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EQUILIBRIUM AND STABILITY ANALYSIS OF
TAKAGI-SUGENO FUZZY DELAYED COHEN-GROSSBERG
NEURAL NETWORKS

NEYIR OZCAN

ABSTRACT. This paper carries out an investigation into the problem of the
global asymptotic stability of the class of Takagi-Sugeno (T-S) fuzzy delayed
Cohen-Grossberg neural networks involving discrete time delays and employing
the nondecreasing and slope-bounded activation functions. A new sufficient
criterion for the uniqueness and global asymptotic stability of the equilibrium
point for this class of fuzzy neural networks is proposed. The uniqueness of
the equilibrium point is proved by using the contradiction method, and the
stability of the equilibrium point is established by utilizing a novel fuzzy type
Lyapunov functional. The obtained stability condition is independent of the
time delay parameters and, it can be easily verified by exploiting some com-
monly used norm properties of matrices. A constructive numerical example is
also given to demonstrate the applicability of the proposed stability condition.

1. INTRODUCTION

Stability and equilibrium properties of Cohen-Grossberg neural network model
proposed by Cohen and Grossberg in [1] have been extensively studied due to their
potential applications in a variety of fields such as pattern recognition, parallel
computation, associative memory design, signal and image processing and opti-
mization. Such types of applications require that the neural network employed for
solving these specific problems must possess a unique and globally asymptotically
stable equilibrium point. On the other hand, time delays unavoidable exist in the
mathematical model of neural networks due to many different reasons. For instance,
the finite switching speed of amplifiers in neural systems may cause time delays.
The existence of time delays may change the dynamics of the system and cause
undesired complex dynamical behaviors. Therefore, it is of crucial importance to
consider the effects of time delays when analyzing the stability of neural networks.
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In the recent years, a variety of sufficient conditions for the global asymptotic sta-
bility of delayed Cohen-Grossberg neural networks have been proposed [2]-[16].

Fuzzy logic theory has been effectively adopted for modelling the various classes
of nonlinear systems to provide a more efficient tool with stability analysis of these
systems. In particular, fuzzy systems in the form of the Takagii-Sugeno (T-S) model
[17] have attracted rapidly growing attention in recent years. A T-S fuzzy system
is a class of nonlinear systems defined by a set of IF-THEN rules [36]. It has been
shown that the T-S model method can provide an effective way with representing
complex nonlinear systems by using simple local linear dynamical systems with
their linguistic description. Some classes of nonlinear dynamical systems can be
approximated by the overall fuzzy linear T-S models for the purpose of stability
analysis [18]-[19]. In [20], a sufficient condition for the stability of the T-S fuzzy
systems has been proposed by constructing a suitable Lyapunov functional. The
methods and techniques used in [19] have been an inspiration for many researchers
to extend the T-S fuzzy models to describe different classes of delayed neural net-
works. Some original and useful results for global stability of various classes of T-S
fuzzy delayed neural networks can be found in [21]-[38].

This paper will study the equilibrium and stability properties of the class of T-S
fuzzy Cohen-Grossberg neural networks with discrete time delays. First, by using
the contradiction method, the condition ensuring the uniqueness of the equilibrium
point for this class of neural networks is established. Then, by constructing a
suitable fuzzy Lyapunov functional, it will be shown that the condition proposed for
the uniqueness of the equilibrium point also implies the global asymptotic stability
of the equilibrium point.

2. SYSTEM DESCRIPTION AND PRELIMINARIES

Consider the following general Cohen-Grossberg neural network model with dis-
crete time delays:

2 (t) = di(zi(t))[—ci(zi(t)) + Zaijfj(xj(t)) + sz‘jfj(xj(t = 7)) + ),

where n is the number of the neurons in the network, x; denotes the state of the ith
neuron, d;(x;) represents an amplification function, and ¢;(z;) is a behaved func-
tion. The constants a;; are the neuron interconnection parameters of the neurons
within the network, the constants b;; are interconnection parameters of the neurons
with time delay parameters 7. The f;(-) corresponds to the activation functions of
neurons. The constants u; are some external inputs. In system (1), 7,>0 represent
the time delay parameters with 7 = max(r;) for j = 1,2,...,n. The neural system
(1) is accompanied by an initial condition of the form: z;(t) = ¢,(¢t) € C([-7,0], R),
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where C([—7,0], R) denotes the set of all continuous functions from [—7,0] to R.
The usual assumptions on the functions d;, ¢; and f; are defined to be as follows :

H, : For the amplification functions d;(x), (i = 1,2,...,n), there exist positive
constants 1, and ¢, such that 0 < ¢, < d;(z) < ¢,, Vz € R.

