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ABSTllACT 

Neural newore  :an bc a powerful t w l  for non-linear signal 
processin@ and s)rtemr modef!ing We prrwnt a class T -eunl  
net~r:;, t s e d  non-linear models suitable for appicatior. to the 
prejictir: ermr system identifiation lnethod N prrswteIS of 
thk clar; ,f m&k includr a I d  i n v r s o ~ e c t i o n  ncishborbOd 
size. a time w m m t  which chancItri2cr tke muronr. a weilht 
matril.and inplnourput interc7Mtction matrices. Weltro p-nt 
some e x u n p l a c l  the sqtem bebvior for different n l u a o f  W e  
pwamrten to evaluate the suitabiltg of the m u n l  aeworii 
prediction error model to fit a wide clsu of s)strms. The DuhOd 
is then applied m train the aet m perform thrcr cluricll mblerm: 
#enention of Van der Pol mcilhtiom. atimation of a rum of 
cosines in additive white p w i a n  noise. and prediction of a 
chaotic time wr ia  eenented by the iogistic function. 

Recen~l?  m u n l  network3 haw found appliattoni *I w h  
ueu as optimimtion. panern r w n j t a o n  m d  control. often with 
encoura@np rerulu. However. their apwarance ia sisml pro=- 
sing has k e n  dower and wry little hir been publnhed on this 
p u t i c ~  w i i a t i o n  un. Until nor. UM probkm of *em 
modelling d v i a  wunl nets b n  bu QUID4 plbg  
f d - f o m r d  mnl oenortr and a c k d  l e u o h  lami.lilhm. 
Ibr back-P-tion Jlorithm [ I )  Tbis algorithm wrfortm 8 . . .  
napn d-nt w Ibr p~adiCl&~e&V Over i w t  d dirun. IhW 

Thw modek houcver. cannot n p m c a t  all syncnu occurriup in 
redl fife. for which non-linear acddcb ue umded. The problems 
become more Cornpliatcd with aw-rPtiorwy sysrtmr, especially 
rbm we have ver little infomution about ihc system we are 
trying m model. To idcucity rhe pMmrten  of tbe model. we 
f o b w  the rpproach ai led 'Rediition Error M t W  introduced 
b? Ljuns urd which pmvida a metboQololy for at aclual 
identification proceu. 

in section U this wpmoch is w w n t e d  whik in sectiou 111 a 
&tailed description of the neural network d l  h y r i c d  out. 
Afvr  tha: we discuss the prelimiauy results wc o b t w d  m d  we 
pOItulatr on the usefulness of these modeb ur k used in :ystem 
identificalioe 

To dusrrbe this r p ~ h .  k t  2, be a of data 
comvruin# N inputs and w l p u o  )+oerned by the red system at 
times 1-1.2, .... N. For rime series analysis. the set of inpuu in tha  
seaiience corresmndr m the e m ~ w  set. The uredicrion error of a 
given model M(r1 is & l i d  as 

w h e r r e k 8 u t d ~ r e n ~ ~ t k t r a d . l . ~ u t h e  
oulput of the model md y b lb? h c t  of the d system. 
Identifyin8 tbc system is tbe pmaa of la in imi i  8 functiom of 
the mediction error over ihc w h d c  &a squence. The prediction 
enor  colt functioa f.a k conmutad usins a mmt of b error - 

umpln fmm a q ~ l ~ e n t  d a known rbnal. However this ne14rk  sequence HI). 1-1. .... N. mhich M br written m 
hcb the p m p n t a  of a d)lumicll s p a m  b u r r  of tkt 8 W w e  
of feedback bemen io ekments. ~ o d  i l tbou~h  it rLkw lood 
p e r f o ~ o m 8 c ~ o f e ~ d ~ I i m e  w r m  icc8aaotbeupdm 
8 generic c l a r  d models oT dynnmid systems. ap.cially son- 
rtatiomry o m .  

Syswm identification provides a powerful f m e w o r k  for 
modelling them system and PredicriDg tbcir khlviour. In P1 
Ljung d&tna mtem identifit ion as buildin8 mathematipl 
slodcb of dynun~cal system bucd on obtaned &ll from the 
system: To achieve this ad three m t i t i a  8re W 

I- A m$uenn of dnu points from an experiment on lhe 
syswm. 

2- A m of w i t e  ncdeb. 
3- A criarioD by whiib to e d ~ t e  the bat d l  of ibc 

system. 
With t h e  h i e  entitia the identific8lion process era be m i e d  
out to select tbr mndel bat finin8 tbe beta ~ e ~ .  b h y  
aodch have bcn s u ~ a t e d  for liilvlr time-invui.nt lyrtaar. , 

where f h a I u l l r  valued fuasfion. tbcomimal set d punmeterr. 
e', ir the one Uur minimizes the f u e k  V,: 

B' - are min V,@. 2'). 

