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This paper investigates the stochastically exponential stability of reaction-diffusion impulsive stochastic cellular neural networks
(CNN). The reaction-diffusion pulse stochastic system model characterizes the complexity of practical engineering and brings
about mathematical difficulties, too. However, the difficulties have been overcome by constructing a new contraction mapping and
an appropriate distance on a product space which is guaranteed to be a complete space. This is the first time to employ the fixed
point theorem to derive the stability criterion of reaction-diffusion impulsive stochastic CNN with distributed time delays. Finally,
an example is provided to illustrate the effectiveness of the proposed methods.

1. Introduction

In 1988, cellular neural networks (CNN) were originally
introduced in [1, 2]. Since then, dynamic neural networks
have received extensive attention due to their classification,
associative memory, and parallel computing tasks and the
ability to solve complex optimization problems. It is gen-
erally known that almost all neural networks have similar
applications ([3-12]), but the key to the success of these
applications lies in the stability of the system. In fact, there
are a number of literatures involved in the stability analysis
of CNN ([5, 7, 12-14]). In practical engineering, time delay
and pulse are unavoidable. Since neural networks usually
have spatial properties, due to the existence of parallel paths
of various axonal sizes and lengths, it is necessary to intro-
duce continuous distributed delays to simulate them over a
given time horizon. Besides, many evolutionary processes,
especially the biological neural network in biological sys-
tems and bursting rhythm models in pathology, frequency-
modulated signal processing systems, are characterized by
abrupt changes of states at certain time instants. In addition,
electrons have diffusion behavior in inhomogeneous media.

Noise disturbance is unavoidable in real nervous systems,
which is a major source of instability and poor performance
in neural networks. A neural network can be stabilized
or destabilized by certain stochastic inputs. The synaptic
transmission in real neural networks can be viewed as a
noisy process introduced by random fluctuations from the
release of neurotransmitters and other probabilistic causes.
Hence, the above influent factors should be also taken into
consideration in stability analysis of neural networks. So,
in this paper, we consider a class of impulsive stochastic
reaction-diffusion cellular neural networks with distributed
delay. Lyapunov function method is one of the common
techniques to solve the stability of neural networks in recent
decades. However, every method has its limit. Different
methods lead to different criteria for stability criteria which
may imply innovations. Fixed point theory and method is
one of the alternative methods ([15-22]). Unlike the known
literature, we try to employ Banach fixed point theory in this
paper to derive the stability of impulsive stochastic reaction-
diffusion cellular neural networks with distributed delay. In
the next sections, we shall give some model descriptions
and preliminaries and employ Banach fixed point theorem,


https://doi.org/10.1155/2017/6292597

Holder inequality, Burkholder-Davis-Gundy inequality, and
the continuous semigroup of Laplace operators to derive the
stochastically exponential stability criterion of the complex
system. Of course, to overcome the difficulty of the complex
mathematical model, we need to formulate a new contraction
mapping on a product space. Moreover, in order to guarantee
the completeness of product space, we need to give a reason-
able definition of distance. Finally, an example is provided to
illustrate the effectiveness of the proposed result.

2. Model Description and Preliminaries

Consider the following reaction-diffusion impulsive stochas-
tic cellular neural networks under Dirichlet boundary value:

du; (t,x) = —q,divVuy; (¢, x) dt — I:aiui (t, x)
= b (%) = Y6 (u (-7 (1), %))
j=1 j=1

fj (uj (s, x)) ds] dt
(t)

1
+0; (u; (£, x)) dw; (1),

t#t, xeY,ieN

u(ty,x) =u(ty,x) +g(u(t.x),
xeY, k=1,2,...

