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Abstract 

AIVC 10936 

This study presents a new method of interior air motion assessment using artificial 
neural networks. The air motion inside a building depends not only on the external 
wind velocity, but also to a great extent on most of architectural parameters such as 
position and orientation of building, size and configuration of windows, roof 
geometry, whether the building is stilted or not, etc .. The difficulty to evaluate the 
interior velocity coefficient, a non-dimensional parameter that is the measure of 
relative strength of the interior air movement, if we would take into account a number 
of architectural parameters; this encouraged us to use this approach. 

After presenting the general setting of our work, we introduce the neural networks 
in describing their main properties and the methods of their implementation. We have 
applied these ideas to our study and presented the initial obtained results. 

The utilization of the neural networks as a model-free predictor is a way of 
interesting investigation which facilitates designers or architects to take into account a 
number of influential parameters in natural ventilation investigating. Moreover, this 
allows to assess indoor airflow pattern without doing a costly experiment or running 
an expensive and complicated flow field simulation code. 

Keywords: architectural parameters, artificial neural networks, interior velocity 
coefficient, naturally ventilated buildings, humid tropical climate 

1. INTRODUCTION 



Air motion is one of the primai;Y factor~ whicJ1 1 . ~et~nnine h~an .comfort in ot 
climate, espe,cially in h1.µllid 1 r~gio.~s. When ;i suff:icft:1l).( airt:fbw to)t permjt 1a good 

ve~tilati~n exis~s; ,w_e can ,pbtain ~0~1fo t ~ buil(lillg~t~V.:~~~ou\1?.~~g any sf~te~s of '.>i,i, 

active arr-cend1tiomng. In associatton with other devices such as efficl'ent "solar 
protections -~nd good insulation of partitions, ~atura· "'ventilatibn maintain~ · thermal 
comfort in buildings. Air m,oti~n a(fts 011: fuern;ia' .c9mfo11, .de~re~i~g the ri&ks 'ofloc'aJ · 
ovcrhcatiQ.g and permitting. sufficient interim: .a.J. ,vclocifX. t? imp ove the e ap~ration 
of sweat. The air motion inside a building depends nol bnly ob the e'xtetnal Wi'nd 
velocity, but also largely on a number of architectural parameters. 
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The interior air flow behavior can be analyzed using methods such as measurement 
in situ, experimental study in wind tunnels and numerical simulation with . ) 

computational fluid dynamics (CFD) codes. However/ these approaches remain 
generally too expensive and difficult as a design tool at present for the majority of the 
..1- _; __ L _:._ -·· ,.,_ - ____ ,_;,_ __ .... r 1 ,., 1 
u1;;;;:,1011~1;:, u1 ,L11v a11.;uHv1.;L;:i Ll-JJ. • · '" . .1 1c, 'fi · : . ..i . '!/ 

Chen et al [3] has established the database.for as&essing indoor 3iirflow pattem,,he . . . . . I 

also proposed that since the database will only be able to stor~1 p. .ljpii~rr~,number · ?f 
the cases with several different parameters, diff,erent ·levels of ,int~.rpo~a,tiq r~J?puld qe 
outlined to interpolate the,, results·(from such :a d~ia1J~.se, 1 1".w.~ewo1il~on'.~; 1~ithin :.a 
database:! is' 'the ' mt of deducing ' 'use1ful. .infonnatio~ fo,r a sp,ecipc ~~wi . from a 

da~~~~-.. ~o.':ever, this ~drk h~s not ; ~_ove~ed1 the ~roblem p£ ai1j .~9w thr?1~gl1 laTge 
opernngf wnrc.h is tb'.e-·'rnaJtlr leleme11t of1trop1cC\l ··arch1tectur,es. • : ., ) ,. , . 

Moreover, ~1ere are many p O'ssibilitics .ef· arct1itectl;lral paramet<;Ji effHc~p11 4tte.i:ior 

air flow so 'it is bai·d ~ork. ~o i1:vestigate : the: effect ·of:all~o~sibiJi~ ·11s ifw1e;~b4-p1,l.~se 
one ~'r- all ~~the three m e~tigations descnb~d .aboy,e.T~us, t 1~ 1nece~sa~. to q~v~ $P,, a 
predicted method as a design 1tool. Arwarchit~ct OJ' · ~~~ gne~ should bf able to .use the 

t. , ~ • . - • , If n 1 t.>11 4 •1 

to 1 w ithout usmg turbulence .modelhng kn.owledgy .or per!.'9i;111..mg a cost eXJ?~,rn;p.e!}t. 
'the· re8blts obtained by the tool should also Q~ reaiistic atl:d,acpurate. With di,efi help.bf . 
fu'escb' two 1latter appr0a'.ches. We established ,C;l databas.e .con pmit1g the inflUyQCe 'of . 
arohi'tecft.iral design elem.ents .on interior 1~irflow~ 1wit~1 v;-ht q we aff~ .d the tr~inin'.g 1'. 

.Jio.:a.ke 6f1tlie artificial newral nets (·A 1'.Th.n, . , 
11 

• , r · , pII :i---u. -, ~ "J • , , ..l > r1i ' , 

ANN can estimate input-output functions, unlike statistical estimators, 'they 
eS~

1

unatel ·a :f:Ui1ctiO'i:i1Without a tnatl,ematical 1IJ10de 10f
1 
how outnq.t depends on j~ptit. 

t ~ I J ~.,t' . f f ( \ 1 

They are model-free ~timators and }earF,1. ,fron~ ,emer_iencr, . 'th nµ,ine.g,c~.,I s·~ple 
data. We can program or train neural networks to store, recognize.,and f_e,trieve oaftems 

• 1 • "' • iH • t: n r 1 
or database entries; to solve combinatorial optimization problems; to filter noise from 
measurement data; to control ill-defined problems; in summary to estimate sampled 
function when we do not know the form of the functions ['1]. 

This paper presents the prediction of arphitt1c~ural, P,¥;agi.~t1tf~ :'e.ffecJ. ~ ~Wef:?rt~ii; 
motion using neural networks. After presenting the general setting of our work, we 
ifitroduce1therne!ural networks in de~cpQil).g t!ieir .iµa.in. ErQp~rt~e~ atJ:d : t);ie methods of 
Uieir .implementation. we rhave ;applie,di thtjs~ ~d~a,Sr . tR OJ;ll"t ~t}.~dY, J fllld,pr~~~nte~ th~ fi:·sf 
.,,b·t - ~, '°'d' ··1·t· '" . . . . .. ' ·, . ". I ' ' ' '• ! o ain.., resu s.I' · . .,,,1., •.n 11r ·: :1. !J:rti -, , · 11o 1 f '. • • ., 1 . n '" 

"·r · . . "'' ' . . . , , t. 1 .. ,,•, H •i f! ·~ 1 lJ ' 'jf f ! ., 
• • . , 

1 
'. 