Hs : For the functions ¢;(z), (i =1,2,...,n), there exist constants 7, > 0 such
that
ci®) - Ci(y): = lci(z) — cily)| >y, >0,:0=1,2,...,n,::Vz,y € R, = #y.
z—y [z —y
Hj : For the activation functions f;(x), (i =1,2,...,n), there exist some positive
constants k; such that
SM <k, :i=1,2,--- n, Ve, y € R,: x #y.

r—y
Now, let 2* be an equilibrium point of Cohen-Grossberg neural network model (1).
The transformation z(¢) = x(t) — «* will shift the equilibrium point z* of system
(1) to the origin. The transformed Cohen-Grossberg neural network model is now
represented by the following new sets of differential equations :

5() = iz () [-B;(2(0) + Y aijgi(2i() + D bijg (23t = 75))]
j=1 j=1

in which the following can be stated
a;(z;(t) =di(z:i(t) + zF), 1=1,2,...,n
Bi(z:(t) = ci(z:(t) + x]) — ci(x]), i=1,2,...,n
9i(zi(t)) = filz:(t) + x7) — fi(z]), i=1,2,...,n
An equivalent mathematical model of (2) can be stated as follows :
2(t) = a(z(1)[-B(2(t) + Ag(2(t)) + Bg(z(t — 7))l

here z(t) = (21(t), z2(t), ..., 2z, ()T,

a(z(t)) = diag(ai((1)), a2(22(t)) san(2n(1)), A= (aij)nxn, B = (bij)nxn,
B(z(t)) = (B1(21(2)) 2(()%~wﬁ(%i)ﬁ,

g(2(t = 7)) = (g1(21(t = 71)), g2(22(t = 72)), - - gn (20t — 70)))".

=

(t—
When introducing the T-S fuzzy model concept into (3), the model of fuzzy
Cohen-Grossberg neural network with discrete time delays is obtained as follows

[36]:
Plant Rule r :
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IF {61(t) is My1} and - - - and {0,(t) is M,p}.

THEN

(t) = o (2(1))[=B8,(2(1)) + Arg(2(2) + Brg(z(t — 7))],

where 0;(t)(l = 1,2,...,p) are the premise variables. M. (r € {1,2,...,m}, [ €
{1,2,...,p} are the fuzzy sets and m is the number of IF-THEN rules.

By inferring from the fuzzy models, the final model of a fuzzy Cohen-Grossberg
neural network takes the following form [36] :

A(t) =D he(0()){an (2(8)) =B, (2(1)) + Arg(2(8)) + Brg(=(t — 7))]},

where 0(t) = [01(t),02(),...,0,0)]7, w(0(t)) = [T_, My (0,(t)) and h,(6(t)) =
% denote the weight and averaged Weight of each fuzzy rule, respec-
r=1 7T

tively. The term M,;(6,(¢)) is the grade membership of 0;(t) in M,;. We assume
that w,.(0(t)) >0, 7 €{1,2,...,m}. Therefore, we have > ", h,(6(t)) = 1 for all
t>0.