uw(tx) =0 (t,x), Y(s,x)e[-1,0]xY

u(t,x) =0, V(t,x)€[0,+00) X 0Y,

where Y < R™ is a bounded domain with the smooth
boundary 0Y. u;(t, x) is the state variable of the ith neuron
at time ¢ and in space variable x for i € J/ with J/ 2
{1,2,...,n}. f; denotes the active function of neuron. g; is
the rate with which the ith neuron will reset its potential
to the resting state in isolation when disconnected from the
networks and the external inputs. b;;, ¢;;, and h;; are elements
of feedback template. Let {w;(t), t > 0} be a real-valued
Brownian motion defined on the complete probability space
{Q, #,P} which has natural filtration {#,},5,. Denote by
Z*(Y) the space of all real-valued square integrable functions
with the inner product (§,%) = fy E(x)n(x)dx, for &1 €
Z*(Y) which derives the norm [&] = (_[Y Ez(x)dx)l/2 for
£ e PHY). 0;(+) is a Borel measurable function. Denote by
A= Z;il 0%/ ax§ ) the Laplace operator, with domain 2(A) =
WOI’Z(Y) n W02’2(Y), which generates a strongly continuous
semigroup e 2 where Wol’2 (Y)and WOZ’Z(Y) are the Sobolev
spaces with compactly supported sets. divVu;(t, x) denotes
the divergence of Vu;(t,x) (see, e.g., [25, 26]). g; is the
diffusion coefficient, and time delays z(¢), p(t) € [0, 7].
Besides, initial value {;(¢, x) is continuous for (s, x) € [-7, 0] x
Y. The fixed impulsive moments ¢, (k = 1,2,...) satisfy
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0 < t; < t, < -+ with lim_,t, = +oo. u(t],x)
and u(t, x) stand for the right-hand and left-hand limit of
u(t, x) at time ty,, respectively. Further, suppose that u(t,, x) =
limt_»,:u(t, x) =ut,x), k=1,2,...

In this paper, we assume that

(H1) |le %™ < Me™", where M > 0 and y > 0 are
constants;

(H2) f;, g;» and 0; are Lipschitz continuous with Lipschitz
constants L; > 0, G;, and T; > 0 for i € J/, respectively. In

1

addition, f;(0) = g;(0) =0 = 0,(0), Vi € .

Definition 1. For any T > 0 and x € Y, a stochastic
process u = {(u;(t, x), uy(t, X), ..., u,(t, X))}o 7y is called a
mild solution of impulsive system (1) if, for any i € ./,
u;(t,x) € €([0,T]; FX(Y)) and, for any t € [0,T], u;(t, x)
is adapted to F, with

P {w : Jt L |ui (s)|2 dxds < oo]» =1, 2)

0

and the following stochastic integral equations hold for all i €
N,as. foranyt € [0,T]and x € Y,

t
u; (£, %) = €L (0,x) - J el [“iui (6,)
0

= 2bf; (1 6:x)) = Y6 f; (0 ~7(6). %))
j=1 j=1

n 0

‘Z%J

=1 0—p(6)

fj (uj (s, x)) ds] do
3)

t
+ J eiqi(tie)AUi (I/l,' (9> x)) dwi (9)
0

+ e 9 Z e g (u; (tox)), £20

0<tp<t

u; (t,x) = G; (t, x),

u(t,x)=0, V(tx)e€[0,+00) x Y.

V(s,x) € [-1,0] XY,

Remark 2. In Definition 1, the mild solution of impulsive
system (1) is well defined due to [24, Lemma 3.1].

Lemma 3 (Holder inequality). Assume that 1/p + 1/q = 1
with p > 1, and p(x) € LP(Y), ¢ € LUY); then,

J @ (x) ¢ (x)dx
Y

([ o) (] o)

Lemma 4 (Banach contraction mapping principle). Let ® be
a contraction operator on a complete metric space I'; then there
exists a unique point u € T for which ®(u) = u.

(4)
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3. Main Result: Stochastically
Exponential Stability

Theorem 5. Assume that (H1) and (H2) hold. Then, CNN (1) is
stochastically exponentially mean square stable if the following
condition holds:

0<k<l, (5)

eee

1
K 2 6M? |:—2 (mil;(d?)
y i€

1 n 2
+ n??gyx <]~—1 <|b,-j|2 + |c,»j|2> Li) + ”yiz (6)

+2M? (1 " %) (maxG?) + z <mafo>] .
Yy ieN Y \ies

Proof. Firstly, we need to formulate a contraction mapping on
a product space.

Let I; be the Banach space of all #,-adapted mean square
continuous processes consisting of functions u;(¢, x) att > 0
with t # t; such that [E(e“tllui(t, X)|*) - 0ast — +00, where
a € (0,y) is a positive scalar. Now, we construct an operator
02(0,0,...,0,...,0,) with ®, : I, — T; as follows:

©; () (t, x) = "¢ (0,x) - Jt o 9it=6)A I:aiui (6, x)
0

= Db (;0,20) = Y6 f; (u; 0= 7(0), %)
j=1 j=1

n

6
- Zhij pr(e) fi (uj (s, x)) ds] do

j=1

7)

t
. J e_qi(t—e)Aai (ui 6, x)) dw; (9)
0

+e Z EQitkAgi (u (tiox)), t20,

0<t, <t
®i (ui) (t’ x) = (i (t3 x) >
®; (1;) (£,x) = 0, V(t,x) € [0,+00) x Y.

