t- h)]T(U ® P)o(t)dw(t), (3.30)
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where

LV (x;)t) = 2[x(t) —Dx(t - h)]T(LI & P)y(t) + o(t) (U & P)o(t) + x(H)T (U © Q1)x(t)
—x(t-)TUeQ)x(t-h) +x®)T (U ®Qy)x(t) — x(t - 2h)T (U ® Qo) x(t — 2h)
+ F(x(t))" (U ® R)F(x(t)) — F(x(t - h))" (U ® R)F(x(t — h)) + hy(H)" (U ® Z)y(t)

- f [y W 2yo)ds
. (3.31)

By (3.27), we have

Z[x(t) ~Dx(t - h)]T(u ® P)y(t)
— T
- 2[x(t) —Dx(t - h)] (U P)
x [(In® A+GoTD)x(t) + (In ® B)F(x(t)) + (Iy ® C)F(x(t - h))]

+ 2[x(t) —Dx(t - h)]T(U ® P)(H ®Y)x(t - h)

. T
- Z[x(t) —Dx(t - h)] (U ® P)

x [(In® A+ GeT)x(t) + (In ® B)F(x()) + (In ® C)F(x(t - h))]
¢ T

+ Z[x(t —h) - Ex(t —2h) + y(s)ds + ft o(s)dw(s)] (U P)(H®Y)x(t - h).
~h

t-h

(3.32)
From Corollary 3.2, it follows that
a(z [x(t) ~Dx(t - h)]T(LI ® P)y(t))
— T
=& <2[x(t) —Dx(t - h)] (U ® P)
(3.33)

x [(In® A+GeTD)x(t) + (In ® B)F(x(t)) + (In ® C)F(x(t - h))]

T
+2[x(t—h)—5x(t—2h)+ t y(s)ds] (U®P)(H®Y)x(t—h)>.

t-h
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By (3.25), it is easy to know that for any matrix S, we have
2y (U e S)[(In® A+GeTD)x(t) + (H®Y)x(t - h) + (Iy ® B)F(x(t))

(3.34)
+(In ® C)F (x(t - h)) -y (t)] = 0.

From (3.31)—(3.34) and by the Propositions 2.7 and 2.8, it is easy to get

t

E(LV (x,, 1)) = e( %Lh [Z(x(t) ~Dx(t-h) UeP)
x [(In® A+ GeT)x(t) + (Iy ® B)F(x(t))
+(In ® C)F(x(t - h))] + 2(x(t —h) - Dx(t - 2h) + hy(s))T
x (U ®P)(H ®Y)x(t - h)
+oM)TUeP)o(t) +x®)T (U@ Q1)x(t) - x(t—h)T
x (U @ Qn)x(t—h) +x(t)" (U ® Qa2)x(t)
—x(t=2h)T (U ® Qy)x(t - 2h) + F(x(t)) (U ® R)F(x(t))
— F(x(t—h))" (U ® R)F(x(t - h))
+hy ()" (U e Z)y(t) - hy(s)" (U & Z)y(s) + 2y (U ©S)
x (In® A+GoT)x(t) + (H®Y)x(t — h) + (Ix ® B)F(x(t))

+(In ® C)F(x(t - h)) - y(t))] ds>

- 5(% f:h L;jw(z(xi(t) —x;(t) - D(xi(t - h) = xj(t - b)))"

x (PA = Ng;PT) (x;(t) - xj(t))

+2(xi(t) = xj(t) = D(xi(t = b) = x;(t = h)))"

x PB(f (xi(t)) — f (x;(t)))

+2(xi(t) = xj(t) = D(xi(t = b) = x;(t = h)))"

x PC(f (xi(t = h)) = f(xj(t = h)))

—2(xi(t - h) = x;(t = h) = D(x;(t - 2h) - x;(t - 2h)))
x (Nh;PY) (xi(t — h) - xj(t - h))

T
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— 2h(yi(s) - y;(s)) NhiPY (xi(t — h) — x; (¢ - h)))
+ (0i(t, xi(8), xi(t = ) — 0 (£, %} (1), x (¢ = 1))
x P(o;(t, xi(t), x;(t = h)) — 0j(t, x;(t), xj(t = h)))
+ (xi(t) = x;(5) Qi (xilt) = xj (1) = (it =) — xj(t = h))"
x Q1 (xi(t = h) — x;(t - b))
+ (xit) - x5(8) " Qo (xi(t) - x;(1))
— (xi(t = 2h) — x;(t - 2h)) " Qo (xi(t - 2h) — x;(t - 2h))
+ (i) = f(x ) R(f(xi®)) - £(x;(1)))
— (fxilt =) - f(xj(t=R)))"
x R(f (xi(t = b)) = f (x;(t = h)))
+ (i) = y;() Z(yilH) - y; (1)
~ h(yi(s) = ¥(9)) Z(i(s) - y;(5))
+2(yi(t) - y;(H)" (SA - NgyiST) (xi(t) - x; (1))
= 2(yi(t) - y;(H) " (NhySY) (xilt = b) = x;(t = h))
+2(yi(H) — ;1) SB(f(xi(t) = f (%;(1)))
+2(yilt) = y;(8) " SC(f (xi(t — h)) = f (x;(t ~ h)))

=2(yi(t) - ]/j(t))TS(yi(t) - yj(t))] ds>.

(3.35)

According to Assumptions 2.5 and (3.22), it is clear that
(oi(t,xi(t),xi(t - h)) - O'j(t,x]'(t),x]'(t - h)))TP(oi(t,xi(t),xi(t - h)) - O']' (t, x]'(t),x]'(t - h)))
< A(xi() = x; () "W W (xi() - x;(1)

+ Mt = k) = xj(t = b)) WIW, (xi(t = h) = x;(t - h)).
(3.36)

By Assumption 2.6, we can obtain
0 < 2e(xi(t) = x;(1) U (f(xi(t) = f(x;(8))) +2e(F(xi(1) = £ (x;(8))) "V (xi(t) = x;(1))

—2e(xi(t) - x;(H)) 'UTV (xi() - xj (1)) = 2e(f (xi(t)) = £ (x; (D)) (F(xi(8)) = f (x;(D))).
(3.37)
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Combining (3.35)—(3.37), we have

t
E(LV (x1, 1)) < & 1f D, &iE&ds|, (3.38)
h t=h 1<i<j<N
where
xi(£) - x;(t)

xi(t—h) - x;(t - h)
xi(t - 2h) — x;(t - 2h)

Sij = fxi®) = f(x;(1)) : (3.39)
fxi(t=h)) = f(x;(t = h))
yi(t) - y;(t)
vi(s) - yj(s)

Since Z < 0, it is guaranteed that all the subsystems in (2.1) are globally asymptotically
synchronized in the mean square. The proof is completed. O

Remark 3.7. We note here thatif D = 0in (2.1), then system (2.1) describes a kind of stochastic
delayed complex networks considered in [32]. Our result can be applied to this case, and we
have pointed out that [32] made a mistake when dealing with expectations of stochastic cross
terms in Remark 3.3. If we let A be a diagonal and negative matrix and let D = 0 in (2.1), the
system (2.1) will be an array of coupled neural networks consisting of N nodes, in which
each node is an n-dimensional stochastic delayed Hopfield neural network. As to stochastic
Hopfield neural networks with time delays, [30, 38] have investigated the stability problems,
respectively. Furthermore, if we don’t consider stochastic disturbances and time delays in
stochastic delayed Hopfield neural networks, then this kind of neural networks is the famous
Hopfield neural network.

Remark 3.8. 1If we do not consider the stochastic disturbances in (2.1), then the system will be
a kind of determinate neutral-type delayed complex networks, that have been considered in
the [18-20]. If we let A be a diagonal and negative matrix in this kind of determinate neutral-
type delayed complex networks, each node will be an n-dimensional neutral-type delayed
neural network. For neutral-type neural networks with time delays, [39, 40] have discussed
the stability problems and presented the new and effective stability conditions, respectively.

Remark 3.9. For neutral stochastic delay systems, a very active topic is to obtain the delay-
dependent condition. For example, [28, 29] considered delay-dependent stability problems
for neutral stochastic delay systems. However, these two papers used bounding techniques
including the Jensen inequality to deal with stochastic cross terms contain the It6 integral.
Obviously, bounding techniques will increase the conservatism. In the derivation process
of Theorem 3.6, we don’t use any bounding technique to deal with stochastic cross terms.
Therefore, this method can show less conservatism and can also be extended to solve delay-
dependent stability problems for neutral stochastic delay systems.

Remark 3.10. In Theorem 3.6, we give a delay-dependent synchronization criterion by the
linear matrix inequalities (LMIs), because LMIs can be easily solved by using the Matlab
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LMI toolbox and no tuning of parameters is required. Moreover, we can easily get the
maximum possible upper bound on the delay by the LMI toolbox. The maximum possible

upper bound on the delay is the main criterion for judging the conservatism of a delay-
dependent condition.

4. Numerical Example
In this section, we present a simulation example to illustrate the effectiveness of our approach.

Example 4.1. Consider the following complex network consisting of three identical nodes:
d[xi(t) - Dx;(t - h)]

= [Axi(t) + Bf(x,(t)) + Cf(xi(t - I’l)) + ZB:gl]Fx] (i’) + ihUYx] (t - h)] dt (41)

j=1 j=1

+ O-i(t/ xi(t)rxi(t - h))dw(t)l

forall i = 1,2,3, where x;(t) = [xi (t),xiy_(t)]T € R? is the state vector of the ith subsystem,

and
-3 0 0.6 -0.1 -0.5 -0.1 -06 0
A= ( 0 —3)’ B= (—0.3 0.5 )’ C= < 0.2 —1.5)’ D= < 0 —0.6)’

31 2 21 1
G=(1—21), H=(1-21), r=<8'§ 005>, Y=<O(')5 8‘1),
2 1 -3 1 1 =2 - '

(V015 0 V02 0 x(t)
G(t'x(t)’x(t_h))‘< 0 015 0 J(ﬁ)(x(t—h))'

f(xi(t)) = (fl(xn(t)),fz(xiz(t)))T = (tanh(x; (£)), tanh(x;2(£)))".
(4.2)

Thus, the matrices U, V, W1, W5, in the Assumptions 2.5 and 2.6 are

u=(59) v=(o1) W1=<\/8? \/‘(}3) Wz=<*/8I \/8—4> (43)

According to Theorem 3.6, the allowable maximum delay h, that can guarantee the globally
asymptotic mean-square synchronization of the neutral-type stochastic delayed complex
networks, is 0.33. When we randomly choose the the initial states in [0,1] x [0,1], the
synchronization errors are plotted in Figures 1 and 2, which can confirm that the neutral-
type stochastic delayed complex system is globally synchronized in the mean square.
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— x11(t) = x2(t)
""" x11(t) — x31(t)
Figure 1: State error of x11(t) — x;1(t),i =2,3.

0.4

-1 . . . . .
0 05 1 15 2 25 3 35 4 45 5

Time (s)

R xlz(t) - x22(t)
...... x12(t) — x32(t)

Figure 2: State error of x15(t) — xp(t),i =2,3.

5. Conclusions

This paper has investigated the problem of delay-dependent synchronization criterion for
neutral-type stochastic delayed complex networks. Most important of all, this paper is
concerned with expectations of stochastic cross terms containing the It0 integral. By sto-
chastic analysis techniques, we prove that among these stochastic cross terms, x(tf —
h)'K fttfh u(s, xs)dw(s) is the only one whose expectation is equal to zero. Then, this paper
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has utilized this conclusion to give a delay-dependent synchronization criterion for neutral-
type stochastic delayed complex networks. In the derivation process, the mathematical
development avoids bounding stochastic cross terms. Thus, the method in our paper can lead
to a criterion with less conservatism, and a numerical example is provided to demonstrate the
effectiveness of the proposed approach.
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Cohen-Grossberg neural networks with discontinuous activation functions is considered. Using
the property of M-matrix and a generalized Lyapunov-like approach, the uniqueness is proved
for state solutions and corresponding output solutions, and equilibrium point and corresponding
output equilibrium point of considered neural networks. Meanwhile, global exponential stability
of equilibrium point is obtained. Furthermore, by contraction mapping principle, the uniqueness
and globally exponential stability of limit cycle are given. Finally, an example is given to illustrate
the effectiveness of the obtained results.

1. Introduction

Recently, different types of neural networks with or without time delays have been widely
investigated due to their wide applicability [1-32]. Obviously, considerable research interests
are focused on the studies of Cohen-Grossberg neural networks (CGNNSs) with their various
generalizations due to their potential applications in classification, associative memory, and
parallel computation and their ability to solve optimization problems. This class of neural
networks is proposed by Cohen and Grossberg [1] in 1983, and can be modeled as

du;(t)

—p = () | bi(ui(t) - Swiifi(uwi®)) -L|, i=12,...,n, (1.1)
j=1

where n > 2 is the number of neurons in the network, 1; denotes the state variable associated
with the ith neuron, a; represents an amplification function, and b; is an appropriately
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behaved function. w;; represents the connection strengths between neurons, and if the output
from neuron j excites (resp., inhibits) neuron i, then w;; > 0 (resp., w;; < 0). The activation
function f; shows how neurons respond to each other. CGNNs include a lot of famous
ecological systems and neural networks as special cases such as the Lotka-Volterra system,
the Gilpia-Analg competition system, the Eingen-Schuster system, and the Hopfield neural
networks [1-3], where the Hopfield neural networks can be described as follows:

du;(t)
dr

—=b;(u;(t)) + iwl]f] (u](t)) +1;, i=1,2,...,n (1.2)
j=1

For CGNNs, dynamics behavior have been studied in literature; we refer to [4-10, 27—
29] and the references cited therein. In [4], by using the concept of Lyapunov diagonally
stable (LDS) and linear matrix inequality approach, some criteria were given to ensure
global stability and global exponential stability. Yuan and Cao in [5] considered global
asymptotic stability of delayed Cohen-Grossberg neural networks via nonsmooth analysis.
Robust exponentially stability of delayed Cohen-Grossberg neural networks is discussed in
[10]. In [27], the authors studied the stochastic stability of a class of Cohen-Grossberg neural
networks, in which the interconnections and delays are time varying.

In the above papers, a common feature is that the activation functions are assumed to
be continuous and even Lipschitz continuous. However, in [11], Forti and Nistri pointed out
that neural networks modeled by differential equations with discontinuous right-hand side
are important and do frequently arise in practice. In order to model discrete-time cellular
neural networks, a conceptually analogous model based on hard comparators was used
[12]. The class of neural networks introduced in [13] to deal with linear and nonlinear
programming problems can be considered as another important example. Those networks
make use of constraint neurons with a diode-like input-output activations. Once again,
in order to ensure satisfaction of the constraints, the diodes are required to have a very
high slope in the conducting region; that is, they should approximate the discontinuous
characteristic of an ideal diode [14]. When treating with dynamical systems with high-slope
nonlinear elements, a system of differential equations with discontinuous right-hand side is
often used, rather than the model with high but finite slope [15]. The reason of analyzing the
ideal discontinuous case is that such analysis is able to reveal crucial features of the dynamics,
such as the possibility that trajectories be confined for some time intervals on discontinuity
surfaces. Another interesting phenomenon which is peculiar to discontinuous systems is the
possibility that trajectories converge toward an equilibrium point in finite time [16, 17], which
is of special interest for designing real-time neural optimization solvers.

In [11], Forti and Nistri discussed the global convergence of neural networks with
discontinuous neuron activations by means of the concepts and results of differential
equations with discontinuous right-hand side introduced by Filippov [21]. In [18], they
extended the results in [11] under the assumption that the interconnection matrix is an
M-matrix or H-matrix. In [19], without assuming the boundedness and the continuity of
the neuron activations, the authors presented sufficient conditions for the global stability of
neural networks with time delay based on linear matrix inequality. Also, in [20], they present
some sufficient conditions for the global stability and exponential stability of a class of the
CGNNs by using the LDS, and provided an estimate of the convergence rate. In [24-26], the
authors discussed the stability or multistability of the neural networks with discontinuous
activation functions. However, [11, 24-26] have shown that convergence of the state does
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not imply convergence of the outputs. In addition, in the practical applications, the result of
the neural computation is usually the steady-state neuron output, rather than the asymptotic
value of the state. Hence, in this paper, we will study global convergence of CGNNs with
discontinuous activation functions, where the interconnection matrix is assumed to be an M-
matrix or H-matrix. Firstly, using the property of M-matrix and a generalized Lyapunov-like
approach, we prove the uniqueness of state solutions and corresponding output solutions,
and equilibrium point and corresponding output equilibrium point for the considered neural
networks. Then, global exponential stability of unique equilibrium point is discussed and
exponential convergence rate is estimated. Also, by contraction mapping principle, the
globally exponential stability of limit cycle is given. Finally, we use a numerical example
to illustrate the effectiveness of the theoretical results. The rest of the paper is organized as
follows. In Section 2, model description and preliminaries are presented. The main results
are stated in Section 3. In Section 4, an example is given to show the validity of the obtained
results. Finally, in Section 5, the conclusions are drawn.

Notations. Throughout the paper, the transpose of and inverse of any square matrix A are
expressed as AT and AL, respectively. For a = (al,...,an)T € R", a > 0 denotes a; > 0 for
i=1,2,...,n.Forx,y e R", (x,y) = DI, x;y; denotes the scalar product of x, y.

2. Model Description and Preliminaries

In this paper, we consider the CGNNSs (1.1) with discontinuous right-hand side. The compact
form of model (1.1) is expressed as follows:

% = —Au(®)) [Bu(t) = W f(u(t) - 1], 2.1)

where u(t) = (ul(t),uz(t),...,un(t))T € R"A(u(t)) = diag (a1(u1(t)), ax(ua(t)),...,
an(uy (1)), B = diag (b1,ba, ..., by),W = (Wij) s I = (I, Io,..., I,)" € R", and f(u(t)) =
(F1r (1)), ..., falun ()"

Throughout this paper, we make the following assumptions.

nxmn’

(A1) The function a;(r) is continuous, 0 < &; < a;(r) < g; for all r € R, where &; and a;
are positive constants, i =1,2,...,n.

(A2) The matrix W = (wjj),,.,, is nonsingular, that is, detW #0.

Moreover, f = (fi,..., fu) is supposed to belong to the following class of discontinu-
ous functions.

Definition 2.1 (see [18] (Function Class ¥p)). f(x) € ¥p if and only if fori = 1,2,...,n, the
following conditions hold:
(i) fiis bounded on R;

(ii) f;is piecewise continuous on R; namely, f; is continuous on R except a countable set
of points of discontinuity px;, where there exist finite right and left limits f;(p,;) and
fi(py;), respectively; moreover, f; has finite discontinuous points in any compact
interval of R;

(iii) f; is nondecreasing on R.
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Denote the set of discontinuous points of f;, i =1,2,...,n, by
Si={pu €R: fi(py) > fi(py) }- (2.2)

Sometimes, f = (f1,..., fn) is supposed to belong to the next class of discontinuous
functions, which is included in ¥p.

Definition 2.2 (see [18] (Function Class ¥pr)). f(x) € ¥pr if and only if f(x) € ¥p and for
i =1,2,...,n, f; is locally Lipschitz with Lipschitz constant l;(x;) > 0 for all x; € R\ S;.
Furthermore, we have [;(x;) > L; < +oo forall x; e R\ S;.

For model (1.1) or model (2.1) with discontinuous right-hand side, a solution of
Cauchy problem need to be explained. In this paper, solutions in the sense of Filippov [21]
are considered whose definition will be given next.

p e KIf@)] = (KLfi(), K[f2(2)]),..., K[ fa(un))T, where K[fiu)] = [fi(u}),
i ulf’ .

Definition 2.3. A function u(t),t € [t1,t2], where t; < t; < +oo is a solution (in the sense

of Filippov) of (2.1) in the interval [t, ], with initial condition u(t;) = uy € R”, if u(t) is
absolutely continuous on [t1,t,] and u(t1) = uy, and for almost all (a.a.) t € [t1,t,] we have

% € ~A(u(t)) [Bu(t) - WK[f (u(t)] - 1]. (2.3)

Let u(t),t € [t1,t2], be a solution of model (2.1). For a.a. t € [f1,t,], one can obtain

d”t;it) = —A(u(t)) [Bu(t) - Wy(t) - 1], (2.4)
where
y()) = W (A7 wyin(t) + Bu(t) - 1) € K [f(u(t))] (2.5)

is the output solution of model (2.1) corresponding to u(t). And y(t) is a bounded measurable
function [11], which is uniquely defined by the state solution u(t) for a.a. t € [t;, t2].

Definition 2.4 (equilibrium point). u* € R" is an equilibrium point of model (2.1) if and only
if the following algebraic inclusion is satisfied:

0e A(w)(-Bu* + WK [f (u")] +1). (2.6)
Definition 2.5 (output equilibrium point). Let u* be an equilibrium point of model (1.1);
Y =W (Bu" -1I) e K[f(u")] (2.7)

is the output equilibrium point of model (2.1) corresponding to u*.

In this paper, we also need the following definitions and lemma.
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Definition 2.6 (see [18]). Let Q € R™" be a square matrix. Matrix Q is said to be an M-matrix
if and only if Q;; < 0 for each i # j, and all successive principal minors of Q are positive.

Definition 2.7 (see [18]). Let Q € R™" be a square matrix. Matrix Q is said to be an H-matrix
if and only if the comparison matrix of Q, which is defined by

1Qiil, i=j,

o (2.8
_IQij 7 171:]’ )

[./”(Q)]z] = {

is an M-matrix.

Lemma 2.8 (see [18]). Suppose that Q is an M-matrix. Then, there exists a vector & > 0 such that
QT¢>0.

All results of this paper are under one of the following assumptions:

(a) =W is an M-matrix;

(b) =W is an H-matrix such that W;; < 0.

(a) and (b) can be applied to cooperative neural networks [22] and cooperative-
competitive neural networks, respectively.

From [23], the result that —W is LDS under (a) or (b) can be obtained; hence, all results
in [20] hold. So, for any uy € R”, model (2.1) has a bounded absolutely continuous solution
u(t) for t > 0 which satisfies u(0) = up. Meanwhile, there exists an equilibrium point u* € R"
of model (2.1).

If -W is an M-matrix, then, there exists & = (¢3,.. ., §n)T > 0 such that

(-W)Tg=p>0. (2.9)
If -W is an H-matrix, then, there exists & = (¢, ..., §n)T > 0 such that

[M(-W)1"¢=p>0. (2.10)

Using the positive vector ¢, we define the distance in R" as follows: for any x, y € R”, define

llx=yll, = D&l = il (2.11)
i=1

Definition 2.9. The equilibrium point u* of (2.1) is said to be globally exponentially stable, if
there exist constants a > 0 and M > 0 such that for any solution u(f) of model (2.1), we have

lu(t) = 1'll, < Milluo - ||, exp{-at}. (2.12)
Also, we can consider the CGNNs with periodic input:

dz(tt) = —A(u(b) [Bu(t) - Wf(u(t)) - I1(t)], (2.13)

where I(t) = (Li(£), L(#), ..., L,(H)" is periodic input vectors with period w.
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Definition 2.10. A periodic orbit u*(t) of Cohen-Grossberg networks is said to be globally
exponentially stable, if there exist constants « > 0 and M > 0 such that such that for any
solution u(t) of model (2.13), we have

llu(t) —u(t)]| < M|uo - u5|, exp{-at}. (2.14)

3. Main Results

In this section, we shall establish some sufficient conditions to ensure the uniqueness of
solutions, equilibrium point, output equilibrium point, and limit cycle as well as the global
exponential stability of the state solutions.

Because Filippov solution includes set-valued function, in the general case, for a given
initial condition, a discontinuous differential equation has multiple solutions starting at it
[16]. Next, it will be shown that the uniqueness of solutions of model (2.1) can be obtained
under the assumptions (A1) and (A2).

Theorem 3.1. Under the assumptions (A1) and (A2), if f € ¥p and —W is an M-matrix or =W is
an H-matrix such that Wy; < 0, then, for any ug there is a unique solution u(t) of model (2.1) with
initial condition u(0) = uo, which is defined and bounded for all t > 0. Meanwhile, the corresponding
output solution y(t) of model (2.1) is uniquely defined and bounded for a.a. t > 0.

Proof. We only need to prove the uniqueness. Let u(t) and #(t),t > 0 are two solutions of
model (2.1) with the initial condition u#(0) = #(0) = u.

Define
J‘ o ds
a ai(s)

Computing the time derivative of V along the solutions of (2.1) gives

Vu-i) =D . (3.1)
i=1

dV(Zt— u) _ Zéi sgn(u;(t) — u;(t)) <—b,-(u,-(t) — (1) + Zwii(Yi(t) - ?j(t))> , (3.2)
i=1 =i

where

1, s>0,
sgn(s) =40, s=0, (3.3)
-1, s<0.

From f € ¥p and y;(t) € K[f;(u;(t))], ¥;(t) € K[f;(#;(t))], one can have

sgn(u;(t) — ;1)) (y; (1) = 1, (1) = |y;(t) = (B (3.4)
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Hence

VD) S et - O] + S gawlyi @) 70
i=1 i=1
+ S asgnu(t) — i) S wy () -T50)
i=1 j=lj#i
< = > dbilui(t) — ()] - > dilwil i) - Fi ()]
i=1 i=1

n

- Zgibilui(t) —u;(t)| - Zéi [lwiil|yi(t) = %i(t)|
i=1 i=1 (35)

+ 2 gDl =101

it

- Zléibilui(f) - (1) - D &>, A TOREAG]

=1 j=1

= D dibilui(t) — ()] = (¢, M-W)o())

i=1

= bt - (0] - (W) E 00

i=1

= Dldibilui(t) - ()| - (B, v(t)) <0,
i=1

where v(t) = (In() =B, .-, lya(t) - ]Nrn(t)|)T. Integrating (3.1) between 0 and ¢y > 0, we
have

V(u(to) - u(to)) < V(u(0) - (0)) = V(uo —uo) = 0, (3.6)

and hence, u(ty) = ii(to) for any tp > 0; that is, the solution of model (2.1) with initial condition
u(0) = up is unique.

From (2.5), the output solution y(t) corresponding to u(f) is uniquely defined and
bounded for a.a. t > 0. The proof of Theorem 3.1 is completed. O
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Remark 3.2. Under the assumptions (A1) and (A2), if f € ¥p and —W is an M-matrix or -W
is an H-matrix such that Wj; <0, then, for any I € R”, model (2.1) has a unique equilibrium
point and a unique corresponding output equilibrium point. Because from the assumptions,
we have —W is LDS, hence, from Theorem 6 in [20], model (2.1) has a unique equilibrium
point. By Definition 2.5, it is easily obtained that corresponding output equilibrium point is
unique.

Next, global exponential stability of the equilibrium point of model (2.1) and the
uniqueness and global exponential stability of limit cycle of model (2.13) are addressed. The
results are given in following theorems.

Theorem 3.3. Under the assumptions (A1) and (A2), if f € ¥p and =W is an M-matrix or -W
is an H-matrix such that Wj; < 0, then, for any I € R", model (2.1) has a unique equilibrium point
which is globally exponentially stable.

Proof. Let u(t), t > 0, be the solution of model (2.1) such that #(0) = uy, and for a.a. t > 0,
let y(t) be the corresponding output solution. For equilibrium point u*, y* is corresponding
output equilibrium point.

Since b; > 0, we can choose a small € > 0 such that

£
bi= 5> 0. (3.7)

Define
_ n ui(t) ds
_ %) — et . e
V(u(t) u)ezggL?aw). (3.8)
Computing the time derivative of V along the solutions of (2.1), it follows that
AV (u(t) - u*) " € . -
T <ot (b 5 )ty - i - (50 | <0, (3.9)
where B(t) = (Iy1(t) = i~ Iya () = y2D)".
Hence,
~ ~ 1
V() - 1) < Vo ) < lluo -l (3.10)
where & = min{dy, dp, ..., d,}.
On the other hand,
X7 * et 1 *
V(u(t) -u') 2 e = |lult) —ull, (3.11)

where a = max{ay, a,...,a,}-
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So, the following inequality holds:

1| Q)

llae(t) = ully < < lluo — u*lle™, (3.12)

that is, u* is globally exponentially stable. O

Remark 3.4. Since b; — €/ a; > 0, the exponential convergence rate € can be estimated by means
of the maximal allowable value by virtue of inequality € < a;b;, i =1,2,...,n. From this, one
can see that amplification functions have key effect on the convergence rate of the stability
for the considered model.

Next, the uniqueness and the exponentially stability of limit cycle for model (2.13) is
given.

Theorem 3.5. Under the assumptions (A1) and (A2), if f € ¥p and =W is an M-matrix or =W is
an H-matrix such that Wy < 0, then model (2.13) has a unique globally exponentially stable limit
cycle.

Proof. Let u(t), ui(t) are two solutions of model (2.13), such that u(0) = uy, 1(0) = o respecti-
vely.

Define
Vo -y - 3| [ 613
V(u(t) —u(t)) =e i f . 3.13
( g‘ a() ()
Similar to the proof of Theorem 3.3, the following inequality holds:
~ a U
e(t) = #(E)l; < < lluo — Thollge™, (3.14)

Define u® (0) = u(t + 0). Define a mapping L : R" — R" by L(u) = u(()w), then LK (ug) = u(()kw).
We can choose a positive integer k, such that for a positive constant p < 1,

gexp{—gkw} <p<l (3.15)
And, from (3.14), we have

| ¥ ) L) |, < Zliuo — ol exp (e (keo) ) < pllus ~ ol (3.16)

By contraction mapping principle, there exists a unique fixed point 1 such that L* (1) = u}).
In addition, Lk(L(ua)) = L(Lk (ug)) = L(ug); that is, L(ug) is also a fixed point of Lk. By the
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uniqueness of the fixed point of the mapping L¥, L(u) = u?; that is, 1}’ = u). Let u*(t) be a
state of model (1.1) with initial condition u; we obtain for alli € {1,2,...,n},

du’(t n
uét( ) — —ai(u?(t)) M?(t) - j;wijf]- <u;‘(t)> — Ii(t)] . (3.17)

Then, foralli € {1,2,...,n},

du’ (t + w) . . 1 .
— = a;i(u; (t+w)) | u; (t + w) — lei]-f]- (u]. (t+ w)> - Li(t+w)
=
] (3.18)
= —ai(uf(t+ w) |u;(t+ w) = Yy fi (u;(t+ w)) - L-(t)] ,
| j=1
Thatis, u*(t+w)” is also a state of the model (2.13) with initial condition ug(w) ; here, u;(“’) = uy;
hence, for all £ > 0, from Theorem 3.1,
u*(t+ w) = u*(t). (3.19)

Hence, u*(t) is an isolated periodic orbit of model (2.13) with period w, that is, a limit cycle
of model (2.13). From (3.14), we can obtain that it is globally exponentially stable. The proof
of Theorem 3.5 is completed. O

Remark 3.6. Similar to those that are given in [18], global convergence of the output solutions
in finite time also can be discussed, which can be embodied in the following example, and
the detailed results are omitted.

