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ABSTRACT

In this paper, the global stability problem of discrete impulsive Hopfield
neural networkswith multiple delaysisstudied. By means of the Lyapunov
stability theory and discrete Halanay inequality technique, we develop
sufficient conditions for the global asymptotical stability and global
exponential stability for discreteimpulsive Hopfield neural networkswith
multiple delays. Finally, anumerical exampleispresented toillustrate the
© 2013 Trade SciencelInc. - INDIA

efficiency of our results.

INTRODUCTION

Since Hopfield neural networkswas designed by
John Hopfieldin 1982*2, it has applied successfully
inmany areas such ascombinatoria optimization, Sg-
nal processing and pattern recognition, seee.g.4,
Recently, it has been realized that the axonal signal
transmission delays often occur in various neura net-
works, and may cause undesirable dynamic network
behaviorssuch asoscillation and instability. Conse-
guently, the stability analysis problemsfor delayed
neural networks have gained considerable research
attention. Up to now, alot of results have been re-
ported in the literature, see e.g.>'% and references
therein. Onthe other hand, Impulsive phenomenacan
been encounteredinred nervous systems These prac-
tical systemsare characterized by thefact that abrupt
jumps happen suddenly at sometime pointsand the
system state variablesjump out of theoriginal tragjec-
tory governed by the continuous or discrete systems
at thesetime points. For instance, the climate changes
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have animpulsiveimpact on plant popul ation and the
supply and demand of productionswill jump abruptly
dueto the sharp changes of financial environments.
Thosesysemswithimpulsveeffectsareusudly caled
impulsive systems and described by impulsivediffer-
ential or differenceequations seee.g.*”18. Itiswell
known that impul sesand time del aysfrequently cause
instability and performance deteriorations. Thus, ig-
noring them alwaysresultsinincorrect conclusions.
Thismotivatesusto study theglobal stability perfor-
manceof Hopfield neurd networkswithimpulsiveand
timedeays. The problem of global stability analysis
for neural networkswith impulsive effectsand mul-
tiple delays emerges as aresearch topic of primary
importance, seee.q.l**? |t should be pointed out that,
inmost existing literature, the global asymptotica sta-
bility issueand globa exponentid stability issuehave
been treated separately. To the best of the authors’
knowledge, the global stability analysisproblemfor
impulsive Hopfield neural networkswith multiplede-
lays has not been fully investigated, and remainsim-
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portant and challenging.

Inthis paper, wefocusour attention on the global
stability andysisof impulsive Hopfield neura networks
withmultipledelays. We consider thefollowingimpul-
sveHopfield neurd networkswith multiple delays,

X (i) =ax|( +erfj( (m-g, (m) | m=N,

(@=x@%ﬁﬂﬂm=dmemﬁw&mﬂﬁhN,
%(m=¢(m,meN(—,0),i eN(1n),meN(1),

Wherex=(x,%,,,

@)

x,)eR"is the state vector,
a €[01),ieN(Ln)isaconstant, f,:R—>R,d*:NIxR-R
0,4(0=%

0)=0. Theimpulsive behaviors can bede-

and ¢ : R—Rarecontinuousfunctionsand f, (0 =
g“(moo. -
scribed by Ax (m) = x (m+1)—x (m) and theinitia con-
as¢ (m),(m=-z,-r+1---,0).

7, (m) > 0§ T, arethe connection weightsand transmis-
sion delaysof the i th neuronand the j th neuron, re-

spectivey, ,JNLH{ 7 (M), andm-z, (m) >

dition is given

asm—.{N.¢"|isimpulsivelaw, 0<N, <N,,.keN(0)
andN, »wask > . N(k,I1)={k k+Lk+2:,1},

N(k)={kk+1k+2--}.

AsHalanay inequality technique® and® provides
agenerd frametoinvestigate stability performance of
delayed dynamical systems, itisalso apowerful tool
to study impulsive Hopfiel d neura networkswith mul-
tipledelays. In this paper, sufficient conditionsfor the
globa asymptotical stability and globa exponentid sta-
bility for discreteimpul sive Hopfield neural networks
with multiple delays are established. Therest of the
paper isorganized asfollows. In Section |1, somesta-
bility conceptsof impulsivediscrete systlemswith mul-
tiple delaysand lemmas areintroduced. In Section
11, sufficient conditionsfor the global stability of the
impulsive Hopfield neural networkswith multiplede-
laysareestablished viadiscrete Halanay inequality. In
Section IV, anumerical exampleis presented to show
thevalidity of our results. Finaly, sectionV concludes
the paper.