Note that A,« = ( )n><n7 r = (bgj))nxnv
ar(z(t) = dmg(am(z (1)), ara(22(t)), - - -, arn (20 (1)),
Br(2(t) = (Br1(21(1)), Bra(22(1)), - --,Bm(zn( M =12,

We also note that, in system (5), the assumptions Hy, Ho and Hs can now be
respectively adopted as follows :

A0 <Y< api(z:(t) < @pyy i=1,2,...,n, T=1,2,....m
Ag : (1), (2:(1)>7,,22(4)>0, i=1,2,....n, 7=1,2,...,m
As :gi(zi(0)|<kilz:(8)], zi(t)gi(z:(1)) 20, i =1,2,...,n

3. MAIN RESULT

In this section, we will present two main theorems. The first theorem proves the
uniqueness of equilibrium point for system (5), which is stated as follows :

Theorem 1. Under the assumptions A1, As and As, the origin z = 0 of the T-S
fuzzy Cohen-Grossberg neural network model defined by (5) is the unique equilibrium
point if there exist positive constants €., v = 1,2, - -,m such that the following
condition holds :

3 m m 1 m
Q=2p7K " =" ¢, (14| + [AT) = Y —¢2B |3 - > &,1>0,
r=1 >T r=1

r=1



EQUILIBRIUM AND STABILITY ANALYSIS OF TAKAGI-SUGENO 1415

where ¢ = mzn{i/zr} with ¥, = min{djri}f Y= min{’}/r} with v, = min{’Yri}y
(rbr = maz{¢ri}’ i = 1727' LN, = 1727' U K = dia‘g(kl)k%' : 7kn) and

14,1 = (jal -

Proof. We will prove this theorem by using the contradiction method. Let z # 0
be an equilibrium point of system (5). Then, we have

Z he(0(8){ o (2)[=B,(2) + Arg(2) + Brg(2)]} = 0
which can be written as
- i he (6()) 2)+ Z ho( Arg(2)+ Y he(0(t))ar (2) Brg(2) = 0.
Lert_zl #£0and g(z) = 0. Then, one has

> he(0(t))n(2)B,(2) = 0
r=1

and from (8)

Thus, we obtain

Z 12l a,(2)8,(2) > yzlz > 0,Vz # 0.
It is clear that if z 75 0, then (7) cannot be satisfied. Therefore, at the equilibrium

point, when g(z) =0, z # 0 cannot be a solution of (6).
Let z # 0 and g(z) # 0. Then, we can write

=2 h(0(0)g" (D) ()B,(2) +2 Y he(6(1))g” () (2) Arg(2)

+23  he(0(t))g" (2)ar(2)Brg(z) = 0. (1)
r=1
We note that

—9 Z he(0(1)g" (2)an(2)B,.(2) = -2 Z he(0(1)) Z ri(20)B,:(2)9: (2)
—2 Z ha(6) Z ivri%iGi(2i)

i=1

m n 1
-2 Z h.(0(1)) Z Eqﬁrﬂmg?(zi)
r=1 i=1 "

IN

IN
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IN

—2Zh 2)YyK ' g(2)
= —%vlg (2(t) K g(2(t))], (2)

m m

Y ({207 (Ran(2)Arg(2)} < Y 209" ()l (2)| Arllg(2)]

> 209" (=)l |4 llg(=)]

r=1

= > o ld" @A+ AT DIg(2)], (3)
r=1

IN

D b (029" () (2)Brg(z) < D he(0())2lvr(2)]|2] Bl 2llg(2)ll2llg(2)] [
< Z 2¢,||Br|l2llg(2)ll21lg(2)ll2
< chﬁ [1B:13]1g(= H2+Z£r||g IE. (4)
Using (11)-(13) in (10) yields
~2¢]g" (2) K~ g(2) |+Z¢>rlg (A + AT DIg(2)]

+Z ¢||B||2|\g ||2+Zgr|\g 2> 0

which is of the form
97 () (=D)]g(2) = 0

or equivalently

g7 (2)[Qg(2)] < 0.
On the other hand, if Q is a positive definite matrix, then, for all g(z(t)) # 0, we
have

g7 (2)|2g(2)] > 0.
Obviously, when Q > 0, (14) contradicts with (15), implying that under the condi-
tion of Theorem 1, the equilibrium equation of system (5) given by (6) cannot have
a solution where g(z) # 0. Thus, we can conclude that Theorem 1 guarantees that
the origin of system (5) is the unique equilibrium point. O

We will now present the following theorem that proves the stability of system

(5)-
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Theorem 2. Under the assumptions Ay, As and As, the T-S fuzzy Cohen-Grossberg

neural network model defined by (5) is globally asymptotically stable if there exist
positive constants £, r =1,2,---,m such that the following condition holds :

