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ON GLOBAL EXPONENTIAL STABILITY FOR CELLULAR
NEURAL NETWORKS WITH TIME-VARYING DELAYS

O.M. KWON, JU H. PARK*, AND S.M. LEE

ABSTRACT. In this paper, we consider the global exponential stability
of cellular neural networks with time-varying delays. Based on the Lya-
punov function method and convex optimization approach, a novel delay-
dependent criterion of the system is derived in terms of LMI (linear ma-
trix inequality). In order to solve effectively the LMI convex optimization
problem, the interior point algorithm is utilized in this work. T'wo nu-
merical examples are given to show the effectiveness of our results.
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1. Introduction

Cellular neural networks (CNNs) have been investigated extensively during
the recent decades because CNN can be applied in various fields such as pattern
recognition, associative memories, signal processing, fixed-point computation
and etc. For more details, see [1]-[5] and references therein. On the other
hand, time-delay is a natural phenomenon in many applications due to the
finite switching speed of amplifiers in electronic networks or finite speed for
signal propagation in biological networks. Moreover the delay is frequently a
source of instability and oscillation. Therefore, many researchers have focused
on the study for the stability analysis of delayed cellular neural networks (DC-
NNs) ([6]-[22]). In determining the speed of neural computation for real-time
computation, the property of exponential convergence rate is often used to de-
rive the fast behaviors of a system. Hence, the global exponential stability for
DCNNs has also been investigated in very recent years ([16]-[22]).
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In this paper, we study the global exponential stability analysis of DC-
NNs. The described DCNNs have time-varying delays, which is more general
cases than time-invariant ones. By employing a suitable Lyapunov-Krasovskii
functionals method, a new exponential stability criterion is proposed. The
derived criterion is delay-dependent one which is less conservative than delay-
independent one when the size of delays is small [23]. Also, the proposed
stability criterion is of the form of LMIs which can be solved efficiently by
using the interior-point algorithms [25]. In this work, the popular model trans-
formation technique, which leads an additional dynamics, is not used. Instead,
in order to derive a less conservative results, note that a new integral inequality
lernma is proposed. Finally, two numerical examples are included to show that
our results are less conservative than those of the existing ones.

Notation: R™ is the n-dimensional Euclidean space, R™*" denotes the set of
m x n real matrix. || - || refers to the Euclidean vector norm and the induced
matrix norm. For symmetric matrices X and Y, the notation X > Y (respec-
tively, X > Y) means that the matrix X — Y is positive definite, (respectively,
nonnegative). diag{- - -} denotes the block diagonal matrix. * represents the
elements below the main diagonal of a symmetric matrix. Ap(-) and Ap(-)
mean the largest and smallest eigenvalue of given square matrix, respectively.

2. Problem Statements

Consider the following neural networks with time-varying delays:
n n
Git) = —awlt) + Y wifi(y0) + ) wiifi - k) +b, (1)
j=1 Jj=1

or equivalently

§(t) = —Ay(t) + Wy(t)) + Wif(y(t — h(t)) + 0, (2)
where i = 1,...,n, n denotes the number of neurons in a neural network,
y(t) = [y1(t), ., yn(£)]T € R™ is the neuron state vector, f(y(t)) € R™ denotes
the activation functions, f(y(t — h(t))) € R™, b = [by, ..., b,)T means a constant
input vector, A = diag{a;} is a positive diagonal matrix, W = (wij)nxn and
W, = (w}j)nxn are the interconnection matrices representing the weight coef-
ficients of the neurons. The delay, h(t), is a time-varying continuous function
that satisfies

0 < h(t) <h, h(t) < p, (3)

where h and p are positive constants.
The activation functions, f;(v:(t)),i =1,...,n, are assumed to be nondecreas-
ing, bounded and globally Lipschiz; that is,

0 PO S8 ¢y g gem b i=Tm @
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Note that by using the Brouwer’s fixed-point theorem [6], it can be easily proven
that there exists at least one equilibrium point for Eq. (2).
For simplicity, in stability analysis of the system (2), the equilibrium point
yv* =yt y;‘;]T is shifted to the origin by utilizing the transformation z(-) =
y(-) — y*, which leads the system (2) to the following form:

i(t) = —Ax(t) + Wo(z(t)) + Wig(z(t - h(t)) (5)
where z(t) = [z1(¢), ..., Tn(t )T € R™ is the state vector of the transformed
system, g(z(t)) = [g ( (t)), o gn(@(®)]” and g;(2;()) = fi(wi(6)+9])— Fi¥))
with g;(0) = 0(j = 1,...,n). It is noted from (4) that g;(-) satisfies the following
condition:

