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Stability analysis of impulsive stochastic fuzzy
cellular neural networks with time-varying delays
and reaction-diffusion terms

Xinhua Zhang and Kelin Li

Abstract—In this paper, the problem of stability analysis for
a class of impulsive stochastic fuzzy neural networks with time-
varying delays and reaction-diffusion is considered. By utilizing
suitable Lyapunov-Krasovskii funcational, the inequality technique
and stochastic analysis technique, some sufficient conditions ensur-
ing global exponential stability of equilibrium point for impulsive
stochastic fuzzy cellular neural networks with time-varying delays
and diffusion are obtained. In particular, the estimate of the expo-
nential convergence rate is also provided, which depends on system
parameters, diffusion effect and impulsive disturbed intention. It is
believed that these results are significant and useful for the design
and applications of fuzzy neural networks. An example is given to
show the effectiveness of the obtained results.

Keywords—Exponential stability; stochastic fuzzy cellular neural
networks; time-varying delays; impulses; reaction-diffusion terms.

I. INTRODUCTION

N mathematical modelling of real world problems, we

encounter inconveniences, namely, the complexity and the
uncertainty or vagueness. In order to take vagueness into
consideration, fuzzy theory is considered as a suitable setting.
Based on traditional CNN, Yang et al. proposed the fuzzy
cellular neural networks (FCNN) [1], [2], which integrates
fuzzy logic into the structure of the traditional CNN and main-
tains local connectedness among cells. Unlike previous CNN
structures, FCNN has fuzzy logic between its template input
and/or output besides the sum of product operation. FCNN is
very useful paradigm for image processing problems (e.g., see,
[10], [11]), which is a cornerstone in image processing and pat-
tern recognition. In such applications, the stability of networks
plays an important role, it is of significance and necessary to
investigate the stability. It is well known, in both biological
and artificial neural networks, the delays arise because of the
processing of information. Time delays may lead to oscillation,
divergence, or instability which may be harmful to a system.
Therefore, study of neural dynamics with consideration of the
delayed problem becomes extremely important to manufacture
high quality neural networks. In recent years, there have been
many analytical results for FCNNs with various axonal signal
transmission delays, for example, see [3]-[11] and references
therein. However, strictly speaking, diffusion effects cannot be
avoided in the neural networks when electrons are moving in

This work is supported by the Scientific Research Fund of Sichuan
Provincial Education Department under Grant 09ZC057.

X. Zhang and K. Li are with the Department of Mathematics, Sichuan
University of Science & Engineering, Sichuan 643000, China. ( e-mail:
zhangxinhua6466@126.com; lkl@suse.edu.cn.)

asymmetric electromagnetic fields. So we must consider that
the activations vary in space as well as in time. In order to
take the reaction-diffusion phenomena into neural networks,
many reaction-diffusion neural network models have been
formulated and investigated in recent years, for example, see
[12]-[24] and references therein.

On the other hand, in respect of the complexity, besides
delay effect, impulsive effect likewise exists in a wide variety
of evolutionary processes in which states are changed abruptly
at certain moments of time, involving such fields as medicine
and biology, economics, mechanics, electronics and telecom-
munications, etc. Many interesting results on impulsive effect
have been gained, e.g., Refs. [25]-[32]. As artificial electronic
systems, neural networks such as CNN, bidirectional neural
networks and recurrent neural networks often are subject to
impulsive perturbations which can affect dynamical behaviors
of the systems just as time delays. Therefore, it is necessary to
consider both impulsive effect and delay effect on the stability
of neural networks.

In recent years, the dynamic behavior of stochastic neural
networks, especially the stability of stochastic neural networks,
has become a hot study topic. The main reason is that in
practice, a real system is usually affected by external pertur-
bations which, in many cases, are of great uncertainty and
hence may be treated as random. As pointed out by Haykin
[36], in real nervous systems, synaptic transmission is a noisy
process brought on by random fluctuations from the release of
neurotransmitters and other probabilistic causes. Therefore, it
is of significant importance to consider stochastic effects for
the stability of neural networks. In Ref. [?]-[32], the authors
studied the exponential stability of several delayed neural
networks with impulsive and stochastic effect. In Ref. [33],
a delay-independent sufficient condition for the exponential
stability of stochastic Cohen-Grossberg neural networks with
time-varying delays and reactionCdiffusion terms. In Ref. [34],
[35], the authors investigated the theory and application of
stability for stochastic reaction diffusion systems.

