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ABSTRACT: This article presentsa rule-baseduzzy modelfor the identificationof nonlinearMISO (multiple input,
singleoutput) systems.The presentednethodof fuzzy modelingconsistsof two parts: (1) structuremodeling,i.e., the
determinatiorof the numberof rulesandinput variablesinvolvedrespectiely, and(2) parameteoptimization,i.e., the
optimizationof thelocationandform of the curveswhich describeahefuzzy setsandthe optimizationof theconsequence
parameters.For structuremodelingwe usea modified TSK-model,which wasfirst proposedoy Takagi, Sugenoand
Kangin [Takagi85, Sugend8]. For parameteoptimizationof theinitial modelwe proposesingularvaluedecomposition
(SVD). To optimizethe parametersf furthermodelswe proposeheuseof RPROP [Riedmiller 93, Zell 94]. We applied
RPROP to the modifiedversionof the TSK-model,implementedhe algorithm,andtestedits performancgMannle 95,
Mé&nnle96]. In this articlewe focuson the structuremodelingpart. By meansof two exampleswe shaw the performance
of RPROP andtheinput spacepartitioningperformedby the structuringalgorithm.
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1 INTRODUCTION

Fuzzytheoryfindsits applicationto dealwith problemswherethereis imprecisioncausedy theabsencef sharpcriteria
[Zadeh65]. An examplefor thisis humanlanguagerocessingLinguistic termscanbedefinedby fuzzy setsandwe can
formulizefuzzy if-thenrules[Zadeh73]. Operatordike AND andOR andtheimplicationlF ... THEN aredefinedand
sowe cansomehav calculate with statementgivenin this form.

Oneimportantpracticalapplicationof fuzzy theoryis fuzzy control: The desiredcontrolactionsaredescribedy human
expertsin the form of fuzzy if-then rules. Combinedwith fuzzification,a fuzzy inferencemachine anddefuzzification,
a setof fuzzy if-then rulesprovidesa fuzzy controller which shaveditself asa robustandpowerful controllerin mary

applications.

In this paperwe describea modelingapproach We exploit measurednput-outputdataof anunknovn processn order
to getaninterpretableprocesslescription. Therefore we automaticallygeneratduzzy if-then ruleswhich describethe
processinput-outputbehaior. Thisis commonlyknown asfuzzy modeling or fuzzy identification[Zadeh94].

In reality, the modelresponsés anapproximatiorto the systenmresponsevhich holdsfor arestrictedsetof inputs. Such
anapproximatiorcanbedesignedatanarbitraryprecision(e.g.,usinga polynomialcoveringall datapoints),but usually
you thenhave identifiedthe setof inputsandnot the underlyingprocess Whatwe aresearchindhereis aninterpretable
model, i.e., a qualitative descriptionof the underlyingprocess. For this task fuzzy modelinghasbeenprovento be a
suitableapproach.

Therearevariouskinds of fuzzy modeling. Oneis to describethe input-outputrelation of datawith a fuzzy relation.
Relation-based approachearefor exampledescribedn [Pedrycz91, Vrba 92, Chen94]. Somecomparisonsf relation-
basedapprochesanbefoundin [Postlethvaite 91, Bohler94].

Anotherapproachs to dividetheinput-outpuspacento clusters. Fuzzyrulesaregeneratedyy projectionof theseclusters
to the input spaceuniverses.Eachrule represent®neor several clusterswhich canbeinterpretedaslocal models. For

clustering,SugencandYasukava usethefuzzy c-meansnethod[Sugen®3], NakamoriandRyoke usefuzzy c-varieties
[Nakamori94].

In this work we have to dealwith anothemproblem.We wantto identify complex systemswith a a large number of input
variables. For this, methodsyielding a polynomialor evenexponentialnumberof rules(dependingrom the numberof
inputvariables)ik erelation-basedpproachearenotapplicable Thatis why we take a“bottomup” rule-base@pproach:
the algorithmstartswith a one-rulemodelandaddsadditionalrulesat eachrefining stepuntil the desiredaccurag or a
maximumnumberof rulesis reached The modelstructurewe usehereis similarto the TSK-models [Zadeh94], which



wasfirst proposedy Takagi,SugenoandKangin [Takagi85, Sugend8]. Otherderivationsfrom TSK canbefoundfor
examplein [Yager93, Tanakad4, Jang93, Yen93].