<9—’g"~)s@,v€j¢0, j=1,.,n (6)

which is equivalent to g;(¢;) [g;(&;) — 461 <0, g;(0) =0, j=1,..,n
Here, as a mathematical tool for our analysis, the following zero equation is

introduce:
t

Gz(t) — Gz(t — h{t)) - G z(s)ds = 0.
t—h(t)

Then, we can represent the system (2) as
¢

i) = (-A+G)z(t)—-Gz(t—h(t) -G #(s)ds
t—h(t)

+Wg(z(t)) + Wig(z(t — h(t)) @)

where G € R™*" will be chosen later.

Before deriving our main results, we state the following facts, definition
and lemma.

Fact 1. (Schur complement) Given constant symmetric matrices Y 1, Y 5,9 3

where Y, =37 and 0< Y, = ST then ¥, +Zg 532, <0 if and only

LR EleeF R

Fact 2. For any real vectors a, b and any matriz Q > 0 with appropriate
dimensions, it follows that:

2a7b < aTQa +bTQ71b.
Definition 1. For system defined by (1), if there exist the positive constants
k and v > 1 such that
lz@) < 7ve™ sup J(9)]| ¥t >0,
8<0
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then, the trivial solution of the system (1) is exponentially stable where k is
called the convergence rate (or degree) of exponential stability.

Lemma 1. For a positive matriz @ > 0, any matrices Fi(i = 1,...,6), and
scalar h > 0, the following inequality holds:

- " i) < TR + ROTFTQFC()

—h(t)

" T
é?(S)d8> &" g% (z) " (@t - h())| ,
—h(t)

FZ[Fl Fz F3 F4 F5 Fﬁ],and

T
where (T = |27 zT(t — h(t)) </

0 0 FF 0 0 0
x 0 Ff 0 0 0
= | * % F3T+F3 Fy F; Fg
F= * * * 0 0 0 |- (8)
* ok * * 0 0
* * * *x * 0

Proof. Utilizing Fact 2, we have

1 17 T 1]
~ / &7 (5)Qi(s)ds < 2 ( / a'c(s)ds) F¢+ / ¢TFTQ'F(ds
t t t

—h(t) —h(t) —h(t)
<ATIFC+ WTFTQ™'F¢ = (TF¢ + h¢TFTQF¢.
where I = [007000]7. O

Lemma 2. [24] Suppose that (4) holds, then

/ “[(s) — gu(w)lds < [u— lgs(w) — G (®)i = 1,2, ..

3. Main results

In this section, we propose a new exponential stability criterion for neural
networks with time-varying delays (7). Now, we have the following main results.

Theorem 1. For given 0 < h(t) < h, A(t) < p and L = diag{ly, lo, ..., ln},
the equilibrium point of (1) is globally ezponentially stable with convergence
rate k if there exist positive definite matrices P, R;(i = 1,2,3) and positive
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diagonal matrices D = diag{d1, da, ..., dn}, Hi(i = 1,2) and any matrices Y1,
F;, M;, N; (i =1,...,6) satisfying the following LMI:

i1 T2 Tis By Tis T RFT

(10)

* Top Tog Tos Yos Ngg  AFY
ko« Ygz Yyy g s RFY
* * * 344 245 246 @F4T < 0,
x  x %  x Ys5 Nsg hFY
* * * * *  Ygsg th
| * *  « % x % —he*hRy |
where
Tin = 2kP-PA-ATP+Y, +YT + Ry~ NyA— ATNT + My + MY,
$12 = Y1 —ATN] — My + MT,
Sis = Y +e PR ATNT _ My 4+ MT,
Y14 ~Ny — ATNE + ME,
15 PW +2kD+ LHy + N\W — ATNT + M7,
Y16 PW; + NiW — ATNF + M{,
T2 = —(1-pe Ry — My — MY,
Yoz = e RRET _ M, MT,  Sh=-Ny— M,
Yos NoW — MT,  Yog = LHy+ NoW; — M7,
Y3z = 8'_2kEF3 +8—2kﬁF3T - Ms — Mg,
Yo = e FhE Ny - MF, a5 =e PE 4+ NaW ~ M7,
Tae = € 2FRFg 4+ NaWy — M7, Y44 = hR3 — Ny — NF
Y45 = D+ N:W - NT, T46 = NgWi — N¢,
Yes = Ry —2H{+N;W + WTNg, Yeg = NsWiq + WTNéT,
Yee = —(1—p)e 2Ry —2H, + NgWy + WINT.
Proof. For positive definite matrices P, D = diag{di,...,dn}, and R;(i =
1,...,3), let us consider the Lyapunov-Krasovskii functional candidate:
V. = i+Va+V3+Vi+Vs
where
n zi(t)
Vi = T ()Pzt),Va= 2Zdie2kt/ gi(s)ds,
i=1 0
t t
Vs = / e?*2 9T (z(s)) R1g(z(s))ds, Vg = / e2*1T (s)Roz(s)ds,
t—h(t) t—h(t)
t ot
Vs = / ) / 23T (u) Ry (u)duds.
t—hJs
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From Eq. (7), differentiating V) leads to