Motivated by the above discussions, the objective of this
paper is to formulate and study impulsive stochastic FCNNs
with time-varying delays and reaction-diffusion terms. Under
quite general conditions, by employing suitable Lyapunov-
Krasovskii funcational, the inequality technique and stochastic
analysis technique, some sufficient conditions ensuring the
existence, uniqueness and exponential stability of equilibrium
point for impulsive stochastic FCNNs with time-varying de-
lays and reaction-diffusion terms are obtained.
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The paper is organized as follows. In Section II, the
new neural network model is formulated, and the necessary
knowledge is provided. We give some sufficient conditions of
exponential stability of impulsive stochastic FCNNs with time-
varying delays and reaction-diffusion terms in Section III. In
section IV, an example is given to show the effectiveness of
the obtained results. Finally, we give the conclusion in section
V.

II. MODEL DESCRIPTION AND PRELIMINARIES

In this section, we will consider the model of impulsive
stochastic fuzzy neural networks with time-varying delays
and diffusion, it is described by the following functional
differential equation

m

du;(t,x) = [ 32 BIET (D auL Z)) — aui(t, )

+ 32 0y fy s t,2)
+ /5 095 (5t = 735(0). )
4V Buags gt =iy (0), )+ 1]

i (g (1, @), g (t— 735(2), @) )dw; (8),

j=1
t>0,t#tg,r€G,

5 )+Jzk(ul(tk7 ))7
ke N2{1,2 -},

ui(tg,x) = u;(ty,

ui(s,x) = ¢i(s,x), —-1T<s<0,z€q,
u(t,z) =0, t>0,z€dg
(1)
fori€ & 2 {1,2,---,n}, where = = (21,22, --,%m)" €

G C R™, |z, < lpyr = 1,2,---,m and mesG > 0;
u = (ug,ug, -, un)T € R"; u,(t,x) is the state of the ith
neuron at time ¢ and in space z; D;. > Ocorrespond to the
transmission diffusion coefficient along the ith neuron; f; and
g; denote the 31gnal functions of the ith neuron at time ¢t and

in space x; I; = Z b”vj—l—l + /\ Tijv;+ \/ H;jv;, and v;

and I; denote mput and bias of the ith neuron, respectively;
a; > 0,a;,a;5, 3;; are constants, a; represent the rate with
which the ¢th unit will reset its potential to the resting state in
isolation when disconnected from the networks and external
inputs; a;; and b;; are elements of feedback template and
feedforward template, respectively; o, 8;; denote connection
weights of the delays fuzzy feedback MIN template and
the delays fuzzy feedback MAX template, respectively; T;;
and H;; are elements of fuzzy feedforward MIN template
and fuzzy feedforward MAX template, respectively; /\ and
\/ denote the fuzzy AND and fuzzy OR operation, respec-
tively, 7i;(t) (0 < 75(t) < 7; < 7T, T;; are constants,

T = mex {7i;} ) correspond to the transmission delays
7
at time t; o;(u,v) = (041 (u,v), 0i2(u,v), -+, 0 (u,v))7T,

where o;(u,v) denote the weight function of random pertur-
bation, w(t) = (w1 (t),ws2(t),--,w,(t))T is an n-dimensinal
Brownian motion defined on complete probability space
(Q, F,{F:}1>0, P) with a filtration {.%,;};>0 satisfying the

usual conditions. tk is called impulsive moment, and satisfies
0<ti <ta<--, khm tr, = +00; ui(ty , =) and u; (¢}, x)
denote the left-hand and right-hand limits at ¢, respectively;
Jir, show impulsive perturbation of the ¢th neuron at time ¢y,
respectively. We always assume u; (¢}, z) = u;(t, ), k € N.