4. Illustrative Example
In this section, we shall give an example to illustrate the effectiveness of our results.

Example 4.1. Consider the following CGNN model:

du(;t(t) = (2+0.4cos(uy(t))) [—u1(t) —4sgn(ui(t)) —2sgn(ux(t)) + I (t)] ,
(4.1)
% = (2+ 0.4 cos(ua (b)) [-ua(t) + 3sgn(ui(t)) — 2sgn(uz(t)) + L(1)],
where
1, s> 0,
sgn(s) = 4 undefined, s=0, (4.2)

-1, s <0.
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Figure 1: Transient behavior of (u1, u2) and (y1,y2) for I = (0, 0", up = (6,-6)".

Obviously, -W is an H-matrix with w;; < 0 and

(4.3)

[1a
|

=~ U1 =
=
Il

e N

Also, the subsets I1¢, I[T”, and TT°P in this example are the same as those in example 1 in [18]
which are depicted in detail in Figure 3 in [18].

Firstly, we choose I = (O,O)T € P, uy = (6, —6)T. The equilibrium point u* of
model (4.1) is (0,0)", and the corresponding output equilibrium point y* = (0,0)". Global
convergence of u(t) and y(t) in finite time can be obtained. Figure 1 de]loicts the behavior of
state solution u(t) and output solution y(t) with I = 0,007, uy = (6,-6)".

Secondly, we choose I = (4, -6)T € TIS, uy = (=6,6)". Model (4.1) has a unique
equilibrium point #* = (2,-1)" and a unique output equilibrium point y* = (1,-1)". Behavior
of state solution and output solution is depicted in Figure 2.
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Figure 2: Transient behavior of (u1,u2) and (y1,y2) for I = (0, O)T, ug = (6, —6)T.

Then, we choose I = (0,5)" € TTI°P, uy = (4,-2)". u* = (0,1.5)" and Y = (-0.5,1)"
are equilibrium point and output equilibrium point of model (4.1), respectively. Simulation
results with I = (0,5)T, uy = (4,-2)7 about global convergence in finite time of the state
solution u(t) and corresponding output solution y(t) are depicted in Figure 3.

5. Conclusions

In this paper, by using the property of M-matrix and a generalized Lyapunov-like approach,
global convergence of CGNNs possessing discontinuous activation functions is investigated
under the condition that neuron interconnection matrix belongs to the class of M-matrices
or H-matrices. The uniqueness is proved for equilibrium point and corresponding output
equilibrium point of considered neural networks. It is also proved that for considered model,
the solution starting at a given initial condition is unique. Meanwhile, global exponential
stability of equilibrium point is obtained for any input. Furthermore, by contraction
mapping principle, the uniqueness and the globally exponential stability of limit cycle are
given.
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Figure 3: Transient behavior of (u1, uy) and (yy, y2) for I = (0, O)T, up = (6, —6)T.
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The stability analysis of global asymptotic stability of neural networks of neutral type with
both discrete interval delays and general activation functions is discussed. New delay-dependent
conditions are obtained by using more general Lyapunov-Krasovskii functionals. Meanwhile,
these conditions are expressed in terms of a linear matrix inequality (LMI) and can be verified
using the MATLAB LMI toolbox. Numerical examples are used to illustrate the effectiveness of the
proposed approach.

1. Introduction

During the past decades, artificial neural networks have received considerable attention
due to their applicability in solving signal processing, pattern recognition, associative
memories, parallel computation, image processing, and optimization problems [1-6].
Research problems on dynamic behavior such as Chaos control, Hopf bifurcation analysis,
and Stability analysis have arisen in such applications and received attention in recent years.
In addition, time delays occur frequently in neural networks model [7, 8], which reduce the
rate of transmission, as well as cause instability and poor performance of neural networks.
Thus, the study of stability of neural networks with time delays is practically required for
an engineering system. In recent years, various methods have been proposed to deal with
the problem of global stability analysis for neural networks with time delays [9-13]. For
example, Singh, 2007 [12], proposed an LMI method for delayed neural networks. Liu et al.
2008 [13] developed a delayed bidirectional associative memory neural network based on
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Young’s inequality and Holder’s inequality techniques, and several new sufficient criteria
are obtained by using a new Lyapunov functional and an-matrix.

In practice, in order to describe the dynamics of some complicated neural networks
more precisely, the information about derivatives of the past state has been introduced in
the state equations of a considered neural network model [14-16]. This new type of neural
networks is often called neural networks of neutral type [17]. In particular, the problem of
establishing stability for neural networks of neutral type with discrete time-varying delays
has received research attention recently [18-20]. But, unbounded distributed delays were
not taken into account in Park et al., 2008 [18]; Park and Kwon, 2009 [19]; Park and Kwon,
2009 [20]. In a real neural system, the presence of distributed delay affects the system
stability. More recently, some important results have been obtained on the stability analysis
issue for neural networks of neutral type with discrete and unbounded distributed [21, 22].
Nevertheless, in their works, the activation functions of neural networks of neutral type
with discrete and unbounded distributed delays have to be Lipschitz continuous to avoid
computational complexity. However, in a real system, the activation functions are neither
bounded nor monotonous; the functions are also discontinuous and nondifferentiable.
Despite important progress made in studies on stability of neutral-type neural networks with
discrete delays, due to the lack of the generality of the proposed neural networks model, how
to solve the global stability of the proposed model is a challenging and critical issue.

The objective of this paper is to further reduce the conservatism of the stability
conditions for neural networks of neutral type with mixed delays (discrete interval
delays and unbounded distributed delays) and general activation functions. Based on the
Lyapunov-Krasovskii stability theory and the LMI technique, a new sufficient condition is
proposed in terms of an LMI. Finally, a numerical example is presented to illustrate the
validity of the proposed approach. The rest of this paper is organized as follows. In Section 2,
the problem formulation is stated and two assumptions are presented. The proof of the main
result of stability analysis is given in Section 3. In Section 4, two numerical examples are
provided to demonstrate the effectiveness of the proposed method. The paper is concluded
in Section 5.

Throughout this paper, for real symmetric matrices X and Y, the notation X > Y (resp.,
X >Y) means that X - Y is positive semidefinite (respectively, positive definite); R" and R™*"
denote the n-dimensional Euclidean space and the set of all n x n real matrices, respectively.
The superscripts “T” and “~1” stand for matrix transposition and matrix inverse, respectively.
The shorthand diag{Xj, ..., X,} denotes a block diagonal matrix with diagonal blocks being
the matrices Xj, ..., X,. The symmetric terms in a symmetric matrix are denoted by (*). I is
the identity matrix with appropriate dimensions.

2. Problem Description

Consider the following neural networks of neutral-type model:
n _ n n t
yi(t) = —ayi(t) + Zwiilf,' (y(t)) + Zwii2§j(yi(t -7(t)) + Zaij_[ ki(t-s)vj(y;(s))ds
j=1 j=1 j=1 -0

+ byt -h®) + 1, i=1,...,n,
j=1

(2.1)
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where y;(t) is the state of the ith neuron at timet, ¢; > 0 denotes the passive decay rate, wjj1,
wijp, aij, and b;; are the interconnection matrices representing the weight coefficients of the
neurons, 7].(-), §j(-), and v;(-) are activation functions, and I; is an external constant input.
The delay k; is a real valued continuous nonnegative function defined on [0, +oo], which is
assumed to satisfy f(;x’ ki(s)ds=1, j=1,...,n.

For system (2.1), the following assumptions are given.

Assumption 2.1. Fori € {1,2,...,n}, the neuron activation functions in (2.1) satisfy

F i fi) g

o x <, i=12,...,n, x1,x €R", x1#x,

1= X2

~  &i(x) - gi(x2) .

I; < ST 7 8iTa) o F,i=1,2,...,m, x1,0 €RY, x1£x, (22)
X1 — X2

- [ X1 -7 X2 -+ .
li SMSL/ 121/2/-"/"/ xl/xzemnl x171:x2/
X1 — X2

~ ~ o~ o~ - -+
- 1+ 7= 1+
where [T, I, I7, [T, I; ,and I; are some constants.

Assumption 2.2. The time-varying delays 7(¢) and h(t) satisfy

0<m<tit)<m, TMt)<1i<1l, O<h(t)<h,  h(t)<hi<l, (2.3)

where 11, T, T4, h, and h, are constants.

Assume y* = [y}, V5, ... ,y:]" is an equilibrium point of (2.1). Through x; = v; — vi,
system (2.1) can be transformed into the following system:

X(t) = —Cx(t) + Wi f(x(t)) + Wag(x(t—T(t))) + A ft K(t - 8)v(x(s))ds + Bx(t - h(t)),
(2.4)

where x(t) = [x1(t),...,x,()]" € R" is the neural state vector, flx®) =
[fi(x1(t)),..., fn(xn(t))]T € R" is the neuron activation function vector with f(0) = 0,
g(x(t)) = [gi(x1(t)),.. .,gn(xn(t))]T € R" is the neuron activation function vector with
g(0) =0, v(x(t)) = [v1(x1(t)), ..., Vn (xn(t))]T € R" is the neuron activation function vector
with v(0) = 0. C = diag{c,..., ¢y} > 0, and W; € R™", W, € R, A € R™", and B € R™"
are the connection weight matrices.
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Note that since functions 71.(-), g,(+), and v;(-) satisfy Assumption 2.1, f;(-), gi(-), and
v;(+) also satisfy

l~i, < fi(x1) = fi(x2) =~

<IF, i=1,2,...,m, x1,% €R", x1#%x,
X1 — X2
-~ i(X1) — &il(X2 2 .
li < % Slr/ 1= 1,2,...,7’1, xl/xZERnl x17£x2/ (25)
1= A2

7T < v;i(x1) — vi(x2)

. n
I i, 1=1,2,...,mn, x1,x0 €R", x1#x2,
X1 — X2

i =

~ o~~~ = -+
where I, I, I, I, I; ,and [; are some constants.

3. Stability Analysis
In order to obtain the main results of stability analysis, the following lemma is introduced.

Lemma 3.1. For any constant matrix M > 0, any scalars a and b such that a < b, and a vector
function x(t) : [a,b] — R" such that the integrals concerned are well defined, the following holds:

b T b b
[I x(s)ds] M[f x(s)ds] < (b—a)j xT(s)Mx(s)ds. (3.1)

a a

To simplify the proofs, the following notations are adopted:

Then, the following theorem is proposed.
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Theorem 3.2. Under Assumptions 2.1 and 2.2, the origin of system (2.4) is globally asymptotically
stable, if there exist matrices P >0, Q; = Q] >0,i=1,2,3,4, R, = R].T >0,j=1,23S8=5">0,
diagonal matrices Z >0,T; >0, j=1,2,...,6, and E > 0, such that the following LMI holds:

[(©1;, 0 ©13 01405 0 0 0 ©9 0 O111 Ouin]
* @2[2 0 0 0 0 0 @2,8 @2[9 @2[10 0 0
* x O33 0 0 0 0 0 ©39 0 Oz11 Oz12
* * * @4,4 0 0 0 0 0 0 0 0
* * * * Os5 0 0 0 0 0 0 0
* * * * * O gy O 0 0 0 0
0= . . . . . « O 0 0 0 0 0 <0, (3.3)
* * * * * * * Ogg 0 0 0 0
* * * % x x * x Ogg 0 Og131 Og1n
* * * * * * * * * @10’10 0 0
* * * * * * * * * * O1111 G112
| * * * * * * * * * * * O12,12]
where

©11=-PC-C"P"+ Qi1 +Ro+ Ry — LTy - T{ L] - LsTs - T; L} — LsTs - TZ LY + CTAC,
©13=PW; -CTZT + L,T; —-CAW;,  ©14=LT5, O5= LT,
©19=PW,-CAW,, ©111=PA-CAA, Oy, =PB-CAB,
O =-(1-70)Q1 - LiTo - T, LT = L3Ty - T L} - LsTs - T{ LE,
Oa5 = LrT3, Oa9 = L4Ty, ©2,10 = LT,
O35 =ZW1 + W] ZT + Qo - Ty - T] + W AW,
Os0=W[AW, + ZW,,  ©311=ZA+W]AA,  ©s1=ZB+W[AB,
Ou=Q3-T3-T§, Os5=Qu+E-T5-TZ,

Qg6 =-Ro— (12 -71)"'S, Os7 = (12— m1)"'S, ©77=-Rs—(n-m)"'S,
Oss=-(1-7)Q-T-T,, Qg9 = -Ty =T} = (1 -74)Q3 + W, AW,
911 = W, AA, O9,12 = W, AB, O1010 = -Ts — T} = (1 - 74)Q4,
Onun =-E+ATAA,
©u1=ATAB, Opun=-(1-hy))Ri+B"AB, A=Ri+(1-1)S.

(3.4)

Proof. Construct a Lyapunov-Krasovskili functional for system (2.4) as follows:

5
V(b)) = SVilx(t), 1), (3.5)
i=1
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where

Vi(x(t),t) = xT () Px(t) + ZZn:zi in fi(s)ds,
i=1 0

t

Va0 = | ¥ Qs + [ TN (x(9)) + 8T (x(9) Qg ()
+ 07 (x())Quv(x(s))| ds,
t t t
Vi(x(t),t) = J T (s)Ryx(s)ds + J‘ xT (s)Ryx(s)ds + f xT(s)Rsx(s)ds,
t-h(t) e -1y
n o pt -11 pt
Vi(x(t),t) = Dle; f f k;j(0)v? (x(s))dsda, Vs(x(t),t) = xT(s)Sx(s)dsde.
j=1 0 t-o -1 J t+0
(3.6)
The time derivative of V(x(t),t) along the trajectory of system (2.4) is calculated

. 5 .
V(x(t),t) = D Vi(x(t), 1), (3.7)

i=1

where

Vi(x(t),t) = 2JCT(if)I’[ — Cx(t) + Wi f(x(t)) + Wag(x(t - 7(t)))
t
+AJ‘ K(t-s)v(x(s))ds + Bx(t - h(t))]
+2fT(x(t)Z [ = Cx(t) + Wi f(x(t)) + Wag(x(t - 7(t)))

+A It K(t-s)v(x(s))ds + Bx(t - h(t))],

Va(x(t), 1) = xT (HQix(t) = (1= #(0)x" (t = (1) Qix(t - 7(1))
+ fT () Qaf (x(1) = (1= (1)) fT (x(t = 7(1)))
x Qo f (x(t=7(1))) + g7 (x(1)Qsg (x(1))
— (1=t(t)g" (x(t = 7(£)))Qsg (x(t — 7(1)))
+07 (x(1)Quo(x(t) — (1 - (1) 0" (x(t — () Quov(x(t - 7(t)))
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< 2T (HQux(t) = (1= Ta)x” (t = T(H)Qux(t -~ 7(t))
+ fT (1) Qaf (x(8) = (1= 7a) fT (x(t ~ T(1)))
x Qo f (x(t=7(1))) + g7 (x(1)Qag (x(1))
—(1-7a)g" (x(t = 7()Qsg (x(t - 7(1)))
+ 0" (x(1) Qo (x(t)) — (1 - 7a)v" (x(t = 7(1)) Quo(x(t ~ 7(1))),
Va(x(t),t) = " () Rix(t) — (1 - h(t))x" (t — h(t)) Rix(t - h(t))
+xT () Rox(t) — x" (t — T1) Rox(t — 1)
+x () Rax(t) — x" (t = 7) Rax(t — 1)
< & (R (t) — (1 — ha)xT (t = h(t)) Ryx(t - h(t))
+xT () Rox(t) — x (t = 71) Rox (£ — 71)

+xT () Rsx(t) — xT (t = 7)) Rax(t — ),

Vi(x(t),t) = Ze,-f ki (6)v7 (x;(£))d6 - > e I k;(6)v7 (x;(t - 6))d6
j=1 0 j=1 0

= ol (x(t))Ev(x(t)) - Ze,f k]-(6)d6I k,-(&)v]?(xj(t - 6))dé
j=1 0 0

2

<ol (x(t))Ev(x(t)) - Ze]- (J‘Oo kj(6)v(x;(t - 6))016) ,
=1 o

Vs(x(t),t) = (1o — 1) %7 (£) Sx(t) - rﬁ xT(s)Sx(s)ds.

t—Tz
(3.8)
By Lemma 3.1, the following inequalities are true:

2

_ gej <J‘: ki(6)v(x;j(t - 6))d5>

t T t
<- (I K(t- s)v(x(s))ds> E <f K(t- s)v(x(s))ds),

t—T1

~ J’Hl 1T (s)Sx(s)ds = —(1 —11) (12 — T1) J‘ x"(s)Sx(s)ds

t—Tz t—Tz
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t—T1 T —T]
<—(m-m)" [I x(s)ds] S[It x(s)ds]
t-7, t=1,

< —(m—) " [x(t = m) - x(t = )] S[x(t - ) - x(E - )]

(3.9)
From (2.5), the following inequalities can be satisfied
[£iGxi) - T [fiam) -] <o,
[fiteit = 7(0) = Txitt = w0 | [fulm(t 7)) - Trxi(t - 79)] <0,
[si(xi (1) = T 0)] [ i (1) - Trxi0)] <0,
(3.10)

[i(xi(t = T(0) = T xi(t = ()] [ Geatt - 7(1))) - st - 7)) <0,
[oixi0) =1 x:(0)] [oatxi0) - I xiv)] <0,
[oitaitt = m(1)) =1y xi(t = ()] [or sl - 7)) - 1 xi(t - 7)) ] < 0.

Then, for any T; = diag{tjl, tin,..., tj,,} >0, j=1,2,...,6,it follows that

0< =23t fitx(®) - Exi(H| [ fitx(®) - xi(t)]
i=1
=23 [ filitt = T(0)) - [xi(t - 7(1)]
i=1

< [fiaitt (1) - Tt - (1)
= = 2fT(x(t))Tof (x(t)) + 2xT (£) Loy f (x(t))
= 2x" () LaTyx(t) = 2f T (x(t — (1)) To f (x(t - (1))

+2xT (t = T(t)) LaTa f (x(t — T(£))) — 2xT (t — T(t)) L Tax (t — 7(1)),
0< -2 ta[gi(xi(®) - I x| [gi(xit) i)
i=1
-2 [ gi (it = T(1) - Tt~ (1)
i=1

x gt =) ~ Tt - 7(1)|
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= —2¢T (x(1)T3g(x(t)) + 2xT (t)LaT5g(x(t))
= 2xT () LaTsx(f) = 28" (x(t = 7(1))) Tag (x(t = (1))

+2x" (t = 7(t)) LaTug (x(t = 7(t))) — 2x" (t = T(t)) LaTux(t — 7(t)),
(3.11)

0< - 2it5i [vi(xi(t)) - ziixi(t)] [vi(xi(t)) - zi+'x'-l'(t)]
i=1

23 talorat - 7)) -1 it - 7(0)]
i=1

x ot = (1)) =1y xi(t = (1) (12)
= =20 (x(t)) Tso(x(t)) + 2x" (t) LeTsv(x(t))
- 2xT(t)L5T5x(t) - ZUT(x(t —7(t))Tev(x(t —T(t)))

+2xT (t = 7(t)) LeTev (x(t — T(t))) = 2xT (t — 7(t)) LsTox (t — T(1)).
Then, combining (3.7)—(3.12), it follows that

V(x(t),t) <& (HOEt), (3.13)
where © is given in (3.3) and

& (t)
xT(t), xT (¢ =7(t)), fT(x(t), " (x(t), " (x(t)), xT (t - T1), xT(f—Tz) fH(x(t=7(1)),
g (x(t - (1)), 0" (x(t - T(1))), <J‘ K(t—S)v(X(S))dS> ,&T(t = h(t))
(3.14)

It is easy to see that V (x(t),t) < 0if © < 0 for any ¢(t) #0. Thus if the LMI given in (3.3) holds,
the system (2.4) is globally asymptotically stable; the proof is completed. O

Remark 3.3. To the best of the authors” knowledge, the problem of global stability for the
neural networks of neutral type with both mixed delays (discrete interval and unbounded
distributed delays) and general activation functions has not been investigated in the existing
literature.

Remark 3.4. In this paper, it is assumed that the resulting activation functions are non-
monotonic and more general than the usual Lipschitz functions. Thus, the advantage of the
proposed work lies in the less conservative assumptions of activation functions.
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Remark 3.5. It should be noted that when f(x(t)) = g(x(t)) = v(x(t)), the system (2.4) is
described as

#(1) = ~Cx(t) + Wi f (x(t) + Waf (x(t - 7(1))) + A f K(t - 5)f (x(s))ds + Bx(t - h(t)),
(3.15)

which has been intensively investigated in the literatures [21, 22]. Since the discrete delay
are time varying and various in an interval, our work extends and improves the results of
[21, 22].

Then the following corollary can be proved directly.

Corollary 3.6. Under Assumptions 2.1 and 2.2, the origin of system (3.15) is globally asymptotically
stable, if there exist matrices P > 0, Q; = Ql.T >0,i=12R; = R]T >0,j=123S5= ST >,
diagonal matrices > 0, T; >0, j = 1,2, and E > 0, such that the following LMI holds:

[0, 0 ©,; 0 0 §1,6 O17 O]
* @2,2 0 0 0 @2,6 0 0
* * 63,3 0 0 63,6 @3/7 63,8

o= |* * * ©uBs 0 0 0 <0, (3.16)

* * * * O55 0 0 0
x * % % % O Op7 Ogs
* * * * * * 67,7 67,8

| * * * * * * * 68,8_

where

©11=-PC-CT'PT + Qi + Ry + Rs - 2LT; + CTAC,
©13=PW; -CT'Z" + L,T) - CTAW,,
O16=PW, —-CTAW,,  ©1;,=PA-CTAA,
©18=PB-CT'AB,  ©y=-(1-14)Q; -2LT>,
O =LTo,  ©33=E+Qy+ZW;+ W] Z' - 2T + W AW,
O35 = ZWa + WIAW,,
O37;=ZA+WIAB,  ©35=ZB+WJAA,

Ous=-R - (m-1)"'S, O45=(m-1)"'S,
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O55=-Rs—(12—-11)"'S,
O = —(1-74)Q —2To + WIAW,,  ©g7 = WIAB,
Oss =WIAA,  ©7;,=-E+ATAA,
©78=ATAB,  ©gg=—(1-hg)R; + B'AB,

A= Ry + (Tz - T1)S.
(3.17)

Proof. The proof is similar to that of Theorem 3.2. O

4. Numerical Examples

Example 4.1. Consider the following three-neuron delayed neural networks of neutral type as
(2.4), where

80 0 1.2 -04 -03
C=108 0], W;=1-0.12 -0.81 -0.11,
00 10 02 09 -03
1.7 01 -0.5 [ 0.7 0.6 -08
W,=1025 1.2 0.1 |, A=1-01 01 11|,
-0.1 0.65 1.2 0.11 0.63 0.7
04 0 07
B=]10 04 0],

0 0 04]

(4.1)

T(t) = h(t) = 0.3 + 0.3sin?(t).

Then, lety =03, 7, =0.6, 74 =03, hy =0.3, Ly =0.091, L, = I, L3 = 0.161, Ls = I, L5 = 0.211,
and L¢ = I. Using MATLAB LMI Control toolbox, by Theorem 3.2, we can find that the system
(2.4) is globally asymptotically stable and the solutions of LMI (3.3) are as follows:

53585 749441 -13.7212 7.5228 123.3913 -11.8320

41.9798 5.3585 1.4026 85.9041 7.5228 -3.9355
P= , Q1= ,
1.4026 -13.7212 60.0629 -3.9355 -11.8320 93.7664

3.9335 60.8900 -3.6718 2.7949 46.4749 1.3294

319192 3.9335 7.9742 49.3721 2.7949 -4.1159
QZ = ’ Q3 = ’
79742 -3.6718 69.4215 -4.1159 1.3294 45.9695
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28.1041 1.0821 0.1583 4.2784 0.8939 0.1355 ]
, R; = ]0.8939 9.1183 -2.1952

~

Qs =] 1.0821 30.9955 0.1964
0.1583 0.1964 31.1201 0.1355 -2.1952 6.2238 ]

[55.2806 3.7360 0.1040 55.2806 3.7360 0.1040
, R; = 137360 62.7629 1.6388

~

R, = | 37360 62.7629 1.6388
| 0.1040 1.6388 64.7637 0.1040 1.6388 64.7637]

[3.6864 0.0321 0.6263
S=10.0321 6.5233 -0.9199

, Z = diag{8.8438 8.8438 8.8438},
[0.6263 —0.9199 5.3944

Ti = diag{83.9664 83.9664 83.9664}, T, = {29.3656 29.3656 29.3656},

Ts = diag{54.5299 54.5299 54.5299}, T, = {40.0839 40.0839 40.0839},

Ts = diag{76.6716 76.6716 76.6716}, Ts = {31.5403 30.5403 30.5403},

E = diag{56.8538 56.8538 56.8538).
(4.2)

Example 4.2. Consider the following two-neuron delayed neural networks of neutral type as

[21], where

30 00 06 -0.12 02 -0.1 02 0
c= [0 3]’ Wi= [0 0]’ Wa= [—0.6 0.3 ] A= [—0.2 0.1]' B= [0 0.2]'

T(t) =T, h(t) = h.
(4.3)

Then,lety =0, =1, 74 =0, hy =0,L; =0, and L, = I. Using MATLAB LMI Control
toolbox, by Corollary 3.6, we can find that the system (3.15) is globally asymptotically stable

and the solutions of LMI (3.16) are as follows:

103.6896 -2.7859 ]

201.6082 26.2458 0 -
’ 1= 1-2.7859 103.2839

P= [26.2458 198.3666

59.2873 12.1295]

93.8975 —2.3887 R -
’ 17 12,1295 57.5817

Q2= [—2.3887 80.3975

R, [91.0821 -4.2548 R, [91.0821 -4.2548
27 |-4.2548 91.4235|’ 37 |-4.2548 91.4235|’ (4.4)

31.0944 7.5926 .
S= [7.5926 30'4795], Z = diag{49.1190 49.1190},

T, = diag{174.5230 147.5230}, T, = {53.5516 53.5516},

E = diag{98.5255 98.5255}.
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If 7, = 2, the conditions in Rakkiyappan and Balasubramaniam, 2008 [21], cannot be satisfied,
but by Corollary 3.6 in this paper, one can find that system (3.15) is globally asymptotically
stable. Therefore, the proposed result is less conservative than that in Rakkiyappan and
Balasubramaniam, 2008 [21].

5. Conclusions

The problem of stability for neural networks of neutral type with discrete interval delays
and general activation functions is investigated in this paper. An integrated approach
based on a Lyapunov-Krasovskii functional and linear matrix inequality is proposed. In
the proposed approach, a corresponding Lyapunov-Krasovskii functional is constructed for
neural networks of neutral-type model. Then, by using inequality analysis technique, a
reasonably general sufficient condition is obtained in terms of LMI, which can be tested
easily using the MATLB LMI toolbox. Moreover, the proposed stability conditions extend
and improve the exiting results. Two numerical examples show that the proposed stability
result is effective, which can be used to guide engineering design.

In many real world systems, stochastic perturbations often affect the stability of neural
networks. Therefore, considering the presence of stochastic perturbations is critical to the
stability analysis of networks systems, and some recent progress has been made. In this
paper, the proposed neural network of natural type with discrete model was studied by an
integrated approach. For future researches, more theoretical analysis should be performed on
stochastic neural networks of natural type with mixed delays.
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The purpose of this paper is to investigate the delay-dependent stability analysis for discrete-time
neural networks with interval time-varying delays. Based on Lyapunov method, improved delay-
dependent criteria for the stability of the networks are derived in terms of linear matrix inequalities
(LMIs) by constructing a suitable Lyapunov-Krasovskii functional and utilizing reciprocally
convex approach. Also, a new activation condition which has not been considered in the literature
is proposed and utilized for derivation of stability criteria. Two numerical examples are given to
illustrate the effectiveness of the proposed method.

1. Introduction

Neural networks have received increasing attention of researches from various fields of
science and engineering such as moving image reconstructing, signal processing, pattern
recognition, and fixed-point computation. In the hardware implementation of systems, there
exists naturally time delay due to the finite information processing speed and the finite
switching speed of amplifiers. It is well known that time delay often causes undesirable
dynamic behaviors such as performance degradation, oscillation, or even instability of the
systems. Since it is a prerequisite to ensure stability of neural networks before its application
to various fields such as information science and biological systems, the problem of stability
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of neural networks with time delay has been a challenging issue [1-10]. Also, these days,
most systems use digital computers (usually microprocessor or microcontrollers) with the
necessary input/output hardware to implement the systems. The fundamental character of
the digital computer is that it takes computed answers at discrete steps. Therefore, discrete-
time modeling with time delay plays an important role in many fields of science and
engineering applications. With this regard, various approaches to delay-dependent stability
criteria for discrete-time neural networks with time delay have been investigated in the
literature [11-16].

In the field of delay-dependent stability analysis, one of the hot issues attracting the
concern of the researchers is to increase the feasible region of stability criteria. The most
utilized index to check the conservatism of stability criteria is to get maximum delay bounds
for guaranteeing the globally exponential stability of the concerned networks. Thus, many
researchers put time and efforts into some new approaches to enhance the feasible region of
stability conditions. In this regard, Liu et al. [11] proposed a unified linear matrix inequality
approach to establish sufficient conditions for the discrete-time neural networks to be
globally exponentially stable by employing a Lyapunov-Krasovskii functional. In [12, 13], the
existence and stability of the periodic solution for discrete-time recurrent neural network with
time-varying delays were studied under more general description on activation functions
by utilizing free-weighting matrix method. Based on the idea of delay partitioning, a new
stability criterion for discrete-time recurrent neural networks with time-varying delays was
derived [14]. Recently, some novel delay-dependent sufficient conditions for guaranteeing
stability of discrete-time stochastic recurrent neural networks with time-varying delays were
presented in [15] by introducing the midpoint of the time delay’s variational interval. Very
recently, via a new Lyapunov functional, a novel stability criterion for discrete-time recurrent
neural networks with time-varying delays was proposed in [16] and its improvement on
the feasible region of stability criterion was shown through numerical examples. However,
there are rooms for further improvement in delay-dependent stability criteria of discrete-time
neural networks with time-varying delays.