3 m m 1 m
Q=2pyK =" ¢, (A +[AT]) = §—¢3|\BTH§I - & I>0,
r=1 >T r=1

r=1
where ¢ = main{,} with ¢, = min{y, Z} = min{y,} with v, = min{v,;},
¢, = maz{o,;}, i = 1,2,---n, r = 1,2,-- - m, K = diag(ky, ks, - -, k,) and

14, = (188 Dnxn-

Proof. Consider the following positive definite Lyapunov functional :

n

zi(t)
V(z(t) = zT(t)z(t)+2SZ/0 gi(s)ds

=1
+€Z§ Z/ g] (2(¢ dCJrnZ/ ¢))dc,

where ¢ and 7 are some positive constants to be determined later. We can calculate
the time derivative of V' (z(¢)) along the trajectories of neural system (5) as follows

V(z(t) = 227 +2€Zgz zi(1)2:(t) = 227 (£)5(t) + 2297 (2(1))4(t)
+EZ£TZQ?(Zj(t))—EZ§Tng(Zj(t
+nZg?(Zj(t)) -~ nzg?(zg'(t

= 227(1) ) he(B(8){n (2(8)) =B, (2(t)) + Arg(2(1)) + Brg(=(t — )]}
+2eg" (2(1)) D he (00 (2(8) [, (2(8)) + Arg(2(1)) + Brg(z(t — 7))]}
r=1

tey &l —ed & llgl=(t = 7))I3
+77||g( OIIE = nllg(=(t = ))II3

_ Zh D022 (Dar (=), (+(1))}
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+ Y he(0(){227 (e (2(8) Arg(=(1))}
+ Z he (0()){22" (t) e (2(8)) Brg(2(t — 7))}

m

#e 2 020" ((0)ar ()5, ((0)}
+th 0){207 (2(0)) e, (1) Ar(=(2))}
+azh 04267 (2()) 0 (2(6) Brg (a(t — 7))}

+6Z£r|\9(2(t))|\§ —e) &llgl=t =I5
r=1 r=1
+nllg(z(0))I13 = nllg(=(t = 7)II3- ()

We first note the following inequalities :

Zh t){=22" (o (2(1) B (2(t)} = Zhr((’(t)){*?Zari(zi(t))ﬁm(%(t))zi(t)}

IN IN
= 1]
FoF
=

= =
SO
; £§§|
e
N 3

IN

s
<
2
]
F

DIELO)

= =207l Y he(6(1))
= —29|12(1)[3, (6)

= 3 RO~ (V=) - ﬁar<z<t>>Arg<z<t>>>T<Mz<t>
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o () A }+Zh )" (1)2(0)

50" GO AT A,a(:(0)

i (OO 17 (0:(0) + -7 () AT (0) g ((0)
im( ()= ( +§mjm D)l eIlIA Bl o)
Tilhr( (1)1 ||2+ihr —||AT||§|\g<z<t>>||§
¢v||z<t>||§+;wmruéng(zunné, ()

he(0(8){227 (D) (2(1)) Brg(2(t — 7))}

NE

1

ﬁ
Il

NgE

he (OO (/42 (t) - ﬁar(Z(t))Brg(Z(t )"

~x
Il
~

X

1
(Vyz(t) - ﬁar(Z(t))Brg(Z(t —7))}

he (0(8) {wy2" ()2 (2) + w%gT(z(t = T)B o} (2(t) Brg(=(t — 7))}

+
NgE

~

B (O 72" (D2() + g (=(t — 7)) BT 2(=(1)) Brg(=(t — )}

gl

— ¥y

D he(0() Py ()2() + > he(6( *Ila @)ll1B 1311zt = )3
r=1 r=1

> he (0@l @I5 + > he(6(t fIIB 1311g(=(t = 7)I3

lz(8)]]3 +; %HBTII%HQ(Z(t—T))II%v (8)

m

e he(8(6){=29" (2(8))err (2(1)) B, ((1))}

r=1
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= 6Zh { QZQM Zz m zz(t))gi(zi(t))}