————, FyurL PAPER
PRELIMINARIES

Inthispaper, we need thefollowing three assump-
tions.

AssumptionA. Thesequence {N, } of theimpulsive
timepointssatisfies

N, +2<N,,;.

Assumption B. Thelmpulsvefunctlon{ } sis

fies: such that for

any(x,(t), %, (t),-, % (t)) e R"[Jte R k e N(0), thefol-
lowinginequdity holds,

% () + 6% (£ (1), (1) < Z

Assumption C. Thefunction { f;} satisfies: if there
existss,; >0, suchthat foranyt, . t, € R, thefollowingin-
equaity holds,

|f1 (t)-f, (t2)|s5]. -] ieN(Ln).

First, weneed to introduce some stability concepts

lemmas, which are needed throughout this paper, for
theimpulsivedel ayed discrete system (1).

Definition 1

if there existsol¥>0,

[ (D] .ieN(Ln)

Giveng > 0, if thereexistsas (¢) > 0 suchthat

max {[x(i)]}< (e )implies|x(

nax m)|< e, vmeK,

Thentheimpulsivedelayed discrete system (1) is
saidto bestable.

Definition 2

If theimpulsveddayed discretesystem (1) isstable
and lim [[x(m)[ =0, thentheimpulsive del ayed discrete
system (1) issaid to beasymptotically stable.
Definition 3

If thereexistk > oandr «(0,1)suchthat
||x(m)|| <Kr™,vmeN", 2

holds, then theimpulsive delayed discrete system
(1) issaidto beexponentially stableandriscaled the
exponentia convergencerateof theimpulsive delayed
discretesystem (1), theimpulsivedel ayed discretesys-
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tem (1) issaid to begloba exponentidly stableif (2)
holdsfor any x(m)e R",me N(-r,0).
Lemmal

(25]( Di screte-time Hal anay-type | nequality) Sup-
posethat thereal numberssequence {«,} _, satisfied
(04,

Aa, =—eor, +9(Na,, 4,0t ,),NeN(D), e €
if thereexistsa s < (0,¢) suchthat

Aa, <—sa,+5 max ){ a.},vneN(0)

ieN(n-h,n
Then, thereexistsa 4 € (0,1) suchthat

Aa, <" iem%o){a‘}'vn eN(0) ©)

whereg: N(0)xR™ - R, (a_, @ .. @, ) iStheinitid con-
dition,heN(0) isaconstant and », isthesmalestrootin
theinterval (0,1) of thefollowing equetion,
A"+ (e-1)A" -5 =0.

Wehavethefollowinglemmafromlemmal.
Lemma?2

Suppose that the real numbers sequence {«,}
stisfied

Ac, =—ea,, +9(na, ),neN(1),e<(0]],

if thereexistsa s € (0,¢) suchthat

Aa, <(-¢+6)a,,¥ne N(0).

Then, thereexistsa 4 =1+ — ¢ €(0,1) suchthat

<A"a,,¥ne N(0).
MAIN RESULTS

Inthissection, we consider theglobal stability of
impulsive Hopfield neural networkswith multiplede-
lays(1). First, wewill apply thediscrete Halanay in-
equality to thefollowing no-impulsive Hopfiel d neura
networkswithmultiplede ays,

Zu fi (x (m=z; (m))),
>g(m)_¢,( ),meN(—r,O),IeN(l,n),meN(l),.

For theglobal exponentia stability of theno-impul-
sveHopfied neurd networkswithmultipleddays(4),

BioTechnologqy —

% (m+1)=

(4)

we havethefollowing result.
Theorem 1
If thefollowinginequdity holds,

a+o<1,
o= max{ | |5}
ieN(Ln

Then, theno-impulsive Hopfield neural networks
withmultipledelays(4) isgloba exponentidly stable.