Motivated by the above discussions, the problem of new delay-dependent stability
criteria for discrete-time neural networks with time-varying delays is considered in this
paper. It should be noted that the delay-dependent analysis has been paid more attention
than delay-independent one because the sufficient conditions for delay-dependent analysis
make use of the information on the size of time delay [17, 18]. That is, the former is generally
less conservative than the latter. By construction of a suitable Lyapunov-Krasovskii functional
and utilization of reciprocally convex approach [19], a new stability criterion is derived in
Theorem 3.1. Based on the results of Theorem 3.1 and motivated by the work of [20], a further
improved stability criterion will be introduced in Theorem 3.4 by applying zero equalities
to the results of Theorem 3.1. Finally, two numerical examples are included to show the
effectiveness of the proposed method.

Notation. R" is the n-dimensional Euclidean space, and R™*" denotes the set of all m x n real
matrices. For symmetric matrices X and Y, X > Y (resp., X > Y) means that the matrix X - Y
is positive definite (resp., nonnegative). X* denotes a basis for the null space of X. I denotes
the identity matrix with appropriate dimensions. || - || refers to the Euclidean vector norm
or the induced matrix norm. diag{---} denotes the block diagonal matrix.  represents the
elements below the main diagonal of a symmetric matrix.
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2. Problem Statements

Consider the following discrete-time neural networks with interval time-varying delays:
y(k+1) = Ay(k) + Wog (y(k)) + Wig(y(k - h(k))) + b, (2.1)

where n denotes the number of neurons in a neural network, y(k) = [y1(k),..., yn(k)]T e R"
is the neuron state vector, g(k) = [gi(k),..., gn(k)]T € R" denotes the neuron activation
function vector, b = [bl,...,bn]T € R" means a constant external input vector, A =
diag{ai,...,a,} € R”*(0 < a; < 1) is the state feedback matrix, W; € R™"(i = 0,1) are
the connection weight matrices, and h(k) is interval time-varying delays satisfying

0 < hy < h(k) < ha, (2.2)

where h,, and hys are known positive integers.
In this paper, it is assumed that the activation functions satisfy the following
assumption.

Assumption 2.1. The neurons activation functions, g;(-), are continuous and bounded, and for
any u,v €R, u#v,

-1

ki‘sw<ki i=1,2,...n, (2.3)
u-—-o

where k; and k;" are known constant scalars.

As usual, a vector y* = [y],..., y%]" is said to be an equilibrium point of system (2.1)
if it satisfies y* = Ay* + Wog(y*) + W1g(y*) + b. From [10], under Assumption 2.1, it is not
difficult to ensure the existence of equilibrium point of the system (2.1) by using Brouwer’s
fixed-point theorem. In the sequel, we will establish a condition to ensure the equilibrium
point y* of system (2.1) is globally exponentially stable. That is, there exist two constants
a > 0and 0 < g < 1 such that |ly(k) — v*|| < aﬂksupthSSSOHy(s) - y*||. To confirm this,
refer to [16]. For simplicity, in stability analysis of the network (2.1), the equilibrium point
v = [y;, .. ., y:]" is shifted to the origin by utilizing the transformation x(k) = y(k) - y*,
which leads the network (2.1) to the following form:

x(k+1) = Ax(k) + Wy f(x(k)) + Wi f(x(k — h(k))), (2.4)

where x(k) = [x1(k),...,x,(k)]T € R" is the state vector of the transformed network, and
fx(k)) = [fi(xi(k)),..., fn(xn(k))]T € R" is the transformed neuron activation function
vector with f;(x;(k)) = gi(xi(k) +y}) — gi(y;) and f;(0) = 0. From Assumption 2.1, it should
be noted that the activation functions f;(-) (i = 1,...,n) satisfy the following condition [10]:

k;SWSk;’, Yu,v e R,utv, (2.5)
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which is equivalent to
[fiw) = fi(v) = ki (u=0)] [fi(w) - fi(v) -k (u-0)] <0, (2.6)
and if v = 0, then the following inequality holds:
[fiw) = k; )] [fi(w) - k; ()] <0. 2.7)

Here, the aim of this paper is to investigate the delay-dependent stability analysis
of the network (2.4) with interval time-varying delays. In order to do this, the following
definition and lemmas are needed.

Definition 2.2 (see [16]). The discrete-time neural network (2.4) is said to be globally
exponentially stable if there exist two constants a > 0 and 0 < # < 1 such that

lx(k)|| < ap* sup [|lx(s)]. (2.8)

—hp<s<0

Lemma 2.3 ((Jensen inequality) [21]). For any constant matrix 0 < M = MT € R™", integers
hy, and hyg satisfying 1 < hy, < hag, and vector function x (k) € R", the following inequality holds:

hm hm T hm
—(hp =y +1) D x" (k)Mx(k) < —< > x(k)> M< > x(k)>. (2.9)

K=y K=hy, k=hy,

Lemma 2.4 ((Finsler’s lemma) [22]). Let { € R", ® = ®T € R®™", and T € R™" such that
rank(I') < n. The following statements are equivalent:

(i) {TdE < 0, VI = 0, £ #0,
(i) T+ @It < 0,

(ifi) @ + XY + YT AT <0, YA € R™™,

3. Main Results

In this section, new stability criteria for the network (2.4) will be proposed. For the sake
of simplicity on matrix representation, e; € RO = 1,...,10) are defined as block entry
matrices (e.g., e = [0,1,0,..., O]T). The notations of several matrices are defined as

8
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ha = hy = h,

$(k) = [xT(k),xT(k — hm), xT (k = h(k)), xT (k = har), AxT (k), AxT (k = h),

T

Ax" (k= haa), £ (x(), fT (x(k = h(K))), fT (x(k + 1))] ,

x(K) = [ (), 2" (k= ), 2 k= ), £ (x(R))]
§(K) = [ (), 82T ()],

r= [(A - I)IOI O/ 0/ _Il 0/ 0/ WO/ Wl/ O]/

ITy = [e1 + es,e2 + €6, €4 + €7, €10], IT, = [e1, e, €4, €3],
Il = [e1, es5], Iy = [ey, 6], Ils = [es, e7], Ilg = [er —e3,e3 — e4],
I17 = [e1,es], Tls=[es,e0],  Tlo=[e1+es en],

Z; = I} RI1] - TI,RI1},
Zp = TI3NTIE + T (M - N)TTL - TTs M1,

3
Zs = es(H,Q1 ) el + es(H3Q2 ) el + 1 (huPr)e] — ex(hmP)e] + ha Y, (eiPe] = eiaPiell, ),
i=2

Q2+P2 S

2= - (e-e)(@+ P)(er—e) =T |52 102 ) 7 (TG,
5 = (hz Q3)H§ + H3<h§Q4)H§,

5
D=>'Z,

i=1

3

2K, HiK, (Kn+K,)H]. 1

o= ;H@ri[ "; P m_ZHf 1] 1_[6+i'

(3.1)

Now, the first main result is given by the following theorem.

Theorem 3.1. For given positive integers hy, and hyy, diagonal matrices K,, = diag{ky,..., k;}
and K, = diag{kj,..., k;}, the network (2.4) is globally exponentially stable for h,, < h(k) <
ha, if there exist positive definite matrices R € R*4" M € R¥2" N e R>™2 (3, € R™™,
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Qiva € R¥™21(i = 1,2), positive diagonal matrices H; € R™"(i = 1,2,3), any symmetric matrices

P, e R™"(i =1,2,3), and any matrix S € R™" satisfying the following LMISs:

[FL]T(cD +0) [ri] <0,

Q2+P2 S

>
* Q2+P3 2 0,
0P 0P 0 P
Q3+[* 0 >0/ Q4+ x« 0 >0/ Q4+ x« 0 > 0/

where @, ©, and T are defined in (3.1).

Proof. Define the forward difference of x(k) and V (k) as

Ax(k) = x(k +1) - x(k),
AV (k) = V(k +1) - V(k).

Let us consider the following Lyapunov-Krasovskii functional candidate as

V(k) = Vi(k) + Va(k) + Va(k) + Va(k),

where

Vi(k) = X" (k)R (k),

k-1 k—hp-1
Va(k) = F()NE(s)+ >, & (s)ME(s),
s=k—hy, s=k—hp
-1 k-1 —hpy-1 k-1
Vsk) = >0 3 AxT@Qidx() +ha >, > Ax () QaAx(u),
s=—h,, u=k+s s=—hp; u=k+s

-1 -hu-1 k-1

k-1
Vak) = b D, D &M 0)Qagw) +ha D, D &M () Qué(w).

s=—h,, u=k+s s=—hp u=k+s

(3.2)

(3.3)

(3.4)

(3.5)

(3.6)

(3.7)
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The forward differences of V;(k) and V;, (k) are calculated as

AVi(k) = x" (k+ DRy (k +1) - x (k)Ry (k)
x(k) + Ax(k) ' x(k) + Ax(k)
| x(k = hy) + Ax(k - ) x(k = hy) + Ax(k = h)
- [x(k — hn) + Ax(k — hM)] R [x(k — hn) + Ax(k - hM)] ~x' (k)Rx(k)
f(x(k+1)) fx(k+1))

= T (k) (anH{ - HZRH§>g(k)

(3.8)

= ¢T (K)=14(k),
AVa(k) = &1 (k)NE(k) = & (k = h)NE(k = hun)

+&" (k= ) ME(k = hy) = &7 (k = hpg) M (k — h)

(3.9)
= T (k) (1‘1le‘1§ +TL,(M - N)IT! - H5Mng)g(k)

= §" (k)Zag (k).

By calculating the forward differences of V3(k) and Vi(k), we get

k-1
AVs(k) = R, AXT(K)Q1 Ax(K) ke S AxT(5)Q1Ax(s)
- (3.10)
k-h,,—1

hy
+ W AxT (k)QaAx(k) —ha D, AxT(s)QxAx(s),
S=k—hM

k-1
AV (k) = h3,gT () Qsé(k) = >, &7 (5)Q3é(s)
i (3.11)
k=hy—1

+ h3ET () Qué(k) —ha > &7 (s)Qué(s).

S=k—hM

For any matrix P, integers [; and I, satisfying I; < I, and a vector function x(s) : [k — I, k —
Iy =1] — R" where k is the discrete time, the following equality holds:

xT(k = 1)Px(k - 1) — xT (k - L) Px(k — 1)

k-1;-1 (3.12)
= Z (xT(s +1)Px(s+1) - xT(s)Px(s)>.

S:k—b
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It should be noted that

xT (s +1)Px(s + 1) — xT (s)Px(s)
= (Ax(s) + x(s)) T P(Ax(s) + x(s)) — xT (s) Px(s) (3.13)

= AxT(s)PAx(s) + 2xT (s)PAx(s).

From the equalities (3.12) and (3.13), by choosing (I1, ) as (0, k), (hm, h(k)) and (h(k), har),
the following three zero equations hold with any symmetric matrices P;, P,, and Ps:

0= x" (k) (R P1)x(k) = x" (k = hyn) (hnP)x (k = hyn)

k-1 (3.14)

—hy <AxT(s)P1 Ax(s) +2xT(s) P Ax(s)),

s=k—hy,
0= xT(k = hy) (haP2)x(k = hy) — xT (k = h(k)) (haP>)x(k — h(k))
k=hyu—1 (3.15)
—hy Z <AxT(s)P2Ax(s) + 2xT(s)P2Ax(s)>,
s=k—h(k)
0= x" (k= h(k))(haPs)x(k = h(k)) = x" (k = har) (haP3)x(k = har)
k=h(k)-1 (3.16)

~ha Y, (AxT(s)P3Ax(s)+2xT(s)P3Ax(s)>.
s=k—hpy

By adding three zero equalities into the results of AV3(k), we have

AV;(k) = ¢T (k) <e5(h$nQ1)e§ +es(H3Qs)el + er(hnPr)e] = ex(hPr)e]

3 3.17
+hdZ <eiPi6iT - ei+1Pi€l~T+1>>§(k) +3 17
i=2

= ¢ ()Zs5(k) + =+,
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where

k-1 k-hp,-1
= -hp AxT(s)(Q1+ P))Ax(s) —ha >, Ax"(s)(Qa2+ Py)Ax(s)
s=k—hy, s=k—h(k)
(3.18)
k—h(k)-1
~ha D, Ax"(s)(Q:+DP3)Ax(s),

S=k—hM

k

—_

k—h,,—-1
2x"(s)P1Ax(s) —ha >, 2x"(s)PyAx(s)

Y= -h,
s=k—hy, s=k—h(k)

(3.19)
k-h(k)-1

—hy Z 2xT (s)P3Ax(s).
S:k*hM

By Lemma 2.3, when h,, < h(k) < hp;, the sum term X in (3.18) is bounded as

k-1 T k-1
2 < —< Ax(s)> (1 +P1)< Ax(s)>
s=k—hyy, s=k—hy,
k—Ttp—1 T 1 k—Tp-1
_ A P A
<s:,§<k) x(s)) (T=am )@+ P <S=k§(k) x(s)>

k-h(k)-1 T k-h(k)-1
_< )y Ax(s)> (ﬁ)(@2+1)3)< Y Ax<s>> (3.20)

S=k—hM S=k—hM

= —¢T(k)(e1 — e2)(Q1 + Pr)(e1 — e2)" ¢ (k)

——(Q+ D) 0
o, | 1 I (k),

1
w(Qz + P3)

where a(k) = (hpy — h(k))/hg.
By reciprocally convex approach [19], if the inequality (3.3) holds, then the following
inequality for any matrix S satisfies

| a(k) | a(k)
- 1—a(k)I 0 Q+P S - 1—a(k)I 0
>0, (3.21)
. 1-a(k), * QD+ DB . 1-a(k),
a(k) a(k)
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which implies

1
_ P 0
1—a(k)(Q2+ 2) : > Qo+ P 0 ip ) (3_22)
* 2 3
%(Q2+P3)

It should be pointed out that when h(k) = hy,, or h(k) = hp;, we have Zl;ff’}:(lk) Ax(s) =

x(k = hy) = x(k = h(k)) = 0 or S50 Ax(s) = x(k - h(k)) - x(k — ha1) = 0, respectively.

Thus, the following inequality still holds:

P, S
270 (e e @+ Per—en -1 [2 T 9 1T )edo .
= ¢T(lk)Zag (k).
Then, AV; + AV} has an upper bound as follows:
AV + AVy < &7 (k)| 25+ Za+ Tl (h2,Q5 ) T15 + T (R3Qu ) TG |¢(k)
= 0 P
—hmn &(s){ Qs+ é(s)
s:kz—hm ’ { Pl 0]} ’ (3.24)
k—hy,—-1
_ = T 0 P2
O ©f [ g}

k-h(k)

“ha Zlg%s){@; [0 5] Jer

=k-hy
Here, if the inequalities (3.4) hold, then AV; + AV} is bounded as

AVs+ AV, < ET(k) (B3 + Z4 + Z5)¢ (k). (3.25)
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From (2.7), for any positive diagonal matrices H; = diag{hi1,..., hin} (i = 1,2,3), the
following inequality holds:

0< =2 hyi[filxi(k)) - k; xi (k)] [ fi(xi(k)) = ki xi(k)]

i=1

=2 hai[ filxi(k — h(k))) — k; xi(k = h(k))] [ fi(xi(k ~ h(K))) — k; xi(k — h(k))]

i=1

23 [filxitk + 1) - ke x(k + )] [filxik + 1) — kix(k + 1] (3.26)

i=1
3 — . .
= ¢ (k) <ZH6H~ [ ZK’ZH’K’” (K”’_Zfl’f’)H’] H&) §(k)
i=1 !
= {1 (k)©g (k).

Therefore, from (3.8)—(3.16) and by application of the S-procedure [23], AV has a new upper
bound as

5
AV < (R)| SEi+e |k, (3:27)
i=1

——
0]

where @ and O are defined in (3.1).
Also, the system (2.4) with the augmented vector {(k) can be rewritten as

T¢(k) =0, (3.28)

where I’ is defined in (3.1).
Then, a delay-dependent stability condition for the system (2.4) is

¢T(k) (@ +0©)¢(k) <0 subject to T¢(k) = 0. (3.29)

Finally, by utilizing Lemma 2.4, the condition (3.29) is equivalent to the following inequality
T

[rl] (@ +O) [ri] <0. (3.30)

From the inequality (3.30), if the LMIs (3.2)-(3.4) hold. From (ii) and (iii) of Lemma 2.4, if
the stability condition (3.29) holds, then for any free maxrix A with appropriate dimension,
the condition (3.29) is equivalent to

(\D+®+ﬂ(P+FUCi<O.
v

(3.31)
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Therefore, from (3.31), there exists a sufficient small scalar p > 0 such that
AV < T (k) ®g(k) < —pllx ()| (3.32)

By using the similar method of [11, 12], the system (2.4) is globally exponentially stable for
any time-varying delay h,, < h(k) < hp from Definition 2.2. This completes our proof. O

Remark 3.2. In Theorem 3.1, the stability condition is derived by utilizing a new augmented
vector ¢(k) including f(x(k + 1)). This state vector f(x(k + 1)) which may give more
information on dynamic behavior of the system (2.4) has not been utilized as an element of
augmented vector {(k) in any other literature. Correspondingly, the state vector f(x(k + 1))
is also included in (3.26).

Remark 3.3. As mentioned in [10], the activation functions of transformed system (2.4) also
satisfy the condition (2.6). In Theorem 3.4, by choosing (u,v) in (2.6) as (x(k), x(k — h(k)))
and (x(k — h(k)), f(x(k + 1)), more information on cross-terms among the states f(x(k)),
f(x(k = h(k))), f(x(k + 1)), x(k), and x(k — h(k)) will be utilized, which may lead to
less conservative stability criteria. In stability analysis for discrete-time neural networks
with time-varying delays, this consideration has not been proposed in any other literature.
Through two numerical examples, it will be shown that the newly proposed activation
condition may enhance the feasible region of stability criterion by comparing maximum delay
bounds with the results obtained by Theorem 3.1.

As mentioned in Remark 3.3, from (2.6), we add the following new inequality with

any positive diagonal matrices H; = diag{hii, ..., hin} (i =4,5,6) to be chosen as

0< =2 hyi[fi(xi(k)) — fi(xi(k — h(k))) — k; (xi(k) = xi(k — h(k)))]
i=1
x [fi(xi(k)) = fi(xi(k = h(k))) = ki (xi(k) = xi(k = h(k)))]

=2 hsi[fi(xi(k = h(k))) = fi(xi(k +1)) = k; (xi(k = h(k)) = xi(k) = Ax;(k))]

i=1

x [fi(xi(k = h(k))) = fi(xi(k + 1)) = k{ (xi(k = h(k)) — xi(k) — Ax;(k))] (33

- ZZhGi [fi(xi(k +1)) = fi(xi(k)) — kj Ax; (k)]
in1
x [fi(xi(k +1)) = fi(xi(k)) — kj Axi(k)]

3
-2K,,H3.; K, (K + K,)Hs,;
- gT(k) <ZH9+1' [ * ? P ( _ZHZ) ’ ] Hg+i> g(k)
i=1 +1

= ¢ ()Qg(k),

where ITyy = [e1 —e3,e3 —e9], [111 = [e3 —e1 —e5,e9 — e10], and 11, = [es, e19 — eg]. We will add
this inequality (3.33) in Theorem 3.4. Now, we have the following theorem.
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Theorem 3.4. For given positive integers hy, and hyy, diagonal matrices K,,, = diag{ky,..., k,}
and K, = diag{kj,..., k;}, the network (2.4) is globally exponentially stable for h,, < h(k) < har,
if there exist positive definite matrices R € R4, M € R N € R, Q; € R™™", Qi €
R>™21 (i = 1,2), positive diagonal matrices H; € R™™" (i = 1,...,6), any symmetric matrices
P e R™" (i =1,2,3), and any matrix S € R™" satisfying the following LMIs:

T
[rl] (®+0+Q) [rl] <0, (3.34)
Q2 + P2 S
IR e (3.35)
0 P1 0 Pz 0 P3
Qs + . 0 >0, Q4+ . 0 >0, Q4+ . 0 > 0, (3.36)

where @, I, and Q are defined in (3.1) and © is in (3.33).

Proof. With the same Lyapunov-Krasovskii functional candidate in (3.6), by using the similar
method in (3.8)-(3.16), and considering inequality (3.36), the procedure of deriving the
condition (3.34)—(3.36) is straightforward from the proof of Theorem 3.1, so it is omitted. [

4. Numerical Examples

In this section, we provide two numerical examples to illustrate the effectiveness of the
proposed criteria in this paper.

Example 4.1. Consider the discrete-time neural networks (2.4) where

04 0 O 02 -02 0.1 -02 01 O
A=10 03 0], Wo=1] 0 -03 02|, W;=1-02 03 0.1]. (4.1)

0 0 03 -0.2 -0.1 -0.2 01 -0.2 0.3

The activation functions satisfy Assumption 2.1 with
K,, = diag{0,-0.4,-0.2}, K, = diag{0.6,0,0}. (4.2)

For various h,,, the comparison of maximum delay bounds (hp;) obtained by Theorems 3.1
and 3.4 with those of [12, 16] is conducted in Table 1. From Table 1, it can be confirmed that
the results of Theorem 3.1 give a larger delay bound than those of [12] and are equal to the
results of [16]. However, the results obtained by Theorem 3.4 are better than the results of
[16] and Theorem 3.1, which supports the effectiveness of the proposed idea mentioned in
Remark 3.3.
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Table 1: Maximum bounds h s with different h,, (Example 4.1).

Methods 2 4 6 10
Song and Wang [12] 6 8 10 14
Wu et al. [16] 12 14 16 20
Theorem 3.1 12 14 16 20
Theorem 3.4 14 16 18 22

Table 2: Maximum bounds hy; with different h,, and a = 0.9 (Example 4.2).

Methods 2 4 6 8 10 15
Song and Wang [12] 11 11 12 13 14 17
Zhang et al. [13] 11 12 13 14 16 19
Song et al. [14] 15 16 17 18 19 22
Wu et al. [16] 16 18 18 20 20 22
Theorem 3.1 18 18 19 20 20 23
Theorem 3.4 18 18 19 20 21 23

Example 4.2. Consider the discrete-time neural networks (2.4) having the following
parameters:

0.8 0 0.001 0 -0.1 0.01
As [0 a]’ Wo= [ 0 0.005]' Wi = [_0.2 _0.1], Kn=0, K,=1I
(4.3)

When a = 0.9, for different values of h,,, maximum delay bounds obtained by [12-14, 16]
and our Theorems are listed in Table 2. From Table 2, it can be confirmed that all the results
of Theorems 3.1 and 3.4 provide larger delay bounds than those of [12-14]. Also, our results
are better than or equal to the results of [16]. For the case of a = 0.7, another comparison of
our results with those of [15, 16] is conducted in Table 3, which shows all the results obtained
by Theorems 3.1 and 3.4 give larger delay bounds than those of [15, 16].

5. Conclusions

In this paper, improved delay-dependent stability criteria were proposed for discrete-time
neural networks with time-varying delays. In Theorem 3.1, by constructing the suitable
Lyapunov-Krasovskii’s functional and utilizing some recent results introduced in [19, 20],
the sufficient condition for guaranteeing the global exponential stability of discrete-time
neural network having interval time-varying delays has been derived. Based on the
results of Theorem 3.1, by constructing new inequalities of activation functions, the further
improved stability criterion was presented in Theorem 3.4. Via two numerical examples, the
improvement of the proposed stability criteria has been successfully verified.
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Table 3: Maximum bounds hy; with different h,, and a = 0.7 (Example 4.2).

Methods 2 4 6 8 10 15 20 100 1000
Zhang et al. [15] 20 22 24 26 28 33 38 118 1018
Wu et al. [16] 24 26 28 30 32 37 42 122 1022
Theorem 3.1 29 31 32 34 36 41 46 126 1026
Theorem 3.4 29 31 32 34 36 41 46 126 1026
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It may not be possible to collect adequate records of strong ground motions in a short period
of time; hence microtremor survey is frequently conducted to reveal the stratum structure
and earthquake characteristics at a specified construction site. This paper is therefore aimed at
developing a neural network model, based on available microtremor measurement and on-site
soil boring test data, for predicting peak ground acceleration at a site, in a science park of Taiwan.
The four key parameters used as inputs for the model are soil values of the standard penetration
test, the medium grain size, the safety factor against liquefaction, and the distance between soil
depth and measuring station. The results show that a neural network model with four neurons
in the hidden layer can achieve better performance than other models presently available. Also,
a weight-based neural network model is developed to provide reliable prediction of peak ground
acceleration at an unmeasured site based on data at three nearby measuring stations. The method
employed in this paper provides a new way to treat this type of seismic-related problem, and it
may be applicable to other areas of interest around the world.

1. Introduction

Earthquake problems are globally considered to be a research topic of importance since
many countries are subject to this natural disaster. For instances, the recent big one with
magnitude 9.0 on the Richter scale that occurred in Japan on 11 March 2011 and triggered
a significant tsunami, caused approximately $35 billion in damage. On 12 January 2010, a
devastating earthquake with magnitude 7.0 on the Richter scale struck Haiti in the Caribbean,
and claimed more than 200 thousand lives have lost in the capital and surrounding areas.
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Other major earthquakes experienced by Chile, China, Indonesia, New Zealand, and Taiwan
are listed in the archive of United States Geological Survey [1]. Without exception, all
these earthquakes have caused tremendous casualties and property losses, requiring urgent
attention to this calamitous problem.

Many seismic-related research issues have been investigated and published previ-
ously, with some focused on finding an early warning system, while others are based on
records of historical seismic data (e.g., [2-8]). It is quite obvious that strong ground motions
data cannot be collected in a short period of time, and also the records for a metropolitan
area or a place with high population density are not easy to obtain. Whereas, microtremor
surveys can be used to infer the stratum structure and earthquake characteristics at a
specified construction site without destroying its ground surface. Thus, this fast and low
cost measuring technique is often selected not only to provide useful information for an area
which lacks seismic records, but also to effectively analyze potential liquefaction index for
the construction site being investigated.

Further, it is worth mentioning that the microtremor measurements with appropriate
transformation, such as Fourier transform or Nakamura technique, can estimate the key
seismic parameter, that is, peak ground acceleration (PGA), which exhibits a tendency
similar to the characteristics of strong ground motion [9, 10]. Note that the above literatures
were focused on the development of neural network models based on actual seismic
records, and microtremor measurements were used for the sake of comparison. Regarding
the development of neural network model in accordance with microtremor measurement
and soil profile was not examined in these studies. Also, some important factors such as
dominant frequency, shear wave speed, and amplification can be explored by microtremor
surveys [11-18], and these can help to determine the distribution of soil layers, liquefaction
hazard mapping, and earthquake site response. Although microtremor measurements can
be easily carried out at a number of sites, the main limitation is the increase in cost with
increased number of measuring stations. Hence, the development of a model for predicting
microtremor information for other important but unmeasured sites is useful for economic
reasons.

From the references mentioned above and other reports previously published in the
field of earthquake engineering and soil dynamics, the microtremor measurements appear to
be a function of the soil conditions at a specified site. However, prediction of microtremor
information by using soil boring test result has rarely been reported up to now. Therefore, the
purpose of this study is to develop a model for mapping soil boring test data to microtremor
measurements by using a neural network approach. In particular, three key soil parameters;
the standard penetration test value (STP-N), the medium grain size (D50), and the safety
factor against liquefaction (FL), and one spatial factor, that is, the distance between soil
layer and measuring station (DS), are used to evaluate PGA resulting from microtremor
measurements. A weight-based neural network model is also developed to predict PGA at
unmeasured sites by using values at three nearby measuring stations. The method developed
in this study should provide a new approach for solving problems in the relevant engineering
field.

2. Context and Rationale for the Research

Science parks are mainly occupied by many high-tech companies including some world class
factories such as ACER, HTC, and TSMC, which play an important economic role in the
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island of Taiwan. In this study, the chosen Kaohsiung (Luchu) science park is one of the
major parks located in the southern part of Taiwan. This park has a total area of 571 hectares,
which started construction in the year of 2001 and was completed in 2010. Various high-
tech industries, such as integrated circuits, precision machines, optoelectronic components,
computer peripherals, communication and biotechnology products, were planned and
developed in this park. These types of industries can be affected significantly by strong
ground motions and are also sensitive to ambient vibrations. Therefore, it is necessary to
consider antiearthquake design and to examine microtremor in the park from time to time to
prevent different levels of damages.

Two crucial factors for evaluating the effect of ground motions in the science park
are fault distribution and geological condition in Kaohsiung area, which are based on the
information from Central Geological Survey shown in Figure 1 [19, 20]. It can be seen that
there exists seven faults in this region, which are (1) Chishan fault, (2) Liukuei fault, (3)
Tsaujou fault, (4) Hsiaokangshan fault, (5) Yuchang fault, (6) Jenwu fault, and (7) Fengshan
fault. These faults may create strong ground motions and endanger the high-tech buildings
and instruments. Also from this figure, it can be seen that alluvial soil occupies a large part of
Kaohsiung area, particularly at the science park, which can have an influence on microtremor
measurements.

The occurrence of strong ground motion is unpredictable, and it can cause serious
structural damage within a very short period of time. Thus, a proper antiearthquake
design is usually considered for high-tech factory constructions. In contrast, the existence
of microtremor is easy to neglect as it is very small, but due to microtremor occurring very
often on the earth surface, some precision instruments can be damaged during its operation
process due to the constant continuous vibration frequency or peak ground acceleration.
Consequently, microtremor can cause, for high-tech manufactures, an unexpected and
significant financial loss, and thus environmental ambient vibration survey is a very
important consideration for science parks.

Figure 2 shows the Kaohsiung science park, with four microtremor measuring
stations MS1, MS2, MS3, and MS4. Also, there are twenty-seven soil boring test sites in
the neighborhood of this park. As mentioned previously, this study is focused on the
development of a model for predicting peak ground acceleration based on microtremor
measurements and soil boring test data. Therefore, the records obtained from these
measuring stations and boring test sites can provide useful information for developing the
model by using neural network approach. In the next section, the processing of measured and
test data is discussed, and then the results obtained from the developed model are presented.