If Jik(ui(t,xz)) =0,7 € #,k € N, then system (1) may
reduce to the following model:

[ é 9z, (Dir duz(t Z)) — a;u;(t, )
+ aij fj(u;(t, x))

7ij(t), ))
VB (st = 735(8), ) + L e

+ -21 oij (uj(t, @), uj (t — 73(t), ) )dw; (1),
i=
t>0,zr€egq,
ui(s,x) = ¢i(s,z), —-T1<s<0,z€Q,
u;(t,2) =0, t>0,z€0G.

du;(t,z) =

S

3

+ /\ ;g (u; (t —
j

n

=

2
System (2) is called the continuous system of model (1).
If O',‘,k(ui(t7 {E)) = 0, Jm(u,(t,l’)) =0,1€ f, k € N, then
system (1) may reduce to the following model:

duzs:,z) _ 721 2 (D Buz(t z)) a5t (t, 33)
+ Z aij f5(u;(t, x))
+ Qg g Uj ( Tl(t),‘l'))
]/_\ JJ3 J J (3)
+ _Vlﬁijgj(uj( —7i(t), %)) + L
j=
t>0,x€q,
ui(s,x) = ¢i(s,x), —-1T<s<0,z€q,
u;(t,z) =0, t>0,z¢€0dG.

System (3) is called fuzzy cellular neural networks with time-
delays and reaction-diffusion terms.

Throughout this paper, we make the following assumptions:

(H1) The activation functions f; and g; are bounded and
there exist two positive diagonal matrices F =

diag(Fy, Fs, -+, F,) and G = diag(G1,Ga, -, Gy),
such that
[fi(w) = fi(v)| < Filu—vl, [gi(u)—gi(v)| < Gilu—0|

for all u,v € R,i € 7.

(H2) Let h;,(u) = u + Jix(u) be Lipschitz continuous in R,
that is, there exist nonnegative constants y;., i € Z, k €
N, such that

|hix(u) —

for all u,v € R.

Remark 1. It should be noted that assumption (H1) guar-
antees the existence of an equilibrium point for system (3)
by the well-known Brouwer fixed-point theorem. Let u* =

hir(v)| < Viklu — v,

22



International Journal of Engineering, Mathematical and Physical Sciences
ISSN: 2517-9934
Vol:4, No:1, 2010

(u}, -, u:)T be an equilibrium point of system (3). For the
stability of equilibrium of system (1), we furthermore assume
that

(H3) o(u,v) is linear adding and exist two non-negative ma-
trices S = (8ij)nxn and W = (w;;)nxn such that

trace[(ai(u, v) — o5 (u*, uw )T (03 (u, v) — o3 (u*, u*))}
< Zsij(uj —uj)? + sz‘j(% -

for all u = (u1, -, un)T,v = (v1, -, v,)7T.
(H4) Uij(u;f,u;) = 07 Jlk(uf) = O7 i,j € ],k € N.
To begin with, we introduce some notation and recall some
basic definitions.
PC[J x G,R"] 2 {u(t, @) 1 Jx G — R"|u(t,z) is
continuous at t # ty, u(t;, ) = u(ty, ) and u(ty,
fort, tr e J, ke N}, where J C R is an interval.

PC[J,R"] & {u(t) :J — R"™|u(t) is continuous at t #

te, u(tf) = u(ty) and u(ty ) exists for ¢, t, € J, k € N},
where J C R is an interval.