Vi = et [xT(%P — PA—ATP+ PG+ GTP)z — 22T PGx(t — h(2))

—2:T PG / t :i:(s)ds+2:cTPWg(:c)+2xTPW1g(x(t—h(t)))}. (11)
t—h(t)

By differentiating V5, V5 and V4, respectively, we have

. n Iz(t) n
Vo = 4k Z d;e**t / gi(s)ds +2 Z die®*t gi (@4(t))2:4(2)
i=1 0

f=1

IN

e® [4kg” (2(2)) Da(t) + 297 (2(t)) Di(1)]

e g7 (2)Rag() ~ (1 — we~ g7 (a(t ~ h(t))) Ragle(t — (1))
Vi = T Rox — (1 — (1)) =PgT (¢ — h(t))Roz(t — h(t))

¢2kt [:I;TRQ:J: — (1= e~ 2KhgT (¢ — h(t))Rox(t — h(t))] , (12)

Vs

IA

IA

where Lemma 2 was utilized in obtaining an upper bound of V;.

The time-derivatives of V; is obtained as
¢

Vi = ¢kt {FLI'ET(t)Rgi'(t) -/ e2k(s‘t)a‘cT(s)R3i(s)ds}

t—h

IA

_ 1
ekt [ﬁa&"‘ (t)R3i(t) ~ e~ 2kh / i a':T(s)Rgz'c(s)ds} . (13)
t—h

Here, by utilizing Lemma 1, we obtain

t t
- / 27(s) Ry (s)ds < — / &7 ()R (s)ds

R —h(t)
< (TF¢+ RCTFTRFYF, (14)

where ¢ is defined in (8).
Thus, we have a new upper bound of V5 as follows:

Vs < ekt [ﬁj:T(t)Rga':(t) 42T By e'z’“ﬁﬁgTFTRgch] . (15)
As a tool of deriving a less conservative stability criterion, we add the following

two zero equation with any matrices N;(i = 1,...,6) and M;(i = 1,...,6) to be
chosen as

T
t
962kt [mTNl + 2T (t — h(t)) Nz + (/ :i:(s)ds) N3+ "Ny + g"(x)Ns
t—h(t)

g (ot~ h())Ns| x [~ + Az + Wo(a(0) + Wagla(t — h(t))] = 0,
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T
]
92kt [:ETM1 +zT(t — )M, + (/ :t(s)ds) My + 2T My + g7 (z)
t—h(t)

t

xMs + g7 (z(t - h(t)))N6] X {a: —z(t — h(t)) — /t

—h(t)

j;(s)ds} =0. (16)

This can be represented as

4T (2, + Ep)((t) =0, (17)
where
[ -NiA— ANT  —ATN] —ATNI —N, - ATN}
* 0 0 —-N2
= _ * * 0 - N3
-t * * * ~Ny— N{
* * * *
| * * * *
N1W——ATNE-;F N Wy — ATNE
NoW NoW,y
NsW N3W,
NyW — NF NWy - Ng ’
NsW + WTNE;F NsWy + WNéT
* NeW1 + W1TN6T |
and
M+ MlT ~-Mi + MQT —Mq + M?T Mf M5T Mg i
* ~My—MI —Mp—MF -MF -MT MF
. * * Mz - M —MI —-MI ME
=2 * * * 0 0 0
* * * * 0 0
i * * * * * 0 ]

Eq. (6) means that

93(2(8) |95 (w50 = Lz, ()] SO G =1,...m), (18)
and
g;(z;(t - h(t)))[gj(fvj(t — h(t)) — lz;(t - h(t))] <0(F=1yn). (19)