In Section2 we describethe modified TSK-modelwe usefor fuzzy modeling. We alsoexplain in detailthe algorithm’s
searcHor themodelstructureandthe parameteoptimizationof theinitial modelby singularvaluedecompositior{SVD).
For a descriptionof RPROR the parametepptimizationfor the definedmodels we referto [Mannle 95, Mannle96]. In
Section3 we demonstrattheway RPROPworksandhow the structuringalgorithmperformsaninput spacepartitioning.
As afirst examplewe choosea stepfunctionin orderto show the performancef the RPROP parameteoptimization.This
type of functionis relatively hardto approximatdor a modelhaving smoothsigmoidalmembershigunctions,sincethe
optimizationtechniquehasto find a very high steepnessf the membershigunction. The secondexampledemonstrates
how the algorithm and especiallythe input spacepartitioningworks. For this purposewe choosetwo Gaussiarbell
functionsasa morecomplex exampleof a two dimensionaimapping. Section4 closesthis article by someconclusions
andperspecties.

2 FUZZY IDENTIFICATION

The modelingis performediteratively. Eachiteration consistsof two phasegseefigure 1): Beginning from a simple
model,a new andmorecomplex structure(containingmorefuzzy rules)is choserandits parametersreoptimizedby a
learningalgorithmbasedon the giventraining data. This stepis repeatedintil the modelis consideredyoodenoughor
theborderfor amaximumnumberof fuzzy rulesis exceeded.

|
—ﬂ choose new structur#
!

’optimize all parameter#

model
good enough?

Figurel: Basicschemeof themodelingprocedure.

The training dataconsistsof M measuredr simulatedinput-outputdatapairs (@, y1), - - -, (@, yar) With @, € IRY,
ym € IR Form = 1,..., M, thefuzzy modelperformsanonlineammapping
A !
gm = f(um) = Ym; (1)

i.e.,it modelsaMISO systermwith N inputvariablesMIMO systemganbeidentifiedby applyingseveralMISO models.

2.1 TheFuzzyModel

The fuzzy modelusedis derived from the fuzzy modelof Takagi, SugenoandKang [Takagi85, Sugena88], whichis

oftenreferredto asTSK-model. Thewholefuzzy modelconsistof asetof R fuzzyrulesR;, ..., Rg. Eachrule consists
of a premiseanda consequenceConsequencesf Sugeno-lile fuzzy modelslike the TSK modelare simply a linear
combinationof (possiblybut not necessarilyall input variables.Therefore gachconsequencdefinesa linear mapping
or, geometricallyspeakinga hyperplanen theinput-outputspace.

Thepremiseof thefuzzyrule R,., 1 < r < Risaconjunctiorof n, fuzzyclauseof theformu;,, is Fj,,i.e.,it considers
thosen,. input variableswhich aregivenin theindex setI,.. Usinganindex setfor eachrule is necessarysinceafuzzy

rule needsnotto be completej.e., needsnotto considerall inputvariablesu;, j = 1,..., N. As wewill seelater, each
premisedefinesasubspacef theinputspace Therefore Sugeno-lile modelscanbe seeraspiecaviselinearmodelswith

fuzzy transitions.

Theinitial fuzzyrule R, hasfor I; = () theform

if TRUE then f1 =po1 +P11 UL+ ... +DPN1"UN,



andhasfor I, # 0 theform
if uy, is Fipand...andw;, , is Fy,,» then f. = por + p1r - u1 + ... + PNy - Up, (2)

with f, astherule’s (crisp) consequencealue. The consequencis definedby its parametergy,, . . ., pr, pjr € IR

We also considersimplified fuzzy modelscontainingonly one parametein the consequencesThesemodelsareless
generathanthemodelswith linearcombinationsbut they areof interestbecausd is mucheasierfor humango interpret
them.Theinitial fuzzy rule R; of the simplifiedfuzzy modelhasfor I; = @ theform

if TRUE then f; = po,
andhasfor I,. # () theform
if u;,, is Firand...andw;, , is F), , then f. = p,, 3)

with f,. astherule’s (crisp) consequencealue.

In our approactwe choosesigmoidalfunctionsasshape®r membershigunctionsfor thepremisesfuzzy setsF},. They
aredefinedforr =1,...,Randm =1,...,M andVj € I,; ujm € IRas

1
1 + e%ir-(uim—pir)

Fj (ujm) 4)

Theparametep;, describeshelocation,parametes;, thesteepnessef the jth membershigunctionin ruler. Figure2
(right) shawvs anexampleof two sigmoidalmembershigunctionswith ¢ = 0 ando = 5 (solidline) or o = —5 (dashed
line).

