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ABSTRACT

Two techniquE, Artificial Neural Nel$ork (ANN) and Relrcllodelting (RI\I)' are successfullv used to

reprc*nrt l 'echemislrJiDturbulentcombus| ioDsi 'nulal ions.TbisisaDotelappl icat iouofbothmethods
piich show satisfaciorJ accuracy in represenlinS rhe rtrcDicalsource rerrr. a'd good abitiry in capt ring

the 8€nerat behaviour of.hemical reactions. The ANN nrodel. howercr exhibits be[ter generalisation

tealrires over thme of the RM appmach. ID rerms of.onrpuial;otral performance. the memorv demand

fo, hand!ing the chenrisr,ry term is practically nesli8ible for both methods. The toial central Proce€€ing

Unil (CPUI t;me for Monte Carlo simular,ion of rurbulent jer ditrusion flame $hich is dictat€d Bainl)

by lLe time reqlrired to rislve the chemical reactions, is smaller if tbe RM melhod is us€d l'o repres€nt

the chemistry, in comparison [o ltre time required bv lhe ANN model The potent;al and capabilities of

tbeset€chniquesareerir 'endablerohandlethech€misrr)otdi f ferenlfu€ls,andmorecomplexchemical

1. Introduction

Theadequacerepresenlar ionolclremistryinteact inSsys|emsiso.eofth€outslandi l |gprohlemsin|u.bu-
lenr combustion. This is nlainly due ro rhe complexily and hiShly non-linear nature of high temperature

chemical reactions. A prop$ k;netic mechanism to describe the chemistrv of a simple fuel like hvdrogen'

for erample. nray conrain severat tens of reactions and more lhan ten speciG Allhough lhe svstematic

reducrion of chemical kitretic sers to a manaseable size of about 3-5 slobal reactions is poesible [1]' the

numerical simulaiion of rurbulent combust;on rcmaiDs conlpulationallv prohibiti!e If look up tabl€s are

us€d ro store rhe cha ges ir compocirion due ro chemical reaclioD ove. specified lime intervals. then th€

computef memor) (slo.age) requiremenls would b€come extremelv Iarge Altemativeh. lhe computatio-

ral run Lime would increas" dramaticatll ifthe Ordinarv Diferential Equarions (ODE'�) representins, th€

productioD rates of species are directl) iDiegraied during the simulation

The objecrive of rhis paper is ro ourline a nov€l approach for representinS chemical feactidns in turbulenl

combustion simulacions wilh a nrodesl requirement of memorv storage and CPU time The piincipl€

is to produce maihettaiicalequations which descdbe the chenical b€haviour of a svstem Siven a *t of

compositions and reaciioD time scales. T$o nrethods are nscd to describe such formulation: Artificial

Neural Nerworks (ANN) aDd Rep.o- odelliDg (RM). This h vet another genuine application of ANN

whicL are s'idely used iD Dr any spect s of science and enginerinS. The inirinsic capabilitv of A N N iD

appro\imatins nonlirear systenrs 12.31 is esseniial fof represenlinS.heDr;cal reaclions whi'h are hiShlv

'P.rm.n.nt lddrcsr C.nlral R.&dh lNliruktor Ch.mL!ry'H-rs2s BDdrD6r' PO Bor li' Hunse).
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non_linear fuDclions of rfnrperature and speci6 con.errrario[s. TIe nepro-Itode]ing approach establis-

hes ftrD.rioDal retarions ir rhe fornr of high-order Drulila.rar" Polynonrials bet(een . ser of inttrrs aDd

outputs.  T i r is  Drerho( l  has n 'cenr l t  been u*d for  conrbrsr iou srr lu la l ioD hJ Tur6nl i [1 ]  Bo'hA\ \aod

RM Derhods u* a lraiDing ter ofirputs aDd outpurs Nhich is ger)erated separatel) drd corresponds lo.

.henical  co| l )Dosi t ;ons lhar  ate accessib le dur 'ngrhe acruat  s inru lar ion SiDce rhe probl 'm is  Seared to-

\yard accounriDg for cl)eDrical reactioDs ir) tu.lrulenr conrbustior sin:ulations. the lrairtiDS *t is BeDerared

from rtre cherrical s).srenr of ll-"/c o:/or nrixtures using a r}ree srep reduced drcmical medrauisnr [5]. A

repre€niat iveselof ra luesfor fourscalars(mi \ turef ract ion.andnrolarabrrndalceofCO: H a"dH!O)

are used here as itrpur and rhe ourPul repres.nts llte chaDge iD coD)position of rhe reactile scalars; CO:'

H . a n . l H ? o | o v e r a c e r l a i n r e a . t i o D t i | ] ] e ' A l t h o u g h a s p e c i f i c f u e | a ' l d c h e n l i ( a l k i u € t i c s c h e D ] e i s n s € d