From the above two inequalities (18) and (19), for any diagonal positive matri-
ces Hy = diag{hi1, ..., bin} and Hy = diag{hay, ..., han}, the following inequal-
ities hold

0 < —26% Y hug;as(8) 05 @i (8) — Lo (t)]

i=1
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2% 3™ hosgs (2t — A1) lg5(25(t — B(2))) — Gz (t — h(D))]

j=1
= 2o LHg(z) - g7 (2) Hrg(x) + 27 (¢ — h(t)) LHag(a(t ~ h(t)))
~9" (a(t — h(t)) Hag(a(t — h(2)))] (20)

From (11)-(15) and adding (17) and (20), the time derivative of V has a new
upper bound as
V(t) < ekt [mT(QIcP — PA— A"P + PG + GTP)z — 22T PGz (t — h(t))

¢
-2:T PG i(s)ds + 22T PWg(z) + 22T PWyg(z(t — h(t)))]
t—h(t)

+e2kt [4kgT(x)Das +2¢%7(2)Di(t)] + 2T (t — h(t))LHag(x(t — h(t)))
+e2 g7 (@)Rag(e) - (1 - w)e 2T (alt - h(®))Ragla(t — h(1)]
42kt [ TRoz — (1 — p)e~2%PT (¢ — h(t)) Rox(t — h(t))]
g2kt [thR &+ e T F¢ 4 ¢~ 2hp¢TFT R 1F§}
+CT (21 4+ E2)0(E) + 268 [T (OLH19(2(0) ~ o (a) o (z)
~9" (a(t = h(t))) Hag(a(t — h(t))]

— 2T (Q + e‘2’J‘BCTFTR§1F)(, (21)

where

[(1,1) (1,2) (1,3) T Zi5 Zie
* Yoo Maz Yoy Yoz Xogg
* *x Y33z X34 X35 36
*
*
*

* *  Yag Xz Xge
* * * 255 256
* * * *  Xgg

and
(L) =2kP+P(-A+G)+(-A+G)TP+ Ry~ NtA— ATNT + My + MT,
(1,2) = ~PG — ATN] — My + M7,
(1,3) = —PG + e 2*hpl — ATNT — My + MY

By defining Y; = PG and using Fact 1, the inequality Q-+e 2**hFTR;1F <
0, which guarantees the stability of the system (1) by the Lyapunov stability

theory, is equivalent to the LMI (9). Sin(_:e the matrix ¥ given in Theorem 1
is the negative definite matrix, we have V' < 0. This result leads V < V(0).
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Then, we have the followings:

n 2;(0)
V(0) =xT(O)P$(O)+2Zdi /0 O gi(s)ds + / o) kg7 (2(s)) Ry
g1

0
-g(a:(s))ds—l—/ eQasmT(s)Rgz(s)ds+/ / e2*3T (u) Ry (u)duds.
—h(0) ~hJs
Further we have

0
V(0) < Ar(PYIBI? + 2daa Las |6l + Ane(R1) L2, / 22557 (s)z(s)ds

+Aar(Rs) / 5T (s)x(s)ds + Anr(R3) / / 2085 T (u)i () duds

< PO + 2 Balol + (R Tilol? [ e eds

0

Fan(Ra) 9l / s+ () / _ / €2 (1) () duds
- whJg

1~ e2k:h

= Me(P)IGIP + 2dasLaa |1 + aa (BRI, + Mar(Ra))lI o)
2as8 T () du
Fane(Ra) / E / 22037 (u)h () duds, (22)

where dy = max;(d;), Ly = max;(L;), and ||@]| = sup_p<g<o [|2(0)]}-
It follows from Fact 1 that
T (wi(u) < 32T (w)TAT Az(u) + 3¢7 (x(u))WT Wg(z(u))
+ 3¢7 ((t — h(w))W{ Wig(z(t — h(u)))
< 3Au(ATA) o) + 3 (WT W)Ly |¢l)*
+3 X (W] W1) L, o> (23)

From the relationship (23) and simple calculation, we further have

V() < |:)\M(P) +2dp L + (A (Ry)L3 + Am(Re)) !
+(3)\M(ATA) 3 (WIW)LE, + 3\ (WT Wl)L’f‘w)

(Ra)

]IlaﬁH2 = mllg]*.