1
·' ··:1 l'J. ' 1 J!1I '.)1t1 ;() I 1'l 1i ',; · · fi :,~ I I •I I • ' 

. . ! .. ! • • ' J' \ ~ t: , ··- , ' I I I J. ) I I • 

,,''• J•)_• ;,j ') :1:'i l.'~, l~l~/·~,f'"fj')' rl , I•~,., I : 'l I , ' 
. ' ) l • ~ ' • I \ J 1 1 \ • ) ( t i' ! I '~ ::J f f ! J ( ) If j · j · r j ,r·, ; ,· t • 

ii:~),' 13 I I; i '. '. I ' . ~ , ' ' . I \ I ""' , ' I 

'· ·l.j ... r; i ,,:~1~!·.11 ,.: 1 i'ji~1H !l :.·::1: ·:t}t11 (1.~1~; ;'!j 1 f; f;n 1, . 1 ~;! .__'1_., J:!'/~ ·{".i.. ',J f ; j: 

·2.'INTERJOR VEL.OCil'ifiY~.coEFFiICUDNT .; ... ,.,., \""'"' , h .· _ .. · , 
1 

~ .. r. 
1·\1r, .1 .. .. 1:~. , · .... ~ '{.,.~~.] ':,,,1,.1··, ,;:·1..1.;I~ ;. ·: ...... ;. , ),.:,\ 'r·,,·,:'" i ,,:I• ."' ,:'>:i:i ;-,f,1 ifl,~1 ,',: 

: i .~·; ~) i f..l.J I ~ in · , / 1 "~ ·2: h, 1 '/ , ) n Jl;f ·i:1~ 1 1 • • •• i(.1'-i')i:"r·~~ ,; / / '),: ./ ··,··.J lr111.·1·r ·I, 
· 1 'jJ J~r[!')j [.! 
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The ,9qmP, letci , d~terpnriatio1:1 Sf ~elocity ' field in the building requires'· either the 
utilizattop. ~.f :ex.per~e~i¥ ~v.~'.st~:Jtio~ or· t11e tJtiliZation 1of numerical stmulations 
(CFD codes). ~p.e meas_itrin$ of .fAe· relative st:r~hgth of the interior irir movement in 
the ho~~ntal plane, wi1ich,-is 1'epres~ntative ~f the occupied ·spade of the room 
generally,

1
uses a ncin-qi~e~H>inal,pararriete~ cali~d the coefficient of velocity. 

):'he ypl9qity coet:n~ienf was: 17sed 1:}1~t. is defined as ihe ratio of the mean air 
velocity inA}e ~one ~W<lied witp_, the a~ velocity as a reference point in the 'exteriOT 
flow at windward of building. .' . ·' ' · 

'·''' 
!, ' I 

" 
1) I /t I, 

(1) Ii 

. , .J 

I ',, r1 

Where, CV is coefficient of velocity, V;is mean velocity at interior locatio:nri (ms~)p vr 
is mean outdobr referencb'free-stteam veloaitysat the reference height (m:s-1

), and n is 
number of points meastited. !' J ll 

The simP.!<f foqfiafism 'of thi-SJboeffiiHeht definition: conceal& the di~culty of its 
detem1inatiori! t1iiJ.1s .d~tertrunati'on is carried out by'10ne of the, fo llow.ing:_ 1, • , , , 

• Jn sit7:'v .exr,e~ne~~ti~~ 0n ·:ccinsi·or builaings :~5}. Xb.is· m~thod is not:µ~ab,lejn,,~~, , 
design p:h'ase, except ifthe'Project involves•existing-.strnctures:,, :•'. I ',' ! . . .. ! ' ·. ;: :. 

• For some m9dels wind ·hibne]J•expe'rttnentatibn [&..,&]:."§J'bis m~bod fa~"ht~es .. the 

s~ft¥. . ~.f ~~Bi.te~~r~l par~~te:,s. b~Hetriaiins ~fficult. _ ,: ~r . ~ :. : ,-, , 
• N~1encal . sm:rul~t10n (computahonar fluid " dynanucs) [9-11.P]. c.Tlus 01e.~l:i,od 

. 9't~on1l!s ~ ·~~sy' tc{ , ha:hdle · by · the conj ofi:red .. improvement of ~ome .1 q<>imPUi1ers' 
.1frrformhnces a:iid some algorithms' Of·Fe'solution Which ·ai;e,m.ore ap~~~~i!lle.l I~ e;,·• 

frl'pi:fictiic~, these ways of investigating!.-cohstitilte a ·database. t)f,~~aQl.e ~01"'.lJfdge ... 
i~ .or~er tb "York out SOIDC lWCS of tlesjgn.or'm order to define ,a CQf:Ey}?-tri<;>:g. i~~ye~a.l • 
authoi~ 1 [7, 8] proposed thus · the correlation use<.kto. evaluate .. tbt:!1i.Atetipr air. motioJ;J. 

r · v ~ .. 
affected by som'e architectural parameters:· @ert'erally the prop0s.ed Q9n:~lati,Q yJlIJ;i~~ ... 
O!I_ spme simple profiles and . takes into Co:hsideratiOifr one .Of, .. ~two. ,ffifluentj,~l, 

•: : J ~ : j : ; t ·~ ~ ' 4 I ' f /. . ' ·, • parameters. · ·· · · ·· · , ·' r,, ,· .: ··i: . 11 ·:1 t :. , · 

- ~ To. ~~e i~fo . acc~uht11tbe -multipt6·'p';ll"ain~ers:i~J> 3) in the est~blis~en~ ~f tljie 
co~eiftio~ ~~· .Y.~1~, ~if~fa~lt ~f rlo~_'iinposs'ible. ·.This encouraged us,to try, a new w~ll:Y· 
us111gneuraln'etw<jrk~ · · · . . 1 

• • :. ·.; .. <, · • 1 ir :' ·: '! f · ;· 
, •; .!:, '! ~ I j , i._ ", I 

• • I • "1 • ~ / I. j ,.t - l 1 ~· :- : r ' fl ( .11 • • ; ,-; 

ii . ,I :; f 1 ;j? r· ' . 
r · I ' ,, ' '. , I: 