©)

Wherea= max {a}

ieN(1,n)

Pr oof

L et thesolution of thediscretesystem (4) be{x(m)}
wehave

X (m) =a" (0)
+Za”” SZ (% (s

Let

7, (s)))me N(2),i e N(Ln),

max {|x (m)f}, me N(-,0),

d =

m

o e (0} +535a ™ ma ma f (1)) me N (D)
it IS clear that,
| (m)|<d,.i e N(Ln)asme N(-z,0).
At me N(1), weobtain
m-1 n
x (m) < (0« 2 2w (x (57, (5)
s= i=
m-1 n
<q’ .nﬂal)ﬁ{ |}+S:Oa1m151 1Tii|5i‘xi(s_fii(s))‘
m-1 n
<a max [ (0 + 2 a2 [, max {x (1)
Sami%){‘x }+Zaim_l SZ‘ ”‘5 N(Ln)te L“saxs){xi (t)‘}
<a™ im(al)ﬁ){ X (O)|}
m-1
w2t <{ I |5}max max {Ix; (1))
<ar g x (O)) 032, e, e s 1)

=d, .

Thus, foranyme N(-7), thefollowinginequality
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[ ()| <dp,i eN(Ln),
holds.
Since
Ad,=d,,—-d,
=-(L-8)d, +5,_max ]m)ﬂx, @)
<-(1-a)d,+s max {d},vmeN(1),

teN(m-r,m)

Itfollowsfrom (5) and Lemmal thet there exists
al €(0,) suchthat
Ad,, Sﬂ"mtaﬁ('?;(o){d'} ,vme N(0)

By (6), wehave

Ix(m), = e s ()} <, yme ().

©)

Letk = mex, { max {1 ()}, thefollowinginesual-
ity holds,

[x(m)|_ <KA™,¥me N(0).

According to Definition3, it can be seen that the
no-impulsveHopfid d neura networkswithmultiplede-
lays(4) isgloba exponentidly stable, atenuationrate
isthesmallestrootintheinterva (0,1) of thefollowing
equation,

A" -al -6=0,

And thiscompl etesthe proof of thetheorem.

We consider thefoll owing no-impulsive Hopfield
neura networkswithout,

(1) =ax (m)+ 321, 1, (5 (m))me N, -
% (0)=Xq.i € N(Ln).

Wehavethefollowing corallary for it’sthe global
exponentialy stability.
Corallary 1

If thefollowinginequality holds,

a+d<1,

Wherea= max {al} ' 5=|m){ghll‘5l}-

ieN(Ln)
Then, theHopfield neural networkswithoutimpulse
anddelays(7) isglobal exponentialy stable.

Proof
Let thesolution of thediiscretesystem (7) be{x(m)} ,

————, FyurrL PAPER
wehave

% (m)=a"% (0)
+§ﬂ"”*§ﬁ f,(x (9 me N(D),i e N(Ln).
Let

mex {{xo[},m=0,

m = m-1
dm = amlmg'(‘){‘)qo‘}_*_agam—l—s lm){‘xl (s)‘},me N (1)|

At me N(1), weobtain

m-1 n
[ (m)] < @™ x|+ Y 8T f, (%, (9))
s=0 Jj=1
m-1 n
<q" |3}a’.(.){|’90|} +§ alm_l_s]ZJTu 18, [, (s)
m-1 n
<& e {l}+ 24214 e (9}

<a” max %[}

o m-1-s <
oS5 g[S} e 1 9

m-1
sa" .!I.'?;’.‘.){P%B +5§am-s 1%)“"1 ) =d,.

Thus, for anyme N(0) , thefollowinginequality

% (M) < d,.ieN(Ln),
holds.
Since

Ad,=d_,—d,

=—(1-a)d,+& j%)“xl (m)|}

<-(1-a)d, +4d,,vme N(0),
From Lemma2, wehave

Ad, <(a+6)"d,,Vme N(0).
And

(), = e {% (m))  dpvmeN(0).