Furthermore, we have V > €2¥¢),,,(P)||z(t)||>. Then, we can easily obtain

¥ A (P)z(®)]I* < V(0) < m ¢l (24)
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2 < /5 pye ol = me o1, (26)

with the definition of 4 > 1. Thus by Definition 1, system (1) is exponentially
stable with the exponential convergence rate k. This completes our proof. [

which leads to

Remark 1. Since the LMIs (9) in Theorem 1 can be easily solved by various
efficient convex algorithms. In this paper, we utilize Matlab’s LMI Control
Toolbox [26] which implements the interior-point algorithm. This algorithm is
significantly faster than classical convex optimization algorithms [25].

Remark 2. By iteratively solving the LMIs given in Theorem 1 with re-
spect to h for fixed exponential decay rate k, one can find the maximum upper
bound of time delay h for guaranteeing asymptotic stability of system (1).

Remark 3. In [17]-[19], the additional condition A(t) < p < 1 is required
to guarantee the stability of DCNNs with time-varying delays. However, our
criterion do not need this condition, which is more general cases than the pre-
vious in other literaure.

Remark 4. When the bound of time-delay derivative y is unknown, we can
obtain a delay-dependent stability criterion using similar method in Theorem
1. With the Lyapunov functional candidate,

n z;(t)
V = e2ktmT(t)Pac(t)+22 die%t/ gi(s)ds
' 0

i=1
t ot
+ / / 25T (1) Ry (u)duds,

t—hJs
the delay-dependent stability criterion can be obtained by letting Ry = Ry =0
in Theorem 1.

4, Numerical Example
Example 1. Consider following cellular neural networks with time-varying
delays [21]

§(t) = —Ay(t) + W (y(®)) + Wi f(y(t - h(t))),

where A = diag{0.7,0.7} and

-0.3 0.3 0.1 0.1 10
W‘[ 0.1 —0.1}’W1“{0.3 0.3]”3‘[0 1]'

In [21], the exponential stability of the above system with unknown time-delay
derivative was investigated. The obtained maximum admissible time delay for
stability was h = 0.29145 in [21], while, by applying Theorem 1 and Remark
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4 in this paper, we have h = 2.1570. Moreover, the exponential decay rate in
[21] was k = 0.04884. However, if we fix the delay bound A as 1, our stabil-
ity criterion presents k = 0.1342, which means that our criterion gives larger
bounds of time-delay and exponential decay rate.

Example 2. Consider the system (1) with the following system parameters:

. 0.7 0.8 [o04 —06] , [10
A:dwg{‘i"]‘}’w‘[o.ﬁ 0.5 }’Wl_[—o.zl 0.4 J’L‘{o 1]'

Table 1 shows a comparison of our result with other ones. From Table 1, we
can see our obtained maximum allowable time-delay bounds which guarantees
the asymptotic stability of the above system 1 with the same exponential decay
rate k = 0.7764 is larger than results in other literature.

TABLE 1. Stability bounds of time-delay with y = 0.001 and
k=0.7764

[22] [20] Our result
Stability bounds ;| 1 1.32 1.48

5. Conclusion

In this paper, the problems of exponential stability and exponential conver-
gence rate criterion for cellular neural networks with time-varying delays have
been studied. By constructing a suitable Lyapunov-Krasovskii functionals and
based on LMI framework, the delay-dependent exponential stability criterion
are derived. Two numerical examples are included to show that our proposed
method provides a larger time-delay bound and convergence rates than other
results.

REFERENCES

1. L. Chua, and L. Yang, Cellular neural networks: theory and applications, IEEE Trans-
actions on Circuits and Systems I 35 (1988) 1257-1290.

2. M. Ramesh, and S. Narayanan, Chaos control of Bonhoeffer-van der Pol oscillator using
neural networks, Chaos Solitons & Fractals 12 (2001) 2395-2405.

3. B. Cannas, S. Cincotti, M. Marchesi, and F. Pilo, Learning of Chua’s circuit attactors
by locally recurrent neural networks, Chaos Solitons & Fractals 12 (2001) 2109-2115.

4. K. Otawara, L.T. Fan, A. Tsutsumi, T. Yano, K. Kuramoto, and K. Yoshida, An articial
neural network as a model for chaotic behavior of a three-phase fluidized bed, Chaos
Solitons & Fractals 13 (2002) 353-362.

5. C.J. Chen, T.L. Liao, and C.C. Hwang, Ezponential synchronization of a class of chaotic
neural networks, Chaos Solitons & Fractals 24 (2005) 197-206.