(s,x) € [-1,0] XY
(8)

Equipped with the following distance:

1/2
dist (u, v) = <[E max sup ”ui (t,x) —v; (¢, x)||2> ,
i€V -1 (9)

Vu,v eI} xI, x--- xT,,

I x I, x -+ x I, becomes a complete metric space, where
u=ut,x) = (u(tx),u(t %), ..., u,(6x), v = v(t,x) =
(1t x), v, X), ..., vt %)

Next, we are to apply contractive mapping theory to
complete the proof via three steps.

Step 1. From (7), for t € [0,+00) \ {t;}5;, we claim that

O, (u;)(t) is mean square continuous. Indeed, let § be a small
enough scalar:

E[®, () (t + 8, %) - ©, () (t, )|

< 4E “e_q"(twm( (0, x) — e %2 (0, x)”2

+4E

t+6 S-O0A
J e WM (6, %)
0

= 2 bif; (1 6:x)) = Y6 f; (0 ~7(6), %))
j=1 j=1

6
- Zhij .L—p(e) fi (u]- (s, x)) ds] do

=1

- J: o B(=0)A I:ai”i ©,x) - ibijfj (uj (6, x))
=1

C (10)
- Z;Cijfj (uj @ -1(0) ,x))
i
2
n 6
- hi‘J Au:(s,x))ds | dO
S, ien)e
t+8
+4F J DG (11 (9, ) duw, (6)
0
. 2
- J W08 (116, %)) dw, (6)
0
+4E 708 Z e g, (u; (£ X))
0<t <t+8
2
—e MY g (uy (10x))| -
0<ty<t
Firstly, we estimate
E "g%(n&)A (0, %) — e ¢ (0, x)“Z
<E "(e—qiM _ 1) e WAL (0, x)“z —0, (11)

if § — 0.

Next, we evaluate

t+6 <
e[ oo [ 0.9~ 35, (1, 0.)
j=1

0

- 6f; (uj O@-7(6),x))
j=1



6
- zhij pr(e) fi (uj (s, x)) ds] do

j=1
! —-q;(t-0)A S
— J;) e 1 a;u; (6, x) - ]z::lbl]f] (U] (6, X))

ZLMuwr@x»

2

0
_ Zhij Jefp(e) fi (uj (s, x)) ds] do

J=1

t+0 PP
<2F j e WM (6, %)
t

O-7(6),x))

) ZClJfJ (

2

n 0
- Y, L_p(@) £ (1 (%)) ds] do

Jj=1

+2E

Joeql(te [ i (6,x) - Z i () (6:x))

=Y eifi (u;(0-1(9),x))
j:l

2
- h Je CICED) ds] (e ~1)d6
=1 6—p(6)
— 0, if§—0.
(12)

Via Burkholder-Davis-Gundy inequality, we can conclude
thatif § — 0,

E

t+6
J e 408G (46, x)) dw, ()

0

2

- Jte WG (1, (6, x)) dw, (6)
0

(13)

< M 0.0 (¢4 1) o
0

t+6
+ 8E j M2 6 (1,6, )| dO — 0.
t
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Due to t # t,, it is obvious that

Ele 0% 3 et (1 (1)
0<t<t+6
X X 2 (14)
—e Z et g; (; (- x))
0<ty<t
if 8§ — 0.

So, we have proved from (10)-(14) that ®;(u;)(¢) is mean
square continuous at t > 0 with t # t;.
Next, we claim that

®; () (t) + g (u; (1)) »
0; (u) (i) -

lim @, (1) (1 + 6) =

(15)
‘Slim ®; () (t +0) =
—0~

Indeed, obviously, (11)-(13) hold for all t = ¢, too. In
addition, let § > 0 be small enough:

e—qi(’k’f‘s)A Z €qitjAgi (ui (tj’x))

0<t;<t;+6
R L Z it 91( (tj,x)) (16)
0<t;<ty
= g;(u(tpx)), & —0"

On the other hand, let § < 0 be small enough:

T g, (1))

0<t;<t;+8

e ME Y et (u; (5, x)) = 0, 7)

0<t;<ty

§— 0.