I • ., ' ~~, ' . ' I ! • L ' • I ~ j • , , • I 11 I ' '.'.\ 

3! 1.AR'f1FtCIAL NEl1liAr,NEtwoRKis1:. :' •!'; ;,,,_: ,.-l~i ; ::,,:_, .: /, · : • .'[·1,: .! ... /" 

I '-! . ' . , ']• '"~' ;f'.'l: t ';'.;;·;;:. ,,-;: ·: I .. )< •, '. . .... c. ,. .. ~ ( •'"!.::.;, .,,, I •• ,,:: {" 

Artifi8ial: 'A~Jr~l :.n1etwotk5' W'&e; irtverited in' ;th~, spiri·t iofaa biological :~~ap4oir. .. J~~ 
bio

1
togical fueti~ho·f=to/' neurafl het\Vorks'' isl tJlie. h)'Unan brain .. Like ·th~, prain, th~s 

computing model consists of many small units that are interconnected,/Jlb.~se 'l,llill~~ ,(9r 
nodes) have very simple abilities. Hence, the power of the model is derived from the 
interplay of these units. It depends on the structure of their connections. 

In 1943, MacCulloch and Pitts proposed a mathematical pattern of biological 
neuron [ 14]. This type of neuron posses's~!rn 'very.rs.mp le· d}'n'aniic. The it1Jl~1t .signal is 
valued as the weighted sum of excitations coming from the outside. From a 
mathematical point of view, a feed-forward neural network is a function. It takes an 
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mput and produces an output The mput and output are represented by real number. A 
simple neural network may be illustrated like in Fig. 1. 

This network consists of seven units or neurons or nodes (the circles) and twelve 
connections (the arrows). The terms wii applied to each 'connection are called weight, 
it indicates the strength of the connection. C:onitections with a positive weight are 
called excitatory, the ones with a negative weigh~ are cal\ed,. iajiibitory. The 
constellatipq. of neurqns and connec io1i is called the c\.tbt~tectur~ o · ,Hie topology of 
the network.' ·· ' ' ,1· 

.,,· . 
' !/ 

' /,( 

·~ 

1· 

... 
. ~ \ 1 . .f. 

•1••j I 1 

(_}) 

' . 

Jn put 
layer 

! J I\ I!)''.:! i; 

II ./ t• I 1:: 

Ji')I '. 1
\1f'1,, I 

~· .. ' 

:.,i ( ·1 : . i 

Hidden 
layer 

)I I 

• ~ r; ' ~ •( , J I 

Output 

' ' \ '· . ll ,, ') 
. i l l' I \ I ~) l' I 

i r 
~'1,1 

~.')t. , l 

, l~yerJ l'.·iS! li 

" 
Fig. 1. A Iietlt~l network'. 
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Fig. 2 illustrates how information is processed through a single node. The node 
receives the w~ighted activation of other nodes thr~~gh its incoming connections. 
First, these are added up (summation). The result is passed through an activation 
function, the outcome is the actiyati.~ru of, the _rlode: 1F<1r 1 each Of 'the outgoing 
co1111ectiol'i.S, :this•' aci~~&!io~ ) ~a,\ie .. i~ JD.lJltipli'ed .rwithl •the •spe'i .ifib

1
' · w~ight I and 

.fi .l..d I h d1 
, • • J ' ' 1 ' ·ltrans em.:: ·'to t enextn9 ?· r ·· ' t:. : 11r ', • · ·'· 1 

1
' •• -

1
' 

r, \ , ,'; , 1 1! 1. '], .'I 1 .,, ,! • '. t 1 11\ l• .. l ' " 

/ Wt;., )I 

I 

l 't '• 
CJ --)> w2 )I 

·~ ~:·/~ 
t''I'·· ·\')'\,: 1 '·di I (!( 

: _;\\ ', . 
Summation Activation Weights 

\, 
( 1 ·1 j ll l ·i: .' I ) I ) ' • 

. ' \ \ \ t~ ~ \ 
Fig.( 2. Information processing in a neural network unit. 

• t ... ··1· .. ·Ii ' .. .,,," ' L I<) \\ 1;11:. J ;, ' '""' 

. \, f:\i_le~ .1~ffr,i;~nt ,thresfil0~~ · ·~cfion~ ~ are 
1

1 u~~e~: }(.i~ )~17ort~nt 'lw.t a 1trae~hMd 1 

:fu#s~!PfV~1 31on-lµ:iear;,o.ther:w1se a"multilayer network 1s eqmvalent to a one layer net. 
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The most widely applied thresh.<?ld functiC?n is the logistic sigmoid like the following 
~ 1 . , .. , .. ; •.J ' ,JJ \j .l 1 _,. • 1ormu a. · .. ., · 

' " 
I , ' •, I'. 1· 

. !~ : : )') p:(~) = 1 ' ( ) + .exp -x . 
I·/ 

(2) 
' 1--·\ 

.J (_ ,~ · I ~ i: J' , J , ' , f i .. ' . 

j ~-

• 1 Thert:i are a few &h~r ac,tivatj~n fun~ti~ns in use: scaled sigmoid, gaus~{~J;J., sine, 
· ~'. hyperbolic farigent, 6tc.' Howev~r, the sigmoid is the most common one. It has some 

benefits for back-propagation learning, the classical training algorithm for feed­
forward neural networks. 

At the beginning, the wetghts of a network are randmp.ly set or otherwise 
predefined. I:Iowever; only little is known al:>0ut the mathematical properties of neural 

~ - --- .•. . ... · 
networks. Especially, for a .given problem, it is basically impossible to say which 
weights have to be assigned to the confi~ctions to solve the problem. Since ANN 

'•. 

follow the non-declarative programming paradigm, the network is trained by 
examples, so called patterns. 