)rere. rhe nreihod can be e\rended to other fuel mirtures and Dore coDrPlex ch€nlical knreti. nie.banisms-

2. Artif icial Neural Network TYaining

T i ' e D e u r a l D e | w o l k a r c h i l e c t l e D s e d f o r t h i s s t u d } ' i s a | l l u l t i ' | a ] e r p e r c e p t r o n ( l l L P ) l h a l c o n s i s t s o f

an inpui layer. an outp t laler. and lNo iniermediale (LiU.') lavers A hvperbolit-ramgeDt func(ion js

u s e d a s a t r a n s f e r ( a c l ; ! a t i o n ) f u n c t i o n A n e q u a | ' l u D ] b e r o f D e u r o n s i n e a c l r h i d d e r r l a l . e r i s u s e d a s i t

r,roved (by iria| and error e)iperimen|s) that ir is easier lo traiD tr{LP net\lork if the nulrber of neurons

in the inr.erDal laters are balarced. Signi6canr difiereD.B i|l the Dunrber of neurons .au*s a 'bottlene.k'

iuncrion of infornrar;on rhat severety afecl ihe coDlergence oflhe algorilhD [?]. snDil^r ob*.val.ioDs

Figure 1: A trpical nelral networl predictiotr {i. norhaiis.d urirs) shoetnt rhe iranl B $b*r' the oritinal

samoles. and the ssodaied €Eors-

ha\.e beerr reporled bI deviltiers aDd Bernard 16]. The leatning alsorithn) used is the backpropagation

s.heme wil.h aD indiridual adapliv€ learninS rat€ faciors lor the \YeiShl matrics aDd bias leclors A coD-

stanl value for rhe nronrent u n term fac !o. is used. Th€ details of ih€ opriD isa tion procEs and sensiLivit}

analysis of the arcbiledure and topologr- of lhe netsork are described bI Christo et al lTl

In order to redute the possibility of being traPped in local rninina, lhe training of ibe ANN i5 carried
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oul  us iDg a subser of  l l r€  ongnral  t ra in ing sanrples The l ra iDurg sul 'ser  is  ge|erated randomh dur ing

the learn ing pro.ess.  To achiere srroorL behal iour  of  rhe a lSo. i rh | ) ) .  rhe s ize of the sDhser shdul ' l  be

70%-80(2 of  rhe s ize of  the t ra iDi rg s€r  ( , tee Fig.  l ) .  This  (oDrnnrous (dtnami ' )  raDdoDr isat ion of  t l l '

subs€i of the rraining san:plc is found ro gile supe.ior pe'forDrance- ir rernts of conle.Sence rate. oler

using a fired sel of presele.ted lraiDiDg samples

Figure 2 shows the aclual aDd lh€ associated ettoN of tle ANN model in appro)iinaiirg rhe in'renren'

ta l  changes l fco.  (knol / l ig)  of the react i le  s .a lar '  CO" over .eaci ioD l imel t  -  1 ;6/ r . '  The smal l

t o.omos
E'-

P o.ooooo

3 a.oooos

figu r€ 2: N etrral networt an d ReP.G modcltih t aPProximaiion ot com Pcilion .hanses of Carbon dioaide, A lco, '
ov; reacrion tine of 1.56 /tr. and rhe Lsociat.rt absotnre etois (for ctarilr" the ero.s disrriburio.s are shifted

magniiude of the e..ors and thei. 'rDiforn dislribution r|npli6 chai salisfaclorv converSence of lbe ANN

algorilhm is achieved orer llc €Dtire rar8e of ihe trainiDg sct, aDd is not confined onlv lo lhe sDbsr

3. Repro-Modell ingTYaining

Reprcmodelling {RM) IDeaDs rhe aPpro\inalion of a sophisricaled. lime consuming conputalional mo'

del by a simpl€ enpi.ical Drodel consisting of ore or several explicil fuDctions. In th€ special cale of

the R[t approach called parameterisarioD' lechnique, aD explicit algebraic fo nulatioD is obtained bv

nume.ical fftting of functions io th€ numerical elution of tle ditrerential equations which des'ribe the

chemical reaction. The inpul-oulput samples ar€ firted bv a leasFsquare approximal,ion with high order

muttivariate orthonormal pol)-'ronrial using the Gram-Schnidt. algorithnr [8]. To reduc€ rhe computati-

onal cosi in evaluating rhe Drulritariale Poltnornials due lo unnecessarv mulliplicaiioDs, arr apP'opriate

facrorisation, i.r. Horner equ.l.iotr, is us€d. The alSorirhm used does not ensu.e an opiimal factorisalion.

but lhe resuli is .lose to optimal.