3. Ambient Vibration Measurement and Soil Boring Test Data

Ambient vibration with very low amplitude (about 10 m) and acceleration (0.8-2.5 gal or
cm?/s), which cannot in general be felt by humans [21, 22], is frequently found on the ground
surface of the earth. This vibration, however, can be recorded by using a precise measuring
instrument developed recently. In the present study, the results of ambient vibrations are
measured and calculated by a set of ultrasensitive seismic accelerometer-Model 731A-made
by Wilcoxon with other monitoring instrument and computer software [23-25]. The original
microtremor information is stored in the frequency and time domains, but only the data set in
time domain is considered for analysis as the characteristics of ground motion is the primary
concern in this study.
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Figure 1: Distribution of faults and geological conditions in the Kaohsiung area.

From microtremor data collected at the four measuring stations, it can be found that
the accelerations for measuring station MS1 are basically in the range 0.43 gal to 51.71 gal
in both the east-west (EW) and north-south (NS) directions, and the results in vertical (V)
direction are all smaller than 0.58 gal. For measuring station MS2, the results are 0.33 gal—-
24.1 gal, 0.27 gal-47.49 gal, and 0.78 gal-80.19 gal, in EW, NS, and V directions, respectively.
For measuring station MS3, the results are 0.33 gal-5.03 gal, 0.27 gal-4.29 gal, and 0.31 gal-
6.13 gal, in EW, NS, and V directions, respectively. For measuring station MS4, the results
are 0.58 gal-45.85 gal, 0.34 gal-15.46 gal and 1.05 gal-49.52 gal, in EW, NS and V directions,
respectively.
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Figure 2: Sketch of research area in Kaohsiung science park.

The above numerical results show that the accelerations in the vertical direction are
all relatively higher than those of the other directions, except at the measuring station MS1.
As ambient vibrations may result from moving vehicles and construction work, some of the
measured data may exhibit much higher values particularly between 8:00 AM and 5.00 PM,
and these can affect the true microtremor response. Therefore, in this study, only ambient
vibration data collected between 8:00 PM and 7:00 AM are taken for analysis so as to
eliminate outside environmental factors as far as possible and increase the accuracy of natural
microtremor response measurements.

For soil test data in the boreholes, the samplings are by auger boring method for soils
above ground water level and by the method of wash boring for soils below ground water
level. The laboratory tests conducted were for general physical, triaxial compression, shear
strength, unconfined compressive strength, consolidation, compaction, California bearing
ratio, resilient modulus, and groundwater quality. The in-situ tests were for lateral load and
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Table 1: Typical values of soil parameters and random PGAs in the four directions.

Measuring station MS1
STP-N D50 (mm) FL DS (m) PGA(EW) PGA(NS) PGA (V) PGA (H)
7 0.022 220 41219 1.82 1.69 4.44 2.48
2 0.006 1.75 41221 2.09 2.02 4.53 2.90
14 0.030 2.00 412.23 1.23 2.38 7.40 2.67
10 0.062 127 41226 1.89 1.74 4.45 2.56
6 0.006 157 41231 8.38 12.6 5.35 15.13
34 0.150 117 412.36 1.89 3.61 5.67 4.07
37 0.160 117 41242 1.44 1.96 4.33 2.43
43 0.160 122 412.50 0.61 0.84 4.25 1.03
27 0.160 1.01 41258 0.58 129 4.43 141
13 0.026 1.79  412.67 2.50 4.84 8.43 5.44

Total data sets: 50; PGA unit: gal

permeability. All of these test results can provide soil characteristics in detail for each of the
drilling sites.

For a typical soil exploration and testing report in the research area, it can be seen
that there are many items such as soil depth, soil profile, USCS (unified soil classification
system) classification, standard penetration value, grain size analysis, water content, specific
gravity, density, void ratio, liquid limit, plasticity index, and safety factor against liquefaction
calculated from shear strength parameters [26]. Note that some of these soil test items may
have their own physical meaning and also have a relationship with each other. Previous
studies have found that the three important parameters relevant to the problem of actual
earthquake response are STP-N, D50, and FL [27-29]. Hence, these three parameters, with
ambient vibration surveys and distance between measuring station and test layer within bore
hole (DS), are considered for developing a PGA prediction model by the neural network
approach. Typical values for STP-N, D50, FL, DS, and PGA in the four directions are shown
in Table 1.

4. Neural Network Model and Analysis of Prediction Results

In the field of computational intelligence, neural network approach is widely applied in
various engineering applications as it has some attractive features such as easiness to
implement, strong pattern recognition capability, and good prediction performance [30-
32]. Basics of neural network modeling such as selecting a suitable architecture, learning
algorithms, preprocessing of data, training, and testing of models have been comprehensively
covered in many publications [33-35]. Thus, further discussions of this method and the use
of associated software tool are not included here, but only some of the key points for using
this computational technique that are relevant to the present research problem are addressed
below.

To develop a neural network model, it is essential to determine the number of neurons
in the input layer, the hidden layer, and the output layer. In this study, five soil boring test
data in the neighborhood of each microtremor measuring station are used in developing the
model. As mentioned in the previous section, the soil input parameters included are STP-N,
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Figure 3: Sketch of neural network models I3H,O; (a) and LLH4O; (b).

D50, and FL. Therefore, a total of 50 data sets are available for the five bore holes, as each bore
hole has a 20 m depth, and the soil profile is divided into 10 layers. If the distance parameter
DS defined previously is also included, then there are four neurons in the input layer. The
PGA in each of the different directions (EW, NS, V, and H) obtained from microtremor
measurements is used as the target, resulting in only one neuron in the output layer. The
number of neurons in the hidden layer needs to be selected to provide a relatively better
performing neural network model.

It is better to examine the input soil data sets in advance to find a suitable neural
network prediction model. Initially, we consider a neural network model without the distance
parameter as shown in Figure 3(a), and divide the normalized data sets into three groups,
where 70% is for training, 20% for verification, and 10% for testing. These three calculation
stages are performed in Matlab toolbox with the “train,” “adapt,” and “simulate” functions
[36, 37]. The computational experiments, with the use of correlation coefficient (R) as
evaluation index, showed that the training result can achieve high R? values (from 0.656 to
0.900) with random data selection in the network calculation, but it has a poor performance
in the verification cases (from 0.004 to 0.235) and the testing cases (from 0.001 to 0.361), as
seen in Table 2. The poor performance of this model is due to random data selection with
no rational basis for the association of the PGA values that are collected over time with
the soil properties that are defined spatially within the bore holes. Thus, a rational basis
for associating the data values for the input and output variables is required, and available
domain knowledge is used as the basis for this association.

Because the STP-N value refers to soil hardness, it can play an important role in
influencing the degree of liquefaction during an earthquake. Hence, by taking the STP-N
as the primary factor and arranging its data set to increase from small to large values, with
corresponding adjustments to the other input parameters, the target PGA data set is then
arranged from large to small values. Again, without considering the distance parameter in
the input layer, the performances of the neural network models with different number of
neurons in the hidden layer were considered, and the model with four neurons in the hidden
layer has a relatively better performance than the other models for all three calculation stages.

Note that only 50 data sets were used for developing neural network model in this
study, so it is not suitable to choose too many layers or neurons in the hidden layer as it
may cause ineffective learning during the training stage. The neural network model with
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Table 2: Performance of neural network model (I;H4O,) in different calculation stages.

Training (R?) Verification (R?) Testing (R?)

NS \Y% H EW NS \Y% H EW NS \Y% H
MsS1 0.762 0.682 0.892 0.768 0.145 0.235 0.015 0.018 0.236 0.349 0.028 0.067
MS2 0.656 0.782 0900 0.834 0.013 0.004 0.020 0.026 0.271 0.361 0.001 0.132
MS3 0.758 0.689 0.821 0.740 0.019 0.120 0.095 0.087 0.235 0.165 0.059 0.017

Station

Table 3: Performance of neural network models (I;H40,) for the three measuring stations.

Training (R?) Verification (R?) Testing (R?)

NS \% H EW NS \' H EW NS \% H
MS1 0.996 0.999 0999 0999 0.820 0.766 0.897 0.926 0.847 0.760 0.706 0.847
MS2 0.997 0.992 0995 0997 0918 0.656 0.726 0.761 0.815 0.728 0.737 0.601
MS3 0.996 0.999 1.000 0999 0.877 0.878 0.736 0.893 0.774 0.755 0.697 0.762
Average 0996 0997 0998 0.998 0.872 0.767 0.786 0.860 0.812 0.747 0.714 0.737

Station

four neurons in the hidden layer is found to be more reliable and will also be used with the
distance parameter in the input layer.

Table 3 shows the performance of the preferred neural network model I,H4O;
(Figure 3(b) for the three microtremor measuring stations. It can be seen that the average
R? values are quite high and up to 0.998 at the training stage. The average R? values range
from 0.767 to 0.872 at the verification stage and from 0.714 to 0.812 at the testing stage, all
exhibiting reasonably high coefficient of correlation between measurement and estimation.
That is, the developed neural network model has a sufficient level of prediction capability
and can be used for further investigation.

The above results from the neural network models demonstrate that microtremor
measurements may have a relationship to the soil profile. It is crucial to check the capability
and apply the developed model for predicting PGA at an unmeasured site. To perform this
task, it can be assumed that microtremor measuring station MS4 is an unknown site, then
the known PGA values at this station can be used for verifying the ability of neural network
model. To estimate PGA in station MS4 from the three known stations MS1, MS2, and MS3,
the straightforward method is by distributing the results of these three known stations with
weighting factors based on the distances between stations and denoted here by “Model 1.”

Alternatively, a better way to estimate PGA at an unmeasured site is by taking a new
set of soil data from five drilling holes nearby, and insert the data set solely to the neural
network model developed for each of known measuring stations. Then by summing the
results with weighting factors in accordance with the distances between the unknown site
to the three known stations, the final estimation is obtained for the unknown site, and this
method is denoted here as “Model 2”.

The comparison of prediction results for the two models and microtremor measure-
ments in the different directions are shown in Figure 4. It can be seen that the neural network
estimations are not too different for both models, but the results of “Model 2” seem to be
slightly closer to the actual measurements. Because the total recorded ambient vibration
surveys for MS4 are 70 data sets, the chosen 50 data sets cover a wider range of time interval
compared to the other three stations. Therefore, some of the measurements exhibit higher
values (PGA > 0.005g), particularly for the east-west and vertical directions, and these may
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Figure 4: Comparison of neural network estimations and actual measurements.

cause an error in the prediction. In general, the performances of both neural network methods
have reasonable accuracy and are acceptable for the problem considered. This comparison of
results provides confidence for using this method for prediction of PGA in an unmeasured
but important site.

Installation of ambient vibration survey instrument is usually at a place where
the density of high-tech buildings is not too high. Thus, this method is suitable for an
unmeasured site (UMS) shown in Figure 2, which is closer to several important industrial
buildings and is possibly sensitive to natural microtremor. The present approach of
developing neural network model is thus very useful for predicting PGA at this site with
the use of new soil data sets from nearby five bore holes. Figure 5 shows the prediction result
for the unmeasured site. It can be seen that both models exhibit similar predictions, but the
curve obtained from “Model 2” is not as smooth as for “Model 1.” The reason may be that
the soil bore holes used in one of the known measuring stations, MS3, are too far away from
the unmeasured site. Actually, this local instability problem is also found in the previous
comparison shown in Figure 4, but it is believed that the present neural network model
should still be sufficiently reliable. The sequential selection of the data sets for developing
the neural network models results in the networks predicting the results for the test data
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Figure 5: Predicted PGA at an unmeasured site in different directions.

sets by extrapolation. This accounts for the difference between the model predictions and
the measurements on the right hand side of the curves in Figure 4. The predictions could be
further improved by a random selection of data sets, for training, verification, and testing,
after the reordering of the data sets as described previously.

If the measured results in the closest station MS2 are taken as reference, then the
prediction result shows that PGA in vertical direction is larger than the other two directions,
which is consistent with the measured results, and this is also true for predicted PGA in the
horizontal direction. Since this science park is mostly alluvial soil, the prediction result is thus
reasonable as there is no significant change of soil conditions in the unmeasured site. Overall,
the neural network “Model 2” seems more preferable as the distance parameter and new soil
data set are used in the calculation process of this model and, hence, may represent a more
true response of the investigating site. In addition, it may be concluded that the model can be
applied to predict PGA in any site of interest around the Kaohsiung science park.

5. Conclusion

Without a doubt, the seismic-related problems are very important research topic in the field
of disaster prevention technology. This study presented a novel way of using neural network
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approach to develop a model for learning a relationship for linking two different types
of parameters, that is, the ambient vibration measurement and the on-site soil boring test
data. In addition, a weight-based neural network model is also developed for predicting
peak ground acceleration at an unmeasured site, and is extendable for predicting natural
microtremor on any other site of the science park investigated, as long as the soil conditions
are suitably distributed.

Due to the limitation of soil boring test data for each microtremor measuring station,
the present study picked up only fifty sets of peak ground acceleration from each of
microtremor measuring station, to match with soil profiles from five drilling holes nearby
for developing neural network model. More data sets might be required to develop a more
accurate model for performing the prediction. Nonetheless, the results obtained in this study
provide an insight into the seismic-related characteristics in the research area. One of the
significant aspects of the present research is that even though the data collected at MS1, MS2,
and MS3 are for different time periods, the three neural network models developed for these
sites can be combined to predict the PGA distribution at a fourth site (MS4) for a different
time period.

Further, it should be mentioned that the predicted results do prove the reliability of
the developed model, but the choice of microtremor measurements with commonly found
frequency or peak ground acceleration should be further investigated. This may occur
repeatedly and hence can affect the accuracy of precision instrument and damage products
such as semiconductors or biosensors during the manufacturing process within a high-tech
company. Nevertheless, the method used in this study did provide a new way to treat this
type of nonlinear problem, and may be applicable in other areas of interest around the world.
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This paper is concerned with the finite-time stabilization for a class of stochastic neural networks
(SNNs) with noise perturbations. The purpose of the addressed problem is to design a nonlinear
stabilizator which can stabilize the states of neural networks in finite time. Compared with the
previous references, a continuous stabilizator is designed to realize such stabilization objective.
Based on the recent finite-time stability theorem of stochastic nonlinear systems, sufficient condi-
tions are established for ensuring the finite-time stability of the dynamics of SNNs in probability.
Then, the gain parameters of the finite-time controller could be obtained by solving a linear
matrix inequality and the robust finite-time stabilization could also be guaranteed for SNNs with
uncertain parameters. Finally, two numerical examples are given to illustrate the effectiveness of
the proposed design method.

1. Introduction

Since the first paper of Ott et al. [1], a large number of monographs and papers studying
the stabilization of the nonlinear systems without or with delays have been published
[2-5]. These publications have developed many control techniques including continuous
feedback and discontinuous feedback. Take [4] for example, the authors studied the pinning
stabilization problem of linearly coupled stochastic neural networks, where a minimum
number of controllers are used to force the NNs to the desired equilibrium point by fully
utilizing the structure of the network.

On the other hand, the well-known Hopfield neural networks, Cohen-Grossberg
neural networks and cellular neural networks [6-18], and so forth have been extensively
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studied in the past decades and successfully applied in many areas such as signal processing,
combinatorial optimization, and pattern recognition. Specially, the stability of Hopfield
neural networks has received much research attention since, when applied, the neural net-
work is sometimes assumed to have only one globally stable equilibrium [7-9, 19, 20].

Until now, the stability analysis issues for many kinds of neural networks in the
presence of stochastic perturbations and/or parameter uncertainties have attracted a lot of
research attention. The reasons include twofold: (a) in real nervous systems, because of
random fluctuations from the release of neurotransmitters, and other probabilistic causes,
the synaptic transmission is indeed a noisy process; (b) the connection weights of the
neurons depend on certain resistance and capacitance values that always exist uncertainties.
Therefore, the robust stability has been studied for neural networks with parameter
uncertainties [21-24] or external stochastic perturbations [7, 19, 25, 26]. However, to the
best of the authors” knowledge, most literature regarding the stability of neural networks is
based on the convergence time being large enough, even though we eagerly want the argued
network states to become stable as quickly as possible in practical applications. In order to
achieve faster stabilization speed and hope to complete stabilization in finite time rather than
merely asymptotically [27], an effective method is using finite-time stabilization techniques,
which have also demonstrated better robustness and disturbance rejection properties
[28].

In this paper, we will focus on the finite-time robust stabilization for neural networks
with both stochastic perturbations and parameter uncertainties. The difference of this paper
lies in three aspects. First, based on the finite-time stability theorem of stochastic nonlinear
systems [29], a new continuous finite-time stabilizator is proposed for a stochastic neural
network (SNN). Moreover, in contrast to [30-33], we prove finite-time stabilization by con-
structing a suitable Lyapunov function and obtain some criteria which are easy to be satisfied.
Second, the gain parameters in finite-time stabilizator are designed by solving a linear matrix
inequality. Finally, a robust finite-time stabilizator for SNNs with parameter uncertainties is
designed as well. Moreover, two illustrative examples are provided to show the effectiveness
of the proposed designing.

The notations in this paper are quite standard. R* and R™" denote, respectively, the
n-dimensional Euclidean space and the set of all n x m real matrices. The superscript “T”
denotes the transpose and the notation X > Y (resp., X > Y), where X and Y are symmetric
matrices, meaning that X — Y is positive semidefinite (resp., positive definite). Amax (M) and
Amin (M) denote the maximal and minimal eigenvalues of real matrix M. Let (€2, ¥, { ¥} 0, P)
be a complete probability space with a filtration {¥:}, satisfying the usual conditions (i.e.,
it is right continuous and contains all P-null sets). E{x} stands for the expectation of the
stochastic variable x with respect to the given probability measure P. I and 0 represent
the identity matrix and a zero matrix, respectively; diag(- - -) stands for a block-diagonal
matrix. Matrices, if their dimensions are not explicitly stated, are assumed to be compatible
for algebraic operations.

2. Model Formulation and Preliminaries

Some preliminary knowledge is presented in this section for the derivation of our main
results. The deterministic NN can be described by the following differential equation:

x(t) =-Ax(t) + Bf (x(t)) + ] (2.1)
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or

D'Ci(t) = —a,-x,-(t) + ibl]f] (x](t)) + ]i, i=12,...,n, (22)
j=1

where x(t) = (x1(t), x2(t), ..., x,(£))7 € R" is the vector of neuron states; n represents the
number of neurons in the network; A = diag(ay, ay,...,a,) is an n x n constant diagonal
matrix with a; > 0,i = 1,2,...,1n; B = (bjj),x, is an n x n interconnection matrix; f(x) =
(fl(xl),fz(xz),...,fn(xn))T : R* — R"is a diagonal mapping, where f;, i = 1,2,...,n
represents the neuron input-output activation and J = (Ji, /2, ..., ]n)T is a constant external
input vector.

To establish our main results, it is necessary to give the following assumption for
system (2.1) or (2.2).

Assumption 2.1. The neuron activation function f of the NN (2.1) satisfies the following
Lipschitz condition:

Ifix) = fily)|| < Mil|x-y|, VYxyeR, i=12,...,n (2.3)

where M; is a positive constant for i = 1,2,...,n. For convenience, let M = diag{M;,
My, ..., M,}.

Because of the existence of environmental noise in real neural networks, the stochastic
disturbances should be taken into account in the recurrent NN. For this purpose, we modify
the system (2.1) as the following SNN:

dx(t) = [~Ax(t) + Bf(x(t)) + J]dt + h(t, x(t))dew(t), (2.4)

where w(t) = (w1 (t), wa(t),...,wu(t))T € R" is an n-dimensional Brownian motion defined
on the probability space (2, F, { ¥}, P) satisfying the usual conditions (i.e., the filtration
contains all P-null sets and is right continuous). The white noise dew;(t) is independent of
dwi(t) for i# j. The intensity function h is the noise intensity function matrix satisfying the
following condition:

trace [hT(t,x(t)) : h(t,x(t))] < [Mux(®)| (2.5)

where M}, is a known constant matrix with compatible dimensions.

In this paper, we want to control the SNN (2.4) to the desired state x*, which is an
equilibrium point of NN (2.1). Based on the discussions in many other papers, the stochastic
perturbation will vanish at this equilibrium point x*, that is, h(t,x*) = 0. Without loss of
generality, one can shift the equilibrium point x* to the origin by using the translation y(t) =
x(t) — x*, which derives the following stochastic dynamical system:

dy(t) = [-Ay(t) + Bg(y(t))]dt + h(t, y(t))dw(t), (2.6)

where g(y(t)) = f(x(£) + x7) = f(x()).
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Consider the SNN (2.6) with parameter uncertainties: the parameter matrices A and B
are unknown but bounded, which are assumed to satisfy

A€ A, B € By, (2.7)

where A; = {A|0<gi§aisﬁi},Blz{B|QijSbijSE,-j},andi,jzl,Z,...,n.
We denote that A = diag(a,,a,,...,a,), A = diag(ai, az,...,an), B = (Ql.j)nxn,
B = (bij)yns Ao = (1/2)(A + A), By = (1/2)(B + B), Ay = (1/2)(A - A):= diag(a,

a2/~- -/Ein)/ Bl = (1/2)(§ - E):: (Ei]')nxn/ EA = dlag(\/a/ \/72/'- -/\/Z)/ EB =

[\/E»nel,...,\/BZel,...,\/aen,...,\/aen]nxnz, and Fp = [\/ael,...,\/aen,...,\/ael,

., Ennen];xn, where e; € R" is the column vector with the ith element 1 and 0 elsewhere.
Fori,j=1,2,...,n,let

A={AeR™ | A =diag(6,,6,...,6,), |6:] <1},

252 (2.8)
Q= {Q e R | Q= diag(wi1, -, Win, -, Wn, -, Wy, |wij| < 1}.
Then, through simple manipulations, one has
AI={A=A0+EAAEA|AEA}, BI={B=B0+EBQFB|QGQ}. (29)

In order to stabilize the SNN (2.4) to the equilibrium point x*, equivalently, one can
stabilize the SNN (2.6) to the origin due to the transformation. Hence, in the remainder of this
paper, a controller u(t) will be designed for the stabilization of SNN (2.6) in mean square. The
controlled SNN can be described by the following stochastic differential equation (SDE):

dy(t) = [-Ay(t) + Bg(y(t)) +u(t)]dt + h(t, y(t))dw(t). (2.10)
Similar to [30-33], the controller is designed as follows:

u(t) = —kiy(t) - ko sign(y(t)) |y(t) . (2.11)

where [y ()] = (i1 (D% ly2 (DI, .., lya(OIF)7, sign(y(D) = diag(sign(y: (1), sign(y2(H), ..,
sign(y,(t))), constants ki, k, are gain coefficients to be determined, and the real number a
satisfies 0 < a < 1. In fact, here the continuous function u(t) in the SNN (2.10) is the key point
for ensuring the finite-time stabilization.

Obviously, when 0 < a < 1, the controller u(t) is a continuous function with respect
to y, which leads to the continuity of controlled system (2.10) with respect to the state y(t)
[30-33]. If « = 0, u(t) turns to be a discontinuous one, which has been considered in [34-36].
If & = 1 in the controller (2.11), then it becomes the typical stabilization issues which only can
realize an asymptotical stabilization in infinite time [3-5].

Similar to the definition of finite-time stability in probability [29], the finite-time
stabilization in probability is given through the following definition.
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Definition 2.2. The system (2.6) is said to be finite-time stabilized at the original point by
the controller (2.11) in probability, that is, the controlled SNN (2.10) is finite-time stable in
probability [37] if, for any initial state x(0), there exists a finite-time function Tj such that

P{lly] =0} =1, vi>T, 2.12)
where Ty = To(y(0),w) = inf{T > 0 : y(t) = 0,Vt > T} is called the stochastic setting time
function satisfying E[Tj] < co.

The following lemmas are needed for the derivation of our main results in this paper.

Lemma 2.3 (see [38]. (Itd’s formula)). Let x(t) ba an n-dimensional Itd’s process on t > 0 with the
stochastic differential

dx(t) = f(t)dt + g(t)dew(t). (2.13)

Let V(x(t),t) € C*Y(R" x R*;R*). Then, V(x(t),t) is a real-valued Itd’s process with its stochastic
differential given by

AV (x(£),1) = £V (x(t) Dt + Vi(x(t), Dg (D),
(2.14)
2V (x(0),£) = ViCx(t) ) + VaGe(t), D (1) + 5 trace (87 (Ve (x(0), 039,

where C*'(R™ x R*) denotes the family of all real-valued functions V(x(t),t) such that they are
continuously twice differentiable in x and t.

Lemma 2.4 (see [29]). Consider the stochastic differential equation (2.13) with f(0) = 0and g(0) =
0 and assume system (2.13) has a unique global solution. If there exist real numbers n > 0 and
0 < a <1, such that for the function V(x) in Lemma 2.3,

2V (x) < -n(V(x)", (2.15)

then the origin of system (2.13) is globally stochastically finite-time stable, and E[Ty] < (V (x0))' ™/
n(l-a).

Lemma 2.5 (see [39]). If a1, ay, ..., a, are positive number and 0 < r < p, then

n 1/p n 1/r
<Za5> < <Za;> | 2.16)
i=1 i=1

Lemma 2.6 (Boyd et al. [40]). If U, U(t), and 10 are real matrices of appropriate dimension with N
satisfying N = AT, then

N+UuUVHW+ W' U <o (2.17)
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for all UT (H)U(t) < 1, if and only if there exists a positive constant \, such that
N+ 17 UUT + 12070 < 0. (2.18)

3. Main Results

In this section, we first give some theorems in detail to guarantee that the original point of
SNN (2.6) is stabilized in finite time, that is, the controlled system (2.10) with (2.11) is finite-
time stable in probability. Then, for SNN (2.6) with parameter uncertainties, we provide a
sufficient condition under which the controlled system (2.10) is robust finite-time stable in
probability. Finally, the control gains k; and k; are designed by solving some linear matrix
inequalities.

Theorem 3.1. The controlled system (2.10) with (2.11) is finite-time stable in probability, if there
exist a constant € and a positive-definite matrix P € R™" such that

—2PA -2kiP + & 'PBB"P + eM" M + Appax (P) M} M), < 0. (3.1)

Moreover, the upper bound of the stochastic settling time for stabilization can be in terms of the initial
errors as (Amax(P) / Amin(P)) - (Iy (O)I'™*/k2 (1 ~ t)).

Proof. Consider the controlled system (2.10) with the controller (2.11), we have
dy(t) = [-(A+kiDy(t) + Bg(y(t)) — kasign(y(t)) |y (®)|*]dt + h(t, y(t))dew(t). (3.2)

Next, we will prove system (3.2) is finite-time stable in probability based on Definition 2.2.
To this end, choose the candidate Lyapunov function V (y(t)) = y' (t) Py(t) and calculate the
time derivative of V (y(t)) along the trajectories of the augmented system (3.2). By the It6’s
formula, we obtain the stochastic differential as

dv (y(t)) = LV (y()dt + 2y () Ph(t, y(t))dew(t), (33)

where

2V (y(t) = 2y" (1) P[(—A - ki D)y (¢) + Bg(t) - ky sign(y () |y (£)|*] + trace [hT(t)Ph(t)]
=2yT ()P(-A — ki I)y(t) + 2y (1) PBg(t) + trace [hT(t)Ph(t)]

- 2koy" (1) Psign(y (1)) |y (8)|*.
(3.4)
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From condition (2.3), using the inequality xTy + yTx < exTx + e 'y'y, where ¢ > 0 is
an arbitrary constant, we have

2y" (H)PBg(t) < e 'y" () PBB" Py (t) + eg" (t)g(t)

(3.5)
<e'yT () PBBT Py(t) + ey’ (t)M” My(t).
Combining (2.5), (3.4)-(3.5) results in
2V (y(1) <y (t) [—PA —~ ATP -2kP + ¢ 'PBBTP + e MM + Amax(P)M,{Mh]
n ) (3.6)
xy(t) - 2k2)~min(P)Z|yi(t) |
i=1
From 0 < & <1 and Lemma 2.5, we get
n o\ V(@) n N\ /2
(Elwor) 2 (Blwor) 67)
then,
n (a+1)/2
a i 2 (a+1)/2
Slnol 2 (S ) = [y ovo] " (3)
i=1 i=
Thus, based on condition (3.1), taking the expectations on both sides of (3.3), we have
. (a+1)/2
BaV (y(0) } < 2o P)={ [y 00] )
< 2Kz - Ammin(P) Dhmnan (PYT P PE{ V (1) 72}, (3.9)

and E{V(lx+1)/2(y(0))} = (]E{V(y(o))})(ml)/z'

By Lemma 2.4, V (y(t)) stochastically converges to zero in a finite time, that is, the controlled
system (3.2) is finite-time stable in probability, and the settle time is upper bounded by

S ) Sl \A 7))
p= 2ks - Amin (P) - (1 — ) /2)

- P P12 L P2y )], (3.10)
- )Lmin(P) : k2(1 - “)

(P [y
B -)Lmin(P) k2(1 - a) .

This completes the proof. O
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Remark 3.2. The two gain parameters k; and k> in the controller u(t) play different roles in
ensuring the finite-time stability of the controlled system (3.2). We can see from Theorem 3.1
that, whether or not the controlled system (3.2) could realize the finite-time stability mainly
depends on the value of ki and satisfies condition (3.1) but nothing on k. However, the size
of the settle time depends on the value of k; but unrelated to ki, the only requirement for the
gain k; is satisfying condition (3.1).

Remark 3.3. In [31, 32, 35, 41], the candidate Lyapunov function V(t) was chosen as a simple
form of V() = y* (#)y(t) and then the upper bound of settle time turns to be ||y (0)||*™*/ k(1 -
a). In this paper, in order ro reduce some conservation of conditions in Theorem 3.1, a positive
definite matrix parameter P is introduced such that condition (3.1) is easier to be satisfied.
And the previous conclusions could be included by our results if the matrix P = pI is taken,
where p is a arbitrary constant, just as shown in the next corollary.

