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Abstract

In this paper, we derive a new criterion for the global asymptotic stability of Takagi-Sugeno(T-S) fuzzy
Cohen-Grossberg neural networks with multiple time delays. By employing a more general type of fuzzy
Lyapunov functional, we establish a easily verifiable delay independent stability condition that establishes a
relationship between the system parameters of the delayed Takagi-Sugeno (T-S) fuzzy Cohen-Grossberg
neural networks with respect to the nondecreasing and slope-bounded activation functions.

Keywords: Cohen-Grossberg Neural Networks, Time delays, Lyapunov Stability Theorems, T-S Fuzzy
Systems.

Introduction

In the recent years, many papers [1]-[6] have studied equilibrium and stability properties of Cohen-
Grossberg neural networks (CGNNS) introduced in [7] as this class of neural networks has found important
applications in the areas of pattern recognition, image and signal processing, parallel computation and
control systems. In most of the applications of neural networks, the key point is to design a neural network
possessing a globally asymptotically stable equilibrium point. Therefore, in the recent literature, stability of
Cohen-Grossberg neural networks with or without delay parameters has received a great deal of attention
and many different sufficient conditions for global asymptotic stability of the equilibrium point for delayed
Cohen-Grossberg neural networks have been presented [1]-[7]. On the other hand, it has been shown in [8]
that fuzzy logic theory may help to improve the desired behavior of complex dynamical systems and
introduced the Takagi-Sugeno (T-S) fuzzy model. In [8], it has also been proved that T-S fuzzy systems can
be used to transform a nonlinear system into a set of TS linear models. A T-S fuzzy system is essentially a
nonlinear system described by a set of IF-THEN rules. Some certain nonlinear complex systems can be
approximated by the overall fuzzy linear T-S models in order to conduct a investigation into the stability
analysisof complex nonlinear systems. In a recent paper [9], by using Lyapunov stability theorems,
somesufficient conditions for the stability the T-S fuzzy systems have been presented. The results obtained
in [9] have led to many researchers studying the T-S fuzzy models to drive further stability results for
various classes of fuzzy neural networks with time delays [10]-[19]. In this paper, wewilldealwiththestability
of problem of Takagi-SugenofuzzyCohen-Grossbergneuralnetworkswithmultiple time delaysandobtain a
newalternativecriterionforthe  global  asymptoticstability —of theclass of delayedfuzzyCohen-
Grossbergneuralnetworks.
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Stability Analysis of Takagi-Sugeno Fuzzy Cohen-Grossberg Neural Networks

Consider the following Cohen-Grossberg neural networks with multiple time delay
(6) = d; G (D) [~ (i) + Ty ay f; (35(0) + Ty by f (35 (£ — 7)) + ] (1)

where n is the number of the neurons in the neural system, x; denotes the state of the ith neuron, d;(x;)
represent the amplification functions, and c; (x;) represent the behaved functions. The constants a;; are the
interconnection parameters of the neurons within the neural system, the constants b;; are interconnection
parameters of the neurons with time delay parameters 7;;.The f;(.) denote the activation functions of
neurons. The constants u; are some external inputs. In system (1), 7;; = 0 are constant time delays with
T =max(7;),1 <i,j <n. Accompanying the neural system (1) is an initial condition of the form:
x;(t) = ¢;(t) € C([-7,0]),R), where C([—7,0]),R) denotes the set of all continuous functions from
[—7,0] to R.

The assumptions on the functions d; (x), c;(x) and f;(x) in (1) are defined to be as follows:

H;: The functions d;(x), (i = 1,2, ..., n) satisfy the conditions

0 < W; < di(X) Spi,Vx ER

where p; and p;are some positive constants.
H,: The functions c;(x), (i = 1, 2, ..., n) satisfy the conditions

¢;(x) = ¢;(y) _ lci(x) = c; ()
x=y  lx-yl

=y;>0,i=1,2,...nVx,yERXx*y

where y;are some positive constants.
Hs: The functions f; (x), (i = 1, 2, ..., n) satisfy the conditions

lfi(x) — I <lx—yli=12,..,n,Vx,y ERx #y

where £;are some positive constants.

In order to simplify the proofs, the equilibrium point x*of Cohen-Grossberg neural network model
(1) can be transformed to the origin. Using the transformation z(t) = x(t) — x*, we can transformsystem (1)
into a new system of the form :

z;(t) = a;(z;(t)) [—ﬂi (Zi (t)) +X7-1a; 9 (Zj (t)) +Xj-1bij g (Zj (t — Ty ))] 2
where the following properties hold:

ai(zi(t)) =d;(z;(t)+x/),i=1,2,..,n
Bi(zi(t)) =c(z;(t) +x7) —ci(x]),i=12,..,n
gi(zi(t)) =filzz() +x]) — fi(x]),i=1,2,..,n

Since x(t) — x*asz(t) — 0, establishing stability of the origin of system (2) will be the
mainobjective.

