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Abstract: In this paper, the problem of stability analysis for a class of impulsive stochastic fuzzy Cohen-Grossberg
neural networks with mixed delays is considered. Based on M-matrix theory and stochastic analysis technique, a
sufficient condition is obtained to ensure the existence, uniqueness, and global exponential stability in mean square
means of the equilibrium point for the addressed impulsive stochastic fuzzy Cohen-Grossberg neural network with
mixed delays. Moreover an illustrative example is given to demonstrate the effectiveness of the results obtained.

Key—Words: Fuzzy Cohen-Grossberg neural networks, Global mean square exponential stability, Mixed delays,
Impulses, Ito differential formula

1 Introduction A lot of dynamical systems have variable structures
subject to stochastic abrupt changes, which may re-
sult from abrupt phenomena such as stochastic fail-
ures and repairs of the components, changes in the in-
terconnections of subsystems or sudden environmen-
t switching [21]. Therefore, stochastic perturbations
should be taken into account to neural networks. In
recent years, the dynamic analysis of stochastic sys-
tems (including neural networks) with delays has been

In recent years, Cohen and Grossberg neural network-
s [1] have been extensively studied and applied in
many different fields such as associative memory, sig-
nal processing and some optimization problems. In
such applications, it is of prime importance to ensure
that the designed neural networks are stable [2]. In
practice, due to the finite speeds of the switching and

transmission of signals, time delays do exist in a work- an attractive topic for many researchers, and a large

ing network and thus should be incorporated into the number of stability criteria of these systems have been

model equation [3’, 4, 6,7, 8’_9’ 10, 11, 12]. In recen- reported, see e.g. Refs. [19, 20, 21] and the references
t years, the dynamical behaviors of Cohen-Grossberg

. ) ) therein.

neural networks with constant delays or time-varying
delays or distributed delays have been studied, see for In this paper, we would like to integrate fuzzy
example Refs. [_3, 4,5,6,7,8,9, 10, 11, 12] and the operations into Cohen-Grossberg neural networks. S-
references therein. . ‘ peaking of fuzzy operations, T. Yang and L. B. Yang

Most neural networks widely studied and used [22] first introduced fuzzy cellular neural network-
can be classified as either continuous or discrete. Re- s (FCNNs) combining those operations with cellular
cently there has been a somewhat a new category of neural networks. So far researchers have founded that
neural networks, which is neither purely continuous- FCNNG are useful in image processing, and some re-
time nor purely discrete-time ones; these are called sults have been reported on stability and periodicity of
impulsive neural networks. This third category of neu- FCNNis [23, 24, 25, 26, 27, 28, 29]. However, to the
ral networks display a combination of both charac- best of our knowledge, few author investigated the sta-
teristics of continuous-time and discrete-time Systems blhty of impulsive stochastic fuzzy Cohen_Grossberg
[13, 14, 15, 16, 17, 18]. neural networks with mixed delays.

In addition to the delay and impulsive effects, s-
tochastic effects constitute another source of distur- Motivated by the above discussions, in this paper,
bances or uncertainties in real systems [19, 20, 21]. we consider the following impulsive stochastic fuzzy
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Cohen-Grossberg neural networks with mixed delays.

da;(t) —ai(xi(t)) [bi(x:(t))
— =1 cij fi(@i(t — 75(t)))—
g [ o Kt —
1 Bii [
x gj(w;(s))ds + L] dt + 3774
7ij (1)) dw; (t),

t?étk,k:1727"‘,

K;;j(t—s)