PC(G) £ {¢: (—00,0] x G — R ¢(st,2) = ¢(s,x) for
s € (—00,0), p(s™,z) exists for s € (—00,0], p(s™,z) =
©(s,x) for all but at most a finite number of points s €
(=00 0}}

PC 2 : (—00,0] — R™| ¢(s) is bounded on (—o0, 0],
and (;5(5*) ¢(s) for s € (—00,0), ¢(s7) exists for s €
(=00, 0], ( ) @(s) for all but at most a finite number of
pomts se( }

For u(t, x) (w1 (2,

x) exists

x),us(t, x), - un(t,z))T € R™,
we define [[ui(t, )2 = [ fo ui(t. x)|2dx} * it )3 =
Jg lui(t,x)]Pdz, i € #, and for any ¢(s,z) =

(¢1(8,$),¢2(87$),'~~,¢n(873)))T € Pc(g)’ the norm on
PC(G) is defined by

I3 = SUp_ ZH@ 5,2)|3,

—7' S

then it can be proved that PC(G) is a Banach space.

For an m x n matrix A, |A| denotes the absolute value
matrix given by |A| = (|ai;|)mxn. For A =
(bij)mxn € R™*", A> B (A > B) means that each pair of
corresponding elements of A and B such that the inequality
aij 2 bij (aij > bij).

Definition 1: The equilibrium point u* of system (1) is said
to be globally exponentially stable, if there exist constants
A > 0and M > 1 such that

n

S (Bl uitt, ) —up 1)) < ME( [ o —u” [ )e )

i=1

for all t > tg, where u = (u1(t, z), ua(t, ), -+, un(t, z))7
is any solution of system (1) with the initial condition ¢ =

(¢1,02, -+, ¢n)T € PC(G).

Lemma 1: [12] For any positive integer n, let g; : R — R
be a function (j € _#), then we have

‘ /”\ ;g (u;) — /n\ Oéjgj(vj)‘ < i ‘%" ' ’gj(uj) =g (v))],
j=1 i=1 j=i

n n n
‘ \/ ;g (uj) — \/ @;g;(vj) ‘ Z ‘O[]’ ‘ga u;) gj(vj)’
j=1 j=1 j=1

for all @ = (a1, as, -+, an)T, u = (ur,ug,,up
(v1,v2,+++,v,)T € R™.

Lemma 2: [16] Let G be a cube |z, | <, (r=1,2,---,1)
and let h(x) be a real-valued function belonging to C*(G)

which vanish on the boundary 9G of G, i.e., h(z)|sg = 0.

Then
2 < 2
/ h2(a)de < [2 / ] 8x,~

Lemma 3: [12] Let a < b < 400, and let y(t) =
(y1(t), ya(t), - -~

JUn(NT € PClla,b), R"] satisfy the fol-
lowing delay differential inequality with the initial condition
(a+s) € PC:

—riyi(t +meyj )+ iy (t—7i;() (4)
j=1 j=1

for all 4 € .#, where r; > 0, p;; > 0, ¢;; > 0,4 € 7. If the
initial conditions satisfies

Dt Yi (t)

yi(s) S kGe M7 sel-ral, i€s,  (5)

where A > 0, € = (&1,62,---,&,)T > 0 and satisty
m
)6+ Y (b + e Nqi)E <0, i€ s (6)
j=1
Then
yi(t) < kEe M) te[—ab), ies. (7)

III. MAIN RESULTS

In this section, we will discuss global exponential stability
of impulsive stochastic FCNNs with time-varying delays and
reaction-diffusion terms, and give their proofs.

Theorem 1: Under assumptions (H1)-(H4), if the following
conditions hold:

(@ij)mxn, B = (C1) there exist constant A > 0 and vectors & =

(€1,&,--+,&,)T > 0 ,such that

m

0 > [—2a, 22

+Gj|ﬂij\)]§i + Z (Fj\aij\ + Sij)gj

Z Fjlaij| + Gjlaij)]
j=1

,r

+Z<G i + Gj |ﬁu|+wm) TG

) u = sup{tklft‘:i } < A where =
keEN
lrg%xn{l,fyik}, k e N,
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then system (1) has exactly one globally exponentially stable From Green’s formula and the initial condition, we have
equilibrium point, and its exponential convergence rate equals
A — . / v; — ir—i)dm
Proof. Let u(t,r) = (u1,us,---,u,)’ be an arbitrary g TZ:l D, Oy
solution of system (1) with the initial condition ¢ = m Av; \ 2
(p1, 02, ,dn)T € PC(G), set v;(t,z) = u;(t,z) — u} for = —Z/ Dir(%) de. (10)
1 € . It is easy to see that system (1) can be transformed r=1"9 "
into the following system By Lemma 2, we can obtain
U Bul(tx . m )
du; (t, ) = [; (D, ) — awi(t, z) / s 9 ( D, 2 ) -
"o ¢ = ox, 0x,
2 (fj Uj +u ) — f](u;)) m .
ot < =)l ol (11)
/_\ g5 (v; (¢ — 7i5(t), )"‘U ) r=1 T
7\ i q]( *) From assumption (H1) and Hoder inequality, we have
V Bijg;(vj(t — 735(t), ©) + uj) /gvizaij<fj(vj+uy)—fj(u}‘-))dl‘
o =
=V Bijgi(u)]at - : .
s < Dlaul [ sl 0) +15) = f ()l
+_Zlaij('fj+u}uj(t 7i5(t), ) +uj)dw; (t), =
j=
t>0, t#t,, z€G, < > \aij\/ |vi (t, )| |v; (¢, 2)| Fjdx
vi(t:,x) = vty )—Q—Jik(vi(t;,x)—}-u;), keN, j=1 g
vi(s,z) = ¢(sx) uf, —-1<s5<0,zeg, " i _
olt) =0, 10,2 €00 < D Blagllvitt @) lallv; (¢, 2) 2. (12)
(®) =
for all i € 7. By Lemma 1, assumption (H1) and Hoder inequality, we have
For the system (8), construct the following Lyapunov func- n
tional: 2 [ o [ N asituste = mit).0) + )
Vi(t) = / v; (t, x)dx 9 j=1
g
By the It6 differential formula, we get - /\ Q;jg; (uj)] dx
8111 =t
L‘/;(t) = /21}1[2 al‘l .T — a;v; < /‘UZ‘
g
* Z; i (f] (v +uj) = s (u;‘)) ’ /\ aijg;(v;(t — 75 (1), /\ aijg;(u ‘d:p
J
+/\1auga (v (t — 735 (t), @) + uj) < / \yi\Z\aij|\gj(vj(tfnj(t),:r)Jru;)fgj(u;)|dx
Jj= ;
_ /\augj(uj) _ Z\w/ Joillgs (03 (¢ — 735(£), ) + ) — g3 (u) |
j=
+\/15zjgj(vj(t—7zj() ) + uj) < Z\alﬂG /|vzt$ [lv;(t — 735(t), x)|dx
J= j=1
=V By de < Y Glayllutt ol - @2k 03
Jj= =
n I !
49 Z / (u; —u) By the same reason, we have
J=1 g n
X (v 4 uf, v (t — 735(t), ) + uj)dw; (t)da /gvi X [\/ Bijgi (vt — 73;(t), ) + uj)
j=1
—|—/ trace(6;T &;)dzx, )
g

-\ ﬁz‘jgj(u;)] dzx
j=1

whereal—az(v]—i—u v;(t — 135 (t), )+“)
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< Y GilByllvit ) allv; (¢ = 73 (1), 2) 2. (14)
j=1

According to assumption (H3), we have

/ 616 da
g

~ * % Tr. ok
= /g[ai—ai(um)] [Ui—ai(um)}dx

n

< Zsij/vf-(t,x)dx
=t 79
+ w”/ —7i5(t), x)dx
j=1
< Y sl )3+ Y wigllos(t = 7(8), )15
j=1 j=1
(15)
By applying (11)-(15) to (9), it follows from a? + b2 > 2ab
that
LV(t) < (2az+2z )it )13

+2 Z Fylag;|[loit, ) 2]|v; (¢, )2

j=1

+QZG1‘(\&U| + \»3ij|)
><\|vz(t z)|l2llv;(t — 735(t), )2

£3 syl I3
i=1

+ ) wigllo;(t = 73 (8), )13
i=1

n
23 [
=179

xoij(v; + uj, vt — 735(t),
r
{—2@—&-22 12
r=1 T

+ i (F;’lazjl +Gjlaij| + ij”l)]
J=1

r) + uj)dw;(t)dz

IN

xlvi(t, 2|13

+ 3 (Filassl + i3 st )13

j=1
+ Z (Gi\%‘l + Gyl 8] + wz‘j)
X\lva(t—ﬂa() )3
+QZ/ Vi
j=1"%

X045 (v; +u;,vj(t 75 (%), )+u )dw;(t)dz.