Corollary 3.4. The controlled system (3.2) is finite-time stable in probability, if there exist two con-
stants € and p such that

-2pA - 2kipI + e 'p?’BB" + eM" M + pM! M}, < 0. (3.11)
Moreover, the upper bound of the settle time is

o)
T —_ m. (3.12)

Our next goal is to deal with the design problem, that is, giving a practical design
procedure for the controller gains: k; and kp, such that the inequalities in Theorem 3.1 or
Corollary 3.4 are satisfied. Obviously, those inequalities are difficult to solve, since they are
nonlinear and coupled. A meaningful approach to tackling such a problem is to convert
the nonlinearly coupled matrix inequalities into linear matrix inequalities (LMIs), while the
controller gains are designed simultaneously.

Based on the discussion in Remark 3.2, the parameter gain k; is one of the primary
factors that affect the size of the settle time, which is unrelated to condition (3.11). Hence, in
the following discussion, we will fix the gain parameter k, and mainly focus on the design of
control gain k;. We claim that the desired controller gain k; can be designed if a linear matrix
inequality is feasible.

Theorem 3.5. For a fixed control gain k», the finite-time stabilization problem is solvable for the SNN
(2.6), if there exist three positive scalars p, K, and € such that

* -l 0
* *x —€l

-2pA-2KI+pM; M, pB eMT”
<0 (3.13)

Moreover, the control gain coefficient ky = p1 K.



Abstract and Applied Analysis 9

Proof. The result can be proved by pre- and post-multiplying the inequality (3.13) by
the block-diagonal matrix diag{I,e /21, 1/2I} and then following from the famous Schur
complement lemma and Corollary 3.4 and we omit it here.

Just as mentioned in Introduction, when modelling a dynamic system, one can hardly
obtain an exact model. Specially, in practical implementation of neural networks, the firing
rates and the weight coefficients of the neurons depend on certain resistance and capacitance
values, which are subject to uncertainties. It is thus necessary to take parameter uncertainties
into account in the considered neural network. In the following, we consider the robust finite-
time stabilization issue for SNN (2.6) under the parametric uncertainties (2.7). O

Theorem 3.6. The interval SNN (3.2) with uncertain parameters (2.7) is robust finite-time stable in
probability, if there exist three constants €, M1, A, and a positive-definite matrix P € R™" such that

(o] PB, eMT PE, PEg

* —el + /\2FIT;PB 0 0 0

* * -l 0 0 <0, (3.14)
* * * =4I 0

* * * * =\l

where ® = =2PAg - 2k + PMI My, + MEL E o and 1 = diag(I, I).

Proof. From Theorems 3.1 and 3.5, we know that the SNN (3.2) is finite-time stable in
probability, if there exist a constant € and a positive-definite matrix P € R™" such that the
following LMI holds:

-2PA-2KI+PM{M; PB eM"
* -l 0 <0 (3.15)
* *x =€l
Thus, for the uncertain parameters satisfying (2.7), we have
—2P(Ag + EAAEA) —2KI + PM{ M}, P(By+ EgQFg) eMT”
Y= * —el 0
* * —€l
(3.16)

* -l 0 * 0 0
* *x  —el * * 0

<—2PA0—2K1+PM£M;I PB, sMT> <—2PEAAEA PERQFg 0>
= + <0
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For the second term in the above equality, it is easy to have

-2PE,AE, PEQFg 0 PE4 Ea
* 0 0)= 0 A(E4 0 0)+( O )JA(EAP 0 0)
* * 0 0 0
PEj 0
+ 0 JQ(0 Fp 0) + Pg Q(EEP 0 0).
0 0

Then, based on Lemma 2.6, (3.16) and (3.17), there exist two constants \; and \; such

(3.17)

that

2P Ay - 2KI + PMIM,, PBy eMT
Y= * -l 0
< * * —sI>
)LIlpEAEAP +MEAEA 0O )LElPEBEIT;P 0 0 (3.18)
0 00 0 0 0

<0.
Then the result can be proved by the famous Schur complement lemma and condition (3.14).
O
Corollary 3.7. For a fixed control gain ky, the finite-time robust stabilization problem is solvable for

the SNN (2.6) with (2.7), if there exist five positive scalars p, K, €, A1, and A, such that

) pBo eMT pEs pEs

*x —el + AzF};FB 0 0 0

* * -l 0 0 <0, (3.19)
* * *x =M1 0

* * * * =\l

where ® = —2p Ay — 2KI + pMF My, + M ELE 4. Moreover, the control gain coefficient ki = p~ K.

Proof. Let P = pI and we can prove the result based on Theorem 3.6. O

4. Two Numerical Examples

Example 4.1. Consider the following stochastic neural network:

dx(t) = [~Ax(t) + Bf (x(t)) + J]dt + h(t, x(t))dw(t), (4.1)
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x (1)

0 2 4 6 8 10 12 14 16 18 20
®)

— ) — x(t)

— n()

Figure 1: Trajectories of SNN (4.1) without any controller in Example 4.1.

where

02 0 0 1 -02 02 0
A=]|0 02 0], B=Jo1 1 02|, 7J=]o|, (4.2)
0 0 02 03 02 1 0

h(t,x(t)) = diag(tanh(x;(t)), tanh(x,(t)), tanh(x3(t))), and the activation function is taken as
f(s) = tanh(s). Then, it is obvious that M = M}, = I3, where I3 is a 3 x 3 identity matrix.
The SNN (4.1) with the above-given parameters is depicted in Figure 1 with initial values
x(0) = [1,-1,3]".

The stabilization controller is designed as

u(t) = —kyx(t) - ky sign(x(t))lx(#)|%, (4.3)

where the parameter a is chosen as 0.5 and the initial value x(0) = [1, -1,3]". Then, ||x(0)|| =
3.3166.

According to Theorem 3.5 and using Matlab LMI toolbox, we solve the LMI (3.13), and
obtain p = 2.8118, K = 10.8900, and ¢ = 10.1114. Then by Theorem 3.5, the desired controller
parameter can be designed as k; = 3.8730.

By choosing an arbitrary fixed gain k,, SNN (4.1) can be stabilized in finite time in
probability. Taking k, = 1, for example, we can obtain the upper bound of the settle time
T = ||x(0)||**/k2(1 — a) = 3.6423.

Simulation result is depicted in Figure 2, which shows the states x1(t), x2(t), and x5(t)
of the controlled SNN (4.1). The simulation result has confirmed the effectiveness of our main
results.



12 Abstract and Applied Analysis

x (t)

s/

— xt) — x()
— x(t)

Figure 2: Trajectories of SNN (4.1) under the controller (4.3) with k; = 1 in Example 4.1.

Example 4.2. Still consider the SNN (4.1) with second-order parameter uncertainties:

10 — 50 0.3 0.2 — 04 03
4= [o 1]' A= [o 1.5]' B= [0.2 0.3]' B= [0.3 0.5]' (44)

The parameter a in the controller (4.3) is chosen as 0.5 and the initial value x(0) =
[1,-1]". Then, [|x(0)]| = 1.414. According to Corollary 3.7 and using Matlab LMI toolbox,
we solve the LMI (3.19) and obtain p = 5.3906, K = 10.0457, ¢ = 12.5372, A; = 21.7115,
and A, = 20.9350. Then by Corollary 3.7, the desired controller parameter can be designed as
ky = 1.8635.

By choosing an arbitrary fixed gain k>, SNN (4.1) can be robustly stabilized in finite
time in probability. Taking k> = 1.5, for example, we can obtain the upper bound of the settle
time T = ||x(0)||'™*/k2(1 — a) = 1.5856.

Simulation result is depicted in Figure 3, which shows the states x; (t) and x,(f) of the
second-order controlled SNN (4.1). The simulation result has confirmed the effectiveness of
our main results.

5. Conclusions

In this paper, we have investigated the issue of finite-time stabilization for SNNs with noise
perturbations by constructing a continuous nonlinear stabilizator. Meanwhile, Based on the
Lyapunov-Krasovskii functional method combining with the LMI techniques, a sufficient
criterion is derived for the states of the augmented system to be global finite-time stable
in probability. Subsequently, for SNNs with parameter uncertainties, the robust finite-time
stabilizator could be designed well. Finally, two illustrative examples have been used to
demonstrate the usefulness of the main results. It is expected that the theory established in
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1.5

0 0.5 1 1.5 2 2.5 3
6]
— x(t)
— x(t)

Figure 3: Trajectories of SNN (4.1) under the controller (4.3) with k, = 1.5 in Example 4.2.

this paper can be widely applied in delayed systems, particularly in those discontinuous
cases. It will be an interesting topic in our future research.
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The global exponential stability and uniform stability of the equilibrium point for high-order
delayed Hopfield neural networks with impulses are studied. By utilizing Lyapunov functional
method, the quality of negative definite matrix, and the linear matrix inequality approach, some
new stability criteria for such system are derived. The results are related to the size of delays and
impulses. Two examples are also given to illustrate the effectiveness of our results.

1. Introduction

In the last several years, Hopfield neural networks (HNNs) have received especially
considerable attention due to their extensive applications in solving optimization problem,
traveling salesman problem, and many other subjects, see [1-17]. However such neural
networks are shown to have limitations such as limited capacity when used in pattern
recognition problems, see [2, 3]. This led many researchers to use neural networks with high
order connections. The high-order neural networks have stronger approximation property,
faster convergence rate, greater storage capacity, and higher fault tolerance than lower-
order neural networks. Recently, various results on stability of high-order delayed HNN
are obtained, see [11-15]. For example, Lou and Cui [13] studied the global asymptotic
stability of high-order HNN with time-varying delays by using Lyapunov method, linear
matrix inequality (LMI), and analytic technique as follows:

xXj(t) = —coxi(t) + D aij fi (xj (1) + D biig; (xj (t - 7(D)))
= =
(1.1)

+ D > Tigi(xalt —n(t) g (xj(t—7j()) + L, t>ty, i=12,...,n
j=11=1
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But the authors only obtained some global asymptotic stability criteria for the above high-
order HNN. Those results cannot ensure the global exponential stability of the equilibrium
point. It is well known that global exponential stability plays an important role in many
areas such as designs and applications of neural networks and synchronization in secure
communication [5, 17-23]. One purpose of this paper is to improve the results in [13]. We
obtain several new criteria on global exponential stability and uniform stability for the above
high-order HNN.

On the other hand, it is well known that the artificial electronic networks are subject
to instantaneous perturbations and experience change of the state abruptly, that is, do exhibit
impulsive effects. Such systems are described by impulsive differential systems which have
been used successfully in modeling many practical problems arisen in the fields of natural
sciences and technology, see [12, 24-30]. Hence, it is very important and, in fact, necessary to
investigate the issue of the stability of high-order delayed HNN with impulses. However, to
the best of the authors” knowledge, there are few results on the stability of high-order delayed
HNN with impulses. In [12], Liu et al. obtained some sufficient conditions for ensuring global
exponential stability of impulsive high order HNN with time-varying delays by using the
method of Lyapunov functions.

The purpose of this paper is to present some new criteria concerning the global
exponential stability and uniform stability for a class of high-order delayed HNN with
impulses by utilizing Lyapunov functional method, the quality of negative definite matrix,
and the linear matrix inequality approach. The conditions on impulses are different from that
presented in [12]. The effects of impulses and delays on the solutions are stressed here. As a
special case, several new criteria on global exponential stability and uniform stability for the
corresponding high-order HNN without impulses (see [13]) are obtained. To illustrate the
validity of those results, two examples are given to illustrate the effectiveness of the results
obtained.

2. Preliminaries

Let R denote the set of real numbers, R, the set of nonnegative real numbers, Z, the set of
positive integers, and R” the n-dimensional real space equipped with the Euclidean norm
-1l

Consider the following high-order delayed HNN model with impulses

xi(t) = —cixi(t) + D aiif(xj () + D bijgj (xj(t = T(1))
j=1 j=1

+ iinﬂgl(xl(t —7(1)gi(xj(t—=T(t)) +Li, t#tx, t>t, 1)

j=11=1

Axilt:tk = xl(tk) —Xi (t;)l i€ A/ ke Z+/

where A = {1,2,...,n}, n > 2 corresponds to the number of units in a neural network; the
impulse times t; satisfy 0 <ty < t; < -+ <t < ---, limg_ 10tk = +00; x; corresponds to the
membrane potential of the unit i at time ¢; ¢; is positive constant; f;, g; denote, respectively,
the measures of response or activation to its incoming potentials of the unit j at time ¢ and
t — (t); T;j is the second-order synaptic weights of the neural networks; constant a;; denotes
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the synaptic connection weight of the unit j on the unit i at time ¢; constant b;; denotes the
synaptic connection weight of the unit j on the unit i at time ¢t — 7(¢); I; is the input of the
unit i; 7(t) is the transmission delay such that 0 < 7(t) < Tand 7(t) < p <1, t > to; T, p are
constants.

The initial conditions associated with system (2.1) are of the form

x(s) = ¢(s), s € [to— 7, to], (2.2)

where x(s) = (x1(s),%2(5), ., %u(5))", P(5) = ($1(5), pa(s), ..., Pu(s))" € PC([-7,0],R"),
PC([-7,0],R") = {¢ : [-7,0] — R"is continuous everywhere except at finite number of
points t, at which ¢s(¢]) and ¢ (¢, ) exist and ¢ (t;) = ¢(tx) }. For ¢ € PC([~7,0], R"), the norm
of ¢ is defined by ||¢s||; = sup_, g, l¢r(0)]. For any ¢y > 0, let PCs(t9) = {¢g € PC([-7,0],R") :
Iyl < 6.

Assume that x* = (x},x3,..., x:)" is an equilibrium point of system (2.1). Impulsive
operator is viewed as perturbation of the equilibrium point x* of such system without
impulsive effects. We assume that

Axily = xi(t) - xi(5) =dP (xi(t) - x7), dP €R, i€ A, keZ,. (2.3)

Since x* is an equilibrium point of system (2.1), one can derive from system (2.1)-(2.2)
that the transformation y; = x; — x}, i € A transforms such system into the following system
(for more details, please see papers [12, 13]):

¥(t) = - Cy(t) + AF(y(t)) + BG(y(t - 7(t)))
I'T*G(y(t—-7(t)), t#t, t>ty,
+ (yt-7()), t#k 0 s
y(ty) = Dyy(ty), keZ,

y(tO + 9) = (/)(6), RS [_Tl O]/
where

9(0) = x(to+0) - x*,  y(t) = (1 (1), 12(8), .., ya(®)",
y(t=7()) = (Nt =T®), yo(t =7(1), ..., yu(t = T(1))),
F(y(®) = [Fi(y1(9), F2(y2(0), -, Fu(ya(®)]",
Gly(t-7(t) = [Gi(yi(t = 7(1))), G2 (vt = T(1))), -, G (yu(t = 7(1))],
Fi(yi0) = fi(x; +yi0) - fi(x),  Gilyt-®)) = g (x; +yit=v®)) - g1 (%)),
C=diagle, o eeovenl, A= () B= i)y Ti= (Tit)

T
T = (T + T, T+ T],... T, +T}) ,
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I =diaglg,¢,---.6l,  6=(c1,62---,6n)",

Dy = diag[1+d{’,1+d,...,1+4d"],
(2.5)

in which g is a real value between g (x;(t — 7(t))) and gi(x]), [ € A.

Remark 2.1. Obviously, (0,0,..., O)T is an equilibrium point of (2.4). Therefore, there exists at
least one equilibrium point of system (2.1). So, the stability analysis of the equilibrium point
x* of (2.1) can now be transformed to the stability analysis of the trivial solution y = 0 of
(2.4).

In the following, the notations X” and X! mean the transpose of and the inverse of
a square matrix X. We will use the notation X > 0 (or X < 0, X > 0, X < 0) to denote that
the matrix X is a symmetric and positive definite (negative definite, positive semidefinite,
negative semidefinite) matrix. Let Amax(X), Amin(X), respectively, denote the largest and
smallest eigenvalue of matrix X.

Throughout this paper, we assume that there exist constants y; > 0, M, N > 0 such that

18i(x) < yi i € A, FT(y)F(y) < My"y, G"()G(y) < Ny'y.

We introduce some definitions as follows.
Definition 2.2 (see [5]). Leting V : R, x R" — R,, for any (t,x) € [tk-1,tk) x R", the upper
right-hand Dini derivative of V (¢, x) along the solution of (2.4) is defined by

D*V(t x) = lim sup%{V[t +h,x+ h< —Cy(t) + AF(y(1)) + BG(y(t - 7(1)))
h=0r (2.6)

+ITT*G(y(t - T(t))))] - V(t,x)}.

Definition 2.3 (see [25]). Assume y(t) = y(to, ¢)(t) is the solution of (2.4) through (to, ¢). Then
the zero solution of (2.4) is said to be uniformly stable, if, for any € > 0 and ¢y > 0, there exists
some 6 = 6(¢) > 0 such that ¢ € PCs(ty) implies ||y (t)|| < €, t > to.

Definition 2.4 (see [5]). The equilibrium point x* of the system (2.1) is globally exponentially
stable, if there exists constant u > 0, M > 1 such that, for any initial value ¢,

et ) () - x| <Ml - [, 21, @7)

Next, in order to obtain our results, we need to establish the following lemma.

Lemma 2.5 (see [13]). For any vectors a,b € R", the inequality
2a'b<a’Xa+b"X b (2.8)

holds, in which X is any n x n matrix with X > 0.



Abstract and Applied Analysis 5

Lemma 2.6 (see [31]). Let X € R™™", then

)‘min(X)aTa < a'Xa < /\max(X)aTa (29)

for any a € R" if X is a symmetric matrix.

3. Main Results

In this section, some sufficient delay-dependent conditions of global exponential stability and
uniform stability for system (2.1) are obtained.

Theorem 3.1. Assume that there exist constants e* > 0, 6* € [0, €*) and nxn symmetric and positive
definite matrices P, Q1, Qo such that

(i)
Nmax (Qa + T*7T*)
€'P — PC — CP + PAQ;' AT P + Anax(Q1) ME + E
T-p (3.1)
+e™ PBQ;'B"P +e™ ||x||*P?* <0,
where X= (Xlr X2/---, xn)T/
(ii) there exists constant W > 0 such that
m
Zln max{fk, 1} = 6*(tm —to) <W Vm € Z, holds, (3.2)

k=1

where 1. is the largest eigenvalue of P'DyPDy, k € Z..

Then the equilibrium point of the system (2.1) is globally exponentially stable and the
approximate exponential convergent rate is (¢* — 6*)/2.

Proof. We only need to prove that the zero solution of system (2.4) is globally exponentially
stable. For any t5 > 0, let y(¢) = y(to, ¢)(t) be a solution of (2.4) through (o, ¢).
Consider the Lyapunov functional as follows:

t
f e“*GT (y(s)) <Q2 + T*TT*>G(y(s))ds, (3.3)

t—7(t)

V) ="y Py () + 7
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then we have

Amin(P)e |y |)* < V(1)

)lmax (QZ + T*TT*>Nes*t(1 _ e—s**r(t))

< Amax (P [ly (1) |* + =0 ) lyoll:
)‘max <Q2 + T*TT*>N(1 - e_E*T) - 2
< <AmaX<P> + e=p) ely®|lz-
(3.4)
By Lemma 2.5, we get
2y" ()PAF (y (1)) = 2F" (y(t)) A" Py(t)
< F'(y(1)QiF(y()) +y" () PAQ* AT Py(t)
(3.5)

<o (QUFT (y())F(y (1)) + y" ()PAQT AT Py (t)
<y ()| PAQI"ATP + Lo (QME]y (1),
2y (OPBG(y(t = 7(1))) = 2G" (y(t = 7(£)) B Py (t)
- 206 (vt -r®))Ve] (BTPy(t)Ver)

(3.6)
<e ™G (y(t-7(1)QG(y(t-7(1))
+e™ y' (t)PBQ,'B' Py(t).
On the other hand, since I''T = |[g||>E and |[g|| < ||x||, then we have
YT (t)PTTTPy(t) < ||x|*y" (t) PPy (t), (3.7)

where y = (1, x2,---» xn)'
Thus, we obtain

2y" ()PI'T*G(y(t - 7(1))) = 2G" (y(t — (1)) T* TPy 1)
= Z[T*G(y(t - T(t)))\/e*Tf*]T<l"Py(t) \/ere*)
<e TG (y(t —T(1)) T T*G(y(t - T(t)) + e yT () PTTTPy(t)

<e G (y(t-7(1)) T T*G(y (t-7(1)) +e™ | x| "y (P2 (8).
(3.8)
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Now we consider the derivation of V along the trajectories of system (2.4), for t € [tk tk+1),
keZ,,

DV (b)lea = e'e'y" (HPy () + e {y" ()Py() +y (HPy (1)}

1 Tk
e G (y(1)(Q+T"T)G(y 1)

1-17 .
_ %(pt)eE (t—T(t))GT(y(t —T(t)))<Q2 + T*TT*>G(y(t —T(t)))

< eeyT (O Py (1) + ey (6)(-CP - PC)y (1) +2y" () PAF (y(1))
+2y" () PBG(y(t - 7(t)))

+2y" () PTTT*G(y(t - T(t))) }
+ Les*fGT(y(t)) <Q2 +T *TT*)G(y(t))
I-p

— e DG (y(t - 7()) (Qo + T T) Gyt - 7(1)))
< ety (t) {g* P - PC~-CP +PAQ;"ATP + Amax(Q1) ME

Nmax (Qo + T*TT*
— <1 - ) E+e™ PBQ;'B'P+e™ || x| P }y(t)

(3.9)

Moreover, we note

V(tx) = e "y" (t) Py (te) +

tx
f e G’ (y(s)) <Q2 + T*TT*>G(y(s))ds
b= (tx)

I-p

-
= eE*tkyT(t;)DkPDky(t;) + ﬁ I '

t—T(t

e“*GT (y(s)) (Qz + T*TT*>G(y(s))ds

4ty - - 1 i £*'s * T
<e ey’ () Py (k) + —p LkT . e GT(y(S))(Qz +TT >G(V(S))d5

< max{n, 1}V (t).
(3.10)
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By simple induction, considering (3.4)—(3.10), we get, for k > 1,

LinP)e |y < V(#) < Vito) T max{n, 1) (3.11)

to<ti <t

On the other hand, from (3.4), we get

Amax Qa2+ T*TT*)N (1= 757)
e(1-p)

E*f()

V(to) < | Amax(P) + ol (3.12)

T

Substituting the above inequality into (3.11), we obtain

Amax (P) N Amax (QZ + T*TT*>N(1 _ e—s*r)

0| < e=s () max {7,
”y ” Jlmin(P) 5*(1 - P))tmin(P) ” tol:t,:[<t nk
(3.13)
In view of condition (ii), we furthermore have
)] < Me '~ -t , t>t, 3.14
y ((e7=6%)/2)(t-to) 9|, ( )
where
Amax (Qo + T*ITT*)N (1 - 7€'7
M = )Lmax(P) + < 2 ) ( ) eW > 1. (315)

-/\min(P) E*(l - p))tmm(P) -

Hence, the zero solution of system (2.4) is globally exponentially stable; that is, the
equilibrium point of system (2.1) is globally exponentially stable and the approximate
exponential convergent rate is (¢*—6*) /2. The proof of Theorem 3.1 is therefore complete. [

Remark 3.2. In Theorem 3.1, we find that condition (i) can be replaced by

*T
NJ{maX(QZ)E 4 N')Lmax (T r >E
1-p 1-p (3.16)

£ P~ PC —CP + PAQ; ' ATP + Aax(Q1) ME +

+e™ PBQ;'B"P + ™ ||x||*P? < 0.

Leting P = Q; = Q; = E in Theorem 3.1, then we have the following.
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Corollary 3.3. Assume that there exist constants * > 0, 6* € [0, €*) such that
@)

N (T*TT*)
N Cw g N TTAmax R (3.17)
)‘maxs € M 1_P 1_P € ”X” 4

where Y, is the largest eigenvalue of ~2C + AAT + ™ BBT;

(ii) there exists constant W > O such that

" N2
Zln max{m?\x<1 + d,(cl)> ,1} ~ 6" (tm—t)) <W VYm € Z, holds. (3.18)
k=1 1€

The equilibrium point of the system (2.1) is globally exponentially stable and the approximate
exponential convergent rate is (e* — 6*) /2.

Furthermore, if d,(: ) ¢ [-2,0] in Corollary 3.3, then we have the following result.

Corollary 3.4. The equilibrium point of the system (2.1) is globally exponentially stable, if d,(:) €
[-2,0], and there exists constant €* > 0 such that

N(1 + AmaX<T*T:r*>)

2C+AAT + ™ BBT + |+ M + -

e |xIP[E<o.  (319)

Remark 3.5. In fact, Theorem 3.1 implies that if supkeﬂnil(l + ﬂgi))2 < oo, then one may
choose 6* = 0. On the other hand, Luo an Cui [13] obtained some results on global asymptotic

stability. However, those results cannot ensure the global exponential stability. Let d](j) =0
(i.e., Di = E) in Corollary 3.4, then we can obtain the desirable result as follows.

Corollary 3.6. The equilibrium point of the system (2.1) without impulses is globally exponentially
stable, if there exist n x n symmetric and positive definite matrices P, Q1, Q such that

N o <Q2 + T*TT*)
1-p E (3.20)

~ PC - CP + PAQ;'ATP + Anax(Q1) ME +

+ PBQ;'B"P + ||y|*P? < 0.

Furthermore, if P = Q1 = Q, = E in Corollary 3.6, then it becomes as follows.
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Corollary 3.7. The equilibrium point of the system (2.1) without impulses is globally exponentially
stable, if the following condition holds:

N (T*TT*)

-2C + AAT + BB +
I-p

" <1]yp M ||X||2>E <0. (3.21)

Remark 3.8. Corollaries 3.6 and 3.7 imply that if the above inequality holds, then there
exists enough small £ > 0 such that all conditions in Corollary 3.4 are satisfied. Hence,
Corollaries 3.6 and 3.7 supplied a new criteria for global exponential stability of equilibrium
point of the system (2.1) without impulses.

Next we can establish a theorem which provide sufficient conditions for uniform
stability of system (2.1) by constructing another Lyapunov functional. Here we shall
emphasize the effects of impulses.

Theorem 3.9. Assume that there exist n x n symmetric and positive definite matrices P, Q1, Q, such
that the following condition

N (Q2 + T7T*) / &
~PC - CP + PAQ'ATP + Anax(Q1)ME + =, <Hﬂs> E

o=t (3.22)
-1

k -1 k
+<Hns> PBQ,'BP + <Hqs> lxIPP> <0 Vk € Z, holds,
s=1 s=1

where supkeZJ_[’s‘:lqs < oo, 1k is the largest eigenvalue of P~ Dy PDy.
Then the equilibrium point of the system (2.1) is uniformly stable.

Proof. We only prove the zero solution of system (2.4) is uniformly stable. For any ¢ > 0,
to >0, ¢ € PCs(to), let y(t) = y(to, ¢)(t) be a solution of (2.4) through (o, ), to > 0, then we
can prove that ||y (t)|| <€, t > to,

where
)‘min P . k
6= £V/Amin(P) , HZSUPHns- o)
\/?l\/kmaX(P) + ()‘max (Qz + T*TT*>N1ZT/(1 - P)) keZ, s=1

Consider the following Lyapunov functional

t
V() =y OPY(® + 5 fp f <HqS>GT(y(s)) (Q+TT")G(y(s))ds,  (3.24)

t=7(t) \ to<t
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then we have

Anin(P) [y ) ||* < V (£)

Amax (Qa + T*TT*) Ny )
1= ly®l;
P (3.25)

-)Lmax Q2+T*TT* NTIT
< (Amx(PH ( ) >Ily(t>lli-

I-p

< dmax(P) |y @) || +

Applying the same argument as Theorem 3.1, we get

2y (PAF(y() <y (1) [PAQ ATP + Anar (Q) ME]y (1),

k
2y" () PBG(y(t - 7(t))) < <Hﬂs>GT(y(t - 7(1)) QG (y(t — 7(t)))
s=1

k -1
+ (Hrzs> y' () PBQ;' BT Py(t), (3.26)
s=1

k
2y"(PITT*G(y(t - 7(1))) < <Hns>GT (y(t -t T T*G(y(t - 7(t)))
s=1

k -1
+<H’Zs> x|’y () Py ().
s=1

By simple calculation, we can obtain, for t € [tx, tx.1), k € Zs,

D*V(t)|@3) = y" ()(-CP - PC)y(t) + 2y" (1) PAF (y(t)) + 2y () PBG(y(t - 7(t)))

+2yT (HPTTT*G(y(t - 7(t))) + : ip

<ﬁﬂ> G (y(®)) <Q2 + T*TT*>G(y(t))

1-#(t)
e

k
<Hn5> G (y(t-7(t))(Q+ T T)G(y(t - 7(1)))
s=1
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< yT(t){— PC - CP+PAQ'ATP + Amax (Q1) ME

Nmax(Q2 + T*'T*) / & Ko\ !
+ <Q2 > <Hrls>E+ < rls> PBQilBTP
s=1 s=1

T-p

X -1
+<Hns> IIxIIZPZ}ya)-
s=1

(3.27)

Moreover, we know

tk
V(te) =y () Py (te) + { ip L_T(m <Hns>FT(y(s)) (Q+ 1)L (y(s))ds

£ ts<tx

= y" (t;) Dk PDyy(t;) +

f ' <Hﬂs>FT(y(s)) (Q+TT)I(y(s))ds

b7 (t) \ts<tx

T-p

K
<ey” (B Py () + 5 : STl f__m )< I1 ns>FT (y()) (Q2+ T )T (y(s))ds

£ ts<ty1

=1V (£)-
(3.28)
By simple induction, from (3.27) and (3.28) we may prove that, for k > 1,
i P) [y 0 * <V(©) < V(to) [T s (329)
fo<test
Employing the fact (3.25), we obtain
. Amax (Q2 + T*TT*) N7z .
)Lmln(P)”y(t)” S )Lmax(P) + 1= p ”(P”TTI, t Z t(), (330)
which implies that
ly@®| <e t>to. (3.31)

Therefore, the zero solution of system (2.4) is uniformly stable, that is, the equilibrium point
of system (2.1) is uniformly stable. The proof of Theorem 3.9 is complete. O
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Corollary 3.10. The equilibrium point of the system (2.1) is uniformly stable, if there exist n x n
symmetric and positive definite matrices P, Q1, Q> such that the following condition holds:

Nmax (Qo + T*TT* k
Ek < _.)Lmax(Ql)M - <1 ip ) <H1’ls>, (332)
s=1

where Ey is the largest eigenvalue of ~-PC — CP + PAQ;' AT P+ (TT5.,15) ' [PBQ; ' BT P +||x||*P?].
If P = Q1 = Qy = E in Theorem 3.9, then we have the following.