aij(w;(t), z;(t —

Az(xl(tk)) = Jk(l'z(t,;)),l = 1, 2, e, n
)
where n corresponds to the number of units in the neu-
ral networks, respectively. For ¢ = 1,2,---,n, x;(t)
corresponds to the state of the ith neuron. f;(-), g;(-)
are signal transmission functions. 7;;(t) corresponds
to the transmission delay along the axon of the jth unit
from the ith unit and satisfies 0 < 7;;(¢) < 73;(7;;is a
constant). a;(x;(t)) represents an amplification func-
tion at time t. b;(z;(t)) is an appropriately behaved
function at time t such that the solutions of model (1)
remain bounded; c;; represents the elements of the
feedback template. [, = I + ANTiju; + \ Hiju;.
«ij, Bij, Ti; and H;; are elements of fuzzy feedback
MIN template and fuzzy feedback MAX template,
fuzzy feed-forward MIN template and fuzzy feed-
forward MAX template, respectively; A and \/ denote
the fuzzy AND and fuzzy OR operation , respective-
ly; u; denotes the external input of the ith neurons.
I; is the external bias of the i—th unit. K;;(-) is the
delay kernel function; o;;(x;(t), z;(t — 745(t))) is the
diffusion coefficient, o; = (041, 042, -+, Oin): w(t) =
(wi(t),wa(t), -, wn(t))T is an n-dimensional Brow-
nian motion defined on a complete probability s-
pace (92, F, {F; }+>0, P) with a filtration { F} };>¢ sat-
isfying the usual conditions (i.e., it is right continu-
ous and Fy contains all P-null sets). A(z;(tg)) =
z;(t) — x;(t;) is the impulses at moment tj, the
fixed moments of time ?j satisfy ¢ < 13 <
Slimg i ooty = oo, and mingcp<oo{ty —
tr—1} > maxi<ij<n{Tij}.

Remark 1. Model (1) includes the following impul-
sive Cohen-Grossberg neural network model as a spe-
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cial case:
da;(t) = —ai(zi(1)) [bi(z:(1))
— 25— Gijfi(wi(t — 7i(1)))
- Nj= vag [ Kt — s)
xgj(xj(s))ds
i1 Bji [l o Kij(t = 9)
x gj(xj(s))ds + L] dt,
tF bk =1,2,-,
Aiai(te)) = Jplwi(ti))i=1,2,--.n.
Since the solution z(t) = (z1(t), za(t), - - - ,xn(t)()zT)

of model (2) is discontinuous at the point ¢ , by theo-
ry of impulsive differential equations, we assume that
w(ty) = (z1(tr), z2(te), -, 2n(tr))” = (21(tr +
0), 22 (tx+0), - - -, 2, (t,+0))T. Ttis clear that, in gen-
eral, the derivatives dzzli(t’“) don’t exist. On the other
hand, we can see from the first equation of model (2)

that the limits w exist. According to the above

convention, we assume that 9Zi{k) — d2i(te+0)

dt
Furthermore, if Cohen-Grossberg neural network
model with neither impulses nor stochastic effects,
model (1) can be transformed to the following special
case

dzi(t) = —az‘(flfz‘(t)) [bi(i(t))

Z%fj (zj(t —7i5(t)))
— /\ alj/ KU

- \/ 5j¢/ Kij(t — s)gj(z;(s))ds
j=1 >

s)g;(x;(s))ds

3

For convenience, we introduce several notations.
r = (w1,29,---,2,)7 € R™ denotes a column
vector.  ||z|| denotes a vector norm defined by
lzl| = (X0 |=4)?)Y2. C[X,Y] denotes the space
of continuous mappings from topological space X to
topological space Y. Denoted by C%O[(—oo, 0), R"]
the family of all bounded Fy—messurable,
C[(—00,0), R"|—valued random variables ¢,
satisfying || 6] = sup_socoen Ell0(0)| < +oo,
where E(-) denotes the expectation of stochastic
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process. The initial condition ¢ € C%, [(—0,0), R”]
PCILR] = {6 : T — R = p(t),t
I,(t7) existfor t € (tg,+00),0(t7) = ¥(¢) for
all but points t; € (to,+0o0)}, where I C R is
an interval, 1(t*) and ¢(¢~) denote the left-hand
limit and right-hand limit of the scalar function v (t),
respectively.

Throughout the paper, we give the following as-
sumptions

(A1) a;(u) is a continuous function and
0 < a; < ai(u) < az(aZ and @; are constant)
forallu € R,e=1,2,-

(A2) The s1gnal transmission functions
fi(),9;()(G = 1,2,---,n) are Lipschitz con-
tinuous on R with Lipschitz constants p; and v,
namely, for any u,v € R, f;(0) = ¢;(0) = 0 and

|fi(w)—f; ()| < pjlu—v|, |gi(u)

(A3) b;(-) € C(R,R) and there exist positive con-
stants b; such that

bi(w) — b

M > b, Yutv, i=1,2,--

uU—v

(A4) The delay kernel K;; : [0,400) — [0,400)
is a real-valued non-negative continuous function and
satisfies

—gi(v)| < wifu—vl.

M.