IN

EZh { QZwm'szz )gz(ZZ(t»}

i=1

IA

EZh H){~ 22 7 Yriteidi (D)}

IN

6Zh ) {—2¢" (z(£)vK'g(2(1))}
—2€¢7|9 (=()| K Hg(=(1)], (9)

IN

azh D){29" (=(0))ax, (2() A, g (=(1))}
< szmg D)l (2(6) A, llg(=(1))
< szmg D)16,14,lg(=()]

= quﬁ |97 ()1 A + [ATD]g ()], (10)

e he(0(6){=29" (2(t))ar (2(1)) Brg(2(t — 7))}

r=1

| /\

Z )12l (z(0)]2l1Brll2llg(z(E)ll2lg(z(¢ = 7))}
Z PABrll2llg(z(@)l2llg(2(E = 7))ll2

< ¢ Z 2 21B, IBllg(=0)I+ = > &gzt =) (11)
Using (17)-(22) in (16) leads to

V(1) < —ZwWIIZ(t)H%+¢7|\Z(t)||§+Z%\IArllgllg(Z(t))llg

m 2
WNEOIESS %HBT\I%IIQ(Z@ — )2
r=1
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—26¢WIQT( (O)E ™ g(=(1))]
+sZ|g (@, A + AT ]6,)|g(=(t)]

+e Z Z(bf”BrH%Hg(z(t))H% +ed &llgz(t—7)l3
r=1 >T r=1

+e ) EllgMIE —e D &gzt — )3
r=1 r=1

+77||;(Z(t))||§ —nllg(=(t :r))H%. (12)

2
Let [|]]z = maa{||A, ||z} and |[Bll2 = maz{||B |2}, 7 = 1,2,- - m and n — 22",
Then, (23) takes the form

VE®) < PO AR GO)E + 1Bl g(=(2)13

Py Py
—2e¢p7|g" (2() K~ g(=( |+€Z|¢Tg (A + AT DIg(=(2)]
+6Z ¢ 1B:]13]l9(= ||2+EZ£ lg(z(t)I13
= T:;ﬁ (1A13 + [IBIIS)lg(z(0)]]3
—elg” (z(t)| 2y K~ — Z(@(\Ar\ + A7)
+§ O2|Br 31 + £,1))]g(2(t))]
= Tf (I1A13 + 1Bl lg(z(0)1]5 — elg™ (2(2))12g(2(t))]
< TZZ (1A13 + 1Bl g(z0)1]3 — eAm (D9 (z(1)]13, (13)

where A\, (£2) > 0 is the minimum eigenvalue of the positive definite matrix Q. The
choice
2
S M
Py Am ()

ensures that V( (t)) expressed by (24) is negative definite for all g(z(¢)) # 0, or
equivalently V(z(t)) < 0 for all z(¢) # 0 as g(2(¢)) # 0 implies that z(¢) # 0. In
the case where z(t) = 0, (2(t) = 0 implies that g(z(t)) = 0), V(2(t)) directly takes

(A3 + 11B]13)
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the form

V(z(t) = —e)> &, ZQ?(Zj(t —75) — WZQ?(Zj(t —7;))

< fnzgf(zg'(t = 7;)) = —ng" (2(t = 7))g(=(t — 7). (14)

It follows from (25) that if g(z(t—7)) # 0, then V(z(t)) < 0. Note that V(z(t)) = 0
if and only if 2(¢t) = g(2(t)) = g(z(t — 7)) = 0. On the other hand, one can
easily check that V(z(t)) is radially unbounded. Therefore, from the standard
Lyapunov stability theorems, we can conclude that the condition given in Theorem
2 establishes the global asymptotic stability of the origin of neural system (5). O

Remark 3. In [21]-[38], the stability of fuzzy neural system (5) have been estab-
lished by using the LMI (linear matriz inequality approach) or the M-matriz based
approach. It should be pointed out here that stability conditions expressed in the LMI
forms need to be checked for negative definiteness of the high dimensional matrices
formed by network parameters of neural systems. On the other hand, the M-matriz-
based approach neglects the sign of entries of the interconnection matrices, which
may result in the possible conservativeness in the stability criteria. However, the
stability conditions proposed in Theorems 1 and 2 establish a simple and easily ver-
ifiable relationship between the network parameters of the system without using the
LMI-based or M-matriz-based approaches. Therefore, the result proposed in the cur-
rent paper can be considered as an alternative condition to the previously published
results.

