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One result of such vork is a comDurinc
apprcrh difIeEnr rhm $e ""-;""r;roDM alpMh oa *quenLial dicidt
cofrpurine. h is Efcnd ro E re;r
rcrwo* .oDprrirg or lniliciat @utut

By sihularirs $be of lh.f€arB of biologiql .erworts of
!ehn6, aniliciat neual ncrturks d
able lo edrk d.ra for priems, md
then ma*e prcdicaDns on Lhe bs,s or
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l.Itrlhduction
The lbiliry of rhe hmms b lE

able b E@Crik ud exptain rheir
mviromeni h bzsed on Ure aosb irv.r
establjshins *t,tioo, ' r..*,'*^
irfomfion md infomadon uniB t

Tne bEii.s powqtul caD;jii,h.
in thioling. ilterrdins, ED;mberiD!
&d p@bld-$lving have hd rhnds;
ro rnurat. rhe bdint iiuchona v wirh
very sinplified conpurer models. '
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Anificial nolal networts
Eptsot.m inpoltant a@ of resqrch,
which opqs a vsiery of new
losib nier in ditrffit fields ietudirg
@otol s)61€ms ocin@ins t3l.

A neural nctwork is a oGsively
paElleldishibuted prcces$r rhar h6 a
nalulal prcpeftily for slorilg
expenEqi{ knowl€dge md maling it
alailable for ue. h !es.Bbl6 lhe bnin

l-Knowledge is acquied by $! nerwork
Lhhueh a le@ing ,oc*e,
2-lnieme@! comection slrcdsths,
ldoM as {eignts, e Nd b sioie lhe

Artilicial reusl n.rwork is &
i.fotuti@-proesing systeD thal h6
cetuin perlbmece ch@tdslics in
conmon with biological neual

2JdellificariormdOpliElarlorM.ltod!
Srsten identificadon @ b€

divided inro sLrctE nd p melo
idenfti.ation. Stirctu€ idenrificalion
(mo.lcliDe) is the pro.ess oltrdmg the
input vdiables of a nhdion srstem
followd by the det mination of the
input output slaiion. The id€ ificalion
of thc involYed @efiicienB of the
tuncdonal sysreh is called p,lmch
idenrifi @rjon q esrimrion lal,t5l.
The identifi@tion of a lined syslem is a
matuE 6cld dd lnqe qisr a talse
nMber of posErnrl abonlnas for
structue md p@deter idenliication
[6]. Unfonunately, nost of rhoe
algorithns cmor be exrcnd€d fo! ite
struclur idqtification of nonline,r
nodek wilho r @tuiderable loss of
Smoality. llis shortconing is caused
by rte laree Mout of polsibte
rclatiom bd$m the input &d ourpur
variables. Il is evidehl lhar more
loMrtuL seh and opriDiarion
algonthms @ equiEd to solve such

Idodfi ein orqidiEt sJsrmsushs

opdfuMUdi4c.dicA]E}ilhE

Mdy co!v€nlio!,] opiiniation
rcdiod. wE intoduced for pdmeter
esliMtion. The suilability of a metlod
depfids on lhe quality oI infomation
@ntained in rhe dara. &e corceptual
model stlctuE ed the appli.dion

leen sql@ (LS) tud rccusive lasi
sq!@ (Rrs) e bsic methods for
pddeie! 4tlnation, bd they have two
constainB, The firsl is that the sois
needs !o be uoc@ela&d wirh rhe
neeEmenr of tije dependenl wiabl€.
he ssond corslraint is rn t lhe qulity
of th. €slinatq @ shoM 10 depend or
the ncbr€$ ol lie infolmtiotr contain€d
in rhe data [9]. TheE tre mmy othd
estimation nethods, like the iclnhental
variable Eelnod, the ndimud
likeliiood Eelhod. ed the Koopmtu-
Levin nethod, but aU thes neihods
have drawback like long conlutatio.
lime &d @mpl€x coiputarion [5],[9].