“+o00
/ 668Kij(8)d8 = 7"1](5)
0

where 7;;(9) is continuous function in [0,7),n > 0,
and r;;(0) = 1,4, =1,2,---,n

(AS5) There exist non-negative number s;;, w;; such
that

0 (’U,,

n n
v)ol (u,v) < Z siju® + Z w;jv*
j=1 j=1

(u17u27"'7un)T S anv =
TeR"i=1,2,---,n

for all v =
(Ul,UQ,“',Un)

Definition 1 The equilibrium point z* =
(%, 29,-,25)T of system (1) is said to be
global mean square exponential stable, if there exist

positive constants M > 1, X\ > 0 such that

E([|(t)

where x(t) = (x1(t), z2(t), - - -
tion of model (1) with initial value x;(t+s)
PC((—00,0],R),i=1,2,---,n

—2*|?) < M|¢ — 2*[[Fae ) ¢ > 0.

2 (t)T is any solu-

= gbz(s) (S

Definition 2 A real matrix A = (a;ij)nxn is said to
be an M —matrix if a;; < 0(i,7 =1,2,---,n;i # j)
and successive principal minors of A are positive.
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Lemma 3 Let ) be an n X n matrix with non-positive
off-diagonal elements, then Q) is an M-matrix if and
only if one of the following conditions holds:

(i) There exists a vector & > 0 such that €TQ > 0;
(ii) There exists a vector € > 0 such that Q& > 0.

Lemma 4 [22] Suppose x and y are two states of sys-
tem (1.1), then we have

/\ @ijgj(w /\ @ijgi(y

and

\/ 5%393 \/ Bl]g] Z 5@]”9]

Lemma 5 If H(z) € C° satisfies the following con-
ditions:

(i) H(x) is injective on R™;

(ii) ||H(z)|| — 400 as |
then H(x) is homeomorphism of R"™ onto itself.

n

Z |cijl|gj (=

9iW)l;

9i (W)l

2 Main results

In this section, we will consider the existence and
global mean square exponential stability of system

(1).

Theorem 6 Under condition (Al) — (A5), and
—(Q + T) is an M —matrix, where
1 .
Q = (ij)nxn, Gij = —8ijy1 7 J;
(2
qii = —2b; 7"‘2 ‘CU|MJ+Z (Jeis|+1Bis] v+ 5%7

7j=1

T = (tij)nxn, tij = !Cz’j\uﬁ%wiﬁ(!aij!+|5ij!)Vj
(2

then model (3) has a unique equilibrium x* =

(x%, 25, -+, x5)T. Furthermore, suppose that

(i) oij(z},27) = 0,4,5 = 1,2,

(i) Ji(xi(te)) = —%'k(l’z‘(t/?)

2,i=1,2-,mk=12-

Then x* = (x3, 25, -, x})" is a unique equilibrium

which is globally mean square exponential stable.

—x;f‘),O < i <

)T

Proof: Let H(z) = (Hi(x), Ha(z), -+, Hu(x))7T,

where

Hi(z) = —bi(xi)+ > cijfi(z;) + N\ aijgi(z))
=1 j=1

j=1
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In the following we will prove H(x) is a homeomor-
phism of R™ onto itself.

First, we prove that H(x) is an injective map on
R". In fact, if there exist x = (21, 72, -, 2,)" € R"
and Yy = (y17y25 T 7yn)T € an‘r 7é Y, such that
H(xz) = H(y), then

bi(w;) bi(yi)

Z cij(fi(z5) = fi(y5))
j=1

+ N\ usfi(@;) — N\ i fiyy)
j=1 j=1

+\ Bijfi(z) =\ Bisfily;) @)
j=1 j=1

Multiply both side of (4) by |z; — y;
assumptions (A2),(A3), Lemma 4 and element in-
equality 2ab < a® + b that

( Z |cijlpg —

Z |cvij| + 1 Bij v

7j=1

) |z — "2

(Z |cijlpg + Z |lvij| + |Bis] v ) |zj — yj’2 (&)

Let T = ((ij)nxn, Where
Z |cijlpg — Z |evij| + 1Bij|)v;
7=1
—\Cu‘lm = (lewis| + 1By v,

C’Lj = _‘CZJ|Mj_(|alj|+|ﬂl]|)yjaZ 7£ ]aza,] = 1> 27 N
Then (5) transforms into the following inequality

Y (w1 —p1l? w2 — yal?, — )" <0 (6)
Set —(Q + T') = (Kij)nxn, noting that a; < @, s;; >

0, w;; > 0, we have
Rij SCZ]? 7’7.7 = 1,2,"‘,71

Since —(Q + T') is an M —matrix, Hence Y is also
an M —matrix. It follow from (6) that x; = y;,i =
1,2,--+,n. which is a contradiction. So H(x) is an
injective on R™.