Therth rule’s strength w,. for theinputvectora,,, withm = 1,..., M; @, € Uy X --- X Un; U; C IRis givenby

wy (i) := [\ Fjr(ujm)  andbychoosingheproductast-normweget — wy(im) = [[ Fir(ujm).  (5)
jel, jel,

Forr=1,...,R;Vi € U; x --- x Uy we alsodefinethe normalized strength v,. () as
s Wy ("I) g _
vp(id) := ———  wherewehare ) w(d) = 1. (6)
> wi(1) k=1

i=1
So,thenormalizedstrengthcanbe regardedasa possibility distribution.

Thefuzzy modelperformsa mappingy : U; x --- x Uy — Y withU; C IRand) C IR By usingthe product inference
(Larsen)asfuzzy inferenceandweighted average for defuzzificationthe crispmodeloutputcanbe calculatedas

g = = )

Figure2 (left) shavsthetwo consequencef andf, (solidlines)andthemodeloutputy (dashedine) of thefuzzy model

Ry : ifuy is Fy thenf1 =140,5-u;
Ro: if u; isF2thenf2:1—1,5-u1

with u1 = pe = 0, 01 = 5 andos = —5 for themembershigunctionsF; and F», which areshovn in Figure2 (right).
Onecanseehow the modeloutputis formedby the two linearconsequencef; and f, with a fuzzy transitionbetween
uy = —0.7 andul =0.7.
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Figure2: Fuzzymodelcontainingtwo rulesfor aonedimensionalnput.

2.2 Parametetdentification

Adjusting a models parameterdasedon a setof training datais also called learning. For the given fuzzy models,
we have to optimize all parametersn the rules’ premisesand consequencesThe problemcan be divided into two
subproblemsoptimizationof the premiseparametersywhich is a nonlinearoptimizationproblem,and optimizationof
the consequencparametersOptimizationof the consequencparameterseducego alinearoptimizationproblemwhen
fixing the premisesparameter§Sugenas, Yen98].

Parametenptimizationis doneby minimizationof theglobalmodelingerror

1%, (8)

oy
S
1
<y
|
<y

wherej := (§1, ..., 9m)" With g := §(@m) form =1,..., M.

For the premiseparameteoptimizationone could chooseary nonlinearoptimizationtechnique. We apply RPROR a
powerful nonlinearoptimizationtechniquewhich was originally developedfor artificial neuralnetwork training [Ried-

miller 93, Zell 94]. We chooseRPROP becausét is muchfasterthansimplegradientdescenimethodsandit is easier
to applythanothersophisticate@radientdescenmethodsasfor exampleLevenbeg-Marquardalgorithms[Hagan94].

In this paperwe do not explain in detail how to apply RPROP to the given fuzzy model, sincethis is alreadydonein

[Mannle 95, Mannle96].

For optimizationof the consequencparametersve first apply singularvalue decompositio{SVD) which yields a nu-
merically stablesolutionof alinearleastsquare®ptimizationproblem[Klema 80, Chen94].

Letthe M x (N + 1) - R matrix A bedefinedas

Ul(ﬁl) ’1)1(’111) U1 ’Ul(ﬁl) *UN1 ... UR(ﬁl) ’UR(ﬁl) *UN1
A= V1 (ﬁm) V1 (ﬁm) s Ulm PN 'Ul(ﬁm) “UNm ... UR(’L—[m) PN 'UR(Um) “UNm (9)
'Ul(ﬁM) 1}l(ﬁM) Ulm - - 1}l(ﬁM) *UNM - - - 'UR('JM) UR('JM) *UNM

with v, asin (6) andthe consequencparametewectory := (poi P11 --- PN1 --- PoRPIR --- PNR)L We canwrite the
modeloutputy of all examplessimplyasj = A - p.