The din oI tlis papq is to urilizc
GAs ro ntrd the dynehs of liftd and
nonlin* syslm wilh dphasis on
usiiS two tI6 of RNNS for mod.litrg.
This paper.ont ins Iwo 6elds .T]1e fist
one h to uP CAs s a leeing alSodthm
10 tEiD rbe wights of RNN9 of pre-
delincd snuctE and rhe s@ond is
utilizing CAs as s opiiniaiion
tcchniq@ !o opnEi& the $tucruE of

3, Neual Nctworir. ror Id.nrific,li.n
Neudl nerwo*s (NN, orlo

sme of the nosl verszlile ways of
nodeling nodin@ peces$s of a
divcEe nalure. A ncural network
allemPls lo 6inic rhe tunction of tnc
bmir in a cnd€ bu sibplistic m@o.
The norlirea dadoffhi! belwcn the
inpn(, ud fie ouQuft) h model€d
using a n@be. or basic btocks, called
neuons or nodes. The nodes de
i ercon 4t d sd e usually msed
in muhipl. layers, Each inier,nodal IinI
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o. i er.omection is weighted. At qch
node, ttre kiSnt d inputs (eon otho
nodes or ffo6 exlemsl inpus !o lhe
netsltk) e sllm€d togetls *irh e
qlemal bias kloM 6 ile th@lhold, dd
0E rsult is pNed ttrcWh a nodinee
tunctio! (als loom s the &livarion
nDction). wnich foms itE ouFur ofthe
rcdetl0l.
Two baic echir€ct@ for NNs a@ te
fedforward ed the Eu@t netwo*s.
Net*r*s hay also be desiSned
conbinine tn€ aertue! of borh, A
fe.dfoead n al nerM* (rNN) h6 a
multi-lay.rcd shu.tw, The signals Iow
betw@n lhe nod.s only in the loN4d
di@iiorl i.e. row:ds rhe outpd end Gee
Iig. l). IlE nodes of a mn-inlur laya
ce have inplh fion nodes of ey ofihe
eulid layeE, so it is $en wilh a one-
ste! anad prdiction models of pl&is-
ln rh. Ecutu1 retqorks dhit duq
lhe outplt foD a rcde @ Aov in Oe
fosald direcri@ (i.e. b nod6 roMrds
the out!ur), o! in dE am di&ciion, or
my be feedback s & input to the mde
itself ald is called el{-fe€dba.k or self-
@6ection. So, it is dployed to prdicl
sev€lal sleps anead irto the tuiue. lhtu
it will improve eprcs@tation
capabilitia Gee !ig. 2) [r1][]2l. tn NNs
alpliqtions, Eually the oo&l
cnMc&listics emin uchdsed. The
adj8tm@r of the wcights on the nodrl
inleEo@alion md rhc ilBholds is
usully rcfertd lo d training or la@ile
of &e tutwork, This is oalogous to lhe
estinalion of pMD.t6 in
i.lenti{i.ation !rcbl.m. Thc leMing @y
b€ supwisd or Eu!flised.
Utrupcryised l..ming is b6ed on
D iniation of $ne pEdenned
iuctiotr or criterion, Supewied leming
expeis op@1or inte edion, It reqli€s
a training daia set, omprisine a sel of
inpul data ad a cou.spondiig st of
data fo. the desiEd outputs dd tle
bmire is t6ed on lhe mininiado! ol

Iddt.dd dtq{hisl srsm usirs

o!6,,'i,d0UduE.axdc^]giljm

the mr betw€m thc @mputed dd the

riq rl I Fedfoiryrd N.nHlNetworki

Fig (2) A R€cuu.lt N.urd N€awork

3lld. ingdotr of DYmlol $.1 6.
IE!E-BI&

As nentiored abov., neural
netm*s cm be .lained as FNNS md
RNNS. 11'e FNNS hale b6n wirlely
ap i€d ro dy@ic syslen ide ifioarior
wit[ wcess !3].[14]. The tapFd-
delay-line (TDL) nelhod is usually
adopled to a?ble a FNN to Gp6sent a
ddeic system. be@ue a FNN does
nol have dyneic ndory. nE melhod
.nplors a inputs the cltmt dd psi
inpurs and ouQuts of the srs:t m to be
modeled by tbe network. Th. next output
ot the sysietu is u.d 6 a t@ching
sjgnal. Howv{, thft e sevehl
drsbacks ss@iared wiri lhe TDL
melhod. One ofthe &awbackr is ils sloo
comlut{ion speed due to the ldse
numbu ol EiB in rhe input lay€r. this
is becaw, if the order of the systeh to
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b€ idolined is udooh, it mst b€
ov.ts6lihaied md hen e a lrce nuhber
of uils in lhe inpur layer nusr be given
to @bnodare ligll sys&m ord6. The
ldge Dunb{ of Eirs in ihe irpur Idyd
also ma*6 i.he idmlire. trishly
suceptible to errftal noisd t3ll6l.
De to their srucluE, RNNS do not
sufiq fron the alove drawb&ks.
Therefor€ lhe preent work is based o!
dre @ of suh net*orkr nddy dre
Dodined ELM ndwork md the Joidr
network, a sill !e qplained iI lhe next