Next we prove that ||H (z)|| — +oo as ||z] —
+o00. Since T is an M —matrix. From Lemma 3, there
exists a positive vector & = (&1,&o,---,&,)T € R"
such that

(2b — Z |ng|,U/] |al]| + |Bl]’) )
—ny lejilmi +

(Jajil +185i)vi) > 0.

E-ISSN: 2224-266X

185

Qianhong Zhang, Jingzhong Liu, Yuanfu Shao

fori =1,2,---,n. We can choose a small ¢ > 0 such
that
& (21% — > (el + (i | + !Bzﬂ)%‘))
j=1
— > &illeilpi + (lagil + [Bjil)vi) > 0> 0. (D)
j=1
for i = 1,2,---,n. Let H(z) =
(Hl (:U)a HQ(:U)a T 7Hn($))T’ where
Hi(x) = —(bi(x:) = b:(0)) + > ci(f5(x;) — £(0))
j=1
+ N\ aigi(ay) — N aijg;(0)
j=1 j=1
+V Bijgi(z;) = \/ Bijg;(0) ®)
j=1 j=1

From assumptions (A2), (A3), and inequality 2ab <
a® 4 b2, we can get

n
D 2 &Gilwilsen(xi) Hix)
=1
n n
< D& | 200 =D (leijlig + (laigl + 18i1)v)
i=1 j=1
n
+ Y &(gilps + (il + 1Bjahva) | |l
=1
< —o|x|?
Hence
n —~
ollzlI* < Z%ﬂﬂfiﬂﬂi(m)\
<
< 2 (6) 3 o)
< 2112%1{&}\\%\!!!% )
That is

< I
ollz] <2 max (&} Hi()]

Therefore || H (x)| — +oc0 as ||z]| — +oc, which di-
rectly implies that ||H(x)|| — 400 as ||z — 4o0.
By Lemma 5, we know that H () is a homeomorphis-
m on R", hence H(x) = 0 has a unique equilibrium
point z* = (x},23,--,2})T € R" i. e., Model (3)
has a unique equilibrium point *. From conditions (i)

Issue 6, Volume 12, June 2013



WSEAS TRANSACTIONS on CIRCUITS and SYSTEMS

and (ii) of theorem, we know that z* is also a unique
equilibrium point of model (1).

Set yi(t) = i(t) — 7. 63 (s (1)) = o (1) +
x7) —0y;(2}), then the first equation of system (1) can
be transformed into the following equation

d yi(t)
= —a;(yi(t) +27) [bi(yi(t) + 27) — bi(z])

= i (Filyi(t — i (1) + 25) — fi(x3))
j=1
(/\ g / Kij(t - )9;(yi(s) + 2})ds
_Zlmﬁlmk@@—smﬂﬁﬁh)
(\/ ﬁjz/ K;j(t — s)g;(y;(s )—f—x;)ds

dt

j\z/l Bji [m Kij(t — S)QJ(l“}k')dS)
£ 0y
=1

t#tk7llz]—72u

— 75(t)))dw; (t),

7n;k:1727'” (9)

Since —(Q + T') is an M-matrix, there exists £ =

(é1,&9,--+,€)T > 0 such that 0 < —(Q + T)¢, that
is

0 < { 20, % (zmmﬁz |+ 185

1
_ s el 4 i
]221: [ai ij + leig] J+a—i ij

+(levig| + 1Bl §yi = 1,2, -+,

We can choose a small positive number £ > 0 such
that,fori =1,2,---,n

2b e —— (Z |cijlpj

0 <

j*l
1
— Z SU + 7 |Cij|1/j + %wij
i

(Iaw! + |Bi;1)vrij(€)] &5- (10)

+ ) (Jous] + lﬁz‘jl)Vj)] &

Let

ui(t) = 0@ i=1,2,- -, n.
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By the Ito differential formula, the stochastic

derivative of u;(t) along (2.6) can be obtained as fol-
lows:

L u,-(t
_ €€£(t_t0)’yi(t)’2—|—26E(t_t0)‘yz‘(t>‘

xsgn(y;(t)) {—ai(yi(t) + =7)
[0i (yi(t) + 27) — bi(z7)

= > cii(filyi (¢ = 75(8) + 25) — f(a}))
7=1

(/\ O‘U/ K;j(t —s)g;(y;(s) +z5)ds

_/\O‘U/ s)g;(x )d)

(\/ ﬁj’b/ K’L] S)Qj(yj(s) + x}k)ds

$)g;j (mj)ds) }

fort =1,2,--- njtp_1 <t <tg,k=1,2,---. Ap-
plying assumptions (A1) — (A3), (A5), and Lemma
4, we can get

n t
_ 61 Ki'(t
Voo [ K

+eflt=t) 55,7

L uz(t)
< ey () 2 + 26500 |y () [sgn(yi (1))
—abilyi ()] + @ Y lesj|ugly; (t — 755(8))]
=1

n

‘HTiZﬂaij’ + 18i1)

S o

X [Z Sijyj +wayy — 7ij ( ))] (1)
j=1

5l (s) | + =)

By applying inequality 2ab < a? + b?, it follows that

L Ul(t)
§ sui(t) — 2&bzuz(t)
n
+a | |eijlpgui(t)
=
n
> leijluie g (t — 735(t))
j=1
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- - when k£ = 1, let us prove that
+Z || + [ Bij | )vjui(t Z || + | Biz|)v ’ p
Fi 7=l Eui(t) < &ho, to <t <ty, i=1,2,---,n. (15)
S K (t — d }
% / oo i s)u;(s)ds In fact, if (15) is not true, then there exist some i
n n and t* € [to,t1) such that, for ¢ € (—o0,t*),j =
+ > sy () + D wige T uy(t — g (1)) 1,2,0,m
j=1 j=1
n Buig (t*) = &igho, DT Baig(t*) > 0, Eu(t) < &;ho,
< a sz: + + Z |cijl (16)
=1 From (12) and (16), we can get
n
DY (Bu, (t*
Z ’am‘ + |/813 )] )+ Z smu] (Euig (t7))
Jj=1 a;
n 1 < aio{ {_2171‘0& (Z |Cigjlitg
4T Z <(|O‘U’ + |5UD  + a'wij) 10 Qi
(]

7j=1 n
+Z ’aloj| + |Blo] ) §o + Z |: Sigj
j:
1
+e " ((I@ioﬂ + |Biojl)vi + wwioj>
+(|evigs| + 1BigNviriei (€)1 €5} ho a7

It follows from (10) and (17) that

n
xuj(t —7i5(t)) + Z |vij| + |Bis] v
7j=1

t
X [ es(t_s)Kij(t - s)uj(s)ds}

fori = 1,2,--- it < t < tp,k = 1,2,---
Furthermore, we have

Dt (Eu,(t)) Dt (Bu;,(t*)) < 0.
_ a: £ 0 which is a contradiction. So (15) is true. Suppose that
= { [ 7 ai (Z—: gl the inequalities, fori = 1,2,---,n;k = 1,2, -,

FEui(t) < &iho, tp—1 <t < tg, (18)

hold for £ = 1,2, ---,m. From condition (ii) of this
n theorem, we have

+Z *SwE“J( )+ €T Z ((leiz| +18i51) v

Z |ij| + 1Bis v )

= = i) =i = Jai(t) + Julai(t) — a
1 = = |1 = yallzi(ty) — o
o ) Buslt = ig(0) + 3 (s + 134 It = yiellosld, ) = 2]
@i j=1 < lw(ty) — il

t
xz/j/ eSS (t — S)Euj(s)ds} (12)  fori=1,2,---,n;k=1,2,---. Therefore
—0o0

Set wi(ty) <wi(ty), i=1,2,--- ,nk=1,2,---.
I — 2*||75
T Mmool Furthermore, we can get
then s € (—o0, tg], we have Eui(ty) < Bu(ty), i=1,2,--- myk=1,2,---.
(19)
BEui(s) = 70 E|y;(s)? It follows from (18) and (19) that
< Elyi(s)|* = Eli(s — to) — x|’
< o x*”%2 < &iho. (13) Eui(ty) < Eu(t,,) < &hoy, i =1,2,---,n. (20)
In the following, we will use the mathematical induc- This, together with both (13), (18) and (20), lead to
tion to prove that,t = 1,2,--- n;k=1,2,---,
Eu;i(t) < &ho, t € (—o0,tp], i =1,2,-
Eu;i(t) < &ho, tpo1 <t < tg, (14) (21)
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It is similar to the proof of (14), we can prove that