Let K = max {|x,/}, thefollowinginequality holds

[x(m)]. <K (a+5)",vme N(0).
According to Definition3, it can beseen that the
no-impulsive Hopfiel d neura networkswithout delays
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(7) is global exponentially stable, attenuation Using aboveiteratively, wehave
rae, = ¢ + 5 , and thiscompl etesthe proof of thetheo-

rem. [x (N2 kl:!l Jg\]lalxn){ J(N0)|}
Now, wewill establish global exponentidly stable S
ariterionfor theimpulsiveHopfid d neura networkswith +5]1' ;131 Stemf"fs){,iﬂ%{ X, ()]}
multipleddays(1). ’7
Theora-n 2 +5]1| glaNk k— S+1temsa7)r(ys){jm(al)y(n){ Xj (t)|}} R
j Ss=N; +
If thefollowingtwo inequalitieshold, N
a+d<1, ) +5lk’152%2+1a temg)r(,s){jm%){ j (t)|}}
And Nz . { |}
+0 a™ ™t max { max {Ix; (t)/}
Zlnl k+1 Ina<0 for anyk e N( ) (9) s-Na41 teN(s-7,s) jeN(Ln) .
Since,
Wherea= mex {a} émex){Z\T\é} [ (No)| < @ max {|x (0)f
No-1-s
o= .?&'@ﬁ{i@ﬁk)} - +5SZ_:§ A s){ﬂmalxn){ j (t)|}}’
. _ _ Wehave
Then, theimpulsiveHopfield neural networkswith -
multiplede ays (1) isgloba exponentialy stable. % (N )| < a“k*kqu max {1 (o)}
Proof k-1 N1
+5 a1 max { max )1}
For anyme N(1), without loss of generality, let H Zr; teN(sr3) 'E“““){ % )|}
. k= 1 N, -1
me (N,,N,.,] and thenwe obtain that +5 ;1a’“1 k- Stemﬁs){,iﬂ%{ X, (t)[f}
j= o+
[ (m)] < a”‘”k % (N +1)| NERE
l; a " max { max t)|H+-
+ Z am“ | Hfj(xj (s-7, (S)))‘ 2 %ﬂ teN(s-7.9) leNan){ % (0
s=N, +1 Ny 1-1
+6l,, Y, a% 2 max { max {xj (t)|}}
I’TFNk -1 C (k S=Npp+1 teN(s-z,s) jeN(Ln)
Sl (4 L
n +6 a™ " max { max {Ix (1)}
3 PITETCEAC) L2 e e O
SN+t 2 From (10), thefollowinginequdity holds,
m K m k-1
) 12 @y JEN(ln{ j Nk)|} |)ﬂ | l.:!l Jg\]lalxn){ J(O)|}

j=1
kK No-1

i(s—7 (s))‘} +[ 1, >, a™* =2 max { max {

i0 5o teN(s-7,s) jeN(Ln)

. am”ZIT 5, max {|x

s=N +1

X; (t)”}

m-N, -1 m-k-s-:

<a I jm%){xj(Nk)” +5]1I &%ﬂa k- 1tEN“S){Jm?1>’(n){xj (t)|}}+...

5 Z a™ s max { max (t) } 10 N -1 L

SN teN(s-7,s) JEN(ln){ i |} ( ) +§IkS:NZ:+la 2 tgmg,s){jm%){ XJ- (t)|}}

Thus,

[ (N <74, max {lx; (N +5SNZ+1a"“ e max € max {Ix, (1)}
Ny, -1 K

w0 0 ate max {max {fx (Off- By (9), weobtain

BioTechnology — mm—
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[ (m)[<a” max |

X; (O)|}

No-1

m-s-1
w5 an max { max |

X; (t)|}}

N, -1

+5 ) amt max{max{
soNg# teN(s-7,s) jeN(1,n)

X (Ot +

Ny -1

+5 Y. a™t max

max {
teN(Sfr,S) jeN(l,n)

X| (t)|}}

s=N,_;+1

m-1-s
+55_Nzk+1a IEII:IT(]S,a): s){ Jm(alxn){ i (t)|}}
=c,,Vie N(Ln),me N(l).
Let
.l sl me o),

Cnme N(1),

Then, therest of the proof followsreadily fromsimi-
lar arguments asthose given for the proof of Theorem
1.

We consider thefollowingimpul siveHopfield neu-
ra networkswithout delays,

+me]( ).
(”?=>$(m+])—>§(”j=91k(m&(nj,...,x‘(n)),
)ﬁ(0)=)§0,i EN(ln),mEN(]),m:N(,

We havethefollowing corollary for it’stheglobal
exponentidly sability.
Corollary 2

x (M) =gx (m
(1)

If thefollowing two inequditieshold,

a+o <1|
And

ZInI

k+1 Ina<0 foranyke N( )
Wherea= max {a |

o= max{ | |5J}
ieN(1,n !
_ " (k)
|k—im%){§a’ij }

Then, theimpulsiveHopfield neurd networkswith-
out ddlays(11) isglobal exponentially stable.