Back-propagation : is one method used to ·train the network. It has many 
predecessors, it is very reliable, but a. little slow in training strategy. The training is 
performed by one pattern at a time. The training of all patterns of a training set is 
called an epoch. The training set has to be a representative collection of input-output 

1 I i>·I' 
examp es. '" · ... 

Back-propagation training is a gradient descent algorithm. It tries to improve the 
performance of the neural n,et b,r. _redlJ.8ip.g th~ error along its gradient. The error is 
expressed by the root-mean.:.square error (RMS), which can be calculated by: 

I ,'-, , - ~·-

)\;.t. ' JI' 
!! 

p •• l 

.. f " 
~ ! . .. :... .,, .. ·~ !I i' , ~ • • '"" . 1 I .. • 

~he erro~ 
1
(E) . is . the 1hajJ\,the '-stun : off i fu~: .. geom~tric.'' 'a.~~tage~. qf ·~e :difference 

betweelf .wo~~ct~c;l, J.ar_get GO: and,thcmtcbtural ouq)ut' ( o) 
1ve_~t'drs · oyer . ~ 11 it'attern (µ)nin 

' each fra'lriing. step, the weights (w) are adjusted towar<l·s' 'flie '<l{i·ection of maximum 
decrease, scaled by some learning rate lambda (A.). 

,.c --(-8E ''8E .. oE J i1 

VE- , ,. . . \\ 
owl ow2 own 

'"' ·- ... 

wnew = wo1d - 'AVE. 
.• \ 

.!:··-· - · ,1.' 

The sigmoid function has the property 

•· 
' 

..... 

(4) ... ·-
., 

/ ' (5) 

.. ( 

d 
.dx cr(x) = cr(x)(l-cr _(~)~1·-·rY • f'f' n:.'d:;rr; ,,J\nl (6)~ , ' 
H . ,,j "I.' ;n I'> ' .r.. I 1r1 ~ , ... . ., ' ' 

Thus the derivative of ~he 1 si&Wqid;·;,cap: 0\Je;,·Cbmp.lilted . byi applyihg j~ple, 
mu1tipli!eatil'.>ril·and · shbtraGHor,i 1op~~~~W.s.1 OI?- ~~W '!Y.&ults:· of,the- 'sigmoid furtctibh 1t1self. 

. l -· , .. , .. ·\ I ' 11 -' 'I .-. , . 
Ir ·;.'_")\IL - I\\ u 
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This ·Simplifies the con;iputational effort for the baP,k-propagation algorithm. In fact, 
• ,. • , ,. , 1 • i _.,. .. ~ ~ ~ 1 , / i__ : , 1 J ;, r · 1 , ' • 

the equations for weight changes are reduced to: · . ' · ', · ·" 
" .. II ' I . I • I I • ( d .. ,,., d I. l 

··r ·. ' I •• 1' ' I 

i'ii l . (7) .. t .. 
I • I ' • 

0 output = -( t output - O output) (8) 

\ \;' 

8 hidden = cr I ( s hidden ) L 8 i w hidden,i (9) I 

There'·~~~ 'diffe~enf t&ictionS''· for coni1ectiorts to' hidden arid dulput nodes. Tlttn 
unpr9cessed:~um (s) for ~ach neuron ha~. to be stored befcire'.the:activati&n function.is '. 
applied to iL. Then, basic alge6b operati'o;ns like

1
multiplidttion and' subtraction are 

sufficient to perfo:i;m the weight'changes. ~ ' " 10·~ •r ·· r " i 
; ,. I Jri '. u- '.'. Jjj 1 '\ 

4. APPLICATION OF THE NEURAL NETWORKS , 11 

A neural network functions as a universal predictor. It can learn a pattern set and 
output as it would dictate on unknown patterns through generalization over the pattern 
set. Here, it will be applied to the prediction of interior velocity coefficients as 1a 

·- functionufarchitectural parameters (PAN). A G, can .. be fornmlated as ..fullo.w:s: 

,., CV~ f (PA~ ) 
I 

. ' •' (10) ., 't , ..... t 
1 1~ , , • ) • • 

0 ~f '1 ' I 

1 The dat~base provides inforn1ation about average interior air velocity pre§ebfed 
1 '5~ : 

; .!~~~rio: v~ld:1ty co~~cient -~~~- to any arcbltectural .el~ments'. The struct~1re ?f the I 
database ~S: as follo~s . It cons1s,ts- «;if .a nwnber-of linnted paus: a c~mbmaq..on -9f · 

I architectµral par13-111eter ·and(its interior ·velocity coefficient. Since tlie effecf of a' new 
; combiftatjo~ of ,iu:C;

1

bitecturaI ·parameter on iI~terier- air:(low' pattern' will ..b "•j>redicte6, 
:- wecbuld;use ~for this purpo.1 e. . ' . _ _ r ~ r __ __:·ri.: 1 

" 1 • 1 ' 
1 

• •' , 
' ~ I I \ ( 1 , 

· Among the, elFments-whieb sliot\id be taRen into con~idei.itit)rhn1 the "design bf1a 
I 'l • I 

network 
1
are ,thLe follh\.Y·ing: - -! · .. _ · . 1 ~ • r .,_.,. ·· _ .. . · I~ '.1' ~ 1 

• The c?nsti~~911 'of a training ~et anq a generalization i~!. ~ ·~r, : · ~-- _· ~ 1 r ·i · 1 

• The prec· se«iic.lll.t cture o.f tbe' netw~ k. _ .. _ _ '.... !~ · ,, . 1~ h:r: 1: :1 q 

Th h
. ! J,.. ' ) • • j • - . e c 01ce 01 ttammg .. parame ers. . ___ .. _ __ _ ... , 1 " 

~ There
1 
are n~ ' rel'.iflli'le guid e.li.m~R for ~et.errti.ini~g-~he appro_r~~.te Tillmher·ofnei . .rc~fiR1 

· in .a !lridden Jayei'. .. 0
1

·_for !deci£l"ng how rnanyi hidden ilayers there sb.0.ilcf b.~ . ~f.5l1 
~ ... Stev~~ort'. [~ i6~ n/ !.!lPPW11: t!1~t ~a· ~~4e1? !iay~~.s ~r~ e~_?'Ugh. ~~ · P~~~-~o~ ~€Ci~~t~'bl~ 

resu~ts .. N~trvo_!;ks W1fu !llO~e thaa t'Wo bidden layers are·rare. .mainly Q~c;a . .Sx llli.~y-~ 
. diffi.QuU:~~ tr~iq_'. 'Fbe c'?_n~jitution ~f t~e trafuing .. set -involves obtallringt~e µlput ~P:c\ 
_ the.~utpi1~.par~e~~r~.:._~n ~~~ I?!~s~nt ~~s~· ~~~i.t~i.~!s ~~ ·~: 'Y'~~9:9l!i~ctip~s' <}Ild~~Q:t;n1 
'!rchi~ectura.f .B.~ra~et~rs.?_ ~e o~~~~-~!~ .. 1~ mte]flOf! YIY. ~c;1J.y 1fo~:W,~~~nt,s-,;;qJ~ .. l.<»:~~-