The accurac) of tbe RM fuu.rions in .epr6enting the composilionsl changes 416:e, (kmol/ks) o\tr

enor (feglomdsl lunction)
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T o e ] i a i u e l h e S e n e r a l i s a t i o n c a p a b i | i t i e s o f b o l h m e | h o d s ' t h e A N N n o d e l a n d R \ t f u t r c l i o l ) s a r c t h e !
u $ d i o a p p r o x i m a c e a s e t o f c o n r p c i l i o l s t l l a | a r e c o l l e c t e d l r o n l a } l o D t e C s l l o ( I | c ) s i n r u l a l i o t r o f
a turbut€nr ditrusion name of H:/COr fuel usi}s the probabililJ densitv ftrncrioD app'oadr [i' 9] The

absolute er.ors obtained i'r approxiDratiug llco: for a rea'lion tiDe of 12 5 rl' trsing ANN and RM

methods are strown iD Fiss. 3(a) aDd 3(b). respecrivelJ. Reasonable accxracy is obtained ericept. for a few

r e a c | i o n t i n l e o f ! l ' 5 6 / r x i s s h o \ r D i n F i S ' 2 . T h e 6 g n r e c | € a l | } . s h o l r s g o o d a p p r o x i n r a i i o n i n d i c a t e d b l

snra l l  and uni fornr ly  d isr . ibured errors acros Ihe eDt i re satr rp ls  space'

4. Discussion

t
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Ficure3:Theab$ lu |eedoNdis t r ib t r t ion inmode| l in t |hecompos i r ionchMgesofCarbond iox id€ .Afco ]over
rcacttdn time t2.s ri: {al neural networl' model (b) r€rranodelliis fundion'

samples which .onslil.ute less tlran 10% of the sample space. The overatl generalistion performance, me-

asure,l in Lerms ofrhe e..or function ,', 1. ofborh methods are ve.y 8ood. Hovrever, it is bell.el (smaller

error funct ionl  fo.  the ANN Dlodel (  ,"  -  l0-?) than that obtained bv the RM lechoique (E - 10-6)

It is atso observed rhat borb Dethods suffer soDre degradation ir accuracy if the modelled compositioN

ar€farenoughottsidethertorkingrangeofthenlodel.Thisresulthighl ightsth€impoltanceofs€lert ing
rraining saD)pl6 lhat a.e adequatel! repres€nts the input/oulput combinations over a broad dlnanri(

range.Theappropriateselect;onofrr . i r r i t rg* l . iscurrent lvaDi le 's l ivelr ialanderrorprocedureard
'E = 11, (d, - yi )'. ftpre.B .h. diff.rtnc. b.r$*n rh' n'r'orl ' ou'putr v' md rh' ddircd oorpuir dir or" rh'
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rhe temperatu.e (T)  aDd lns f rac l ions ( \ ' )  o f  I I -  O and CO obla ined bv \ lC s iDulat ion wir 'b  A\ \

lnerhod conlpare(l |avo.abl}.' \Lilh exPelinknlal le$llts, \\'liilst the cu.r€nr arlicle is con.erned \rilh llle

a p p l i c a r i o n o f A ^ - \ a n d R \ I r o a P P r o \ i m a r e . l ) e ' n i c a l r e a t r i o n s i r t r r b u l e D r c o n r b u s t i o D s i r l a r i o n s t h e

ucilisarion of rhese Drerhods caD be erieDded ro appl;cations to. ollrcr non-lirear s.,-stenr ideDiificarion

proces€s. such as th€ dl aDrics and control ofa.obotics ain

5. Conclusions

. Artificial neu.al D€rNork and Reprc\lodelling approaches are successfulh used to 'epreseDc ihe

chemistry of ll:/CO:/O? Dr;x(ure accurarelJ and efficieDllJ

. ln general, bolh nelbods shoN good generalisalion fealurG but the ANN approach erhibiLs beiler

gerieralization capab;lities rharlhe Rl\t fun.tions llo$ever' sorne deg.adation iD tIe performance

ofboth methods becon:e noliceable oDc€ lhe mod€lled sarnples deviate significanllv fronr the rnodel's

dynamic range.

. Both melhods r€quire a Drodest. amount ofcomputer mernor) The cotupulational cosi of lhe RM

approach is less tbar rhat of tbe AN\ modelling honerer rle generalization of this ob*'vat;on is

nor conclusive. and require turther invesligation. The conrpuratioD tost of bolh nretlods is much

less in comparien to lhe CPtr tiDre of the dir€cr inlegralion apprcach The slorage requirement is

also negligible conrparcd \rith lhe srorage de and of loolt-up rables
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