6. J. Cao, Global asymptotic stability of neural networks with transmission delays, Int. J.
System Science 31 (2000) 1313-1316.



972 O.M. Kwon, Ju H. Park and S.M. Lee

7. T.L. Liao, and F.C. Wang, Global stability for cellular neural networks with time delay,
IEEE Trans. Neural Networks 11 (2000) 1481-1484.

8. S. Arik, An analysis of global asymptotic stability of delayed cellular neural networks,
IEEE Trans. Neural Networks 13 (2002) 1239-1242.

9. S. Arik, An improved global stability result for delayed cellular neural networks, IEEE
Trans. Circ. Sys. I 49 (2002) 1211-1214.

10. T. Chen, Robust global exponential stability of Cohen-Grossberg neural networks with
time delays, IEEE Trans. Neural Networks 15 (2004) 203-206.

11. V. Singh, A generalized LMI-based approach to the global asymptotic stability of delayed
cellular neural networks, IEEE Trans. Neural Networks 15 (2004) 223-225.

12. Z. Wang, D.W.C. Ho, and X. Liu, State estimation for delayed neural networks, IEEE
Trans. Neural Networks 16 (2005) 279-284.

13. JL.H. Park, Purther result on asymptotic stability criterion of cellular neural networks
with time-varying discrete and distributed delays, Appl. Math. Comput. 182 (2006) 1661-
1666.

14. J.H. Park, An analysis of global robust stability of uncertain cellular neural networks
with discrete and distributed delays, Chaos Solitons & Fractals, 32 (2007) 800-807.

15. J.H. Park, A novel criterion for global asymptotic stability of BAM neural networks with
time delays, Chaos Solitons & Fractals 29 (2006) 446-453.

16. Y. He, M. Wu, and J.-H. She, Delay-dependent exponential stability of delayed neural
newtorks with time-varying delay, IEEE Trans. Circ. Sys. 11 53 (2006) 553-557.

17. J.H. Park, Global exponential stability of celluar neural networks with variable delays,
Appl. Math. Comput. 183 (2006) 1214-1219.

18. X. Liao, G. Chen, and E. Sanchez, Delay-dependent erponential stability analysis of
delayed neural network: an LMI approach, Neural Networks 15 (2002) 855-866.

19. E. Yucel, and S. Arik, New exponential stability results for delayed neural networks with
time varying delays, Physica D 191 (2004) 314-322.

20. R.S.Gau, C.H. Lien, and J.G. Hsieh, Global exponential stability for uncertain cellular
neural networks with multiple time-varying delays via LMI approach, Chaos Solitons &
Fractals 32 (2007) 1258-1267.

21. H. Yang, T. Chu, and C. Zhang, Ezponential stability of neural networks with variable
delays via LMI approach, Chaos Solitons & Fractals 30 (2006) 133-139.

22. T.L. Liao, J.J. Yan, C.J. Cheng, and C.C. Hwang, Globally ezponential stability condition
for a class of neural networks with time-varying delays Phys. Lett. A 339 (2005) 333-342.

23. T. Mori, Criteria for asymptotic stability of linear time-delay systems, IEEE Trans.
Auto. Cont. 30 (1985) 158-161.

24. Q. Zhang, X. Wei, J. Xu, Delay-dependent exponential stability of cellular neural net-
works with time-varying delays, Chaos Solitons & Fractals 23 (2005) 1363-1369.

25. S. Boyd, L.El Ghaoui, E. Feron, and V. balakrishnan, Linear Matriz Inequalities in
System and Control Theory, SIAM, Philadelphia (1994).

26. P. Gahinet, A. Nemirovskii, A. Laub, and M. Chilali, LMI Control Toolboz, MathWorks,
Natick, Massachusetts (1995).

O.M. Kwon, School of Electrical & Computer Engineering, 410 SungBong-Ro,
Heungduk-Gu, Chungbuk National University, Cheongju, Republic of Korea 361-763
e-mail :madwind@chungbuk.ac.kr

Ju H. Park, Nonlinear Dynamics Laboratory, Department of Electrical Engineering
Yeungnam University, 214-1 Dae-Dong, Kyongsan 712-749, Republic of Korea
e-mail: jessie@ynu.ac.kr

S$.M. Lee, Platform Verification Division, BeN Business Unit, KT Co. Ltd., Daejeon,
Republic of Korea