The minimintion of VN can bc unied out using m a y  clmical 
techniques. Among thnc  w t  consider sirnubred amwaling 131 or 
8 f u t  nnion of i t  which ba w n U y  b a n  mnpased (41. The 
A W x  a o r i t h m  [J] h.r .bo bce. W i  n I t*rh.riic descent 
for ncunl networks. 

Tba probkm we wouId like to wlw n, tiva a time aeries. 
to rud a model w k i b  u c l p b k  ol prdicting on or more fuwre 
points ia tbir time xrim. bord on 8 * of d prtrvationr. 



.- 
ncse obvrmliou m y  of tbe time -,a pn itxlf but 
may aha iucIY61 otsermtiow from o h  time -rim (tbe multi- 
channel awl. For this we define 8 model bucd on neunl 
networks which we describe m the next section. The &bl I  
approrch we envision a n  be r u m w h d  by tbe f o l l o r i o ~  s t e w  

Step I. Initialize the model panmeten with inrid values. 
Step 2: Gtimae the predictloo m o r  apuence bucd on b e  

dau set and the curreot model ptnmcten.  
Step 3- Calcuwte the error cost function. 
Step 4 Updxc the panmeten m d  repar  step : until 

coovrrgenx 

Our neunl network c l m  of models h shown in fig.1. It is 
built around 1 ut of n nrurcnr urpoged in 8 linear or two- 
dimensional fashion. Each neuron is c o n m a d  to the neurons 
bel0ngir.g to a cemi r  neighborhood defined by its dze Md 
topologv. The connectivity between neurons is expected to 
provide the dyl l lmid behavior o r  the model. Ooe or more 
c h r s  are mnne:(ed co ID input h y n  of linear m n -  
interconnected e k w n l l  whiib m8pl rhae channels onto tbe ncvnl 
net (middle layer) via an h u t  m r m x  called MI. Similarly. an 
ourrut layer d linear s u m & l ~ n  elemeats connects the neurons' 
OU:PUU to a n u m k  of outvut cbanaeb via a connection matrix 
M2. Whik the clemelrs of the input and output layers are linear. 
8 cootinuom mn-liaur output function for each neumn is ured in 
the middk layer and h illustntcd in fis. 2. The dynamics of t h s  
system can be described by a set of differenltll eaualiom 

where C, and 5 are the input n p C i P l r e  and resispncc of neumn 
i, u described in 161. W h tbe run w i a t  matrix of tbe middle 
h y u ,  md I, h the input current u, vnit i. u, h tbe ouwut of tbe 
l a p l i m  before Ib n o n - m  a, lad y, is d output of mumm 
1. 

The set of -ten M wbich tbe i d e n t i f ~ . t i w  h anid 
out h the following 

1. The nuvia oftbe middk hy t r  of n e w m .  Thb 
m a i s  wmwiwt 0' . l c w n n  where n h the o u m k  of neurons. 
To insure mbiity. W is resu*ud co being symmetric with zero 
died e b m a u .  

2. The size smd twnbgy d tbe nei;hborhood. This 
m R m e D ~  d e f i i  ibr cooasnivity of tbc neunl net. 

3. Tk 8*erue time cout.ot of the neurons. Each time 
C O ~ t  can be &lid m the product R,C, for neuron i where Ri 
depends on the weight nuair. 

4. The input md outptit coonatwn matrices. Tbera 
matrices define a mawing of the input and output channetr onto 
the neurani in the middle hyer. 

n h  wt of mnmclan compkteiy d e f i i  our cbsa of 
models for the mediction mor ideatifiicion method. We 
simuhted tbe r n v n  for rval different dues of these mn- 
meten on 8 d~tCmininic casiae input function to inv~nig i t e  io 
behavior. The Cmubciw w u  w r i e d  out by m u a s  d M adaptive 
step wcoador&r R- K u m  method Fig. 3 *ow the dnrmt* 
effect d lbe size of d t h . i ~ b a r h d  w tbe output of the rptem. 

- - - 
F i t  I Sl-c of lhe neural nelvotL c l a n  of models for predicrron 
error idmnttfic~~iw mrrhod. 