1 _ the space rC}f ~he ~tl'aliting s~t and the width Of the iupuf speq~m11 • ·• GP'V:;((re,; , tlw .. R~er 
' - ··----·- . --.. -- l ··- . .. I • I 

tberesultsaclV.~ve.d. ~y~~~ng-, l. ~ _;-· -~ .. L _-__ - :: .~ .. 11 .. ,.,.( •1 •• ,, ... ; 1J i; · 

Table 1 shows ;the mat.fix used fpr' the u,iput daucand the as ociated ·<;:;-va,ues-:- ~t 
co~ta~s the comtiinatio~ ~f ~<;:_liit,e~tural l;lID'ame ers- W~f.t~.~ ; .~e , .?ri9n!~~~O.J?. ~o~· ;b~ 
~~lding, the fo~.:. and the cotffi~1ranp11 of the roo ·. ; ~l ~hfir pie ?t~l~~np ·~~ ... s,,,~.~~~,, or 

- ·-·- - .. - - -- ,,, __ - • - - ··· -· ., - - .. - --- - J 
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not, flo~r peneti-ation;
1
ovethahgs;the size and location Of'windows and the presence 

of wind cheeks or mosquito-nets on any of!the' four si'des. In rthe present case, two 
types of training setrwere used. The first incorporated the real values of the input 
parameters and the t~: For the second, the numerical values were normalized by the 
formula: 

{ X - Xmin ) 
x. = ---'-----'------

' ( xmax - xmin ) 

(11) 

whe~e, . X; ~~ ·nQIBJ_al~z~~ valu% ;~ is ot;ig~_nal.)ralue, tpiil} is mi~~1;11~tprigin1at0al~~; and 
xmdx1s,max1m~\;0J;"lgmal val,y,e.~, :'J r ,. • ·i' . ' 

~ Nq~~liziJJK.ofJ the trai11:i:rw inpvts g~ne~~Ny,~pr~res ~?.J qua~it:Y, of t"!l'e trainmg. 
The trammg was based on results obtamed by nwnencal simulahon .(STAR-CD and 

• , • • I -

FLUENT) [9-13], and on measurements made in a ntimerical wind tunnel [6]. Fig. 3' 
illustrates architectural parameters treatyd. ~" J . , .. 

• .. ·'"' rr-~f:'.J' i ib~J f ' ... - .J" •t 1 1. • I' • J, · ... 

'-i' ·~51.u,. 1; iJL ... ~J.l"lj! !'­
INPUTS: ,(.,,";1. , . . ··t; · .if· · .. 

• ,> ',' t rr l "' r .<'I• 1 : . I 

Number of cases 
Architectura 

p~r~~~~~rs 
ti· 5 !JJ 

~u~Jding drientati?,n ~ . .. , 
Arc oflqugitudii~a~ sec.ti61\ , 

'· . . .. ,'j :_,, 

• f i I 1 r ( "' • L~ . ...,,, ...... f. i,. I:!.· i ,; -): 
I 

~ 
1 ED.co- "'Normalized 

ding coding 

' ' . 

1 

Angle oflongitudinal section 1 ,
0

,, . .... · 1 ) .i1 . f()'901' r' !•,,o,n, ·1-'11 . . 
-1- . ' ..' J 

.Nlgl~}>(\on.git11qinaj se,ction.,~ . . , . ff . 
.., .. ,. , ' · 

1 
'- [Q,90] u• (} ,J 1 ::.: .'[ 

Angle of transverse section 1 90 > O '• TO .[0;9,0J,' J "1 ; 1• 

90 
I ' 

Angle of transverse section.6 . {' , , 
Arc of transverse section :hrn 0 ··· ·•r • [.Q,1] -· o· 
Stilts l. ' I • , . .[(Pr. '_-)_',. r ' 

., -
Floorpenetration• ·:;l.•r . ..jr.;,,-•;; '•r/1 .L1 1, r i'. .:3 1rQ :, .,. if .i , [0,11,. 0. , , 
Ntltnber bFwihdowstm·windw:atd:sider···"'· , ., .. : ~• :t .'-~··J: 1 • • : ( [O.~]., : ~·i . r r " 

.P6rd§.ftyro:f:wihdward w91lh·~ ::n 1• : N:.1 :r•piJ ri3;Q.;; · 1!; , H' ri, [0~1100]. · 0 ... 30 . ., ... ,, 
Wi:t:iu'clieelfs'0ilwindWa:t:dsiider; ff•':y:;I, ::il.lhi1 ... 2, 1'::11; '" J! r.~· .. ·[0,4]. _9,.,sq,,, .... 
0 • I h:.fl: 'l'}J " " 1 . ' , . I . 1· 2 fQ 2] (\ 6Q Ver dllg~ -~~.l,;.i J' n.·~' .' :f).·~ 1 ;:;r~ ~( ' L L1.)l~ .;: iJ )J • c.1.:' ;..,J [.:J'.! ... 1 ~- ~.; ·:-:·; ~J·. L 1:: J:! 

Nl1ri;iberbr-wintr6w~:hh ieewara·sidet:•i :irr:~ '.J" ~ :-2•Jr 1~ u(' '.! ~ .2 ... )~·. l[0,2]:1 1 ... J ... _, ·:, 
Pot6sif.YoTte-ewardi\VkiP~1 ·~ !rFw· '"' 1 1., rfii:i1 ·"3'{)'r irJl.Ji 1'; ? b':! :{0;10,0~ .·,,030·; ,11 

,Wind, cheetcs on Jeeward side 2 .. ::,1 " ' J 1 •1 L[0;4~ri · , 0~50 [Q,1] 
. ·overnangS, v l-'""· · · ::1, Hi r;"i.J· f'(' ~r "J11 r·1r.2· )1 , .. , Jr , iJ[0;2] 0.60 

Numberofwincfows·onngnTsid'e',._[ _; ·UJ. ( ' ' · 1 o~r'.. n" · . ·;~o,rz] o 
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Porosity of right-side wall 
,,, ,r 0 )'11! l[i [O;lOO]i 0 I 

Overhangs 
~ 

•1.2 I , j • I )j [; r .[0,2] 1•0.60 .ir: j .~I 

Windows with m9squito-nets 0 nc . . ' ' . [0;2] ' !) 0 ':ii . I 

Number of window~ on le~ side .~ 0 .~ -: tl(0,2] ~ .i Jf r 01 .. I I ... ) 
' 

Porosity ofleft-~ide wall 0 !1 I '[O;lOO]r ' 0 ~' ··J· 

Overhangs r1 •1., 1.2 ·'' 'Ir ,. ,. [0;2] i 1 "0.60•· "I 

Windows with mosquito-nets 0 1, 1, " [0,2F' ~~ 0 \,', fr 
• I ' r1' H ,i !.:.:' r .. 