In [29], the T-S fuzzy Cohen-Grossberg neural network with multiple time delays is defined by the
following mathematical model :

Plant Rule r:
IF{6(t) is M1} and ... and {6, (¢) is M, }
THEN
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2(0) = af” @®) [-67 (2(©) + T 0 g (5©) + T b gy (¢ =) ©

whered;(t) (I = 1,2, ..., p)are the premise variables. M,; (r € {1,2,...,m},l € {1,2, ..., p}are the fuzzy sets and m is
the number of IF-THENTrules.

By inferring from the fuzzy models, (3) are stated as follows [19] :

2(t) = Xy b (00) {a @ (@) [~ (D) + Eimy a’g; (5®) + Eimi b g5 (5t — 7)) [} @)

where 8(t) = [6,(t),6,(2), ..., 8 (t)]T, w(0)) =TT_, My (6,(t)) and h,.(8(t)) = %denote

the weight and averaged weight of each fuzzy rule, respectively. The term wrl(el(t))is the grade

membership of 6,(t) in w,. It is assumed that w,(8(t)) = 0,r € {1,2,...,m}.Therefore, it follows
that)™ , h.(6(t)) = 1forall t > 0.

For the model of T-S fuzzy neural system (4), the assumptions H;, H, and Hs; are now respectively
formulated as follows:

0< a(r)(z () < p(r) i=1,2,.
z(OB7 (1) =y 22 () = 0,i = 1,2, o
lgi(z;(t)] < kilzi(t)l,zi(t)gi(zi(t)) >0,i=12,..,n

Stability of Delayed Takagi-Sugeno Fuzzy Cohen-Grossberg Neural Networks

Inthissection, weobtainthefollowingstabilityresult :
Theorem 1:Under AssumptionsH;, H, and Hs, the origin of the delayed T-S fuzzy Cohen-Grossberg
neural networks defined by (4) is globally asymptotically stable if the following condition holds:

ZW
5= Z<|A|+|AT|> zz 1B, 2B, o £ > 0

whereK = diag(ky, ky, ..., ky)p = min{ul(r)} p= max{pl(r)} and y= max{yi(r)},{’ =max{#¢;}, i =

1,2, =1,2,m, Ay = (@) Dan s 1A ] = (| Prn @00 B, = (b5
Proof:ConS|der the Lyapunov functional:

n Z() n 2(t)

V(z()) —ZZf sds+202f gl(s)ds+sZZJt Z(Zj(())d(
i=1j= —Tij
+apirZth [

T”

9j (Zj (£))dg

where the ¢,., € and ¢ are some positive constants to be determinated later. Calculating the time derivative of
V(x(t)) along the trajectories of system (4) yields

V(D) =2 Z AGHGE: 202 @)% + si Z HOGENE: opZ Z Z FHAG)
i=1j=1 r=1i=1j=
- sz ZZs‘rgf(zj(t ),

r=1i=1j=1
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m n
=-2) h(60) ) 2®a”(z®)"(z(®)
r=1 i=1

+2) h(00)) Z Z O ()l 2 (g (5 ()
r=1 i=1j

+2 Z h, (O(t)) Z Z (T) (z; (t))b(r)Z (t)gj (Z] (t — Ty ))

i=1j=

2 Z h (6(0) Z @i (20)8" (2()9:(2(©)

+20 z h, (0(6)) z z D (z,(t)ad g:(z:(t)g; (5 (1)

i=1j=

+zaz @)Y Z @ @b 9.z (E)g; (4 (¢~ 74))

i=1j=
+€ii9 (z(t)>—sZZg, (5t~ 7))
i=1j= i=1j= 1
rop .62 3 16| o (z;(t))—apzsnzz b| g} (5 (e~ )
=1 i=1;= =1 i=1j=

Under the Assumptions H;, H, and Hs, in [29], the following inequalities have been shown to be held:

) Z h(6(®)) Z z; (t)ai(r) (z (t))ﬂi(r) (z(t)) < —2uy Z zE (0

2 Z R, (6(0)) Z Z a (z:(£))al" 2 (0)g; (7 () < uy Z 22 () + v 2 9 (z(®)

i=1j=

th(@@:))ZZ @l @ (OB 7 (g (¢ - rl,)><2uyz 2(t>+822gf(zj(t 7))

i=1j= i=1j=

—202 h(0(6)) Z a”(z:(0)B7(z:():(z:(®)) < —20uy|g" ()| + K| g(2(®))]