Fig.2 Basic wnr~wc of I h  ncwm with a dgmidal  mm-linmiry. 

ln a srmtur m y .  keeping the size of ihe nei:hborhood m n s m t  
and varyin# the avenge time comuot of the ~ u o m  produces a 
wide range of dynamicll behavior. The outpun mge from ltmwt 
a clippin6 behtviour for a small time response m 8 delayed low 
pus  filtered v e n h  of tbe input .ad bemeen h two exvemn. 
ties 8 rich set of inccrmediltes which may prove useful for 
idrol i f i r ion.  In T i .  3.9 neuron8 *m used. TLs other pan- 
m c t e n v m c ~ n M I ~ 1 O O O I O O O I ~ ~ O 1 1  I 0 1  1101. 
time eomt.ilt - 0.3. .aMborbood size - 3,106 W rr mnentrd 
mndody with 4 uniform d i r t r i b u t k  rtnp ria the nme d. 

In o r d a  to iuwnipll the potutill of our mn-linear cbsa of 
modeb we iuvmtiwtd iO mrf- m 8 few cbmic8l prob- 
kms. Ibe t i  one eoruisn of e m u h a  8 mn-1- system 
lypirwd by tbe VM &I Pol ailbtor. This *Item beluva 
rcording (o the diiferential tawtion 

d a / d t '  + dl-a') &/dl + x 4 

It admits 8 limit c s k .  coward which .U m j a t o r i i  tend. For 
thh probkm. 9 f d l y  c w n a u d  wumm wr lDcd with time 
eoruunu k ~ e n  0.1 and 10. The iwut  to the net w an impulse 
md the output wmistcd ol2 c)uruck conamndinr  to x .ad i u  
dcrimtire dxldt. The Ininin, &U wg :enenfed iin: Van der 
Por~ equation witb PI. After mimi08 I& net M 30 poima. the 
neural met 8dmittcd tbe same limit w k  u tbe 0.8 d the training 
set. t h w  rucQ(STu1ly emulating i)u acill81or. Fi. 4 shorn 8 
m j e c w y  and tbe limit cycle clrrapativoly of the orillator and the 
Vlid n e d  am. 
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1 1  weilht nutria for example. r e  wuid envipls 1 corb ia r lpa  of 
P i g . 6 .  I simulated m d i w  8nd th d y t i a l  $ o l u ~  In w i d e  more 

rapid m a v e w .  i  noth her theoretical hue  that a u l d  l a d  lo more effective 
1 computation of the o p t i d  plnmeter vector h r u n 1  network 

, canonical forms. We are exploring various neural network 
parameterintioar which have a minimal number of p.nmciers. ' This should improve the efficiency and vcuncy  ofthe idenfirm- 

I lion scheme. We ire  also inv"tiyrin~ the drvebpment of a cost . ,. ! : . function which sccounu for neunl network compkxity. similar to 
1 ' the Akaike information :rilerion [:I 

. : I 
! 

I I Tbc succcu of the identification scheme dccends on the , s ! ,  
1 9  

correct choice of the cost function. In the same line of thought ac 
<. ' I .  

0 -  - -  . : 6:: the mean square c a t  fuf~ctiot~. one could mvhion a higher 

i I exponenl affectin@ the prediction error bamnca. poDibly 
' fnctiolul and coupled to a forpenin: function. This function 

-c 2-- - 
a I :e ,r lo a a .. would pul e r n p b i i  on Urc m s t  reeenl occurentn in the time 

8 L y- -. series and yet w t  nqlesting toully the mvious om%, u b.ppcs 
Fie. t b  

!he lime series r8Wr Than to i number of cham&. 

methods. Tbe work pnunted  here *odd m v i b  the buis for 
funher md*r. 

I 
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pj1.6 .ycy~d n a w r k  prediction o/ riu lo#irric Jurcrion. Fig 6a 
$bvs rk p~,f~,- o/ r k  ricr on t k  trainin8 dun.  while Fi1.6b 
*bws its re- 10 dcua no( seen &/are. Sdid md broken lines BKEWEES 
mpr- imp! md desired arm of rk mu while r k  d w d  
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to allow i rood m n l i n t i o n  performaw ia byered m u d  
aetwortc..Ow w r w h  k different from thir one but h to 
achieve the PW 10.1. We w currently invatiytin: Ue usel&- 
ues d Ue above wunl n e w t  model in th identifiition 
ccbeme. The minimintha d the prediction w m  e ~ ~ t  function ir 
initially to be prfwu& by thc ftr( rimu*ted l a ~ l i l y  d p r i t b m  
141. This k a stocbactk dcwcnt tccbnipue similar to conventioPli 
airnuhnd i n n e d i q  but which uses Cauchy diuributiou (iwW 
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