. I .; it ./ 1 1 

OUTPUT: 

' fn8'Pirfor vp)Jit>ifV l'OPffit>iPnt (f"v) 
:"':'"-:-----,:. --- • _____ _.J ----------- ,- ',l,1l C:yi 0.57 0.57 [0,1] 

I ' 

Table 1. A matrix of training and generalization. 

A: L of longitudinal section 1 

'1J; 

'(, 

!); .. 

, !3:,L•o,~ lpnaitudin,a,.t,seqtion 2i_·· 
C: L 1 

of trarisverse sectlbn 1- c • •cl · · • 
o: ..{;_; oftransverse section 2 

Leeward ,side 

Left side 

Fig. 3. Architectural parameters. 

., 

Roof 
geometry 

Stilted 
building 

The evaluation of the performance of the networks was based on the distribution of 
the inputs used in the numerical simulations (CFD) of 30 models, involving 97 cases, 
and by wind tunnel tests of 15 models, involving 119 cases: 

:g 



• The gata we;~ divided intp ... two-groups, one for training ··and the other for 
[g~ner~~z:':ltion or. ;-·validatio"'n-:- The training1 group had 166 cases, and the 
; generalizatiot group h&d 50 ·~ases. --, ·-
-F~! tbf._a.r.clll~e~ture -or· be netWork (Fig. 4), the following st~dures were studied: 

a. Networks with 3 .layers: 1 ifiputlayer -- 1 hidden layer - 1 outputlayer~- 1 

b. NetWorks wdn 4~Jayets: rlrtput layer., 2 hidden layers-·- 1 outputlay~f._ -· 
' - . ,; ' . 

The following actiYafiorf :functions w~re used:- sigmoid logistic._ functio11. (logsig), ·, I 

hyperbolic-fangeriffuncti6n (tansig) and· linear one .. (pur.elin). ·111·· J 

The number of neurons in a given layer can vary. In the present study they were as 
follows: 

- - -.. . - · .. .ANN with 1. hiddS?n 13;yer i ANN:with 2 rnd<l~;f~yers .. ...... . 
Number of neurons (Sl) 5, 10, 15,20,30,50, 100,500 5, 10, 14, 20~ ·2"8';-50 
Number of neurons (S2) • .t• ' ( .. , 1 5, 10, 14,20,28,50 
Number of neurons (S3) - 1 

:("' ~ •' '. ·~ I " t~ I ' .'.::. /-

R 

-

.. . ·~; 

Tab le 2·.; d!strlputi~n ofn~rons in the different layers. 
Input i, Neuron Ja}'.er 1 Neuron layer 2 

., 
p 

(RxQ 

l 
l;f'I "'-\, Q 

I 

Al 1::1 I 
~~ r 

cs2xs1r I ,.., 

I~ 
SI (S'.b<IJ 

> 

A2 

log•ig (S2xQ) 
O• 
f.ansig 
or 
pure tin 

!•I' '. . S2 

. Al ';,,, IQgsig(Wl*P,bl}- ,. · . 1\2 =}ogsfg(W2*Al,b2) 
• 1 ~ ... er ~ . 1 6" • . ,.. .. ..;{ or : 

, A:Jrr'~~nsig Wl*P,bl)., wi~ · / ~~ .= tansig~W2*Al,b2) 
'-O!M,·~" '· ' ·'- · or - · · . ..,_ ._ .;i_....... • -or , 

Al '"Wurelin(Wl *P;b l) ~ .. - ' ·.A2 .= purelir;i(W2*Al,b2) 
' I 1,) ' • ~ ' . . 

' ji . 

(a) ,.. 

l ! '·· . '· 
I . , 

'I . 

·•· 

. ',I ,: 
: ; ii J LI · i .. ':>~); 11; 

, ; :...1 ' .:. ~-I ( I ;' i i ;. 
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Input . 

···-···- -······ .. ····- ··&!.t ...... ........ .. . 

O n 

....................................................... 

i •,)'r 

-1 

a = logsig (n) 

+1 .............................. .. .................... 

-1 

a = tansig (n) 

..................... _ ...... ... "!'.~ ...... L .... .. . 

-1 
IJ 

a = purelln (n) 

n 

n 

. ,.;P,':vv I 
•••• ••••••••• ••••• • ••••H•i••• ••••••• ••• u••• • ••••• 

-1 

a = logsig (w*p+b) 

a ......................... l .................. ·· ·· --
-b/w l 

-1 
a= tansig (w*p+b) 

,. 0 n 

............ .. .......... ~ ........................ . 
I , 

J.. 1 1 I i 0 

a= purelln cw•p+b) 

(b)''"" 
Neuron layer 1 Neuron layer 2 

Iii 

. ~!I 

Neuron layer 3 
' I 

A3 

-
Al ~ - W2 1s1.'/i ~r::l · 

<-'2.>QJ ~fa- N~ '""'~ ;;;£ 
R ~ 

(S2xSI) (S3xS2) · or + - lllI1Sig 

v, ~~ 
" \J 

., ~ - (5,-Q) •• 

p"<olin (~ 'I purelin 

Q S2 
(S3xl) 

S3 

Al =logsig(Wl*P,bD f.-2 = logsig(W2* Al,b2) A3 = logsig(W3*A2,b3) 
or or or 

Al =tansig(Wl*P,bl) with A.2~tansig(W2*Al,b2) wit)l~ A3 =tansig(W3*A2,b3) 
or or - or 

Al= purelin(Wl *P,bl) A2 = purelin(W2* Al,b2) ~ 1 1 A3 = purelin(W3* A2,b3) 