This together with (16) implies that (15) holds.

Step 2. We claim that
if t — +00.  (18)

E (e [©; (u; (6 2)]F) — 0,

Indeed, we have the following inequality similar to (10):

E (e [©; (w) (&) < 4B (e [ ¢ 0, x)llz)

t
J e‘%’(t—e)A [aiui 6, x)
0

+4E { e
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= 2 bifi (u;0:2)) = Y cf (u; 0 ~7(6).%))
j=1 j=1

2

n 0
- hi.j (u, (s, %)) ds | d6
S, o)
t 2
+4F (e“t J e WG (u, )
0
2
+4F e Uth Z e g (u; (t x))| ],
0<ty<t
t>0.
(19)
Condition (H1) yields

E (etxt "e*%mc o, x)HZ) <

if t — +00.

E M2 —(2y-a)t 0, 2
(M2 ¢ 0, )[) o0

— 0,

For any given & > 0, the assumption [E(e"‘tllul-(t, 2} -0
tells us that there exists ¢, > 0 such that

E (e“t ||ui (t, x)||2) <eg Vtxt,. (21)
Moreover, Holder inequality gives
¢ 2 M2a?
E (eott J e‘Qi(t—e)Aaiui (6, x) de ) < al
0 Y
t M?*a?
E (eat [ .0 de) Ma (22)
0 Y

—(y—a)t, * !
-[E(e (y-at g yt* emax ("M 6, %) ) —oc)

which together with the arbitrariness of ¢ derives

2
E (em ) — 0,
(23)

if t — +oo0.
Besides,

2
E(atLEWHMZ%ﬁﬁﬁﬁxnw >
j=1
(24)

2
xSl [y 0.0)a0).

Using similar methods of (21) and (22), we can deduce from

(24) that

2
E oct SN 0,

(25)

if t = +oo0.

t
J e W02 1 (0, x) do
0

6,x))do

Jt (- H)AZ (

5
Similar to that of (24) and (22), we can also obtain
2
E <e“t J- -q,(t-6) AZ Gif; (u -1, x)) do >
<E<MZ|AL (aW”J%g+ﬂ (26)

- max (e”s “uj (s, x)||2) + sew;)] )
se[—T,t*+71] Y-«

Now, similar to that of (22), we know from (26) that

2
E (eat >
(27)

— 0, if t — +o0.

t n
L[wwmz%ﬁ@”w—rwxmﬁw
£

Similarly, Holder inequality yields

E <e‘xt

S
= 14

RGOS iy j
Jo z o

f]- (uj (s, x)) dsdo
j=1 —-p(6)

)

(28)

. <ef("7“)tr max
0cl—1,t,+7]

y;ﬂ

Similar to (22), we can conclude from (28) that

E <e“t

— 0, if t — +o0.

21 t
"uj (s, x)" ") 4 ege™
Y

—q;(t-0)A h.. j
L Z i )o-

fj (uj (s, x)) dsdo
= 7 Je-p

2
) (29)

Hence,

E{e”

L e [ i (6,%) - Z WICICE))

Z Gif; (” ©-700), x))

n 0 :
‘Z%J

j=1 6-p(6)

fj (u]- (s, x)) ds:| do




2

t
<dE e"“j U080 1,0, x)dO

(=]

2

-

raE e [ o “Z i (1;(6.2)) do

0
+4E [le” L i SAZ ij(u C
2 t n
~(0),)do| +4E | | e_q"(t_g)Aj;hij
0 2
.L_p(e) fi(u; (s, %)) dsd6| — o,

if t — +oo0.
(30)

Burkholder-Davis-Gundy inequality and Holder inequal-
ity derive
)

E (e“t

< 8E <M2Tize_(2y_“)tt*engax]ezye ||u,- (6, x)||2> (31)
c[0,t*

+ 8¢E (MZT,.Z\];)
4y (y - a)

which together with the arbitrariness of & implies

2
E (e"“ ) —0,
(32)

if t — +oo0.