Recuent netwks @ bc ctdsified as
tully md panialty @uml, FuUy
recee.t nenvorks cd hav. ubilre
fadfos rl ed feedback @tueclion;
all ol which d€ trainable like Eop,ield
aetwolk. In panially lel:Wnl networtc.
rhe hain nettu* sructue is

fis (3) Th€ Modifird Elmrn Nerwork

rd&dtudu orqrmd srnm uss

oDlim!,inU'i|i,qaddnArgdrd.fu

coecctions ce be raiMble. Tho
f€edbactr cmecdoB e fomed
thrcugh . ser of "@nletf. uits bd m
not IniEble (i.e. 6xed), ifa BP leeins
algodtltm is to b€ ued. Whil€ by using
GA5, all the con @tio.s ia lhe netMrk
@ be t'aiDabl€ t3l,t6l.
The 6nte Eiis keep tuoris of
lone last siarca of the hiddo uirs, ad
so the ouFuls ofthe n twork d€psd on
e aggreeate of lhe pEvious slat€s ed
the cwnl inpur. lt is bccause of this
propdty thal panially relj@t nete*s
poss6s lhe ch@d€lisric of a .t ndic
mdory, Two rytes of lcc@enl
nelworhs have b.o shoM b€!ow, lne
fitst is nodified Eltu neiwo* lued in
i.\is !.pq) shoM in Iis. (J), and the
second is the Jorda network a

Ftg (4) Jordr Nerwork

This retwork have a oulii- layered
sttucrw sioil lo lbe $ruciue of
ML?s. h ths net, in addilio! to e
oldinary hiddd layer rh@ is a @niert
lays, this laycr eceives feedback
sigmls liom the ordinaiy hidden layer in
lle case of a modined Flmdn n.l}trl
Tn€ modiied Elmm nelwoik ce te
dBdibed by lhe following €qlalions:xG) = \r/'r&) + W"u (k)
x" (k) = w* x (k-,) + o x" (li-l)
y (k) -w! x(k)

X(l) - oulpul wcior ofli.ldm uirs.
x"(k) = outplt vecto! of context
unit5.
y(k) = outlut of fie neM&.

W* = wietrts m.trix lion contex! uits

W'" = wighs malrix film inplt eits

ll2



Ws = ilighls veror from bidden 6its

Wq = sisnll vedor to!1 hidden nnirs

Refe'ring to t6l,tt4l,ll5l, one
finds rhe sie$p@llel identifiGtion
@dcl 6 shom i! Fie. (5) gives betq
eptuximalion of tne irrut-outpt
fucfion mappins @mlared to rhe
Darallel identilicarioa 6odel shoM in
Fig, (6). Wtft a !*.llel nodel is used.
therc is no guafulee rlur ihe idntilied
mod€l qill coNerge to a givo pl&t
outlut nd thercfoq de outpu! edor
(plsrn o pul y? minu RNN ougur yn
10 inpur u) wiu not tend io Eo 5l.
to! th4e !%ons. $e si*.poallel
nodel will be u$d in this paDei,

iddff.,ioorDpmelSyffiUsii3

old"fuu uriri,l€ G.dicAredr"ms

biological dolurio! @ intmd@d, dd
called evolutiondy @hputEtion (Ec)
t71.
Evolution,ry Comlutation (EC)
oelhodologi6 e soEetim6 uscd ir
cohbi"arioB wjlh oi.\d me$odologiAj
for ffiplq Mitchell [16] d*cnbed the
us of €volutionary al8olirhm such d
OA, to rBin NN. Insl! d of repl&ine
ile 6tiE lopulalioHdch g.ne6tion,
only one or iwo individuah wE
pbduced {hich then nad to @mpele to
!e inclded in th€ new polulalion. The
letwo ( wighls kE rep!€senred as
@1, 6tls tha bin8y DWb.G.
Typical P8Edigds of the EC jnchd€