I I ~. - (c) 
Fig. 4. An architecture of neural net}Vio.rks with 1 hidden layer (a), some used transfer 

function~ 0') and neural n_e~orks r.i~. ~.,w~-~r,n layer~ q) . . . l.. ,, . 
~~~e t'Jp~s . 9f, .. trammg; 1usetl ' were- back-propagation, back-propagation with 

foomentum., and Levenberg-Marquardt ·o'ptimizatio . The training algorithms have 
been implemented in the software pae:ka~e -A:fA'~L.Af' [17]. 

11 
, .,, ,·: .i''J ·n . . 

• •'\ ' ·:, Ill . • ' . • J t 1· •1•· .. , . 
. • ,· •I r ,. . . . . . ,, . .. '• 111, ··· ': . i.H h• , '· ' . 

,/ .iH' • • ;o;:l'"'"~d l' i l (I ~ '.d', 'ltf "'~. • I 1: ;\J:J! t 

i i • 1·, . I ., t • , _ i1 1 ,1. . . ' 1 l1. ··• \ i:• . ,J. , l1 1:.· r. I •. ' ,J · J ! • 
' ~ - .. ~ . , ~ ,:~ ~··· , I "•. . . ('I '"\•;' t• I ·; ·ll 

"5.1iE_sbj~Ts ,t\ND.DJScuss10N :1. ·,1 .. 1· · , q • • - • .. 
1 

,1, ·Ji .1;·~. 1 .. i 1• .,: 

' ' . I . .. I ' . 'II'" i "J tl 1("'11 . I • . / r J( . RI 1 r ~ ~ _, I • 

A number of networks with different numbers of hidden neurons were mn (133 
networks with one hidden layer, ni ne.tworks wjth-2-hidden ·layets), an.a the ne~o;kt 
with-the luwest Validation error(th~:fl1:i11#n\lm . ean-error ·in-genera1izafi6iiJ was taken; 
as the onWtium dohfi&JJ:atfon .. Jnitiall~/_t_ti~_errbrs. in .t;,otb -the,,traj'pingt ~M ,and:. the1 
' 11 ·I I J, ' • - · ·- ' I 111 ____ ..} 

generalization set should fall; however, if t!le generalization etror-start~norise ·this 
·.,!': - - . --
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' J 

.rl 

t / \ 

means that there are unmodeled dynamics in the net. Further training will then be 
counterproductive: 

'SUin-Squared Network Error for 40 Epochs 

10. 

10 ., 

10 ·l '-----'---~-~--~-_,__--~---'---' 
0 5. ~' 10 i ! 20 2_5 

Epoch 
30 35 •• 

Fig. 5a. Suni 'squared error and epochs for the best network's configuration. 

0.9 

0.8 

r 

/ ' ., 
I/ 

0.7 

> 0.6 0 
"tJ 
Cl> 0.5 t) 
:g 
Cl> 0.4 .. 
a.. 

0.3 

0.2 

:/ . / - ·. 
/ .1"'•1 : 

• ~K. •• .. 
t : i t - h: ·tdl •• · ~ ~ • ' ,,,.. ... 

' !l'• ~-· ,.. ,l \• " . : ) 

'" 0.1 fa.. ,V' "I 

., 1.' '. 

0 / 
0 0.1 0.2 0.3 0.4 : 0.5 0.6 0.7 0.8 0.9 

. , ,, , . r• : . ·1 i ··.AJafr.1al icv ' · . ,. 
J 1:., , ) I. \ • • I t • )\I l J: .~ • /j . \ /, t , ) I it l f 

Fig. 5b. Actliaf'Gv vbrsus pre~~ct~~ C,)11- ~ner,ali1Z;~tfon{o11 the bdst one, R.2 ~ :0.88~ 
\ O fl ..,,,-'\ { ~(! J.1 ,• • o • I • d 11 I ) • ' '

1 

, • I l J ~· J \ ~. ~ • an ' j ., r• I -1 ,.· li. -~-~ 1 ·.\ , ... - ... 
t • - • '~ :• ~I f ! " J _. .,•, ! t j 1 I J ~ ) . j I J J ' ' . • • ' '. .• J,, i_ I 

I 1 I · I j "-' ~n () 115 . . I \ )'_: r: ! ~ ~ 
"• /;j! ·.~~ii .I'. '- '· ·~ .. , . ~ f I l' \"'\"':i -=-y· ·. i· ':; jf,, l':~j :· 

. The results given in Fig: 5 ' ~wei-~ " .obtai~ed by Levenberg-Marquardt back-
propagation with 2 hidden layers containing 20 neurons each, the transfer function 
being a hyperbolic tangent function for all the neurons. These networki:; provided 
reliable results: 3.11 % of mean error in generalization>Tifo oe$t~re.srllts obtaili:ed are 
shown in the Table 3, along with the network configurations used. 

' . I I . 
· . .1'1 ! r 11 I I• 

~ 11 ': J .l!j 
.. , . ~ 

I .1 .-.!:.,I : f' ! )j ~ \ I 
11. .... 

Mean· erier m· trainibg 
' • . . ' (•j i'.J Ir• 

,, 

.· ·I 
\ .. .H .• 0: •I )_J 

' - I .. ~ .... . 

-' .. 
) 

, 

, : ·I~} l°l Jl · · ' 1 )\'i '" :·,, 

(" t· < ••• -. u· ll·•bt: ~.~'I. ')J 1 

,. 
.i : ,r ., . 1ff';[I I ... •'•" 

'" -· '· I 

.. ~es\(r.es" ~t~·\~~t3ioed- .. . ,1 ! '-" 
,, . I 

•.~ I I ~ wt1b 11 :hidderf"laye'r I A'.NN wit~1 ~ ~1i'clqen layers 
,Q.43% : ,,; I (; .. .. 

0.46% . . , .. ,. '•' 



Mean error in generalization "5.1% 3.11% 
No. of neurons (Sl), activation f. ~ 0, tatisig 20, tansig 
No. of neurons (S2), activation f. l;Jlogsig ... i .20, tansig 
No. of neurons (S3), activation f. -, 7 ,1, r. ,, l,J9gsig 
No. of epochs . 15 epochs 

I 

•. .40 epochs 
Back-propagation method Levenberg-Marquardt 

,_ 
... :i;,eve'nberg-·Mairquardt -

Error goal · 0.01 0.01 
Type of training set '!. norm~lized i ' . ~ normalized 

·' ' •i "f l 

\ . 
, . I . 

Table 3: The best results obtained. 

~1-- _1 __ ~-- _r ... 1 __ ~- ---~- ~- J1-_ L--~--~-- __ _. ~- ------~-1 ... _ .L1 __ ----1~..i ___ r"-L- ____ ,,,,_ 
uu;; \,;IlUl\,;t Ul Ult 111putt->1-lU lll\J lHUlllllg :Stl l:S \,;lU\,;li:tl lU Ult y_ua1uy Ul lilt lt:SUll:S. 

And the more ·space there is in. the training set, the better"the predictions. It is 
indispensable to ensure that the cases included in the training set cover the whole 

, r 

range ofvariatioris of the parameters.; ' ·::. · , . , . 
In spite of the proposed approach etwers ·t:pe. limiteqJype o':f prediction

1

: in single­