Now, the following numerical example is given in order to demonstrate the ap-
plicability of the theoretical results obtained in Theorems 1 and 2.

Example 4. Let Takagi-Sugeno fuzzy delayed neural network (5) be defined by the
parameters Y =1, v =1, ¢ =g =¢3=¢, =1, k1 = ko =ks =ks =1 and by
the system matrices :

[« a a a ] [ —a —a —-a -—a]
a a a a a —a —a a
Ai=| —a —a —a —a |,:Ay= a —-a —a a |,
—-a a a —a a a a a
[ —a —a a a ] [« —-a —-a —a]
—a —a a a —-a a -—-a -—a
As=| —a a a —a |,:Ay= a —-a a —a |,
—a —a —-a a a a —a -—a
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b b b b b —b —b —b

b b —b —b b —b b b
Bi=| b b b —b|,;B=|-b b —b b |,

b b b —b b —b —b b

b —b —b —b b b b b

b b —b —b b b b b
Bi=| b b b —b|,:Bi=|-b b b b]|,

b b b —b b —b —b b

where a > 0 and b > 0 are some positive real constants. From the above matrices,
we obtain

a a a a
a a a a
[ AL+ |AT| = |Az| + |A| = [As| + A5 | = [A4| + [A][ =2 | @ a a a
a a a a

and
IB1ll2 = [|Bzll2 = [|Bs|l2 = || Bal|2 = 2b.
Let &, =&, =E&3 =&, =2b. Then, Q) in Theorem 2 is obtained as follows :

2 0 0 0 8a 8a 8a 8a 8 0 0 O
02 00 8a 8a 8a 8a 0 8 0 O
Q = 00 2 0|—|(8 8 8 8 | —|] 0 0 8 O
00 0 2 8a 8a 8a 8a 0 0 0 &
1—4a —4b —4a —4a —4a
—4a 1—4a—4b —4a —4a
= 2 —4a —4a 1—4a—4b —4a ,
—4a —4a —4a 1—4a—4b

where @ > 0 if 1 —16a —4b > 0. Thus, for the network parameters of this example,
the stability condition for system (5) is derived to be 16a + 4b < 1.

4. CONCLUSION

This paper has presented a sufficient condition for the uniqueness and global as-
ymptotic stability of the equilibrium point for the class of Takagi-Sugeno (T-S) fuzzy
delayed Cohen-Grossberg neural networks with discrete time delays in the presence
of the nondecreasing and slope-bounded activation functions. The uniqueness of
the equilibrium point has been proved by using the contradiction method, and the
stability of the equilibrium point has been established by employing a new fuzzy
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type Lyapunov functional. A numerical example has been presented to support
the effectiveness of the proposed stability criterion. The advantage of the obtained
condition over the previously published literature results has also been addressed.

REFERENCES

[1] Cohen, M.A. and Grossberg, S., Absolute stability and global pattern formation and parallel
memory storage by competitive neural networks, IEEE Transactions on Systems, Man and
Cybernetics, vol. 13, (1983), 815-821.

[2] Li, L. and Jian, J., Exponential convergence and Lagrange stability for impulsive Cohen-
Grossberg neural networks with time-varyin delays, Journal of Computational and Applied
Mathematics, vol. 277, (2015), 23-35.

[3] Yu, S,. Zhang, Z. and Quan, Z., New global exponential stability conditions for inertial Cohen-
Grossberg neural networks with time delays, Neurocomputing, vol. 151, (2015), 1446-1454.

[4] Liu, Y., Liu, W., Obaid, M. A. and Abbas, I. A., Exponential stability of Markovian jumping
Cohen-Grossberg neural networks with mixed mode-dependent time-delays, Neurocomputing,
vol. 177, (2016), 409-415.

[5] Esteves, S. and Oliveira, J. J., Global asymptotic stability of nonautonomous Cohen-
Grossberg neural network models with infinite delays, Applied Mathematics and Compu-
tation, vol. 265, (2015), 333-346.