Pr oof

For anyme N(1), without loss of generality, let
me (N,, N,., ] and then we obtain that

X (Nk)|}

m—Nk—llk m?x {
jeN(Ln

% (m) < &

+5Z amt max{

S=Ny +1 JeN(Ln)

10113
Thus,

< aNk+1’Nk

,1|k jm(alxn){ Xj (Nk)|}
X, ()]}

Using aboveiteratively, wehave

I (N)|< a”“”“’kljo'j jmax){ x; (N}

+5ﬂ| 2 a™ kS,EN { J(s)|}

j=1  s=Np+1

|X| k+1

+5z aN“lsmax{

s=Ny +1 JEN(ln)

“ﬂ' Za ot max {Jx; ()
N 1-1
Pl o0 A max {x (s
w0 20 a " ma fl (o).
Since,
(N = max (el =53 max {1, (5]
Weobtain

[ (m)]<a” max {

J°|}+5 Z am511m?1>(n){

stN
ieN(0,k)

Let

dm:{ max x|}, m=0,

C,»me N(1),

Then, therest of the proof followsreadily fromsimi-
lar arguments asthose given for the proof of Theorem
1

Now, we givetwo other sufficient conditionsfor
thegloba exponentially stable of impulsive Hopfield
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neural networkswithmultipledelays(1). Wehave
Theorem 3 |)g (Nk)|SnNk ,-Qﬂ?f(n){ X (0)|}

If thefollowinginequadity holds, -
n+o<1, +5S OZ e lteﬂ??fs{ﬂ%){ X (t)} |
Wherea= max {a} I = max {Zn:wi(-k’}, s

e = From (12), thefollowinginequality holds,

1-amfal) s max{ T |5J}_ x (m) <n™ max {x, (0]

Then, theimpulsveHopfield neura networkswith +5 mzl et max { max 1% @)
multipledelays (1) isgloba exponentidly stable. o) SN(s-r.s)"jeN(Ln)

ieN(0,k)

Pr oof =c,,Vie N(Ln),me N(1).

For anyme N(1), without loss of generdlity, let Let

me (N,, N,,, ] and thenwe obtain that max { X (m)”,me N(-z,0),
dm — ieN(1,n)
|)§ (m)| < a1‘mir\‘kilz:wi(1'k) Jmalxn { X; (Nk)|} Smme N(1),
Then, therest of the proof followsreadily from
+ Z amt SZ|T S Jmag(n{ X (s-7 (S))\} similar argumentsasthosegiven for the proof of
e Theorem 1.
<™ max {fx; (N, )] Theorem 4
s If thefollowingin ity hol

+6 ;ln tem?f(s) ]ng(?(n){xj (t)|}} (12) 1 efollowinginequdity holds,

Thus, p< 5
Niip =N . N
T
Ny1-1-s
+5S_%:+1’7 tEl\rT(]Sa>f( s) Jg\]‘%){ Xj (t)|}} ' n
Using aboveiteratively, wehave 5:i£ﬂ2§){;|171|51} p=sp ELA
% (N <™ max flx, (N0)|} Then, theimpulsive Hopfield neura networks
- e withmultipledelays(1) isglobd exponentialy stable.
- N;-s
+5s:%+1n temg,s){Jm%>{ % (t)|}} Proof
- For anyme N(1), without loss of generality, let
Ny —s-1 )
+5S_NZ+; e e ;iﬂ‘a’fn){ Ul me (N,,N,.,] and thenweobtain that
|S:l\’}‘(2 k-1) N

Since, [ (m)| < awmfer;”i(ik) o {Ix (N}
|)§ (N )| = 77 jeN 1n){ %; (O)|} s=N, +1 - S; 5 Jg\]lalxn { ] (S_Tij (S))‘}

No—1
+6 ™™ max { max {
pry tEN(S*T,S) jeN(l,n)

X (t)|}} < 8™ max {
jeN(Ln)

% (N

BioTechnology — mm—
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verify andillustrate the useful ness of our mainresults.
X, (t)|}} : (13)  Consider no-impulsive Hopfield neurd networkswith

Jrz,ﬁ’mS max{max{

teN(s-7,s) jeN(Ln)