Corollary 3.11. The equilibrium point of the system (2.1) is uniformly stable, if the following
condition

N (E+TTT*) / 2
2C+AAT + | M + Hmax(l +d, > E
1-p 51 ieA

(3.33)

k _ -1
+ I:!:‘l[%?\)((l + dgz)>2:| [BBT + ||X||2E] <0 Vkez, holds,

where supy;, TTsmaxiea (1 + d)? < co.

4. Examples
In this section we give two examples to demonstrate our results.

Example 4.1. Consider the following high-order delayed Hopfield-type neural network with
impulses

3 3
X;(t) = - cixi(t) + Za,-]-f]- (x](t)) + Zbl]g] (x]'(t — T(t)))

=1 =1

33 (4.1)
+ D D Tgi(x(t — 7)) g5 (x(t - T(1)),  t#b, t> 1,

i=11=1

Axilit, = xi(t) - xi(t;) = pPxi(t), i=1,2,3,k €L,
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where B = \/T+ (i/K?) - 1, 7(t) = sint/2, fi(x1) = tanh(0.5x1), fo(x2) = tanh(0.48x2),
f3(x3) = tanh(0.6x3), g1(x1) = tanh(0.3x1), g2(x2) = tanh(0.8x2), g3(x3) = tanh(0.73x3),

32 0 0 [ 058 0.12 0.23 ]
C= diag[cl,cz,C3]T =10 25 0], A= (aij)3X3 = |-0.08 0.36 -0.05{,
0 0 20 |-0.04 0.04 -0.37]
0.06 0 0.04 [ 0.03 -0.20 -0.05]

B = (bij)ss = [o.w ~0.17 —0.02], Ti = (Tiji)y, = |-0.06 014 023],  (42)
~0.03 0.13 0.44 | 027 003 -0.20]

0.01 -0.05 0.08 ~0.02 -0.12 -0.05
Ty = (Tajt)5 = |-0.06 =003 -0.09(,  T5=(T31),,=| 024 004 007 |.

0.15 -0.04 0.11 -0.02 0.08 0.01

In this case, we easily observe that T = p = 0.5, M = 0.36, N = 0.64, ||x||* = 0.64.
For Theorem 3.1, choosing P = Q1 = Q; = E, then from

ﬁ(1 +ﬁ,<<f>>2:ﬁ<1+ki2) <o, i=1,2,3, (4.3)

k=1 k=1

we may choose £* = 0.0976, 6* =0, W = [, (1 +3/k?) < co.
On the other hand, we can compute

-5.9908 —0.0036 —0.0869
—2C+ AAT + ™ BBT = [-0.0036 —4.7928 -0.0023 | =© (4.4)
-0.0869 —0.0023 —3.6379
which implies that A (©) = —3.6347.
Also, we note that
0.2059 0.0832 —0.0535
TTT* = [Ty +TF, T, + T, Ts + T = | 00832 0.2895 -0.2735 (4.5)
-0.0535 —0.2735 0.4220
implies that
NAmax (T*TT*
N max N
& - M- - (r'r) —e™ || x|I* = -3.2501 > ~3.6347. (4.6)

1-p 1-p

By Corollary 3.3, the equilibrium point of (4.1) (0,0,0)" is global exponential stable with the
approximate convergence rate 0.0488.
However, the criteria in [12] are invalid here.



Abstract and Applied Analysis 15

Example 4.2. Consider the high-order delayed Hopfield-type neural network with impulses
(13]

2 2
xi(t) = —cixi(t) + Zaijfj(xj(t)) + Zbijgj(xj(t -7(1)))
p= =1
(4.7)

2 2
+ D > Tt —7(1)gi(xj(t =) + L, t#tx, t>to,
j=11=1

and with impulses
Axi|t:tk = xl(tk) - xl(t];) = ﬂ](;) (xi (t;) - X*)/ i= 1/2/ ke Z+/ (48)

where ty = k, ty =0, k € Z,, fi(x1) = gi1(x1) = tanh(0.53x1), f2(x2) = (x2) = tanh(0.67x7),
pP= 06, ]1 = 15, ]2 = 2,
s r_[19 0 o _ [0.05 0.14
C = diagler, e’ = [o 1.89]’ A= ()0 = [0.20 0.31]'

0.09 0.25 0.05 0.14
B = (bij)y = [0.21 0.45]' T = (M) = [—0.06 0.05]’ (49)
029 0.10
T = (Tojt) s = [0.23 —0.14]'

pU =B -1, kel

It is obvious that M = N = L2 = 0.4489, ||y||> = 0.4489. Here we consider 7 = 1. Choose
P=Q;=Q,=E, & =025 6 =0.128.
Note that

m 2
Sin max{mzjl\x<1 + d,(;)) ,1} — 6*(tm — to) = 0.125m — 0.128m
1€

k=1 (4.10)
=-0.003m <0 Vm € Z, holds.
On the other hand, we can compute
. -3.7073 0.1848
_ T TE T _ -
2C+ AA" +e™ BB [ 01848 —3.3973 A (4.11)

which implies that Amax(A) = -3.3111.
One can check that

N (T T*
—&* ~ M- 1ij - malxg ; ) —e™ |||l = -2.9649 > -3.3111. (4.12)
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By Corollary 3.3, the equilibrium point of (4.1)—(4.7) x* is global exponential stable with the
approximate convergence rate 0.061.

In fact, for above-given impulsive condition, we only need time-delay T which satisfies
the following condition:

Amax (<2C + AAT + M5 BBT) < ~0.4489¢™157 - 22635, (4.13)

Remark 4.3. In [13], the author obtained that the equilibrium point of (4.7) without impulses
is globally asymptotically stable. From the example, we obtain that the equilibrium point of
(4.7) without impulses is global exponential stability. In fact, if [5,((1 ) = 0in (47), then we can
choose 6* = 0, which implies that, for any given 7 > 0, there exists corresponding £* > 0 such

that all conditions in Corollary 3.6 are satisfied.

5. Conclusions

In this paper, a class of high-order delayed HNN with impulses is considered. We obtain some
new criteria ensuring global exponential stability and uniform stability of the equilibrium
point for such system by using Lyapunov functional method, the quality of negative definite
matrix, and the linear matrix inequality. Our results show delays and impulsive effects on the
stability of HNN. Two examples are given to illustrate the feasibility of the results.
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The paper investigates the state estimation problem for a class of recurrent neural networks with
sampled-data information and time-varying delays. The main purpose is to estimate the neuron
states through output sampled measurement; a novel event-triggered scheme is proposed, which
can lead to a significant reduction of the information communication burden in the network;
the feature of this scheme is that whether or not the sampled data should be transmitted is
determined by the current sampled data and the error between the current sampled data and the
latest transmitted data. By using a delayed-input approach, the error dynamic system is equivalent
to a dynamic system with two different time-varying delays. Based on the Lyapunov-krasovskii
functional approach, a state estimator of the considered neural networks can be achieved by
solving some linear matrix inequalities, which can be easily facilitated by using the standard
numerical software. Finally, a numerical example is provided to show the effectiveness of the
proposed event-triggered scheme.

1. Introduction

The research of neural networks has been paid much attention during the past few years, due
to its potential application in various fields, such as image processing, pattern recognition,
and associative memory [1-5]. As a special class of nonlinear dynamical systems, the
dynamic behavior of recurrent neural networks has been one of the most important issues.
In particular, the analysis problems of stability and synchronization of recurrent neural
networks have received great attention and a number of profound results have been proposed
[6-12].

In many application, such as signal processing and control engineering, for large-scale
neural networks, it is quite common that only partial information can be accessible from the
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network outputs. Therefore, it is of great significance to estimate the neuron states through
available output measurements of the networks and then utilizes the estimated neuron states
to achieve certain design objectives; note that state estimation problem for neural networks
has been hot reach topics that have drawn considerable attention, and many profound results
have been available in the literature [13-25]. The authors in [13] studied the problem of
state estimation for a class of delayed neural networks; the traditional monotonicity and
smoothness assumption on the activation function had been removed. The design problem
of state estimator for a class of neural networks with constant delays was investigated in
[14], where a delay-dependent criterion for existence of the estimator was proposed. As
an extension, The authors in [14, 15] further discussed state estimation for neural networks
with time-varying delays. In practice, sometimes a neural network has finite state modes and
modes may switch from one to another at different times. On the other hand, discrete-time
neural networks could be more suitable to model digitally transmitted signals in dynamical
way; based on the above reason, The authors in [16] investigated state estimation problem
for a new class of discrete-time neural networks with Markovian jumping parameters and
mode dependent mixed time-delays, where he discrete and distributed delays were mode-
dependent. Different from the stuelies in [16, 17] which considered state estimation for
Markovian jumping delayed continuous-time recurrent neural networks, where only matrix
parameters were mode-dependent. Similar to [16], for continuous-time recurrent neural
networks with discrete and distributed delays, state estimation was also investigated in [18].
In [19, 20], synchronization and state estimation had been studied for discrete-time complex
networks with distributed delays; it was noticed that in [20], a novel notion of bounded
H,, synchronization had been first defined to characterize the transient performance of
synchronization. Some robust state estimation problems for uncertain neural networks with
time-varying delays had been investigated in [21-23], where the parameter uncertainties are
assumed to be norm bounded; some sufficient conditions were presented to guarantee the
existence of the desired state estimator. Taking into account the stochastic properties of time-
varying delays, the authors in [24] discussed state estimation problem for a class of discrete-
time stochastic neural networks with random delays; sufficient delay-distribution-dependent
conditions were established in terms of linear matrix inequalities (LMIs) that guarantee the
existence of the state estimator.

The sampled-data control theory had attracted much attention due to its effectiveness
in engineering applications. Especially, a new approach to deal with the sampled-data control
problems had been proposed in [26], where the sampling period had been converted into
time-varying delay. As its extension, the authors in [27] investigated the sampled-data state
estimation problem for a class of recurrent neural networks with time-varying delays, where
the sampled measurements had been used to estimate the neuron states. Using a similar
approach, where the sampled-data synchronization control problem was investigated in [28]
for a class of general delayed complex networks, the sampled-data feedback controllers were
designed in terms of the solution to certain linear matrix inequalities. But in the above
references, the sampling rate for each signal is the same; but in the actual system, it may
be varying from sample to sample owing to unpredictable perturbations; this factor was
considered in [29], the problem of robust H,, control was investigated for sampled-data
systems with probabilistic sampling, where two different sampling periods were considered
whose occurrence probabilities were given constants and satisfied Bernoulli distribution. In
[30], stochastic sampled-data approach was used for studying the problem of distributed H,
filtering in sensor networks, by converting the sampling periods into bounded time-delays,
the design problem of H,, filters amounted to solving the H,, filtering problem for a class
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of stochastic nonlinear systems with multiple bounded time delays. In [31], the sampled-
data synchronization control problem was addressed, where the sampling period was time
varying and switched between two different values in a random way. It is worth noting
that most of the above results were involved the traditional approach of sampling at pre-
specified time instances, which was called time-triggered sampling; this sampling method
may lead to an inherently periodic transmission and produce many useless messages if the
current sampled signal had not significantly changed in contrast to the previous sampled
signal, which led to a conservative usage of the communication resources. Recently, event-
triggered scheme provided an effective approach of determining; its main property was that
the signal was sampled and only some functions of the system state or output measurement
exceeded threshold. Compared with periodic sampling method, the event-triggered scheme
could reduce the burden of the communication and also preserve the desired properties of
the ideal continuous state feedback system, such as stability and convergence. The utilization
on event-triggered scheme could be found in many literatures such as [32-37]. The event-
triggered H,, control design was investigated in [32] for networked control systems with
uncertainties and transmission delays, and a novel event-triggered scheme was proposed.
The study in [33] was concerned with the control problem of event-triggered networked
systems with both state and control input quantizations. In [34], the problems of exponential
stability and L,-gain analysis of event-triggered networked control systems were studied,
where the event-triggered conditions were proposed in the sensor side and controller side. In
[35-37], the consensus problems for multiagent systems were investigated by event-triggered
control, where different trigger functions were proposed. Unfortunately, as far as we know,
up to now, no theoretical results are given for state estimation of recurrent neural networks
with time-varying delays based on event-triggered scheme. The purpose of our study is to
fill the gap.

Motivated by the above discussion, the paper is concerned with the sampled-data state
estimation problem for a class of recurrent neural networks with time-varying delays. The
main purpose is to estimate the neuron states through output sampled measurement, and a
novel event-triggered scheme is proposed, which can lead to a significant reduction of the
information communication burden in the network. By using a delayed-input approach, the
error dynamics system is equivalent to a dynamic system with two different time-varying
delays. Based on constructing a Lyapunov-Krasovskii functional and employing some
analysis techniques, a state estimator of the considered neural networks can be achieved by
solving some linear matrix inequalities, which can be easily facilitated by using the standard
numerical software. Finally, a numerical example is given to illustrate the effectiveness of the
proposed method.

The main contributions of this paper are highlighted as follows.

(1) The novel event-triggered scheme is proposed, compared with a time-triggered
periodic communication scheme, since the proposed communication scheme only
depends on the state at the sampled instant and the state error between the current
sampled instant and the latest transmitted state. Therefore, the number of the
transmitted state signals through the network could be reduced apparently.

(2) Sufficient conditions obtained are in the form of linear matrix inequalities which can
be readily solved by using the LMI toolbox in Matlab, and the solvability of derived
conditions dependents on not only trigger parameters and sampling period but also
the size of the delay.
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Notation 1. The notation used here is fair standard except where otherwise stated. R” denotes
the n-dimensional Euclidean space and R is the set of real nnxm matrices. The superscript T
represents the transpose of the matrix (or vector). I denotes the identity matrix of compatible
dimensions. The asterisk represents the symmetric block in one symmetric matrix. diag{- - - }
stands for a block-diagonal matrix. The notation X > 0 (X > 0) means that X is positive semi-
definite (positive definite). ||| is the Euclidean norm in R”. If they are not explicitly specified,
arguments of a function or a matrix will be omitted in the analysis when no confusion can
arise.

2. Preliminaries
Consider a class of recurrent neural networks with time-varying delays as follows:
X(t) = —Ax(t) + Wog(x(£)) + Wig(x(t —7(t)))
y(t) = Cx(®),

(2.1)

where x(t) = (x1(£), x2(t), ..., x,(t))T € R" is the state vector associated with n neurons; A =
diag{ai, ay, ..., a,} is a positive diagonal matrix; Wy € R™" and W; € R are the connection
weight matrix and the delayed connection weight matrix, respectively; 7(f) € [0, 7] is the
time-varying bound delay; C € R™" is a constant matrix; y(t) = (y1(t), y2(f),.. .,ym(t))T €
R™ denotes the output vector; g(x(t)) = [g1(x1()), g2(x2(1)), ... ,gn(xn(t))]T € R” represents
the neuron activation function with g(0) = 0.

In this paper, the measurement output is sampled before it enters the estimator; based
on the sampling technique and zero-order hold, the actual output can be described as

y(t) =y(te) = Cx(te), tE€ [t ti), (2.2)

where y(t) € R™ is the actual output of the estimator, and t; denotes the sampling instant
satisfying limy _, ot = oo.

Remark 2.1. In practical systems, periodic sampling mechanism may often lead to sending
many unnecessary signals through the networks, which will increase the load of network
transmission and waste the network bandwidth; therefore, it is significant to introduce a
mechanism to determine which sampled signal should be sent out or not. As stated in [32, 33],
the event-trigger sampling scheme is effective way because they can reduce the traffic and the
power consumption.

The sampled data y(tk.;) is transmitted (or released) by the event generator only
when the current sampled value y(t.;) and the previously transmitted one y(tx) satisfy the
following judgement algorithm:

[y (ties) = y ()] W [y (tre)) = (8] < 0y (b)) Wy (tis), (2.3)

where W € R™ is a positive matrix, and o € [0,1) is a positive scalar. The sampled state
y(tksj) satisfying the inequality (2.3) will not be transmitted; only the one that exceeds the
threshold in (2.3) will be sent to the estimator. Specially, when ¢ = 0, the inequality (2.3) is
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not satisfied for almost all the sampled state y(tx,;), and the event-triggered scheme reduces
to a periodic release scheme.

Remark 2.2. From event-triggered algorithm (2.3), it is easily seen that all the released signals
are subsequences of the sampled data, that is, the set of the release instants {to,t;,t,...} C
{0,1,2,...}. The amount of {t,t1,t>...} depends on not only the value of o but also the
variation of the system output.

Suppose that the time-varying delay in network communication is dx € [0,d] (k =
1,2,...,+0), the output ¥(t) in (2.2) can be rewritten as

y(t) =y(tx) = Cx(tx), tE€ [tk +dk, tis1 + dis1)- (2.4)
Substituting the output (2.4) into the judgement algorithm (2.3), we can obtain
[x(tsj) = x(t)] T CTWC[x (trsf) = x(t1)] < 07 (thsj) CTWCox (tr4;)- (2.5)
For technical convenience, similar to [32, 33], consider the following two intervals:

[tk + di, tk + h+ d), [tx +Ih+d, ty +lh+h+4d), (2.6)

where [ is a positive integer and h is a sampling period.

(1) if tx + h+d > tgyq + diy1, define a function d(t) as follows:

d(t) =t—tg, t€ [tk +dk, tie1 + dis1). (2.7)

It can easily be obtained that the following inequality holds:

dr <d(t) <t —tk + din <h+d. (2.8)

(2) if tx + h + d <t + disa, there exists a positive integer m, such that

tk+mh+d <t +deq <tg+mh+h+d. (2.9)

It can be easily shown that

[t +di, ticnn +die) =L U I3, (2.10)
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where

I = [tk+dk,tk+h+d)

-1
L= {5}
m=1

(2.11)
I' = [tk + mh+d, ty + mh+ h+d)
Iy = [tk +h+ d, tgsr + dis1)-
Define a function d(t) as
t— 1tk tely
dt)y=yt-tx-mh tel’(m=1,2,...,1-1) (2.12)
t—ti—lh tel.
From the definition of d(t) defined in (2.12), we can derive
0<dy<d(t)<h+d, tel
0<di<d<d(t)<h+d, tell’(m=12,...,1-1) (2.13)

0<di<d<d(t)<h+d, tel.

From (2.13), it can be derived that 0 < d(t) < dp;, where dy; = h+d. For t € [t +dk, tkr1 +dks1),
we define

0 telh
ex(t) = § x(tx + mh) —x(ty) tel}y) m=1,2,...,1-1) (2.14)
x(tx +lh) —x(tx) tels.

Combining the above definitions of d(t) and ek (t), the algorithm (2.5) can be rewritten
as

e; (CTWCey(t) < ox (t - d(t))CTWCx(t - d(t)). (2.15)

Based on the available sampled measurement ¥(t), the following state estimator is
adopted:

X(t) = —AR(t) + K ((H) - CX(1)), (2.16)

where K is feedback gain matrix to be designed, and x(t) = (X1 (t), X2(f), ... L)) € R s
estimator state vector.



Abstract and Applied Analysis 7

Setting e(t) = x(t) — X(t), the estimation error dynamics can be obtained from (2.1) and
(2.16), and it follows that

é(t) = —(A + KC)e(t) + KCx(t) - KCx(t - d(t)) + KCex (t) + Wog(x(£)) + Wig(x(t — T(t))).
(2.17)

Let X(t) = (xT(t), eT(t))T, we can get the following augmented system from (2.1) and
(2.17)

X(t) = AX(t) + Bx(t — d(t)) + Wog(Hx(t)) + W1g(Hx(t - 7(t))) + Cex(t), (2.18)

where

— [-A 0 — [0 o0
A_[KC —A—KC] B‘[—Kc o] Wo=lw,

ol el el

(2.19)

Before giving the main results, the following assumption, definition, and lemma are
essential in establishing our main results.

Assumption 2.3 (see, [27]). The activation function g(-) satisfies the following sector-bounded
condition:

[g(x) - Unx]" [g(x) - Uax] <0, (2.20)

where U7 and U, are two real constant matrices with U, — U; > 0.

Definition 2.4 (see, [27]). The augmented system (2.18) is exponentially stable, if there exist
two constants a > 0 and f > 0, such that

IX()1* < ae sup ||$(0)],

-r<0<0

(2.21)

where ¢(-) is in the initial function system (2.18) as ¢(t) = X(¢), t € [-r,0].
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Lemma 2.5 (see, [38, 39]). Suppose T(t) € [T, Tm], Qi (i = 1,2,3) are some constant matrices
with appropriate dimensions, then

Qi+ (tm —7(£) Q2 + (7(t) = 7m)Q3 <0, (2.22)

if the following inequalities hold

Q1+ (tm —T)Q2 <0
Q1+ (tm — ™) Q5 < 0.

(2.23)

Lemma 2.6 (see, [40]). For any constant positive matrix T € R™", scalar Ty < T(t) < T2 and vector
function x(t) : [-12, 1] — R" such that the following integration is well defined, then it holds that

-7y x(t—m) r«t T o0 x(t—1)
—(m-m) xT (v)Tx(v)dv < [x(t—r(t))] [* -2T T] [x(t—r(t))]. (2.24)

t=m x(t— 1) x o« -T] | x(t-m)

3. Main Results

In this section, we design a sampled-date estimator with form (2.18) for recurrent neural
networks with time-varying delay based event-triggered control.
The system (2.18) can be rewritten as

X(t) = Hé(t), (3.1)
where

&)= |31 (1), % (t-d (1), X (t=dwm), X' (t-7(), %' (t-7), g" (HE(1)), g" (HX(t-7(t))), e (1) '

o= [Z,E,O,O,O,WO,Wlf].
(3.2)

Theorem 3.1. Suppose that Assumption 2.3 holds, for given estimator gain matrix K, the augmented
system (3.1) is exponentially stable, if there exist some positive definite matrices P > 0, Q; > 0, R; > 0
and S;, T; (i = 1,2) with appropriate dimension, and two positive scalars a > 0, p > 0, such that the
following linear matrix inequalities hold:

o © of
-dyR; 0 0
* —TRQ 0
* * -TR>

II; = <0 (i=1,2), (3.3)

-x-**’:|
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where

[T1; I, O Iz 0 Ty PW,; PC

* sz LR1 0 0 0 0 0
dm

* * H33 0 O 0 O 0
I1= * * * Iy Ilys O —ﬁﬁz 0

* * * * Ilss O 0 0

* * * * * —al O 0

* * * * * * -p1 0

* * * * * * * -CTwc ]

®1 = [duRiA duRB 0 0 0 duRiWo duRiW, dMRf]T
©, = [tRyA TR,B 0 0 0 TRW, TR W, TRE]T
o =[rsT 00 77 000 0]
@ =000 71T 77 0 0 0]"

— 1 —
HH=PA+ATP+Q1+Q2—ER1+51+S{—£(U1

H]2 = P§+ LR1
dm

I3 =S) - Si
H14 = PWQ - [Xﬁz

2
H22 = ——R1 +0Q
dm

1
I3 = -Q1 - ﬂRl

TTyy =—Sz—S§+T1 +T1T—ﬂﬁl
H45 = —T1 + TzT
s55=-Q, -, - T,

CTwcC 0
a7
(3.4)

Proof. Construct the following Lyapunov-Krasovskii functional candidate:

V(t,x(t)) = Vi(t, x(8)) + Va(t, x(1)) + V3 (t, X(t)) + Va(t, X (1)), (3.5)
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where

Vi(t,X(t)) = X' (H)Px(t)

t t

X' (s)Q1x(s)ds + f X (s)Qxx(s)ds

t-1

Valt, (1)) = f

t—dpm

: (3.6)

Vot %(1)) = f;?T(s)Rﬁ(s)dsdG

t—dn

Vi(t, % (1) = f: f; % (s)RyX(s)ds db,

and P>0,Q; >0and R; >0 (i = 1,2) are matrices to be determined.
The derivative of V;(t,x(t)) (i = 1,2,3,4) along the trajectory of system (3.1) can be
shown as follows:

Vi(t,%(t)) = 2% (t) PAE(E) (3.7)

Va(t, x(t) =% (£)(Q1 + Qo)X(t) - X' (t— dm)QiX(t—dm) =% (t-T)Qx(t-7)  (3.8)

Va(t, %(t)) = dmx (DR (t) — It % (s)RiX(s)ds
t—dpm

(3.9)
t
= dpeT (1) AT RiAE(E) — f % (s)Rix(s)ds
t—dpm
t
Vi(t, T(H) = 7% () Rox(t) - f % (s)Rox(s)ds
o t (3.10)
= 7T (1) AT Ry (t) — f % (s)Rox(s)ds.
t-T
Noting that (3.9), it follows from Lemma 2.6 that
: . ) 1'[-Ri R 0 %)
_f % (s)RiX(s)ds < " [E(t - d(t))] [ x 2R, Ry ] I:E(t - d(t))] ) (3.11)
t=dm ML x(t-dpm) x x =R Lx(t-dm)
Employing the free matrix method [38, 39], it is easily derived that
2¢T(HS [x(t) —X(t-1(t)) - f f(s)ds] =0,
t—7(t)
(3.12)

t—7(t)
2§T(t)T[§(t —T(t)) -X(t-T) - f z(s)ds] =0,
t-1
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where

S=[sT0o0sSr0000],

T=[000Tr 7 00 0]

It follows that from (3.12) that

t t

~2¢T(#)S f

t-7(t) t=7(t)

t-(t) t=7(t)

—2§T(t)TJ‘

t-T t-1

By Assumption 2.3, the following inequality holds:

[ x(t) ]T u, ﬁz[ Xt 1<,
gHx®)| |T, 1 [lsHxM®)] =™

where

u,=H'U,H, U,=H"U,

_uTu,+ulu, . ur+ul
=" W=—2

For all &, § > 0, it can be derived from (3.15) that

B x(t) "[u, u, x(t)
«g(tiste) [U§ I ] Lecrratin) 2°

X(t—1(t)) ]T[Ul ﬁz“ X(t - 1(t))

| grree -ty a

Then, (2.15) can be rewritten as

oX (t—d(t)Qx(t - d(t)) - [ 0 0

where

CfTwc 0
o= [0 4

%(s)ds < T(t)ET (H) SR, STE(H) + f % (s)Rox(s)ds

X(s)ds < (1 - ()T (HTR; ' TT¢(t) + I % (8)RoX(s)ds.

g(HE(t-7(H))] ="

el (HCTWCer(t) 0]

11

(3.13)

(3.14)

(3.15)

(3.16)

(3.17)

(3.18)

(3.19)
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It follows from (3.7)—(3.18) that

V(t,%(t)) < 2% (HPAE() + X (£)(Q1 + Qo) X(H) = X (t — da) Qux(t — dm)
=X (t - T)QX(t — 7) + dmg! (£) AT RicAE(t) + TET () AT RocHE (1)
+ 28T (DS - x(t - 7(t))) + 28T (T (x(t - T(t)) - X(t - T))

) ) 1'[-Ri R 0 x(t)
o [E(t—d(t))] [ + 2R, R ] [E(t—d(t))]
M x(t—dwm) x x =R |x(t-dm)

L E® ]T u, u, [ x(t)
gHx1)| |, 1 |lsHT(®)

—ﬂ[ X(t-7(t)) ]T u; U, [ X(t - (1))
gHx(t-T)] |, 1 |leHT(E-7(t)

ep (1) CTW Cex(t) O]

+ox (t—d(1)Qx(t-d(b)) - [ 0 0

+7(t)ET (SR, STE(t) + (T - 7(1)&T (TR, T é(h)
=T (1) (n + dypeATR oA + TJTR2e4>§(t) + ()27 (1) SRy STE(H)

+(r—1(1)" (TR T ().
(3.20)

By using Schur complement and Lemma 2.5, it can be seen that (3.3) is equivalent to

I+ dyA " Ried + 1A Ry + T(H)SR,'ST + (1 - 7(1))TR,'TT <0 (3.21)

which implies V(t,x(t)) < —¢||X(t)||*; then similar to [41], we can obtain the exponential
stability of system (3.1). The proof is completed. O

Remark 3.2. From Theorem 3.1, it can be seen that the trigger parameters o, W and the upper
bound of time delay 7 are involved in (3.3); for given o, the corresponding trigger parameter
W and the upper bound of T can be obtained by using LMI toolbox in Matlab. From the
simulation example, it can be derived that the larger the o, the small the 7; the larger average
release period, which means the load of network transmission will be reduced.

Remark 3.3. When the estimator gain matrix K is given, the conditions (3.3) are in the form
of linear matrix inequalities, which can be readily solved by using the standard numerical
software. The conditions (3.3) are not linear matrix inequalities when the estimator gain
matrix K is a matrix variable to be designed, and thus Theorem 3.1 cannot be used to design
K directly, a design method will be provided in the following Theorem.
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After establishing analysis results in Theorem 3.1, the design problem of state
estimator is to be considered and the following results can be readily derived from
Theorem 3.1.