[6] Ozcan, N., New conditions for global stability of neutral-type delayed Cohen-Grossberg neural
networks, Neural Networks, vol. 106, (2018), 1-7.

[7] Du, Y. and Xu, R., Multistability and multiperiodicity for a class of Cohen-Grossberg BAM
neural networks with discontinuous activation functions and time delays, Neural Processing
Letters, vol. 42, (2015), 417-435.

[8] Kao, Y., Wang, C. and Zhang, L., Delay-dependent robust exponential stability of impulsive
Markovian jumping reaction-diffusion Cohen-Grossberg neural networks, Neural Processing
Letters, vol. 38, (2013), 321-346.

[9] Li, R., Cao, J., Alsaedi, A. and Ahmad, B., Passivity analysis of delayed reaction-diffusion
Cohen-Grossberg neural networks via Hardy-Poincare inequality, Journal of the Franklin
Institute, vol. 354, (2017), 3021-3038.

[10] Li, B. and Song, Q., Some new results on periodic solution of Cohen-Grossberg neural network
with impulses, Neurocomputing, vol. 177, (2016), 401-408.

[11] Nie, X., Zheng, W. X. and Cao, J., Multistability of memristive Cohen-Grossberg neural
networks with non-monotonic piecewise linear activation functions and time-varying delays ,
Neural Networks, vol. 71, (2015), 27-36.

[12] Wei, T., Wang, L. and Wang, Y., Existence, uniqueness and stability of mild solutions to sto-
chastic reaction-diffusion Cohen-Grossberg neural networks with delays and Wiener processes,
Neurocomputing, vol. 239, (2017), 19-27.

[13] Zheng, C.D., Shan, Q. H., Zhang, H. and Wang, Z., On stabilization of stochastic Cohen-
Grossberg neural networks with mode-dependent mixed time-delays and Markovian switch-
ing, IEEE Transactions on Neural Networks and Learning Systems, vol. 24, (2013), 800-811.

[14] Xu, C. and Zhang, Q., On antiperiodic solutions for Cohen-Grossberg shunting inhibitory
neural networks with time-varying delays and impulses, Neural Computation, vol. 26, (2014),
2328-2349.

(15] Zhu, Q.X. and Cao, J.D., Robust exponential stability of Markovian jump impulsive stochas-
tic Cohen-Grossberg neural networks with mixed time delays, IEEE Transactions on Neural
Networks and Learning Systems, vol. 21, (2010), 1314-1325.

[16] Arik, S. and Orman, Z., Global stability analysis of Cohen-Grossberg neural networks with
time varying delays, Physics Letters A, vol. 341, (2005), 410-421.



[17]

18]

‘oo
=

EQUILIBRIUM AND STABILITY ANALYSIS OF TAKAGI-SUGENO 1425

Takagi, T. and Sugeno, M., Fuzzy identification of systems and its applications to modeling
and control, IEEE Transactions on Systems, Man and Cybernetics, vol. 15, (1983), 116-132.
Hou, Y.Y., Liao, T.L. and Yan, J.J., Stability analysis of Takagi-Sugeno fuzzy cellular neural
networks with time-varying delays, IEFEE Transactions on Systems, Man and Cybernetics,
vol. 37, (2007), 720-726.

Yamamoto, H. and Furuhashi, T., A new sufficient condition for stable fuzzy control system
and its design method, IEFE Transactions on Fuzzy Systems, vol. 9, (2001), 554-569.
Huang, H., Ho, D.W.C. and Lam, J., Stochastic stability analysis of fuzzy Hopfield neural
networks with time-varying delays, IEEE Transactions on Circuits Systems-1, Fundamental
Theory and Applications,vol. 52, (2005), 251-255.

Bao, H., Existence and exponential stability of periodic solution for BAM fuzzy Cohen-
Grossberg neural networks with mixed delays, Neural Processing Letters, vol. 43, (2016),
871-885.

Zheng, C. D., Zhang, X. and Wang, Z., Mode and delay-dependent stochastic stability condi-
tions of fuzzy neural networks with Markovian jump parameters, Neural Processing Letters,
vol. 43, (2016), 195-217.