(16)

Taking the mathematical expectation of both sides of (16), we
have

m

[ 2a; — 221

+ Z (Fj\%‘\ + Gjlai;| + Gjlﬁijl)}

=1

<2 (|lou(t, )13
+ i (Fj\aij\ + Sij)E(H”J'(t’ x)Hg)

j=1
+> (Gjl%‘\ + G;1Bi5] + wvﬁj)
j=1

><E(ij(t - nj(t)yw)H%)

DYE(Vi(t)) <

ie.

DY E(|lui — u;3)
m

Di'r

[ —2a; -2 Z 12

r=1 T

+y (Fj|aij| + Gjlags| + Gj‘ﬂij')}

Jj=1

< B (s — i 3)
+ 3 (Filagl + 515 B (s — 3 13)

=1

IA

+y (Gj\aijl + Gj|Bi;] + wij)
j=1
< B (it = 7i5(8), @) -
forallic & t_1 <t<ty, ke&N.
Let yl(t) = E()uz - U:H%)7 ) c f, and ry = QG,i —+

u;l3) a”n

n

=3 (Blail+Gylail +Gyl0y]). piy = Fylass|+

s”, qﬂ = G |a”| + G;|Bij| + w;; for i € 7, from (18), we
have

D+yi( ) = _szz

)+ pryj —7i;(t))

+ Zqu]
(18)

for all i € .#. From condition (C1), there exist constant A > 0
and vectors & = (&1,&,--+,&,)T > 0 such that

0 > [A-20-2) 7
r=1 T

+ > (Fjlagj| + Gjlai)| + Gj‘ﬁijD}gi

=1

+ Z (Fj\aij\ + Sij)fj

Jj=1

+3 (Gl + G851+ wi )6 ©)

j=1
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Taking k = % it is easy to prove that
1<i<n
yi(s) < kEe ™, s [-1,0], i€.S. (20)
From Lemma 3, we obtain
yi(t) < w&e ™, 0=t <t <t. (21)

Suppose that, for [ < k, the following inequalities hold:

ti—1 <t<ty, ie],

(22)

Yilt) < Kpop -+ pu—1&e M,

where 1o = 1. When [ = k + 1, we note that
vitt) = B(luitr,w) - 1)
= B(jlusttf ) - ui3)
B(luty ) + Jan (uilty @) = u; 3)
B (IIhaw i (6, 2) = han () 3)

< varyi(ty)
< Kpiop - k-1 ki lim e M
tﬂt;
< Rpop - -1 pr€ie M (23)

From (22), (23) and u; > 1, we have

yi(t) < kpop - e M, —T <t <t (24)

Combining (19),(24) and Lemma 3, we obtain that

t

Yi(t) < kpopn -+ e, by <t <ty (25)

Applying the mathematical induction, we can obtain the fol-
lowing inequalities

Yi(t) < Kpopr - prbie ™™, € [th,tryr), k€N, (26)
According to (C2), we have py, < et(tr—ti-1) < eAlb—ti—1)
SO we get

;l/tlelt(tQ*tl) c eu(tk,1 *tk72)§i6*/\t

vi(t) < ke
_ Kgieptk,lef)\t
< K&,e_o‘_“)t, te [tkfl,tk), k& N.
That is

yi(t) < ke~ At e [—rt), keN. (27)

It follows that

n

> (Bllustt,2) - w13)

i=1

= Zyz‘(t)

Z ,ﬂgief(%u)t
=1
= L= p(lo- ) e

1<i<n

IN

Let M = Ll&} > 1, then we have

n

> (Bhut,2) — uil) < ME

i=1

(Il —ur3) e

The proof is completed.