t
J e_q"(t_e)Aa,» (u; (6, x)) dw; (0)
0

J~t e*qi(tfe)AUi (u; (0, x)) dw; ()
0

Next, we may assume that f;,_; < t,
In addition, one can deduce from (H1)

Standt;, <t <t

2

ethA Z eqrtk tk’ ))

0<ty<t,

2 (33)
<E [Me(“/z)te_w< Z Me"*G; ||u; (tk’x)”)]
0<t, <ty

— 0, if t — +o0.
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Besides, we can estimate by means of definite integral

| 2}

2
< 8G12M4|E <e(1/2)(2y(x)t Z e(1/2)(2y(x)tk> (34)

t<test

efqitA z eqitkAgi (ui (tka X))

t,<tp<t

j-1

<eE (MZG,-(I + ﬁ))z

Moreover, the arbitrariness of € implies
2
E {eat } —0,
(35)

if t — +oo0.
Hence, if t — +00,

Y g, (1)

t,<t<t

2

tlleata Z 8 g, (u; (1 x))

0<tk<t
< 2 E ( ot
< e

+2[E(

— 0.

e e Z eqitkAgi (u; (t x))

0<t,<t,

qx tA Z eqztk

£, <te<t

2
) (36)
)

Combining (19), (20), (23), (30), (32), and (36) results in
(18).

u; (ty, X))

Step 3. Finally, we claim that © is a contractive mapping on
I xLx---xT,.

Indeed, from the above two steps, we know ©;,(I;) ¢ [},
and then (I} x I, x---xI)) c I} xI, x---xT,.

On the other hand, foranyi € ./ andu, v € I} xI,x- - -xT},,

Emaxsup [©; (1) (1) - ©; (v) (&)

t2-1

< 6E max sup
€N t>—1

J't —q;(t—-0)A (u (6 x)
0

t
j (-0
0

2

2

+ 6[E max sup
>

—v,(0,x))do

n

- by (£ (u;0.0) - £ (v; (6:x))) dO

Jj=1
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+ 6E max sup
t2-1

Jt (- 9)AZ
Gj

~(fj(uj(0—r(0),x))

~ f;(v;(6-7(6),x)))do

+ 6 max sup
ieN t>—1

[fewemSn

2

(I GG (5>x))]ds> do

+ 6 max sup
ieN t>—1

Jte 4t e)A[  (u; (0, x))
0

2

-0;(v;(6,x))] dw; (6)

+ 6E maxsup |le
ieN t>—1

Y e g, (u; (1o )

0<ty<t

— g (v; (tro x))]

(37)
Besides, it follows by the Holder inequality that
t 2
E max sup J e W (1, (8, x) — v, (6, %)) dB| < M?
ieN t>—1 0
ylz (rlrela/lyxal ) [Em%/xts%;r) ||u 0, x)—v,; (0, x)||
t n
—q;(t-0)A .
E rlreljithiulzT) JO e ]Zibl]
2
1
. (f] (”j o, x)) - fi (vj o, x))) do| < nMZF
. E t, t,
123}3{(2” | > maxsup ||u tx) = ( x)||
L a-0aN
—qi(t—
E r}g}xtiulz Jo e j;cij
2

(f; (u;0-7(0),%) - f;(v; 0-7(6),x)))d6

<nM —rlrelzj;(<2|c,]| L >[Emaxs>up||u (t, x)

Vi (t’ X)" >

7
t
E max sup J g WA

el -7 | Jo

n %) 2
Sg(J, o 5o m) = 1,0y 50) s )

j=1 —-p(0)
< nM*7? _I;réa}le <Z |h1]' >[Emaxsup ||u (t, x)
- (t x)||2 ,

E max sup [e %" ekt
ieN t>l-? 0<tzk<t
2

10 () = 9, (0 (6] < M (maxG)

[ZEE max sup ||u (t,x) —v; (¢, x)||

€N =1
+ 2 max sup (le_yt Jt " lu; (s, x) = v; (s, )| ds>2
el -7 \ U 0 N e
1
<2m? ;
<2M (1 + ey > (122/1ny1 ) Em}xtiulz [[us; (£, %)
-v; (¢, x)||2 ,
(38)

where we assume that ¢, ; <t <t,.
In addition, it follows from Burkholder-Davis-Gundy

inequality that
! o
j e*%‘(t* )A
0

E max sup
ieN t>—1

2

[0 (u; 6, %)) = 0 (v; (6,))] dw; O] < % (39)
M2 (rlrel%(T )E%}Xtiug ||u 0, x) —v; (0, x)||2.
Now, combining (37)-(39) gives
dist (® (1), ® (v)) < Vi dist (u,v),
(40)