Yang, W., Periodic solution for fuzzy Cohen-Grossberg BAM neural networks with both time-
varying and distributed delays and variable coefficients, Neural Processing Letters, vol. 40,
(2014), 51-73.

Gan, Q., Exponential synchronization of stochastic fuzzy cellular neural networks with
reaction-diffusion terms via periodically intermittent control, Neural Processing Letters,
vol. 37, (2013), 393-410.

Chandran, R. and Balasubramaniam, P., Delay dependent expomnential stability for fuzzy
recurrent neural networks with interval time-varying delay, Neural Processing Letters, vol. 37,
(2013), 147-161.

Tseng, K.H, Tsai, J. S. and Lu, C. Y., Design of delay-dependent exponential estimator for
T-S Fuzzy Neural networks with mixed time-varying interval delays using hybrid Taguchi-
Genetic algorithm, Neural Processing Letters, vol. 36, (2012), 49-67.

Ahn, C. K., Takagi-Sugeno fuzzy Hopfield neural networks for H-infinity nonlinear system
identification, Neural Processing Letters, vol. 34, (2011), 59-70.

Gan, Q., Xu, R. and Yang, P., Stability analysis of stochastic fuzzy cellular neural net-
works with time-varying delays and reaction-diffusion terms, Neural Processing Letters,
vol. 32,( 2010), 45-57.

Yang, W., Yu, W., Cao, J., Alsaadi, F. E. and Hayat, T., Global exponential stability and lag
synchronization for delayed memristive fuzzy Cohen-Grossberg BAM neural networks with
impulses, Neural Networks, vol. 98, (2018), 122-153.

Jian, J. and Jiang, W., Lagrange exponential stability for fuzzy Cohen-Grossberg neural
networks with time-varying delays, Fuzzy Sets and Systems, vol. 277, (2017), 65-80.
Muralisankar, S. and Gopalakrishnan, N., Robust stability criteria for Takagi-Sugeno fuzzy
Cohen-Grossberg neural networks of neutral type, Neurocomputing, vol. 144, (2014), 516-525.
Li, C., Li, Y. and Ye, Y., Exponential stability of fuzzy Cohen-Grossberg neural networks
with time delays and impulsive effects, Communications in Nonlinear Science and Numerical
Simulation, vol. 15, (2010), 3599-3606.

Zhu, Q. and Li, X., Exponential and almost sure exponential stability of stochastic fuzzy
delayed Cohen-Grossberg neural networks, Fuzzy Sets and Systems, vol. 203, (2012), 74-94.
Mathiyalagan, K., Park, J H., Sakthivel, R. and Anthoni, S. M., Delay fractioning approach to
robust exponential stability of fuzzy Cohen-Grossberg neural networks, Applied Mathematics
and Computation, vol.230, (2014), 451-463.

Bao, G., Wen, S. and Zeng, Z., Robust stability analysis of interval fuzzy Cohen-Grossberg
neural networks with piecewise constant argument of generalized type , Neural Networks,
vol. 33, 2012, 32-41.



1426 NEYIR OZCAN

[36] Balasubramaniam, P. and Ali, M. S., Stability analysis of Takagi-Sugeno fuzzy Cohen-
Grossberg BAM neural networks with discrete and distributed time-varying delays, Math-
ematical and Computer Modelling, vol. 53, (2011), 151-160.

[37] Li, C., Li, Y. and Ye, Yuan, Exponential stability of fuzzy Cohen-Grossberg neural networks
with time delays and impulsive effects, Communications in Nonlinear Science and Numerical
Simulation, vol. 15, (2010), pp. 3599-3606.

[38] He, D. and Xu, D., Attracting and invariant sets of fuzzy Cohen-Grossberg neural networks
with time-varying delays, Physics Letters A, vol. 372, (2008), 7057-7062.

Current address: Neyir Ozcan: Department of Electrical-Electronics Engineering Faculty of
Engineering, Bursa Uludag University Bursa, Turkey

E-mail address: neyir@uludag.edu.tr

ORCID Address: http://orcid.org/0000-0002-5513-9072



	1. Introduction
	2. System Description and Preliminaries
	3. Main Result
	4. Conclusion
	References