- Thus multipledelayswiththefollowing specifications
1 1)) 1
|>§ )| < A Jm%){ J(Nk)” xl(m+1)—2xl(m)+6fl[xl(m—2B—4fz(xz(m—l)),
Nea Tt _1 1 1 1
* Z ’BN“ SIEN(STS){JEN(ln){ (t)|}} XZ(m+1)_3X2(m)+3fl[Xl(m 4D+6f2[xz(m 3]]’
Using aboveiteratively, wehave % (m)=¢ (m),
- %, (m) =g, (m), M N(-10),me N(2), (14)
b (N = 4% ma (N 2
. Where
- 3 e e e () fL(1) =8t £ (1)=t, 4 (1)=t*~8,4, () =t 6.
N, -1 Since’

. ﬂNkfstmgxs){jnﬂ%{xj(t)|}} |f,(s)- £, (1) <[s—t],¥steR,

JT(ZH) ' |f2(s)— f, (t)| <|s-t,VsteR,
Since, and
|)§ (No) |<ﬂ°Jm?1Xn){XJ(O)|} rn'(al)g +nJal>§{ | |5]}
+> A% max { max {|x. (t)}.

S et s O a2 a0+ 2] - Sugg
Weobtain
| N, |< N rmx 0| Therefore, from corollary 1, the Hopfield neural
% ( p JEN(ln){ % ( )} networkswithout impul seand delays (14) istheglobal
+ Z A IEL“??S){,EQ%{ J(t)|}} exponential stabilityandattenuationrate/1=g+\9\as

st
ieN(0,k-1)

1
S o
From (13), thefollowinginequality holds ] 5 - t'sstatesequencechartwith 6  0.12sisshown

inFigures1.
CX o e o .
[ (m)] < ™ max | il | o 5o
=¢,,Vie N(Ln),me N(1).
4H
Let
IR
d, = im%{)‘(m)”’me'\'(_f'o)’ « o} \%@96
c,,meN (1) L
Then, therest of the proof follows readily from iy .
similar arguments as those given for the proof of
Theorem 1.
af
NUMERICAL EXAMPLE 0 5 i0 15 20 3 3

n

) _ ) ) Figurel: Thestatesequence chart of (14) without impulse
Inthissection, anumerical exampleispresentedto  and ddlaysas o-aus.
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From Theorem 1, no-impulsive Hopfield neural
networks with multiple delays (14) is the global

asymptoticd stability and globd exponentid sability and

. / 1 1
attenuation rate4 =0.25(L+ 1+16( o +3j) as o] < 5 The

state sequence chart of (14) with ¢ = 0.125isshownin
Figures2.

1 o x(1)
[ o x(2)

6o [\
4K @

24!

)
]
|
|
4
|
el
-8
1 1 1 1 1 1
0 5 10 15 20 25 30

Figure2: Thesatesequencechart of (14) without impulseas

6=01%5.

Bl o x(1)
o x2)

L 1

I
0 5 10 15 20 25 30

n
Figure3: Thestatesequencechart of impulsivesystem (14)
without delaysas ¢-ox.

Now, wecons der (14) withthefallowingimpulsive
law,

W ()= =2 (m)+ 2, (m),
sz(m)zéxl(m)—%xz(m),m: N,,me N(),

Where N,,, =N, +3 N, =4.
We can computethat

n 9 1
I, = max 1Y ol l=— B 1
k iEN(l‘"){Z ! ZOanda_im(%){a}_z,

j=1

Therefore, from Theorem 2 and corollary 2, it is
clear that theimpul sve Hopfield neural networkswith
multiplede ays(14) and theimpulsiveHopfield neura
networkswithout dd ays (14) arethegloba asymptotica

stability and global exponential stability as|d| <% .Their

state sequence chart under ¢ =0.125are shown in
Figures3and Figures4.
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Figured: Thestate sequencechart of impulsivesystem (14)
as ¢-01.

CONCLUSION

Westudied thegloba sability problemsof impulsive
Hopfied neurd networkswithmultipledelays. Severd
aufficient conditionsfor globa exponentia stability and
globa asymptoticd stability of impulsveHopfied neura
networkswith multiple delays are derived based on the
Lyapunov stability theory and discrete-time Halanay-
type inequality technique respectively. Finaly, a
numerical examplewasgiven to show theeffectiveness
of our results.
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