s€@tic aleoritluns (cAr, €votutionry
(ESr,

trlq (t S.ri€&P.rdl.l klorlifimtior Moil.l

pmglElmine GP), and genctic
prosMins (GP). The s@!e of this
worl( is to descih€ ed focu ody on
CAs 6d sa how tne GA s@h$ for
solutios in &c !reblcm of identifietion
of dilf@nt linq! rnd no in.usystens
using tsb t ?6 ofRNNs.
CAc n.ve preven to b. v.ry por.rtul
sdch bd optiDialion tools mpeially
wh4 only litlle is knom sboul the
ud€rlying s1dctw in rr\e dat . GAr sc
s@h algorilhN bded on th.
m€cheics of natural selecdor ed
g€n ti6. TlEy ehploy opedioE sinite
10 thos foud id natial genedca b
euide $ei! parh thrcush the emh
slace, Esstially. drey cmbire a
swival thc tncsl oliiniation {.€regy
wirh a snlcturd yet Bndnized
infmation exchtuse I l7l.

4.1 GA Operrton
The $letic algorithms ued

involve th. 6rce B?es of opdatdsr a
hybrid slecrion merhod, sinsle point
crossover, aDd mutalion n6l.

Tle hlttid sleclion nethod h a
robul srareB/ iNpied ftotu tE
nodilied simpl€x nethod, is to a€@pl in
the new popDlstion only lhosc slinss

Fig {6) }.rr[€l ldeDrifE lion Modcl

4. Evolutior.F Compuhtlon

In th€ pat &w y@5 s.&h dd
optjiiador algodlhns inspird by



ihat hsve bener fitness valus tho $e
woat individul i. r.te old popdanon.
This slr te$/ jr expected to dsurc good

Suidmce in i]1e Cohplex md nonlid*r

The crcsover op@rion uscd ii
rr.ditional GA h Dtilized su.cestully for

Mulation cn @cu itr . strins wiih very
s@ll prcbability. In F:d-@ded
mulation lbe mdom nuber beiween
snall npper dd lowq linils rc added
to lhe pdmeler itself (the comectiotr

EUEE:
In thi5 oFrario ihe cftnt ftrBt

(best) indilidual i! rhe populaiion is copied
diGctly !o the qt popdarion wihonr
beios clmeed by tE olhs opestim, ftis
opeElor G $metime us.d to nf to n*Ie
!N tllal $@ vin be a tun bl€ Er
irdMdual plegt in the popdation at
e1ei, tiDe step. It helps io Noid having al
i\€ sfil'gs gel hodined by cllsE &1d
nuhtion in a *.ay e tbal m sood sollnioh

42 Hvbdd NouYceetic tamine
C@tic algoilhrts \e 6El used

insteld olback popagation (BP) I a say
of ftding a e@d st of wiehts lor a 6xed
stt of con@ti6 by Monta@ ed Ddis
116l. Sslqat poblm aecialed wirh BP
algoi$h (a9., tlE lod.ncy 10 get shEk ar
lool oplim in wight Ao.c d tE
@ailabili9 of a 'te.drs' to slp€Fis
l@i!g ir em task), ofta m,!e n
.lesiEbie to find al€drirc wighr r?injng

The CA is !*d s folmi ah
cho@sme is @aideEd a a li$ (or
'iebl) of ihe iokl wighls ol neual

!is. (?) s,Ds hN rhe ocldirs is done
tur a mple of RNN. E&h "gft" in ttE
clNtusome is . rql ,mhq (Lhis tlDe of

op'jiidimUlili,igaMi.Ar!,d'hms

@ding M Bed in this lsper EdE ihe
bit). To caL'nab lhe lih6 ol a gi@
chrcmosne ll]e wighls in lhe
clnonoeme @ Nigned lo lhe lrls in lh€
@responding netw*, fie tut*uk is tu
m th€ taining s! ard tle M sq@ of

tic0)ChtuhGo €RepBdt.dotr

43 Obiective Futrction

The nd$dl is t insd lo povide
lhe d6iEd n&dion appMimrio! *,h@
aI i& wiehts ed L,1. nmbd of hiddd
nod6 e adetd 10 midDize tne n6
sqlc nodelirg 9@ b€t*q rhe @&a
of plmr @d {E output of RN!,I @6 a
botch oftlinin8 patfri s:

fI yp\k) - v$lk tl'1

,t/SF= rn
Np

, -r'SErntu sqw of effi.
)p@= ollput of lh@ pldt ar sple &.