zone and output -- the interior velocity coefficient, we show how this approach can be 
applied at present and will be expanded as a design tool in the future. 

A limited database has been 1stored arid 'Used :to:Jrain the neural nets. The nets keep. 
their f~al w'eigbts I tliat are ·i'eady·'•to use~. ill the: predictiqn. To . outlin~ the average 
indq_or yr~I9GA~-i s·· arfuli·ctl-orr of;a-new combinatio» oj a~chitectural p~raO?eters which · 
was 'not pr'esentbd in the 

1
database or the training set, it ,is enoug 1 tb entry their · 

I • . • I • I . 

mu11~r~9'l-l. values. Fdr 
1
ea'ch1 parameter, this varies 'b.etWiven the mini.plat and niaxim~l 

vai\i~, ~s>i1~y. wci~'e i!lpidated in Table 1. For example, ,it ~i:t~ PTe9~9t ~~ effedi of k .. , 
build.)J.g .or~erlt~tion · varrable tliaPvaries1 between .0.-3;3,9° -clopkwjse fro~ Ndrtll. he•0 ·' 

prs),cedu,re o'f pr(;dictibn' is 'really' identica11With th:f; gen,y~alizati~n or vcl.J.id~tfon one. 1 

The
1 

prlnC°ipl~ 'of th.i~ biiculati0n'-is practically,r,c~idcd, in t~~ir.)ln~; ~&i~lits~· · rllls is 
important to note that if the ANN have: been :wain~.d. rt:bei~. PP;al '¥r~¥lit,s are as a us ab le 
form to commence the _preqic_ti~n process (Fig. 6). In our recent ·work, we have 
integrated this ~pproach irj.: t4e 1niodular i'.>roifammihg .. using TRNSYS [ 18] to evaluate 
the thermal comfort i.n the.humid tropicah;limate. Obviou~l)r,'the algorithms give the 
reliable and s~tisfied model and can be linked very well wi~h th~ other module. 

1 ; ! ri :i :' ! / 
' ' I . 
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Dafabas'e:--
. • t ,, 

- ' - ·-·:_: c;_bmbination of 
··-· . - C-<>mbination of _ :!. •. ,, . . -- - ....._ 
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·j : 
e Training process 

J1 ! 
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11 
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I 
I 
I 
I 

new architectural 

~,._~~ ...... ~~~~ 
I 
I 
I 
I 
I 
I • I 
I 
I 
I 

I e Prediction ll'Validation process .. 
' ' ..... -------------- -------------------........ , .... .-" 

, , . ,~: 
Fig. 6. A~'s applica_bility to evaluate indoor airf]9w due to a c~:Obitlation of 

I. 

'! ; :,· atchiteCtUral pa.rametef~.I> ' . ( 
"· • ~ J I r I ' . './\)A ., ;.... 

l a • .J , \ .: :_, ,,_,. ·:!) 
._:i • ! 1 1 u 1 • . ' r 

"" II •.__ '" '· Ir ~ ~ 

In order to setve 'this1·metl:loalas a design tooldn the ~u~~. it i~ int~r~sted to ·c~ver . . .. ., . ,. ,, . 
more and mor~! p~·:~eters s~~~ a~··mi~Jti~zone · airfl~w pr:oblems1 J;~1~.riiS7rest ~f :thfs 
~eth?d ~1olds ~ !ti}.~ fact th~t it l ·S ~el~1i1v.~~y eas}; t~ mtegl!ai~rP.Plf':<(f:OUs,yar~9;~;s. ~t 
is also llI),portant to establish the v1ab1bty of this . apP,roach to predict tlie othets' 
coef~~i~ub o/hlch _hr.e usable. iri evalua.tion . of ind.~or ; ~h-tl~~ --P~tt~m , ~uci~r: as !he 
spati0J ymiatio1u, :n'i·aximum : velocity;:~ local . indopt yeloc;io/i

1
; .r av~i:age pressu'.tev 

r~ I ( ' I ~ ,..... .. ,. j .() ·· ' f'j ,,,, , , 
coeffic!ents, .etc, I,n' tlie 'case' of expanding the ntunber of cas~~f;)f par~e~ef~ arid ·of 
?utput ,whip~ .;viil b~~ ~e~~ed, it_ ~·as = s.ufficienttto; re~tar~ the pl;i~~e 9f; _~~~?~k: ~~~ .. 
m_ 9rder to ~pap.} ~~t~~}&ht. _r-:1g.~? shows ,a,scen1mo, ~Qf, tl?ie fµ,l;~er ~o~·k~1 ;t~1 i~~V:e~~P · · 
th1.~ method as a 4es~~ todl1 that W'rll ·oover .morel prumrnete~$_.. , . · 

I I l ' .• d_ ~I h.. . : I 
... ,.. . ·' .' .10 •• •. 1 ! (Ii . · "•1 I : ~,, ~ ___ · _11 ____ ..._ __ _ 

·r " · C'. ¥ • 
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Fig. 7. A scenario of the further development asia desigil tool.' 
6. CONCLUSIONS ' , ' ; ,I ·i I' ; 

., II . \ 
The enlargement of the training set requires @nly a re-aettializatioh of; the' obtained 
weights by a new phase of training, and not a <l:Omplete redefinition ·of the~network. A 
certain number of disadvantages should, however, be mentioned: i, • J i . r 

The knowledge contained in a network is not legible, unlike that which is 
contained in the rules 6f an expert system.. . · i 
ln1'the case presented here; the constitution of a training set is a·difficult task, 
requiring the implementation of other means (experimental or 'mimerical~; · 

....:.' 1 Network deisign<is sti11 a: highly empirkal activity,. fdr which no :general :rnles'·exist 
;:· as yet.·· .'!•., ·1 1 -:''' ... i, :1.1 1 1 1:·J:•:'1t 

In' sum,, the use of neural networks ·as uriiveFsal predictors op ems ·up 1 an interesting 
fid<l of invesligalion. They; provi<le"Teliable resulis in cases where a number of 
parameters have to be taken into account simultaneously, and thus make it1p6'ssible to 
memorize applied measliFements or.numerical simulations in usable form.r :;r· ·; 
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