Theorem 3.4. Suppose that Assumption 2.3 holds, the augmented system (3.1) is exponentially
stable, if there exist P = diag{P1,P,} > 0, Q; = diag{Q;,Q;} > 0, R; = diag{R;,R;} > 0 and
S; = diag{S;,S;}, Ti = diag{T;, T;} (i = 1,2) and V with appropriate dimension, and two positive
scalars a > 0, f > 0, such that the following linear matrix inequalities hold:

—(i)

oo O O
m=* P 0 0 [0 (=12, (3.22)
x x @M 0
* *x *x -TRy
where
[T, ElZ 0 I3 0 Thy Ths Tl
* Ilp Iy O 0 0 0 0
* *x IIi3 0 0 O O O
ﬁ— * * * H44 H45 0 H46 0
N * * * IIss 0 0 0
* * * * H66 0 0
* * * * * * ﬁ77 0
| * * * * * * * ﬁsg

o [ =7 —r —r —1]7
1= [H17 ITy 0 0 0 Ilg Iz H89]
— T —T —7 —1 —r1 |7
D, = [Hls ILs; 0 0 0 Ilgg Iy HS,lO]
—(1) _ [=T —T T
@, = [, 0 0 Ty 0 0 0 0f (3.23)

~ ~ T
o = [0 0 0 11, 1L, 0 0 0f

6 _ ZdMP1+dMR1 0
& 0 2dMP2 + dMRl
- = 27P; + TR, 0
5 0 2TP2 + TR2
ﬁ _ —PlA — ATP1 - CXCI1 CTVT
" vC ~P,A-ATP, - VC-CTVT
1 T
Qi +Q:—-—Ri+5+8§; 0
dm

+
1

0 Q1+Q2——R1+51+S{
dm
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— g R0 — [s'-s; 0
Mo= |9, H“:[Zo 1sT—S]
VC —R 271
dm
ey P1W0 - Dcljlz = P1W1]
Iy, = s =
14 [ P2W() ]/ 15 [P2W1
g _[0 5. - [FAuATP dpuCTVT
= lve) e 0  —-duATP,—dyuCTVT
ﬁ _ —TATP1 TCTVT ﬁ _ Tsl 0
71 0 -1ATP,-7CTVT[ Y7lo 78
2 R, +6CTWC 0
= TT1 0 — _ﬂ 1+0
ho=14" g | 2= )
1 0 -~ R
dm
LI
— -5 ™1 _ _ Ty, T
o= | | M- [0 duCTV ]
0 LR, 0 0
dm
1
. 0 7CTVT o -Q; - d_Rl 0
ITps = [O 0 ], 33 = 1
0 -Q: - d_Rl
M
= _|-S-SI+T+T! - U, 0 = [th-1, o0
H44_[ 0 -8, -SI+ T, +TT| Hs=1"0  17_7,

= _|-pu = S, 0
Iy = [ ﬂO 2], Iy = [T :

0 TSZ 0 TT2
o[ Q@ T-T 0 Figs = —al
55 = 0 ~Q,-T,-TI|’ 66 =

ﬁ67 = [dMWgI’l dMWng], ﬁ(,g = [TWgPl TWng], ﬁ77 = —'BI

[ys = [dMWIP dyWIP,], Ty = [tTWIP; TWIP,], Igs = -CTWC
ﬁ89 = [0 _dMCTVT], ﬁg,lo = [0 —TCTVT],
(3.24)

then the desired estimator gain matrix is given as K = P;'V.

Proof. By using Schur complement in Theorem 3.1, IT; < 0 (i = 1,2) can be rewritten as

T+ dyeA  Ried + 7oA Ry + TSR, ST <0

(3.25)
T+ dyed Ried + T Roed + TTR,'TT < 0.
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By using Lemma 2.5, (3.25) are equivalent to the following matrix inequalities

o o @ of
* —d MRI1 0 0

* * —TREl 0

* * * -TR,

<0 (i=1,2), (3.26)

where

Iy Elz 0 MM 0TIy Iis Tl
* H22 Hzg 0 0 0 0 0
x % I3 0 0 0 0 O
oo * * Ty @5 0 Il O
* * * * Ilss O O O
x % x % % Ilg 0 0
* * * * * * ﬁ77 0 (327)
* * * * * * * ﬁgs‘

~ — — P P T

~ _ _ __ T
(Dz:[TA ™ 000 Wy ™W; TC]-

Then performing a congruence transformation of diag{I, P, P,I} to (3.26), it can be
derived that

o @ o o
* —dyPR'P 0 0 ,

0 (i=1,2), 3.28
* * _epriip o |0 (=12 (328)
* * * -TR,

where

~ — —_ - _ 3T
O, = [dMPA dyPB 0 0 0 dyPW, dyPW, dMPC]
(3.29)

- _ _ _ . T
®, = [rPA tPB 0 0 0 TPW, TPW,; 7PC| .
Setting ,K = V in (3.28) and considering the following inequality:

~-PR;'P<-2P+R; (i=1,2). (3.30)
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By using (3.30), we can obtain

o & o o) I @, @, @

* —duyPR'P 0 0 | _[* —2dmP+duR 0 0 (331)
* * -PR;'P 0 * * -2tP+7TR, 0 ‘

* * * -TRy * * * -TR>

Substitute A, B, Wo, HW, C, P, Q;, R;, S;, T; (i = 1,2) into the right of (3.31),
combining (3.22), we can obtain

T @, @, o
* —ZdMP + dMR1 0 0 .
=1,2). 32
* * -2tP+TR, O <0 (=12 (3:32)
* * * -TR,
The rest of the proof follows directly from Theorem 3.1. O

Remark 3.5. When the estimator gain matrix K is a matrix variable to be designed, in order
to transform the conditions (3.3) to linear matrix inequalities, and meanwhile reduce the
computational complexity (i.e., reduce the number of matrix variables), in Theorem 3.4,
matrix variables in Theorem 3.1 are replaced by some diagonal matrices. Then setting P,K =
V, we can obtain (3.22), which is in the form of linear matrix inequalities, which are easy to
be verified by LMI toolbox.

Remark 3.6. 1t is noticed that dys = h + d, if dp is solved, we can select a sampling period
h < dm. For given d, the maximal allowable sampling period hma.x can be obtained by the
following two-step procedure.

(1) For given 7 and d, setting hmax = ho and step size STEP = STEP,, where hy and
STEP, are two specified positive constants.

(2) If LMIs (3.22) are feasible, set hmax = ho + STEP) and return to step (2): otherwise, h
is the maximal allowable sampling period.

4. Numerical Results

In this section, a numerical example is given to verify the effectiveness of the proposed control
techniques for estimation of recurrent neural networks with time-varying delays.

Example 4.1. Consider recurrent neural networks (2.1) with the following parameters

15 0 03 -04 03 03 09 0.8
A= [0 2]’ Wo = [—0.4 0.3]' Wi = [0.3 0.3]’ c= [0.7 0.5]‘ 1)

The neuron activation function is described as follows:

0.5x1 (t) — tanh(0.2x1(¢)) + 0.2x(t)

g(x) = [ 0.95x,(t) — tanh(0.75x5(t)) o
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Table 1: d; = 0.01.

o 0 0.01 0.1 0.2 0.3 0.4 0.5
T 1.2134 1.1966 1.1572 1.1570 1.1569 1.1569 1.1569

Table2: 7 =1,d =0.01.

o 0 0.01 0.1 0.15 0.2 0.3 0.99
Rmax 0.2244 0.2106 0.1998 0.1998 0.1998 0.1998 0.1998

It is easy to verify that the nonlinear function f(-) satisfies Assumption 2.3; by some
simple calculations, we can obtain

(4.3)

U, = [0.3 0.2] U, = [0.5 0.2].

0 02 0 095

Setting dyr = 0.01 and o = 0.1, by applying Theorem 3.4, it can be obtained the
maximum allowable delay 7 = 1.1572. More detailed calculation results for different values
of o are given in Table 1. It can be shown that the larger o, the smaller 7. For given 7 = 1 and
d = 0.01, based on Remark 3.6, we can obtain the maximal allowable sampling period hmax,
which are shown in Table 2. For given 7 = 1, 0 = 0.1 and d = 0.01, by using LMI Toolbox in
LMIs (3.22), the feasible solution can be obtained as follows:

5.4676 —0.1329] [5.0204 —0.1155] [ 2.7863 —0.0955]
, P, = , Q=

Py = [—0.1329 5.4000 ~0.1155 4.2212 ~0.0955 2.0982

3.2539 —0.0133]
’ 1=

0, = 0.0222 0.0010 R, - | 22237 -0.0246
27 1-0.0133 2.8910 ’ 2=

0.0010 0.0234 —0.0246 1.4752

(4.4)
S = -0.5503 0.0195 S, - 1.0185 0.0674 T, = -1.0844 -0.0634
171 0.0478 —-0.4156|" 27 10.1378 1.1920|” 1= 1-0.0902 -1.2378
0.3511 -0.0221 -0.0792 -0.1282
T2 = [—0.0195 0.3384 ]’ V= [—0.1755 —0.0863]’ a = 6.4604, f =57723.
Then the triggered matrix and the desired estimator can be obtained as follows:
4.6153 -2.7354 -0.0165 —0.0308
W= [—2.7354 6.5131 ]’ K= [—0.0354 —0.0214]' (4.5)

For giving the sampling period h = 0.005, Table 3 gives the relation of the
trigger parameter o, trigger times, the average release period, and the percentage of data
transmissions; it can be seen that the larger the o, the smaller trigger times; the larger average
release period, the smaller percentage of data transmission, which are reasonable results. In
the following, we provide some simulation results: when o = 0, the time varying delay 7 ()
obeys uniform distribution over [0, 1], and the curves of the error dynamics of the neural
networks e;(t) (i = 1,2) are depicted in Figure 1, from which we can see the errors converge
to zero asymptotically. If setting o = 0.1, The response of the error dynamics for the delayed
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Figure 1: The error curves e;(t) (i = 1,2) with trigger parameter o = 0 (time-triggered scheme).

Table 3: h = 0.005, dyp = 0.01, 7 = 0.1, t = 10.

o 0 0.01 0.1
Trigger times 2000 188 74
. . 0.7582 -0.2843 0.7504 —0.2881 46153 -2.7354
Trigger matrix W
-0.2843 0.9490 -0.2881 0.9444 -2.7354 6.5131
Estimator matrix K -0.0070 -0.0553 -0.0068 —0.0552 -0.0165 -0.0308
-0.0398 -0.0257 -0.0394 -0.0255 -0.0354 -0.0214
Average release period 0.0050 0.0531 0.1348
Data transmission 100% 9.42% 3.71%

neural networks (2.17) which converge to zero asymptotically in the mean square is given in
Figure 2. Figure 3 shows the event-triggered release instants and intervals. It can be seen from
Figures 1 and 2 that the simulation results are almost the same, but the percentage of data
transmission under even-triggered scheme used much small number than time-triggering
scheme. To make this clear, seen the computation results lists in Table 2, from which we can
see that data transmission rate with even-triggered scheme (o = 0.1) is only 3.71% of sampled
measurement output with time-triggered scheme (o = 0); from these results, we can draw
a conclusion that event-triggered scheme has advantage over the time-triggered scheme in
improving the resource utilization.

5. Conclusions

This paper has provided a novel event-triggered scheme to investigate the sampled-data state
estimation problem for a class of recurrent neural networks with time-varying delays. This
scheme can lead to a significant reduction of the information communication burden in the
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Figure 2: The error curves ¢;(t) (i = 1,2) with trigger parameter o = 0.1 (event-triggered scheme).
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Figure 3: Release instants and release interval by event-triggered scheme.

network. By using a delayed-input approach, the error dynamics system is equivalently to a
dynamic system with two different time-varying delays. Based on the Lyapunov-krasovskii
functional approach, a state estimator of the considered neural networks can be achieved by
solving some linear matrix inequalities, which can be readily solved by using the standard
numerical software. Finally, an illustrative example is exploited to show the effectiveness of
the event-triggered scheme.
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We discuss the dynamical behaviors of impulsive stochastic reaction-diffusion neural networks
(ISRDNNs) with mixed time delays. By using a well-known L-operator differential inequality
with mixed time delays and combining with the Lyapunov-Krasovkii functional approach, as
well as linear matrix inequality (LMI) technique, some novel sufficient conditions are derived
to ensure the existence, uniqueness, and global exponential stability of the periodic solutions for
ISRDNNs with mixed time delays in the mean square sense. The obtained sufficient conditions
depend on the reaction-diffusion terms. The results of this paper are new and improve some of
the previously known results. The proposed model is quite general since many factors such as
noise perturbations, impulsive phenomena, and mixed time delays are considered. Finally, two
numerical examples are provided to verify the usefulness of the obtained results.

1. Introduction

In recent years, neural networks (NNs) with time delays have received considerable attention
due to their extensive applications in solving some optimization problems, associative
memory, classification of patterns, and other areas. In implementation of NNs, however, time
delays are unavoidably encountered. It has been found that the existence of time delays may
lead to instability and oscillation in a neural network. Therefore, the analysis of the dynamical
behaviors such as stability, periodic oscillation, and chaotic behavior are necessary work for
practical design of delayed NNs [1-12]. Zheng and Chen [1] studied the exponential stability
for delayed periodic dynamical systems. In [2], the global exponential stability and periodic-
ity of a class of recurrent NNs with time delays are addressed by using Lyapunov functional
method and inequality techniques. In the factual operations, however, the diffusion phenom-
ena could not be ignored in NNs when electrons are moving in asymmetric electromagnetic
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fields. So we must consider that the activations vary in space as well as in time. The NNs
with diffusion terms can commonly be expressed by partial differential equations [13-33].
The authors in [13, 19, 20] have dealt with obtaining sufficient conditions for the global expo-
nential stability and periodicity of delayed reaction-diffusion neural networks (RDNNs).

As is well known, besides delays and diffusion effects, impulsive phenomena can
be found in a wide variety of evolutionary process, particularly in some biological systems
such as biological NNs and bursting rhythm models in pathology, as well as optimal control
models in economics, frequency-modulated signal processing systems, and flying object
motions, in which many sudden and sharp changes occur instantaneously, in the form of
impulse. For example, in implementation of electronic networks, the state of the networks
is subject to instantaneous perturbations and experiences abrupt change at certain instants,
which may be caused by switching phenomenon, frequency change, or other sudden noise,
that is, it exhibits impulsive effects. As artificial electronic system, neural networks are often
subject to impulsive perturbations that in turn affect dynamical behaviors of the systems
[17, 18, 25-27]. In [17, 26, 27], the global exponential stability for the equilibrium point of
impulsive RDNNs with delays was investigated.

However, the models studied in the above mentioned papers have been largely
restricted to deterministic RDNNs. In the real world, a real system is usually affected by
external perturbations which in many cases are of great uncertainty and hence may be treated
as random. As pointed out by Haykin [34] that in real nervous systems synaptic transmission
is a noisy process brought on by random fluctuations from the release of neurotransmitters
and other probabilistic causes. Hence, it is of significant importance to study stochastic effects
for the neural networks. In recent years, the dynamic behavior of stochastic NNs, especially
the stability of stochastic NNs, has become a hot study topic. Very recently, several kinds
of NNs with delays and stochastic effects have been investigated [22, 28-30]. Lv et al. [22]
and Xu et al. [29] have obtained some criteria to guarantee the almost sure exponential
stability and mean square exponential stability of an equilibrium solution for RDNNs with
continuously distributed delays and stochastic influence, respectively. It is noticed that the
authors do not take impulsive phenomena and diffusion effects into account on the dynamic
behaviors of RDNNs.

It is well known that not only diffusion effects and delays cannot be avoided but also
the existence of impulsive and stochastic effects is extensive in the NNs. Moreover, the inter-
connection weights b;;, 5,-]-, Ei]-, self-inhibition a; and inputs J; in the NNs may be variable with
time, often periodically. Therefore, it is necessary to consider impulsive and stochastic effects
to the stability of RDNNs with mixed time delays and their periodic limits. Unfortunately, to
the best of our knowledge, the existence and global exponential stability of periodic solutions
have been seldom considered for ISRDNNs with variable coefficients and mixed time delays.
Due to the simultaneous presence of impulsive stochastic effects, reaction-diffusion phe-
nomena, periodicity, variable coefficients, and mixed time delays, the dynamical behaviors
become much more complex and therefore pose significant difficulties in the analysis.

Based on the above discussions, in this paper, we aim to challenge the analysis problem
on dynamical behaviors of ISRDNNs with mixed time delays. By applying a well-known L-
operator differential inequality with mixed time delays and combining with the Lyapunov-
Krasovkii functional approach, as well as linear matrix inequality (LMI) technique, we have
derived some easy-to-test sufficient conditions for the existence and exponential stability
of the periodic solutions for ISRDNNs with variable coefficients and mixed time delays.
The obtained criteria depend on the reaction-diffusion terms. The results of this paper are
new and they complement previously known results. Furthermore, we do not need the
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differentiability of the time-varying delays. Two examples are employed to demonstrate the
effectiveness of the obtained results that are less restrictive than recently known criteria.

Notation. Throughout this paper, the following notations will be used. R* and R™"
denote the n-dimensional Euclidean real space equipped with the norm | - | and the set of
all n x n real matrices, respectively. Trace(-) denotes the trace of the corresponding matrix
and I denotes the identity matrix with appropriate dimensions. For square matrices A and B,
the notation A > (>, <, <) B denotes A - B is positive-definite (positive-semidefinite, negative,
negative-semidefinite) matrix. L denotes the well-known L-operator given by the Ito formula.
Let w(t) = (wi(b),...,wy(t))T is an n-dimensional standard Brownian motion defined on
a complete probability space (L, F, { F;};5, P) with a natural filtration {F;},,, generated by
{w(s) : 0 < 5 < t}. E(-) stands for the mathematical expectation operator. Z* is the set of
nonnegative integral numbers.

PC[(-00,0] x Q,R"] = {¢g : (-0,0] x Q — R" | ¢o(s*,x) = ¢(s,x) for s € (—o0,0],
¢(s™,x) exists for s € (-o0,0], ¢(s™,x) = (s, x) for all but at most countable points s €
(—00,0]}, where ¢ (7, x) and ¢(t*, x) denote the left-hand limit and the right-hand limit of
@ (t, x) at time ¢, respectively. Especially, let PC = PC[(-o0, 0] xQ, R"]. For ¢¢ € PC, we always
assume that ¢ is bounded and introduce the norm ||¢|| = sup__ .. (Zi,; q;iz(s))l/z.

Let PCZ;U [(=o0,0] x ,R"] denote the family of all bounded Fy-measurable, PC[(-oo,
0] x Q,R"]-valued random variables ¢, such that |l¢||. = sup__ .. E lg(s)]* < oo. Especially,
let P(Clbro = P(Clbf(J [(-o0,0] x Q,R"]. Let u = (uq,... ,un)T € R" and L?(Q) is the space of scalar
value Lebesgue measurable functions on Q which is a Banach space for the L,-norm:

1/2
||u||2=<j9|u<x>|2dx) . uelXQ), (L1)

where | - | is Euclid norm of a vector u € R".

2. Model Description and Preliminaries

Consider the following ISRDNNSs with mixed time delays system:

&0 ou;(t, x)
du,-(t,x)=§a—xl<Dil ox )dt

+ [—ai(t)ui(t,x) + b () £ (uj(t, x)) + Dby (1) f (uj(t = 7(t), %))
j=1 j=1

no_ t _
+Zbij(t) I ki]'(t - S)f] (u]-(s, x))ds + ]I(t)] dt
=1 —

+ D0 (f/x,u(t,x),u(t - T(t),x)>dw,-(t), t>0, t#t, x€Q, ke Z",
j=1

ui(t, x) = wi(t",x) — Opu; (", x), t=t, x€Q, keZ",
2.1)

wherei € N = {1,2,...,n}, n > 2, corresponds to the number of units in an NN; the time
sequence fj is called impulsive moment and satisfies 0 < typ < t; < +++ < fx < fjq1 < ---,
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limg _, o tk+1 = 00; Bi are some real constants; x = (x, .. .,xm)T € Q, Qis a compact set with
smooth boundary 0Q and mesQ > 0 in space R™, where mesQ is the measure of the set
€; u;(t, x) represents the state of the ith neuron at time t and in space x; b;;(t), l;i]- (t), and E,-j ()
denote the strength of the jth neuron on the ith neuron, respectively; f;, fj, and 7]. denote the
activation functions of the jth neuron at time ¢ and in space x; J; denotes the external inputs
on the ith neurons; a;(t) is the rate with which the ith unit will reset its potential to the resting
state in isolation when disconnected from the network and external inputs at time ¢ and in
space x; T(t) represents the transmission delay with 0 < 7(f) < 7, T is a constant; smooth
functions Dy; >0 (i=1,2,...,n, [ =1,2,...,m) stand for the transmission diffusion operators
along the ith neuron; the delay kernel k;;(-) is the real value nonnegative continuous function
defined on (0, +o0); u;(t7, x) and u;(t*, x) denote the left-hand limit and the right-hand limit
of u;(t, x) at time t, respectively. We assume u;(tx, x) = u;(tf, x).

oij(t, x,u(t, x),u(t - (t),x)) (i,j = 1,2,...,n) denotes the weight function of random
perturbation.

The boundary conditions and initial conditions are given by

u;(t,x) =0, (tx)€[0,+00) x 08,
2.2
ui(to +s,x) = gi(s,x), (s,x) € (-o0,0] xQ, (22)

where ¢ = ((Ifl,...,([}n)T S P(C?O.

In fact, some famous NNs models became a special case of system (2.1). For example,
when o;; = 0,1, j € N, the special case of system (2.1) is the model which has been
investigated [25, 27, 32]. When 6 =0, i = 1,2,...,n, k € Z*, then system (2.1) becomes
stochastic RDNNs with mixed delays, which has been considered in [22, 29]. If 8% = 0 and
0;j=0,1i,j € N, k € Z*, system (2.1) reduces to the deterministic system with mixed time
delays:

du;(t Oui(t
l;t() Zax< ! gx( )> (t)”’(t“zblf(t)f](“f(t x)

j=1
(2.3)

+ Zbl](t)f] (”;(t 7(t),x)) + sz](t)f kij(t - S)f (u,(s x))ds + Ji,

j=1

the dynamical behaviors of the special case for model (2.3) have been discussed by many
authors [19, 20]. Therefore, the model (2.1) is new and more general than those discussed in
the previous literature.

Throughout this paper, we assume that the following conditions are made.

(Al) Suppose that a;(t) > 0, bij(t),Eij(t), Eij(t),"r(t) > 0 and J;(t) are all continuously
periodic functions defined on [0, +o0) with common period w > 0. Moreover,

L

I;i]- = max{ibl](t

Pt } ii]' = max { |El](t)

da; = min {a;(t)}, bij =
i in {a;(t)}, b te()w{ te[0,c0]

te[0,w]

ij

i,jeN.
(2.4)
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(A2) Tﬁere exist Bositiveﬁdiagonal matrices L/ = diag(L{r P ,Li),LJ? = diag(L{ S .,Lﬁ),
Lf= diag(Lf,. ) .,L{,), such that for all 73,772 € R

|£i(m) = fi(m2)] < L |1 = 112,

(1) = F5 )| < Ly = a1, 25)

|7j(711)_7j(712)|5L{|711—712, i=12,...,n

(A3) The delay kernel k;; () : [0,+00) — [0,+c0), (i,j € N) are real-valued nonnegative
continuous functions that satisfy the following conditions:

(i) fo 7 kij(s)ds =1,
(i) kij(s) < x(s) for all s € [0, +o0), in which x(s) : [0,+c0) — R" is continuous

and integral and satisfies fg “x(s)e™ds < +oo, where the constant 77 denotes
some positive number.

(A4) For w > 0, there exists g € Z* such that ty + w = tx1q and Oix + w = Oiksg), k € Z7,i €
N.

(A5) There exist nonnegative constants 6; and y; such that
(0i(t,x,&,6)) - 0ilt, x,&,6)) (0i (t,x, 8, 6)) = 0i(t, %, 8,6)) " < 6:|& =& +vilgh —ail*, (26)
for all ¢, 6, ¢, 6; € R,0i(t,x,¢,6) = (oult,x,é,6),...,0m(t,x,¢,6)) is the ith row

vector of o(t,x,¢,¢6),i € N.

For convenience, u;(t, x), ¢i(s, x) are denoted as u;(t)or u;, gsi(s) or ¢;, respectively, if
no confusion should occur.

Definition 2.1. An equilibrium point u* = (uj,u3,...,u;) of system (2.1)-(2.2) is said to be
globally exponentially stable in the mean square sense if there exist positive constants ¢ and
M > 1 such that

Ellu(t,x) = u*|l, < M||g = u*|| &™), t>t5>0. (2.7)

Definition 2.2. The system (2.1)-(2.2) is said to be globally exponentially periodic in the mean
square sense if (i) there exist one w-periodic solutions; (ii) all other solutions of the system
converge exponentially to it in the mean square sense as t — +oo.

Lemma 2.3 (see [24]). Let Q bea cube |x;| <d; (I1=1,...,m)and let h(x) be a real-valued function
belonging to C*(Q) which vanish on the boundary dQ of Q, that is, h(x)|aq = 0. Then

oh
hzxdxgdzj —
fQ ) ! ol 0x

dx. (2.8)

i
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Remark 2.4. The boundary conditions of the investigated RDNNSs in [22, 24, 26-28, 35] are
all the Neumann boundary conditions. The obtained global exponential stability criteria are
independent of diffusion term. In other words, these criteria are same whether the diffusion
terms exist or not. However, it is also common to consider the diffusion effects in biological
systems (such as immigration [36]). In this paper, we investigate dynamical behaviors
of ISRDNNs with Dirichlet boundary conditions and mixed delays. The obtained criteria
depend on the reaction-diffusion terms. The Lemma 2.3 plays a key role in the reported
criteria which are dependent of diffusion terms.

Lemma 2.5 (see [4]). Let p,q,r, and P, (k € Z*) be nonnegative constants, and function V(x) €
PC?(R",R*), LV associated with system (2.1), satisfy the following inequalities:

LV (x(t)) < —pV(x(t)) + q sup V(x(s)) +r J:OO k(s)V(x(t—-s))ds, t#t, t>0,

t-T<s<t

(2.9)
V(x(t)) < peV(x(£)), keZt,

where x(s) is the same as (A3). Assume that

() p>q+r ;" «x(s)ds;
(ii) there exist constants M >0, a > 0 such that

n
[ [ max{1,pc} < Me™, nez*. (2.10)
k=1

Then

EV(x(t)) < MEVoe @t >4, (2.11)

where EVy = sup___.«EV(x(s)), A € (0,7) satisfies A <p - ge\™ —r fgoo x(s)etds.

Remark 2.6. The above result (2.11) on the impulsive delay differential inequality is an exten-
sion of continuous case in [37] and will play an important role in the following qualitative
analysis of ISRDNNSs with mixed time delays.

Lemma 2.7 (see [38]). Let a,b € R" and X be an n x n positive definite matrix, then

2a"b < a"Xa+b"X b (2.12)

3. Main Results

This section deals with obtaining sufficient conditions that guarantee the existence and global
exponential stability of periodic solution for the system (2.1)-(2.2).

Theorem 3.1. In addition to (A1)-(A5) and further assume that
(A6) p>q+r1[;* K(s)ds,
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(A7) there exist constants M > 1,1 € (0,1) and a € [0, X) such that

n
H max{1,fr} < Me*, neZz*,
= (3.1)

+0o0
A<p-ge' - rf x(s)e**ds,
0

where

> ¥ max{ai}],
ieN (3.2)

)/ pr = max{ (1 - 6%},

AT +r;;%xw]f
r= Smax([Bs

D; = min {Dy},

1<i<m

then system (2.1)-(2.2) is globally exponentially periodic in the mean square sense.
Proof. For any ¢ = (1,-..,¢)", ¢ = (p1,-..,9x)" € PCh, let u(t) = (@ (t), ..., un(t) and
u(t) = (u(t),... ,gn(t))T be the solutions of system (2.1)-(2.2) starting from ¢ and ¢, respec-

tively.
Let z;(t) = u;(t) — u,(t), from (2.1), we get

dz(t) = iai< l,ag’(t)>dt+ [—al(t)zz(t) +Zb1](t)<f1(“](t)) fi (E](t)»

j=1

+Zb17(t ) (Fi e =70)) = fi (w,t - 7(1)))
+Zn:5ij(t)r kij(t—5)<7j(ﬂj(s))—]_‘j@j(s)))ds dt
j=1 -

+ Z [0 (t, x, u; (), wi (£ — T(t))) — 03 (£, x, w,(F), u; (¢ — T(1))) | dwj (t).
-1
] (3.3)

n

Construct the Lyapunov functional V (t) = [, 3\, z7(t)dx, i € N,
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for t = t, from (2.1) and (A4), we have
V(ty) = f Zz (t)dx = j Z i(t) — (k)] °d
- f ) Z [14: (b + @) — w,(t)] *dax = Lz (1 - 6)? [ﬁi (£ q) - Ei(t;)]zdx (3.4)
i=1 i=1
< I;%?\zx(l - 0)? J;} g [wi(t +w) - gi(t;)]zdx = rlrelaNx(l - Qik)ZV(t;),

when t € (t_1, tx], the infinitesimal operator of LV (f) along with system (3.3) is

LV(t) = fQ 23> zi(t)

i=1
{Z;( ale(lt)> ai(t)zi(t)

v by @ ®) ()] + S (F @ t-re)) - 7 (w ¢-71)))

=i =
+ i@i,»(t) ft kij(t - s) [7,» (@;(s)) - £ (Ef(s)ﬂ ds } dx
= -0

+ J;g Z [Gi (t/ X, El(t)/al(t - T(t))) - Ui(t/ X, El(t)/ El(t - T(t)))]
i=1

X [Gi(t/ xrﬁi(t)/ﬁi(t - T(t))) - Oi(tl x,gi(t), Ei(t - T(t)))]de‘
(3.5)

Combining Cauchy inequality with (A2) yields
t — —
fQ zi(t) J' Kij(t =) [£;@(6) - F; (1)) | ds dx
< f9|zi(t)| L Kij(s)L!|z(t - 5)|ds dx = fo Kij(s)L{IQ|z,~(t)||zj(t —5)|dx ds
<Lzl [ KLzt ds < ;q[nzimna (] K,-,-<s>||z,.<t_s>||2ds)z]
_ _ +00 2
= 3o+ 3] ([ (K6 (K 60) Pzt = )]s )

<3ttt 3 ([ K- 9l
(3.6)
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According to Green’s formula [37] and the Dirichlet boundary condition, we get

f Sz ( af;x(l ) )dx = —i J; Dﬂ<a§;§lt)> x. (37)

=1

Moreover, from Lemma 2.3, we have

5 Lz Dil<a;;(lt)> f Z—ll(zl(t)) dx < - f immIGN(D)( (1) dx.  (38)

=1 1 =1

From (A1)-(A3), (A5) and (3.5)-(3.8), we have

LV(#) < —222( =iz l(t)||z>

=1 i=1

b |1

n 1<
+zz{—al |zl<t>||2+2(|b”|L Iz®lallz 1) + 52,

)
j=1
<||zl |3 + <J‘ Kl](s)”z](t—s)”2 s))

S(p

ij

L () 2t - r(t))llz) } + 2 (Billz 1B + yillzitt - T(1)3)

i=1

iz( ) l<t>||2>

=1i=1

=2

' {—zaiuzxt)né + 0 [Bu [ (=015 + 1z ®)115)
j=1

=1
+]§; by Lf(ﬂzi(t)u% + <Lw Kij(s)||zj(t - 5) ||§d5>>

7 [b L] (=01 + |56 - 7))
j=1

} + (601 + vllzit - ®)13)

i=1
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ZZ mlnlEN(D ) Zmln(ﬁ,)
-1 l ieEN

[ff;aNX<ZlbulL > (I mN< d >
+rl%aNx<Zn: L{> +max ]}Z:'||z,(if)||2 [Zmax(

n n
< Sl =) + Smax(
i=1 i=1 /€

) maX{Yz}]

b)) fo ()3l 1 o)l (3.9)

From (3.4), (3.9), (A6), (A7) and Lemma 2.5, we know

EV(t) < MEVoe @ Pt >, (3.10)

which means that
f N E[u:(t) - u,(H]*dx < M| - || 2e™P", £ >t (3.11)
Q=1
By the integral property of measurable functions, we can derive

f Z[ul(tﬂu) w(1))2dx < Mg - g|*e P!, >t ae. (3.12)

In the light of (374 lzil)* < n >, |zif?, for any z; € R*, we obtain

f Z|ﬂi(t +w) —ui(t)|dx < VMl - ¢|le P!t >t ae. (3.13)
Q=1
Noticing that
k
;(t + kew) =;(t) + D [wi(t + rw) - wi(t+ (r - Dw)], i€ N. (3.14)

r=1
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For any given t > ¢, by (3.12), we can see that

I Dt + rw) =t + (r — 1w)]dx
Q r=1
k k
= f klim D [(t + rw) =it + (r — Dw))]dx < VnM|| - qf||klim e 0P -t
Qr—7® ]

k
_ ~0.5(a-P)t 1: -0.5(a-p)(r-1w
<VnM|lg - glle dim > e /

(3.15)

therefore, limy _, . u; (f + kw) exists a.e.