)D&&ulput of liM EeMe nodel d

il is necessary thereforc to map lhe
obj@tive tunction (M.tE) to a fitnes
fuciion, The mosl ommonly usd
objecrivrto-nh.ss trasaomarion is of

nitoes,= lo (J)

!.I!abbE-D!!!dp!!es
Sinulaiion ermple e chos

!o dmons16ie rhe efet of using cA s
a lemine akonthm for r€ourMt neml

E4
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opdffi. udnbs GMic argdirhro

olheNise insemenl the gerealions byidentifier of vdiable irtuctft,
Gensally, lhe nmbd of iryut tud
oulput nodes is 6red by definilion ofrhc
prcbleh. Tbe !Mb6 of hidd.n nodes
ed hidds l6,rs, horder, cm be
vaied, ed 6 n h knom rha! thc
nunbe! of network wiglis incE!*d
when L!e rMbo of hidden nodd ed
hidden lay€B ae ie@ed [20].
In od* lo sinplit the task ofcn@sins
the nmbd ofhidd@ !od*, GAs is sdl
suited fo. this pnblm Il6l.

6. Tne PepG.d M€ttod

The follo*i.g geretic lroedm
is introduced &r taining r.\. neural

nctrcrk id@tifie. fd rle pldi
Step l:Idtialir the s€ne{c op*Etos:
cosevd sDbability (IO, odadd
prcbability (rn), polulatim sik (N@)
md the idimm nhbs of

Step r;Gse61e s inidal Dopulalion of
ItD networt al rudo0. The Ilmbq of
hidden noder md rhe inirial @meclio.
d€Diry tur @h netw* is uifornly
gs@led 6t tudom wilhh cerbin
tuges, IlE Endod initial wei8hts ee
uilomly dhrributed inside a shall
!ege, 9pically between -1 and +l,
Ster 3rli6t iale rhe nmber of hidda
nods (itr rhis worr n k @Eidoed 10 be
betwes 2 to 8 aode, 6 a uteg€r
.mber from the chrcnosome of *h
popUsiio4 liM pdtislly tr.i! each
netwo* d rhe hinirS ser to daluar.
l\. objec!re tuncrion (i6E), ed then
caLulate the fih€s tuncrion a dflot€d

St€p 4:Pul in desnding ordd all the
ctenosomes in the crlmt populslio'!
(the ftst one is dE Etest).
Stcp 5:S€Ld individlals usine hybrid
$l€clior metlpd (Rotn tlc W1'el plus

St.p 6:Stop if a hdinum nmbd of
gmenlbs of GAs ee &hieved,

Sinulalion dm!16 & chosen 1o

deno.stEt€ the effed of using GA s a
lemilg algorithn for @wnl DeuEl
idenlifier of Yeiable sEuctue. Bdorc
descnbing thc simulaied fldples, a
brief rele@t iin of inlomalion
con enirs lle sihulalio is given

]{n all lhe simulalions c@ied out, a
sqies-pdUel nodelins is Bed, For

2- All hidd.n uits @ nonliree units
with siEaoid turction, while tle othd

3-The realcodilg genetic operatos
are us.d with Nm=40, ?c = 0.85.
Ph=0.05- The Dutation proc€ss
with leal.valued parameE.s is
implm@ied by sMnins rhe old
pdm.ler wirh tudomly gmeraled
numlcrs bclw€cn -0.5 .nd 0.5. A
hrbdd $leclion method 16l is used.
4-IX€ IoUowi.g equence of 1000
mlls is chosen a a lraininS sigtral
to 0t€ rNN s mdom !€lue hd@. [-
l,ll:
uti)=randMl-1,t1 0 < t <1400qttr k dmoles the sMpling instanr
5-The rest siglal is Epr€mled wiln rhe
following inplt sequ@@:

!(r)=0.2 sr, (2tr r /50 ) 0 <, <r00

2lE!44d!-LI6l-l
A nonlined plet in ou9ut ed in input
wi$ the fo,lowiog ditf€re.@ equtjon:

yptk+t)=J*L+ut\k) (4)
t+rf\k)

Is ro b. ide ilied usins RNNS idstifid
witt $ris-pallel nodel.
The sinulation esults lor llis pltut d
shou in Fis (8 a. b, c, d), $4icn show

r35



the ollplt of iie llml wiir RNNS
identifier, diffeElce dor betwe. h{o
oulruts, lle best MSE agaiNt the
gee.ations 6d the best+iddetr node
slection againsr the gereraiiotu

In thh qmplq the idcltiicaiion
model schd€ h appli€d to the gerry

Co6idq the block diagru ofrhe ghry
ctue scale model show in !is. 0).

rk 0) Bloc& Dissna of Th.
ctutry Cnn. SyrteE

The ov@llltusfer tunction foo &tual
Iorizootal load position xj b lne conkol
voltaSe u is eiven i. equation below:

r, rr-i-= 
Gr+r ) 

(1+G4r! ' (s)

The appDximt€ valu4 of F0.065s,
K=O35, s-9.81 N/kg, I=lE It is
requ&d tidi rhis c6e io be idenrified
uins veiable sEucru€ RNNS wiih

A continuous time hodel repBentation
t .dopl€d !o be .rlmicaUy etved
sing fl1. Rege Kuia foudl ord6
meLlod for thc sme perfo@ce indd
(Ms4, the obssarion time To!-10s,
ad the simlarion sre! sid tu. rhis

fte siDulatio. lesults for 6is c@e aE
shown in Fig. (10 a b, c, d), *ticn show
the oulput of the ctu wirn lNNs
identifid. difloence eEd berre. tu
outputs, $c besl ,t/,!4 againsr dre
s€n€rations &d ihe besi-Iidden no&

IdartfdimorDrd,jds}fu6U3b3

op'imM udd@G6id. 
^kod!\s

sel€ciion ag6insl fie goeraiions

In thh paper d dsign method for
the idenlin@tion shene usiig Benr
eual !el{ork! wi{1 evolutionsry
computaton e inr$dlced. The
rtrobld is fmulated $ s corslrain€d
optiDiztion lmblm 0d a me$od
based on evolurionary compurrtion
(CAs) vilh rcal codifi.aiior anl
apprcpriale opento$ h.ve ben
ehploy.d lo solyc 0re plobld, In this
way, lhe GA se&hes the prcpq
idoliner ldmctss (kights md
struciE ol RNN, in s rcsoMbly ldgc
ranse. ]lp proposed metnod c@ €asily
be extended lo the dosign of olher

the following loints arc concluded
6om the Mri to solve dilfercnt
idotifietior Ploblec deall within the

l- It nas beo shom that RNNS aG
calable of EpBmtine lioee tud
nodin* p16h nodels aMing ho
knowl.dse is ayailable (about the oders
or tine delay, other than then input-
ouFut dala sels {see for €xmple fiews
(8a) and 0 0a).
2- GA hs the .bility ofn,nine with ey
values as inidal weighb for kaini.g
RNN without &y pDblem (eg. loc.l
ninimu and convdgeDce railw)
beause cAs @ucs br@d @nverSe
ov6 tbe €ndrc s@t domin.
l- The mults of RNN leding oc not
seBitive to &€ ilitial v.lue offie seighl
v@tor, llt rcfor cAs is mployed to
perfom Clobal searh .nd to sek a good
sla,iilg weisnl v€clor lor subseq@!
neural netwdk leuing aleoritlrn. The
resulr. e an imprc@ent in tlre
convergen e sped oftie algoithd.
4- CA € be used for optihinne RNN
dhit€cture, Only one parmeter cm
define the whole sructure of tne RNlrs

,(li+ l)

(21+c,1)
-&cfl)
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studied in tlus trorl (6 sive! in Fis. (8d
ed lod). Clne limit ion on the
poPulation size b noti.ed b6ause ofth€
comput{ m ory Howevcr, this
linii.tion .e b. orercone ,irh berte!
compuld hard*are or lmguge.
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