Remark 2. when D;; = 0, system (1) may reduce to the
following model:

du;(t) = [f a;u;(t) + él aij fi(u;(t))
- ';=L\1 @ijg;(uj(t = 7i5(t)))
+ .(:}1 Bij9;(ui(t — 75())) + IZ} dt

+ 32 a1y 0 0y ¢ = iy () ),

t>07t7étk7
keEN,

(28)

wi(t5) = ui(ty,) + Jir(ui(ty,)),
) = ¢i(s), —T<s<0

for i € .#. For system (28), we have following corollary.

Corollary 1: Under assumptions (H1), (H2), (H3), (C1) and
(C2), then system (28) has exactly one globally exponentially
stable equilibrium point.

Remark 3. when o;; = 0, system (2.1) may reduce to the
following model:

ul(tz i a ( . Ou; (t, Z)) _au(t ‘T)
Bz, \ir gy, i Ui\ Ly

+ 3 00 ,2)
+ A o (st =iy (8). )
o (29)
\=/ Ugj(u]( Tij(t)vx))JFIi’

t>0,t#tp,x €G,
ui(tZ', x) = u;(t, , o) + Ji(ui(ty ,x)), k€N,
ui(s,x) = ¢i(s,z), —-T7<s<0,zeg,
u(t,x) =0, t>0,z¢€dg

for i € .#. For system (29) , it is easy to obtain the following
result:

Corollary 2: Under assumptions (H1) and (H2) ,
following conditions hold:

if the

(C1’) there exist constant A > 0 and vectors & =

(517527 e asn)T > 0 such that

S Dir
0> [A-20-2) 5
r=1 T

+ Y (Filaig| + Gylaiy)| + G181 &

=1

+ Z(Fj|aij|£j + Z (Ga‘\azﬂ + Gjlﬁi.ﬂ)é”“fj%

Jj=1 Jj=1
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C2) w = sup { tklfgf_ 1} < A, where pu; = Consider the following impulsive fuzzy neural networks
max {1 ’Ykk}iv ke N: with time-varying delays and reaction-diffusion terms:
1<i<n I ) ’

then system (29) has exactly one globally stable equilibrium

point, and its exponential convergence rate equals A — p.

3
dus(t,7) = | 3 o2 (Dir 2452 — aius(t, )
2 :

Remark 4. Note that Lemma 1 transforms the fuzzy AND 2
(/\) and the fuzzy OR (/) operation into the SUM operation + Z aij fi(u;(t, z))
(3). So above results can be applied to the following classical 331
impulsive stochastic fuzzy neural networks with time-varying + A aijg;(ui(t —75(t), z))
delays and reaction-diffusion terms le
m + VBt — iy (1), @) + L] dt
dui(t, ) = [ S o (Dip 24020 ) gyt ) = R '
= Dar -
n + > 04 (u(t, @), ui(t — 755 (t), 2)))dw; (¢),
+ 22 aij fi(u;(t, ) = R ’ ! ’
J=1 t>0,t#ty, v €Q,
+ Z aijgj(uj(t — Tij (t), 93)) + IZ:| dt ui(tz,',m) = ui(tlz,x) + (*1 + \/E) Sin(ui(t;, T))7
jrznl t0:07tk7tk—1:57k’€N7
+ 3 0i(u(t, x), u;(t — 755(t), x))dw; (¢), wi(s,x) = ¢i(s,x), —-T<s<0,z€q,
J=1 ui(t,z) =0, z€dg
t>0,t#tp,x €, (31)
wi(tf, @) = wity ,x) + T (ui(ty , ), keN, for i = 1,2, where G = {(x1,z2,23)T ||2,| < I, = 1,7 =
ui(s,z) = ¢i(s,x), —-T<s<0,z€G, 1,2,3}, and
u(t,x) =0, t>0,z¢€dg
(30) Di1 =0.01, Dy =0.03, Di3=0.01,
for i € .#. For system (30) , it is easy to obtain the following Doy = 0.01, Dagg =0.02, Doz =0.02,
result. a; = 25, as = 3, ay] = 0.25,

a1g = *0.5, a21 = *0.5, ag9 = 05,
11 = 0.25, Q19 = *0.25, Qg1 = *0.25,

_ gy = 0.5, 611 = 0.25, ﬁlg =0.25
(C1) there exist constant A > 0 and vectors & = Bor = —0.35, [an =025, I =0.75,