Yu,v eI} xI), x---xTI,,
where « is defined as (6), satisfying 0 < x < 1. This
implies that @ I xLx--xI, — I x[ x

- x I, is a contraction mapping such that there exists
the fixed point u = (u,(t, x),u,(t,x),...,u,(t,x)) of ©
in I} x I, x --- x I, which implies that u is a solution
of CNN (1), satistying E(e™|®;(u(t, NP - 0t —
+00 so that [Emax,-ej,/suptB_T(e“t||®i(u,-(t, NP — 0, >
+00. Therefore, CNN (1) is stochastically exponentially mean
square stable. O
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TaBLE 1: Comparison of the complexity of system models in the literature related to fixed point theory.

Theorem 5 [16] [15] [23] [24]
Using fixed point theory Yes Yes Yes Yes Yes
Impulse model Yes No No Yes Yes
Distributed delays Yes No No No No
Reaction-diffusion model Yes No No No No
1t6 stochastic model Yes No No No No
Equations type Integrodifferential (partial) eq.  Differential eq.  Differential eq.  Differential eq.  Integrodifferential eq.
Stability type Stochastically exponential Exponential Exponential Exponential Exponential

4. Numerical Example

Consider the following impulsive stochastic reaction-diffu-
sion CNN with distributed delay:

du; (t,x) = —q,divVuy; (t, x) dt — | au; (t, x)

Zb s1n< =u;(t, x)>

(u (t-7(t),x))

ZC sm

(41)

- Zhu

iuj (s, x)) ds | dt
=

J sin <
t—p(t) 10

+ sin (0.05iy; (£, x)) dw; (1),
t#t, xeY,ieN
u(ty,x) =u(ty,x)+0.1jsin (u(t x)),
xeY, k=1,2,...
u; (t,x) = G; (t, x),
u € [0, +00) X 0Y,

where we suppose Y = (0,7),n =2, 7 =3, u = 1.5, a; = 0.5,
b = 0.01(Gi + j) = ¢; = h;j, and q; = —1. Then, via computing
the eigenfunctions of —A, we can obtain that ||| < e

0, so that we can take y = 7°, M = 1. In addition, differential
mean value theorem yields

(s,x) € [-1,0] XY

u(t,x) =0,
—rrzt’t >

(] (1
sin <1—0u]- (t, x)) —sin (1—0

% |uj (t,x) — Vi (t, x)' ,

vj (t, x))l
(42)

and then we get L; = j/10, j = 1,2. Similarly, we can
compute that G; = 0.1i, T; = 0.05i, and i = 1,2. Finally,
we can compute (6) on a computer running Matlab software,
obtaining k 0.8716 € (0,1). Therefore, Theorem 5 tells
us that CNN (41) is stochastically exponentially mean square
stable.

Table 1 is presented to compare the complexity of neural
networks investigated in various literatures via fixed point
theorems and techniques.

Remark 6. Impulsive reaction-diffusion Ito-type stochastic
model gives a lot of mathematical difficulties in deriving
the stability criterion. Motivated by some methods and
techniques of the above-mentioned literature ([3-31]), thisis
the first time for us to analyze such a complex model by way of
fixed point theorem. Our model is closer to real engineering
so that it is more complex than those of the previous
literature, and we utilize Banach fixed point theorem, Holder
inequality, Burkholder-Davis-Gundy inequality, and the con-
tinuous semigroup of Laplace operators to overcome the
difficulties. Besides, the distance defined in this paper satisfies
the triangle inequality, which is another point different from
those of previous related literatures.

5. Conclusions

Since our CNN model involves pulse and Laplacian oper-
ators, our model is different from the previous model
([15-22]), which also implies some difficulties in math-
ematical techniques. Motivated by the previous literature
related to fixed point theory ([15-22, 25-31]), the authors
employed Banach fixed point theorem, Hélder inequality,
Burkholder-Davis-Gundy inequality, and the continuous
semigroup of Laplace operators to derive the stochasti-
cally exponential stability criterion of impulsive stochastic
reaction-diffusion cellular neural networks with distributed
delay.
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