ZUZh (G(t))zz ) (z(0)al g:(z:(D)g; (5 (D) < apZ(IA | +147D g(z®)]

i=1j=

where

mna?p? mnb?p?
v = € =
Hy Hy
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<bforall, i,j=1,2,..,nand

and a and b are some positive constant such that |al.(jr)| < aand

r=12,...,m
Wenotethefollowinginequality

()
b

20 ) h(0(0)) ZZ RCTOE IO NCTCER )
r=1 i=1j=1

< 202 h, (6(0)) Z Z

(r)

) (Z (t)) |

|9:(z:(®)] |gj (Z} (t -y ))|

<aZh ©®)p > > 2|b[19:(z®)l|g; (5 (¢ — 7))
ays
<aZh o {322 b |g§<zi<t>>|+frzz by Igf(zj(t—rubl}
i=1j=1 i=1j=

b(r)

™)
by

|97 (z (t))|+2s‘rzz

f525S

Using (6)-(11)V (z(t)) yields

M-
IIM:

= Tl,))|} (1D

V(z(®) < nvz g2(z(D) + nz 9%(z:(0) — 20uy| 9" (2(0)) |k | g (z(D))|
j=
+apZIgT(z<t>)|(|A |+ 147D |9 ()|

iézz (zl<t>)|+apirzz

= i=1j=
< n@+9)|g" (20)||9(z(0)] - 20uv|g" (2(O) |k |9 (2(D))]|

+ap ) |97 (z(®)|(14, ] + 147D |g(z(®)|
r=1

b(r) b(r)

9:(z:®)]

m 1 m
+ap;5 1B, Il g" (2(0) 9 (2(0))| + ap; & 1B, 11|97 (z®)|]9(z(®)]|

Let

VB lloo
& = M,r =1,2,
1B, 111

Then, we have

V(Z(t)) <n(+ s)lgT(z(t))||g(z(t))| - 20uy|gT(z(t))|K_1|g(z(t))|
+ap ) |g"(z0)] 014, + 14D [9(=(0)]

47



International Journal of Computing Academic Research (IJCAR), Volume 7, Number 3, June 2018

200 Y VT 1o (0 c)
=+ 0lg" () lg (<0)|
~0pl” (2)|E K Z(IA |+ 147D = 2T, 118 )| g (2()|
=n(+ e)lgT(Z(t))Ilg(z(tD)l = ap|g" (z(®))]0]g(z(®)]

The fact that Q is a positive definite matrix implies that

V(2(0) < n + )l g(2©O)| = 5p2in(@ |9 ()]
= (v + &) ~ pAin (@) |9 (z D)

For the choice o > p’;(vfri;), V(z(t)) < 0forall g(z(t)) # 0. Let g(z(t)) = 0. Then, V(z(t)) is of

the form:
V(2(0) = —2 Z h(6(D) Z 202" (2/0)p (z(0))

+2 z h, (6()) z z D (2, ()b 2 (0)g; (5 (¢ 7))

=1 i=1j=
sZZg (z(t— TU))+UpZ§rZZ b(r) Z](t—‘[l])) (12)
i=1j= r=1 i=1lj=

which, when combined with (6) and (8) in (12), results in

V(Z(t)) = —Zyyz z2(t) + m/z Z2() + ¢ Z Z(Z (t— lj))

1
35 a5 3 S W o)
i=1j= = i=1j=1
=—szz(t)—6pz Z b(r) (t—TU) —,uyz Z2(t)
= e

It is easy to see thatV (z(t)) < 0 for all z(t) # 0. Now let g(z(t)) = 0 and z(t) = 0. Then

V(Z(t)) = —crpz ZZ

Note that if g; (zj (t- rij)) + 0 for any pairs of i and j, then V(z(t)) < 0. Hence, it follows that

V(z(t)) = oif and only if g(z(¢)) = 0, z(¢) = 0 and g; (zj (t - Tl-]-)) =0 foralliandjand V(z(t)) <0 in
all other cases. It is easy to verify that V(z(t)) is radially unbounded sinceV(z(t)) - o as [|z(t)I| - oo.
Therefore, we can directly conclude that the origin of the T-S fuzzy Cohen-Grossberg neural network model
(4) is globally asymptotically stable.

(r)

(t - Tt]))
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Conclusions

This paper has presented a new delay independent sufficient condition for the global asymptotic
stability of delayed Takagi-Sugeno (T-S) fuzzy Cohen-Grossberg neural networks by using a class of fuzzy
Lyapunov functional with respect to the nondecreasing and slope-bounded activation functions. This
stability condition can be easily checked as it is completely expressed in terms of the network parameters of
the neural system. It is also shown that the stability criterion obtained in this paper for delayed Takagi
Sugeno (T-S) fuzzy Cohen-Grossberg neural networks improves and generalizes a recently published
corresponding stability result.
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