(61,2, ++,&n)" > 0 such that Iy = —0.75, 71(t) =|sint|, 7i2(t) =1+ 0.5sint,
m o To1(t) = |cost|, Taa(t) = 1.5cos?t;
0 > [,\—2%-—22 5
r=1 T

+> (Filaij| + Gjlaij)| + GJ‘WijD} &

Theorem 2: Under assumptions (H1), (H2) and (H3), if the
following conditions hold:

j=1 trace [(ai(u,v) —oi(u*, u) (o5 (u,v) — ai(u*,u*))}
+) (F]-|a,-]-| + Sij)fj S . S .
= < E 1 sij(u; — u)? + E lwij(vj —uj)?,
j= j=

n
+ (Gj |aij| + G181 + wz‘j) CaRISt
j=1

where
(C2) p = sup {tlf%} < A\ where pup =
keN LTRTIRSL s11 =0.2, s12=0.2, 591 =0.1
mwax {1, 7}, k € N; S35 = 0.2, wy =02, wp =01,
then system (30) has exactly one globally exponentially stable wy = 0.1, wzp =02 )
e . . . — — — _ lvtt=fv—1]

equilibrium point, and its exponential convergence rate equals fiw) = f2(u) = g1(v) = g2(v) = 2 :
A — L.

It is easy to verify that assumptions (H1), (H2) and (H3) are

satisfied, and it is easy to calculate that
IV. AN ILLUSTRATIVE EXAMPLE

. s . 1
In order to illustrate the feasibility of our above-established F=G= < 1 >
criteria in the preceding sections, we provide a concrete ex- 1 15
ample. Although the selection of the coefficients and functions (Tij)ax2 = ( 1 1'5 ) , Yik=¢61=12 ke N,

in the example is somewhat artificial, the possible application
of our theoretical theory is clearly expressed.

— _ _ Ine _
ur =max{l,e} =e, pu= 22]1\)] i =02
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Solving the following optimization problem

max A,

3 2
0> [A=20 =23 B + 3 ((Jags| + Gyleny)|
r=1 " j=1

2
+Gj\»31j\)] &1+ Zl(laule + 517)&;
iz

2
+ Zl(Gﬂaljl +18151G + w1j)erig;
i=

w

\g/

2
0> [,\ —2a2 2% B+ 3 (Jaaj| + Gilazy)|
F=

r

el

+Gj\/32j\)} 24 2. (lag; |Fy + 525)&;
J

1

2
+ Zl(Gj|a2j| + | 821G + ng)e”%fj
j=
A>0, &= (&4,&)" >0.

we obtain that ¢ = (1461190,1771331)T > 0, X =
0.479257 > 0.1 = p. From Theorem 1, the equilibrium
point of system (31) is globally exponentially stable, and its
exponential convergence rate A — p ~ 0.279257.

V. CONCLUSIONS

A class of impulsive stochastic FCNNs with time-varying
delays and reaction-diffusion terms has been formulated and
investigated. The general sufficient conditions have been ob-
tained to ensure the existence, uniqueness and exponential
stability of the equilibrium point for impulsive stochastic
FCNNSs with time-varying delays and reaction-diffusion terms.
In particular, the estimate of the exponential convergence rate
is also provided, which depends on the system parameters,
boundary conditions, delays and impulses. An illustrate exam-
ple is given to show the effectiveness of obtained results. In
addition, the sufficient conditions what we obtained are easily
verified. This has practical benefits, since easily verifiable
conditions for the global exponential stability are important
in the design and applications of neural networks.
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