Euz(t) < fiho, t e [tm, tm+1), 1= 1, 2, cee, M.
(22)
By mathematical induction, we can conclude that (14)
holds. Hence

E‘xl(t)_.’lf;k|2 S Sihoe*E(t*tO)’t Z t07 7 = 1727 Seem.

So Blz(t) —a*||* < M||¢ — a*||3,e~==00), ¢ > ¢,
This means that the unique equilibrium point x* of
model (1) is globally mean square exponential stable.
The proof is completed. a

Remark 2 If we don’t consider fuzzy AND and
fuzzy OR operations in system (1), then system
(1) becomes traditional impulsive stochastic Cohen-
Grossberg neural networks with mixed delays. it is
clear that Theorem 6 [21] is corollary of Theorem 6.
Therefore our results generalize the known results.

3 An example

Example Consider the following impulsive stochas-
tic fuzzy neural networks with time-varying delays
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and distributed delays

dacl (t)

— (34 cosa(t)) [Lla1(t)
+0.1f1(z1(t — 111(2)))

+0.7fi(w2(t — m12()) + I

+ Nz o o Kuj(t— 5) fi(y;(s))ds
+ Vi1 By [l Kij(t — ) f5(y;(s))ds)
+ AJos Tajug + Vg Hyjuy) dt

v (@1(8), 21(t — 71 (8)))deon
+o1a(za(t), z2(t — T12(t)))dwa, t # ty
dzo(t) —(2 + sinza(t)) [17z2(t)

—0.6 fo(x1(t — 121(¢)))

+0.3fa (w2t — m21(1) + I

+ Aoy az; [L o Kot — 5) f(y;(s))ds
+ Vi1 Baj [ o Kaj(t — ) f(yi(s))ds)
+ Njo1 Tojug + Vg Hajuy) dt
+oa1(21(2), 21 (t — 721 (1)))der
+ooa(za(t), z2(t — T2(t)))dwa, t # ty,
Az (tr))

—(1+0.3sin(1 + k)1 (t5)

AxQ(tk,)) —(1 + 0.6 sin(l + k‘):ﬁg(t;)
(23)

where tg = 0, = tp_1 + 0.2k, k=1,2,---, and

1
filr) = gi(r) = 5(Ir + 1] = [r — 1)),
Tij(t) = 03| sint| + 0.1,Kij(t) = teit,i,j = 1, 2.
) 1 1 3
a1l = 370421 = 3,0412 = 470422 R
1 2 1 3
511 - 57521 - §7512 - _17522 - Zv
o11(z,y) = 0.2z — 0.1y, o12(z,y) = 0.3z + 0.1y,
o21(z,y) = 0.1z + 0.2y, 022(z,y) = 0.2 + 0.1y,
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2(i,7 =1,2).
Obviously, model (23) satisfies assumptions
(A1) — (A4) with
@:27?1:470172: Laz =3,
bl = 11,b2 = 17,/% =V; = 1(2 = 1,2).

It can be easily checked that the assumption (A5) is
satisfied with

S11 = 0.15, S12 = 0.02, S91 = 0.3, S99 = 0.09,

w11 = 0.02, w1 = 0.04, w1 = 0.06, w9 = 0.03.

It is easy to compute

o (76625 0005 (2105 121
=\ 01 —79 7T\ 162 181
and
55575 —1.215
_(Q+T)_< _172  6.09 )

is an M —matrix. Clearly, all conditions of Theorem 6
are satisfied. Thus model (23) has a unique equilibri-
um point z* which is globally mean square exponen-
tial stable.

4 Conclusion

In this paper, we have studied the existence, unique-
ness and mean square exponential stability of the equi-
librium point for impulsive stochastic fuzzy Cohen-
Grossberg neural networks with mixed delays. Some
sufficient conditions set up here are easily verified and
these conditions are correlated with parameters and
time delays of the system (1). The obtained criteria
can be applied to design globally mean square expo-
nential stable fuzzy Cohen-Grossberg neural network-
S.
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