Let (t) = (@i1(b),..., 0. (1)) be the solution of system (2.1)-(2.2) starting from ¢, by
U;(t) = limg_, o u; (t + kw), then 1(t) is well defined and is a periodic function with period w.
Supposing that o(t) = (1(f),... ,6n(t))T is another w-periodic solution of system (2.1)-(2.2)
starting from ¢*, by similar method used before, it is easy to prove

féul(t —0i(t)]?dx = f i (t + kew) — 7 ( + kw)]*d
Q

i=1 (316)

< M| - ¢*|[Pe @ PR >4, ae.

Therefore, we can conclude that the system (2.1)-(2.2) is globally exponentially periodic in
the mean square sense. This completes the proof of Theorem 3.1. O

Next, omitting condition (A4) and using LMI technique, another sufficient condition
ensuring the global exponential stability of periodic solution for the system (2.1)-(2.2) in the
mean square sense is derived.

Theorem 3.2. Suppose that (A1)-(A3) and (A5) hold. If there exists a positive definite diagonal

matrix P, positive definite matrices Z1, Z,, nonnegative constants p,q,r, and P, (k € Z*), such
that

Q) p>q+ rfgm x(s)ds,

(ii) there exist constants M > 1, A € (0,1) and a € [0, A) such that

n
[ max{1,p} < Me™, nez, (3.17)
k=1

and A <p - qe’™ —r [[* x(s)e**ds,
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(iii)
—PD*—-D"P-PA-ATP+PBLf + L/BTP + R, + PBL/=,L/BP

+00 _ _

+ J‘ K(s)dsPBLIE, LB P+ pP <0, Z{'+R,—qP <0, ;' —rP <0, CTPCy - pP <0,
0

(3.18)

then the system (2.1)-(2.2) is global exponential periodic in the mean square sense. Where

A=diag(ay,...,a,), B=(by),., B= <Eif>nx,; B= <5if>nxn’

Pr = IgaNx{(l - Qik)z}, R, = diag(6y,...,64), R, = diag(y1,.-.,Yn),

(3.19)
s < D < D, )
D* = dlag<zd—;’,...,zd—2’>, Ci = diag(1 - 01, ..., 1 - Ope).
1=1 9 1=1 4
Proof. Define the following Lyapunov functional:
V(t) = f zI (t)Pz(t)dx, (3.20)
Q
when t = t;, we have
V() -V (1) = 2 (G)CTPCuz(ty) - 7 (1)PP=(8)dx
Q
(3.21)

= f 21 (8) <c£PCk - ﬁkP>z(t;)dx <0.
Q

For t > ty, t#t, the infinitesimal operator of LV (t) along with (3.16) is

0 0z
LV (t) = f (—ZTPz+zTP—>dx+J trace( o’ Po)dx
i a7 )+ | trace(oPo)

<2 sz< S or (Dugs ) - Az + Bga0) + BR-1)  322)

=1 axl axl

t _
+ BJ‘ x(t— s)sz(s)ds> dx + f trace<5TP6) dx,
% Q
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where
g(z(t)) = (gl (Zl (t)) ----- gn(zn(t)))T/ 0= (Gij (t/ X, é:/ g;) - Gij(t/ X, éi/ gi))nxn
3z1) = Bzt -11))),..., Gulzalt - 7)),
3E6) = @ @6, @), gEO) = @G0 - fH(0), 323

gi(z(t-T1)) = fi (@t 7)) - fi ((t -7(1),
g(z) = F,@) - F, (), j=12....n.

By employing (3.8), (A5) and Lemma 2.7, we have

LVSZJ‘

< - 2T ())PD*z(t) - 2" (1) PAz(t) + z" (1) PBLf z(¢)
Q

+2T ()PBL z(t - 7(t)) + 2 (1) PB fm

K(S)L?Z(t - s)ds)dx
0

+ J' <zT(t)Rlz(t) + 2T (t - 7(t)) Roz(t - T(t))>dx
Q
< I [ZT(t) <—PD* ~D"P-PA-ATP+PBL + L/BTP + R1>z(t)
Q

+ 2T () PBL/ 2, LI BT Pz (t) + 27 (t - T(H) 2 2(t - 7(t))

+00 _ .
+ f x(s)z" (1) PBL/ =, L BTPz(t)ds] dx
0

+ L <zT(t —7(t))Roz(t — T(t)) + ﬂm x(s)z" (t-8)Z; z(t - s)ds>dx

< f [ZT(t) < -PD*-D*"P-PA-A"P+PBL/
Q

. - +00 _ — .
+L'B"P + R, + PBL/Z,L/B"P + j x(s)dsPBL/Z,Lf BTP> z(t)
0

+00

+2T (¢ T (3" + Re) = -7(0) + [

x(s)z! (t - s)E;lz(t - s)ds] dx
0

< f [zT(t) ( -PD*-D*"P-PA-ATP+PBLf + L/B'P
Q

~ ~ +00
+R, + PBL/=,L/B'P + J

x(s)dsPBL/=,L/B P + pP) 2(t)
0
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+zI (t—1(t)) <511 + Ry - qP)z(t —-T(t)) + f x(s)z! (t-s) <E£1—7P>Z(t—s)d5] dx
0

-pV(t)+qg sup V(s)+r f+m x(s)V(t - s)ds.
0

—o0o<s<t
(3.24)
It follows from the condition (iii) and (3.24) that we have
+00
LV(t) <—pV(t)+q sup V(t)+ rf x(s)V(t - s)ds. (3.25)
—oo<s<t 0
By Lemma 2.5, we obtain
Aain (P)E||Z(DI3 < EV () < Amax(P) [l = 2™, (3.26)
We know that
. < max(P (=)t /2 (3.27)
1201 < | 7= o~ ol e , .
that is,
max P — —
EJa 0 )], </ 75 e = oll,e @02, vz >0, (3.28)
where
-)‘max(P)
= > 1. 3.29
M=\ T 2! 029

Similar to the proof of Theorem 3.1, we know that the system (2.1)-(2.2) is globally
exponentially periodic in the mean square sense. This completes the proof. O

Remark 3.3. In [23], the authors have considered the stability problems of RDNNs, however,
they have not considered impulsive stochastic effect and reaction-diffusion terms. To the
best of our knowledge, no LMI-based stability results have been reported for ISRDNNs with
mixed time delays in the literature.

Since an equilibrium point can be viewed as a special periodic solution of RDNNs
with arbitrary period, we can consider ISRDNNs in system (2.1) with parameters a;(t) = a;,

bl](t) - bl]r bl](t) - bZ]/ bl](t) - bl]/ ]l(t) ]1/ T(t) =T, O-l](t x,u u ) - O Where alr bl]rbljr
blj, Ji are constants. Then, according to the results obtained so far, if the sufficient conditions
in Theorems 3.1 or 3.2 are satisfied, a unique periodic solution becomes a periodic solution

with arbitrary positive constants as its period. So, the periodic solution reduces to a constant
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solution, that is, an equilibrium point. Moreover, all other solutions globally exponentially
converge to this equilibrium point in the mean square sense as t — +co. To this end, by
applying Theorems 3.1 or 3.2, we can easily get the following results.

Corollary 3.4. Suppose that (A1)-(A5) hold for ISRDNNSs in (2.1)-(2.2) with parameters a;(t) =
a;, bi(t) = byj, byj(t) = by, bi(t) = by, Ji(t) = Ji, T(t) = 7, 03i(t, x,u*,u*) = 0, where a;, by,
Eij, Eij, Ji are constants, if Oy € [0,2],i € N, k € Z*, then there exists a unique equilibrium point
of system (2.1)-(2.2), which is globally exponentially stable in the mean square sense.

Corollary 3.5. Suppose that (A2)-(A3), (A5) for system (2.1)-(2.2) with a;, bi]-,Eij,Eij,]i being
constants and Oy € [0,2], i € N,k € Z* hold. If there exist a positive definite diagonal matrix
P, positive definite matrices 21, =, nonnegative constants p,q,r, and Py, (k € Z*), such that
)p>q+r fgoo x(s)ds,

(ii) there exist constants M > 1, L € (0,1) and a € [0, X) such that

[ [ max{1,pi} < Me™, nez, (3.30)
k=1

and X < p - qe’™ —r [[* x(s)e**ds,

(iii)
_PD*-D"P-PA-ATP+PBLf + L'BTP+ R, + PBL/Z,L/B"P

+00 _ .
+ f K(s)dsPELfsszBTP +pP<0, E'+R,-qP<0, 5,'-rP<0, (3.31)
0

C{PCi - pP <0,

then the system (2.1)-(2.2) has a unique equilibrium point, which is globally exponentially stable in
the mean square sense.

4. Illustrative Examples

Example 4.1. Consider the system (2.1) with two neurons on Q = {((x1,)T | 0<x; <1, I =
1,2} C R?, the boundary conditions and initial conditions are given by

ui(t,x) =0, (tx)€[0,+00) x 08,
(4.1)
u;(s,x) = 251n7rx1x§, i=1,2, (5,x) € (—o0,0] x Q,

where t =k, k € Z*, x(s) = kij(s) = se™, f;() = fi(n) = f,(n) = (1/30) (I +1|+|n~1]), n =
m=2, L]f = L]f = L{ =1, d=¢=1,j1=1,2 Dy =Dy =05Dy =03,Dp =07, 7(t) =
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0.02 = 0.01sin2urt, T = In2,a,(t) = 10.9 — 4cos2urt, ax(t) = 11 — sin2xt, 0 = -1+ k, k €
Z+, 61' = Yi = 1

oij(t, x, ui(t, x), ui(t — 7(t), x)) = ?(tanh(ui(t, x)) + tanh(u; (t — 7(t), x))),

b11(t) =03 +0.1sin2art, bip(f) =0.4+0.1sin20rt, by (f) = 0.2 + 0.1 cos 2urt,
by (t) = 0.3 — 0.1 cos 2urt, En(t) = 0.2+ 0.1sin 2rt, I;lz(t) =0.3-0.2cos2rt,

(4.2)
boi(t) = 0.5 +0.1cos2rt, by(t) =04 —0.1sin2t, by (t) = 0.1 - 0.2sin 2urt,

bia(t) =0.25-0.1sin2t, by (t) =0.2—-0.1cos2t, bxn(t) = 0.1 - 0.1cos2rt,

Ji(t) = 1 +sin2xt, Jo(t) =2 + cos2urt.

Direct computation shows that p = 5.65, g + rfgoo x(s)ds = 445. LetA =02, a=0,M =1,
and T = In2 satisfying A < p — ge'™ — r [;* x(s)e**ds. The simulation results are shown in
Figures 1-6. When x, = 0.1, the states surfaces of u(t, x1,0.1) are shown in Figures 1 and
2, while x; = 0.1, the states surfaces of u(t,0.1,x;) are shown in Figures 3 and 4, they are
illustrated that the system states in (2.1) and (2.2) converge to periodic solutions. In order to
see it clearly, we also draw the curves of the states when x; = 0.1, x; = 0.1 in Figures 5 and 6.
Hence, it follows from both Theorem 3.1 and the simulation study that system (2.1)-(2.2) is
globally exponentially periodic stable in the mean square sense.

Example 4.2. Consider an ISRDNNSs in (2.1) with parameters on Q = {(x1,x2)T | 0 < x <
1/2,1=1,2},

=

tr =05k, x(s) = kii(s) =se”’, D; = 1 i,7,1=1,2), J1(t) = sint, Jo(t) = cost,
] 8 ]
_B_ [0.25 0.25

20 05 -05 ., 1o
A= [0 2]’ B= [0.5 0.5]’ 0.25 0.25]’ Ri=R=D"= [o 1]'

fim) = Fim) =Fj(m) =sin3 +3, j=12,  7()=01-01sint.

(4.3)

Clearly, fi(7), fNj(q), 7].(11), (j = 1,2) satisfy the (A2) with Lf = Lf =LF = I, and
7(t), J1(t), J2(t) are continuously periodic functions with a common positive period 2.

Takingp=1,4g=02, r=01, A=01, a=0, =1, P=2L, C, =05, Z; =5, =
I,. By simple calculation, we can easily check (i), (ii), (iii), and (iv) in Theorem 3.2.

To this end, the conditions of Theorem 3.2 are satisfied, therefore, there exists exactly
one 2sr-periodic solution, and all other solutions converge exponentially to it in the mean
square sense as t — +oo.

Remark 4.3. In Examples 4.1 and 4.2, many factors such as noise perturbations, mixed time

delays, and impulsive effects are considered. Therefore, the results reported in [13, 14, 18-20]
do not hold in our examples.
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Figure 3: The surface of u;(,0.1, x,) when x;
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u(0.1, x2,t)

Figure 4: The surface of u,(t,0.1, x,) when x; = 0.1.
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Figure 5: The curve of u;(t,0.1,0.1) when x; = 0.1, x, = 0.1.

5. Conclusions

In this paper, the dynamical behaviors for ISRDNNs with mixed time delays have been
studied. By using an L-operator differential inequality with impulses and mixed time delays,
as well as linear matrix inequality technique, some novel sufficient conditions are derived
to guarantee the existence, uniqueness, global exponential stability of the periodic solutions,
and the global exponential stability of the equilibrium point in the mean square sense. To
the best of our knowledge, the results presented here have been not appeared in the related
literature. The obtained sufficient conditions depend on the reaction-diffusion terms. The
obtained results generalize and comprise those results with/without reaction-diffusion term,
impulsive operators, or noise disturbances in the previous literature. Finally, two numerical
examples are also provided in the end of the paper to show the effectiveness of our results.
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Figure 6: The curve of u,(t,0.1,0.1) when x; = 0.1, x, = 0.1.
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This paper mainly investigates the lag synchronization of nonlinear coupled complex networks
using methods that are based on pinning control, where the weight configuration matrix is not
necessarily symmetric or irreducible. We change the control strength into a parameter concerning
time ¢, by using the Lyapunov direct method, some sufficient conditions of lag synchronization are
obtained. To validate the proposed method, numerical simulation examples are provided to verify
the correctness and effectiveness of the proposed scheme.

1. Introduction

In recent years, a great deal of attention has been paid to the investigation of complex
networks in various fields. In fact, complex networks are shown to widely exist in our life.
Common examples of complex networks include the Internet, the World Wide Web (WWW),
food webs, scientific citation webs, as well as many other systems that are made up of a large
number of intricately connected parts. Indeed, complex networks are an important part of
our daily lives.

Synchronization of complex networks has been one of the focal points in many
research and application fields. Synchronization has been studied from various angles and
a variety of different synchronization phenomena have been discovered, such as complete
synchronization (CS), phase synchronization (PS), lag synchronization (LS), generalized
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synchronization (GS), anticipatory synchronization, antiphase synchronization, clustering
synchronization, projective synchronization, and others [1-15]. It is worth mentioning that, in
many practical situations, a propagation delay will appear in the electronic implementation
of dynamical systems. Therefore, it is very important to investigate the lag synchronizationa
few results have been reported. Guo [16] investigated the lag synchronization of complex
networks via pinning control. Without assuming the symmetry and irreducibility of the
coupling matrix, sufficient conditions of lag synchronization are obtained by adding
controllers to a part of nodes. Particularly, the following two questions are solved: (1)
How many controllers are needed to pin a coupled complex network to a homogeneous
solution? (2) how should we distribute these controllers? Shahverdiev et al. [17] investigated
lag synchronization between unidirectionally coupled Ikeda systems with time delay via
feedback control techniques; Yang and Cao [18] studied the exponential lag synchronization
of a class of chaotic delayed neural networks with impulsive effects. Some sufficient
conditions are established by the stability analysis of impulsive differential equations. Li
et al. [19] considered the lag synchronization issue of coupled time-delayed systems with
chaos, applied proposed lag synchronization strategies towards the secure communication.
Wang and Shi [20] investigated the chaotic bursting lag synchronization of Hindmarsh-Rose
system via a single controller. Zhou et al. [21] investigated lag synchronization of coupled
chaotic delayed neural networks without noise perturbation by using adaptive feedback
control techniques. Wang et al. [22] investigated lag synchronization of chaotic systems with
parameter mismatches. Sun and Cao [23] and Yu and Cao [24] researched the adaptive lag
synchronization of unknown chaotic delayed neural networks.

It is noticed that almost all the regimes of lag synchronization mentioned above
used the method of adding controllers to all the nodes to make complex networks get
synchronized. As we know now, the real-world complex networks normally have a large
number of nodes. Therefore, for the complexity of the dynamical network, it is difficult to
realize the synchronization by adding controllers to all nodes. To reduce the number of the
controllers, a natural way is using pinning control method [25-29].

Motivated by the above discussions, in this paper, we work on the lag synchronization
of nonlinear coupled complex networks via pinning control method. The main contributions
of this paper are three fold. (1) This paper deals with the lay synchronization problem
for nonlinear coupled complex networks. We change the control strength into a parameter
concerning time t, some sufficient conditions for the synchronization are derived by
constructing an effective control scheme. Particularly, the weight configuration matrix is not
necessarily symmetric or irreducible. (2) Compared with some similar designs, our pinning
controllers are very simple. (3) Generally, previous works require the coupling strength
¢ to be large so that the synchronization of complex networks can be realized. However,
there exists a drawback as ¢ becomes larger. This equivalently makes all weights larger
simultaneously. This must raise the synchronization cost. In this paper, we show that, as a
parameter, £(t) > 0 can be used to complete the task with a lower cost. Numerical examples
are also provided to demonstrate the effectiveness of the theory. This work improves the
current results that we have.

The rest of this paper is organized as follows. The network model is introduced
and some necessary definitions, lemmas, and hypotheses are given in Section 2. The lag
synchronization of the coupled complex networks is discussed in Section 3. Examples and
their simulations are obtained in Section 4. Finally, conclusions are drawn in Section 5.
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2. Model and Preliminaries

Now we consider the nonlinear coupled complex networks consisting of m identical nodes
that are n-dimensional dynamical units. The model is described as

%i(t) = f(t, xi(t) + e > aijg(xj(t), i=1,...,m, (2.1)
j=1

where x;(t) = (x,-l(t),x,-z(t),...,xin(t))T € R" is the state vector of node i; f : R* — R"
standing for the activity of an individual subsystem is a vector value function. g(e) is
some nonlinear function reflecting the nonlinear coupling relationship between those nodes.
A = (aj), . 1s the corresponding coupling matrix that satisfies a;; > 0(i#j), denoting the
coupling coefficients, and a;; = - 37, ; ; a;i, fori, j = 1,2,...,mand c is the coupling strength
and will be fixed in this paper.

Based on the system above, we construct a response system whose state variables are
denoted by y;(i = 1,2,...,m), whereas (2.1) is considered as the drive system with state
variables denoted by x;(i = 1,2,...,m). In the response network, we add controllers to a
part of the nodes which will be much more practical. Without loss of generality, we add the
controllers to the first m; nodes (1 < m; < m). Therefore, the response system with delay
feedback can be described as

vi(t) = f(tyi(t) +c D aijg(yj(h) — ce(t) (g (yi(h)) — g(xi(t 7)), i=1,...,m
-1
: N 2.2)
yi(t) = f(tyi(t)) + cZai]-g(yj(t)), i=m+1,...,m,

j=1

where 7 > 0 is the time delay, e(t) > 0 and £(t) = 27} 6xiT(t)P6xi(t). Define 6x;(t) = yi(t) —
xi(t —7) and 6g(x;(t)) = g(yi(t)) — g(xi(t — 7)); then we have the error system as

6%i(t) = f(t,yi(t)) — f(t, xi(t = 7)) + ¢ D a;68(x;(1)), i=1,...,m, (2.3)

j=1

where a;; = a;; — £(t),i=1,...,m; and @;; = a;; otherwise.
Now, we introduce some definitions, assumptions, and lemmas that will be required
throughout the paper.

Definition 2.1 (see [30]). The drive system (2.1) is said to lag synchronize with the response
system (2.2) at time 7 if y;(t) —x;(t—7) — 0,t — oo,i=1,...,m, where 7T is a given positive

time delay.

Lemma 2.2 (see [31]). Assuming that A = (aj;), . satisfies the following conditions.

(1) a,-]- > O, (175]), aij = —Z;il,iﬂllij,l‘,]’ = 1,2,...,n.
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(2) A is irreducible. Then, one has

(i) real parts of the eigenvalues of A are all negative except an eigenvalue 0 with
multiplicity 1,

(ii) A has the right eigenvector (1,1,...,1)" corresponding to the eigenvalue 0,

(iii) let & = (&1, &2, ...,&)" be the left eigenvector of A corresponding to the eigenvalue
0,¢>0,i=1,...nfor convenience, one writes = = diag{¢;,..., &, }.

2 O/
fori#j, and a; = -3, a;, i,j = 1,2,...,n then, all eigenvalues of the matrix A= A-
diag(ki, ko, ..., km,,0,...,0) are negative, where ky, ky, . .., ky, are positive constants.

Lemma 2.3 (see [32]). If A = (a;),,, is an irreducible matrix and satisfies a;; = aj;

Assumption 2.4 (see [33]). The function f(e) € QUAD(P, A,n) if there exists a positive
definite diagonal matrix P = diag(ps,...,ps), a diagonal matrix A = diag(Aq,...,A,), and
a scalar 7 > 0 such that (x — y)TP(f(x) - f(y) - Ax+ Ay) < -n(x - y)T(x - y) holds for any
x,y € Ry, t>0.

Assumption 2.5 (see [34] (Global Lipschitz Condition)). Suppose that there exist nonnegative
constants y, for all V¢ € R,, such that for any time-varying vectors x(t), y(t) € R"

I8 =g < vllx-wl. (2.4)

where [||| denotes the 2-norm throughout the paper.
For the convenience of later use, we introduce some notations:

5x(t) = [6x1(t)T,...,6xm(t)T]T, 63X (t) = [5x;<(t),...,5x,’;(t)]T, k=1,...,n,
(2.5)

6g<3?k(t)) = [5g(x§<(t)),...,5g(x’,;(t))], k=1,...,n

3. Main Results

According to proposition in [16], we can get that the matrix ZA is zero row sum. Moreover,
due to A being an irreducible coupling matrix and Z a positive diagonal matrix, it is easy to
verify that ZA is also irreducible and the matrix ZA is negative definite.

Theorem 3.1. Suppose that Assumptions 2.4 and 2.5 hold and the coupling matrix A is irreducible.
If one has

Ak5+cy(5/1> <0, k=1,...,n (3.1)

then, the drive system (2.1) lag synchronization with the response system (2.2) at time T.

Proof. Choose the following Lyapunov functional candidate:

V() = %igiéxf(t)péxi(t). (3.2)
i=1
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Differentiating V (t) with respect to time along the solution of (2.3) yields

V(t) = iginiT(t)P(SxiT(t)
i=1
(3.3)
= YE6x] (1P| f(tyi(t) - f(t, xi(t—7)) + cZaijég(xj(t))].
i=1 j=1

By the Assumption 2.4 and Lemmas 2.2 and 2.3, we obtain

Vi) < - ﬂiéi(SxiT(t)(Sx,-(t) + igiéx?(t)PAéixi(t) + cigi(ﬁx?(t)Piﬁijég(xj(t))

i=1 i=1 i=1 =1

< - q}m]giax?(t)axi(t) + zn:pkAk<65Ek(t)>TE6§k(t) + czn:pk<6ik(t)>TEA6g<§k(t)>.

i=1 k=1 k=1
(3.4)
By the Assumption 2.5, we obtain
. m n B T . o~ B
V(t) < > a6x! ()6xi(H) + > pr <6xk(t)> [Ak: + cy<:A>]6xk(t). (3.5)
i=1 k=1
Therefore, if we have A Z + cy(E‘.A) <0,k=1,...,nthen
V(t) <0. (3.6)
Theorem 3.1 is proved completely. O

Theorem 3.2. Suppose that Assumptions 2.4 and 2.5 hold and the coupling matrix A is reducible. If
one has when

AZE+cyEA-cgA<0 k=1,...,n, (3.7)

where A = <I"’15'”1 g ) , then, the drive system (2.1) lag synchronize with the response system (2.2)

. mxm
at time T.

Proof. We consider the following system:

oxi(t) = f(tyi(t)) — f(t, xi(t—7T)) + cg_‘iai,ﬁg(x,-(t))
iz

—ce()(g(yi() —g(xi(t—1))), i=1,...,m (3.8)

oxi(t) = f(t,yi(t)) — f(t, xi(t —T)) + ciaing(xj(t)), i=m+1,...,m.
=1
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Choose the following Lyapunov functional candidate:

(t) - q)°

V(t) = Z§l6xT(t)P6 () + ZZ(Y‘;‘ e (3.9)

where g > 0.

Differentiating Vi (t) with respect to time along the solution of (3.8) yields

Zg,éxT(t )PSx! (t) +CZ(Y§15(t) q)é(t)

i=1

= Z§i6xiT(t)P[f(t, vi(t)) — f(t, xi(t = 7)) + c > a;;68(x;(t))
i=1 i=1

—ce(t) (g(vi(h)) — g(xi(t - T)))] + ch (yéie(t) - q)£(t)
i=1

(3.10)
i 6xT(t [f (£, yi(t)) = f(t xi(t = T)) — Abxi(t)] ZgltﬁxT(t)PAéx,(t)
i=1 i=1

+c) &6x] ()P a;6g(xj(t)) + czl:(yé,-s(t) —q)é(t)
i=1 i=1 i=1

- c 2 aibx; (OPe(t) (g (yi(h)) — g(xi(t 7).
i=1
By the Assumption 2.4, we obtain

V(t) < - anléiéx,-T (H6xi(H) + D pr <6§k(t)>T(AkE)65c'k(t) +c > &i6x] (HPY a;;6g(x;(t))
i=1 k=1 i=1 i=1
- CYiéﬁxiT(t)Pg(t)(sz'(t) + CY%éig(t)é(t) - ciqé(t)
=1 i=1 =1

< - 0> 6T (6xi(h) + Zpk (5551)) (AD)5% (1)

i=1

+ czn:pk <6J?k(t)>T(EA)6g<a?k(t)> —cq En:pk (555’<(t))TA(55zk(t)>.
k=1 k=1
(3.11)
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By the Assumption 2.5, we obtain
. ua 1 T
V(t) < —n D &ibx] (H)6xi(t) + D pi (5§k(t)) (AKE + cyEA - cgA) (65zk(t)). (3.12)
i=1 k=1

Therefore, if we have AxZ + cy2EA - cgA <0,k =1,...,n then

V(t) <0, (3.13)

Theorem 3.2 is proved completely. O

Remark 3.3. Compared with the control methods in the literature [16], the work requires
the coupling strength ¢ and k;(u;(t) = ki(x;(t — T) — yi(t)), where k; are positive constants)
to be large so that the lag synchronization of complex networks can be realized. However,
there exists a drawback as ¢ becomes larger. This equivalently makes all weights larger
simultaneously. This must raise the synchronization cost. In this paper, we show that, as a
parameter, £(t) > 0 can be used to complete the task with a lower cost.

4. Illustrative Examples

In this section, a numerical example will be given to demonstrate the validity of the
lag synchronization criteria obtained in the previous sections. Considering the following
network:

vi(t) = f(byi(h) +c D aig(y; (1) —cet) (g(vi(h)) - g(xi(t 7)), i=1,...,my
=1
4.1)

yl(t) = f(t,yl(t)) + cZai]-g(yj(t)), i= mi + 1,. ..,m,

j=1

wherei = 1,2,...,m, f(t,yi(t)) = Dyi(t) + h(y;(t)) + B, yi(t) = (yn (t),yiz(t),ylg(t))T, Here
B =10,0,0.1]", h(x;) = (0,0, ynyi)", mi =1,¢c=0.5,7 = 0.01, g(y) = cos y + 3y. And

6 1 2 1 1 1]
1 52 1 0 1
0 -1 -1
D=|101 0], A= 2 27012 (4.2)
10 -10 1 1 0 -7 2 3
101 2 =51
1 1 2 3 1 -8
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Figure 1: The chaotic behavior of time-delayed Rossler system.
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Figure 2: Time evolution of the lag synchronization errors E(f).

The following quantities are utilized to measure the process of lag synchronization

N
E(t) = (1) = x;(t -
(t) gllyo xi(t—=7)|| )

er(t) = ||lya(t) = x1(t - 7)

7

where E(t) is the error of lag synchronization for this controlled network (2.2); e; (¢) is used
to display the synchronization process of the first pinned node. The simulation results are
given in Figures 1, 2, 3, and 4. From Figure 4, we see the time evolution of control strength.
The numerical results show that the theoretical results are effective.

Remark 4.1. In this paper we designed controllers to ensure that the special networks could
get lag synchronization. It indeed provides some new insights for the future practical
engineering design.
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Figure 3: Time evolution of the lag synchronization errors e; (t).

1.035

t

Figure 4: Time evolution of control strength £(t).

5. Conclusions

The problems of lag synchronization and pinning control for the nonlinear coupled complex
networks are investigated. It is shown that lag synchronization can be realized via pinning
controller. The study showed that the use of simple control law helps to derive sufficient
criteria which ensure that the lag synchronization of the network model is derived. In
addition, numerical simulations were performed to verify the effectiveness of the theoretical

results.
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