Thewy, in A dependnthe premiseparameterg ande. Theseareconsidereatonstantduringthe optimizationof 7. So,
theerror||Z’||? only depend®n the parameterg;, andwe have for the minimal error:
AlEIR _
Opr

(10)

By choosinghe Euclideamorm L, for || - || wegetfork =1,...,(N +1)-R

(N+1)-r

3|l <
oo Z 2| yq— Z am;P; | (—ame) = 0. (11)
pk m=1 j:l



With (9) we canalsowrite

2045-HTA = 0
ATAp = ATy
F = ((ATA)_IAT) 7. (12)

For thesdinearregressiorequationsSVD computed/, D, andV sothatA = UDV”, whereUTU = E, D is diagonal,
andV is orthogonal Usingthis we get

7 = (vD'UTUDVT) ' vDTUT§y  (A=UDVT)
= (vDTDVT)T'vDTUT§y  (UTU = E), (DT D diagonal)
= (DTD)f1 vDTuTy  (V orthogonals VVT = E)
= vD Uty (13)

Using the above approachfor consequencparameteoptimizationand RPROP for premiseparameteoptimizationat
each stepwe did not get goodresults. The reasonis that the linear optimization calculateshe bestsolution for the
consequencparameterén onestep. After that, the iteratively adaptingRPROP did not changethe premiseparameters
ary more. Apparently by applying SVD the parameteoptimizationof the whole fuzzy modelkept stickingin a local
minimum. We thereforeapply SVD only for the initial linear fuzzy model. For all other modelswe use RPROP to
iteratively adapt all parameters at the same time.

2.3 HeuristicSearchof Model Structure

The determinatiorof the optimal modelstructureis a combinatorialproblemandan efficient algorithmto solve sucha
problemis not (yet) available. Therefore a heuristicsearchalgorithmis usedto find a good but not necessarilyptimal
structurewithin areasonablealculationtime.

In this work we usea heuristicsearchvery similar to thatdescribedn [Takagi85, Sugend8]. In Figure3 the heuristic
searchalgorithmis givenin pseudocode. It alternatelydeterminesa new modelstructureM.,,q4, thenoptimizesthis

structureandfinally calculatests quality g.,nq. IN betweereachepochR, the beststructureof all investigatedstructures
is savedin Mg and becomedhe startingpoint for the next epoch. In every epocheachrule is refinedin eachinput

variable,yielding R - N possibilitiesto examine. Thus,at every epochtheinput spaceas oncemoredivided by addinga

new rule.

Figure4 shows the possibilitiesof modelrefinementso examine. The algorithmstartswith onerule containinga linear
model. In thefirst epoch,assuminghe refinemenin theith variablewasthe best,we have a modelwith two ruleswith
premisesontainingu;. Then,the modelis furtherrefinedby examinatingall 2 - N possibilitiesyielding to a three-rule
model,sayu; — u;, wheretherefinementn v; in thesecondule wasbest,andfinally thefour-rule modelu; — u; — u
in the third epoch. As an advantage the modelingneednot start at the one-rulemodel. One canformulatea priori
knowledgeby a setof rulesandthenstartthealgorithmimproving this initial model.

Whenrefining a model, the subspace&overedby onerule is devided to be coveredby two rulesafterwards. Theinital
partition (givenby thefuzzy sets ) is performedonthe middle of thesubspace.

The choiceof the stoppingcriterionfor the optimizationprocesss crucialfor the quality of the model. We usethe sum
squarecerror ||€']|? (8) to calculatethe modelquality. In orderto avoid “overlearning”,i.e., theidentificationof noisein
thetrainingdata,we divide thetrainingsetinto two setsA andB. Then,the RPROPalgorithmis performedon A whereas
the quality calculationis basedon B (crossvalidation). Thus, identificationof noisein A usuallyyields a decreasing
quality sincethenoisein A andB canbeconsideredlifferentandthetrainingprocedureds terminated.



R:=1 /* initial linearmodel(seesect.2.1)*/

optimize M, * e.g.,throughSVD (seesect.2.2)*/
calculatey; /* modelquality */
Mopt = Ml
Gopt ‘= q1
while R < R4 and (not modelgoodenough do
R:=R+1
gr == 0

forr:=1toR—1do
for j:=1toNdo
Mcang == Mg_1
Mgng = Meang + rthrule dividedin the jth variable
optimizeall parameterge.g.,usingRPROP)
calculateg.qnqg
i f qeana < qr [* bestmodelin epochR sofar*/

MR = Mcand
4R ‘= Gcand
end if
end for
end for
i f gr < gopt [* overallbestmodelsofar*/
Mopt = Mg
qopt ‘= 4R
end if
end while

Figure3: Schemeof theheuristicstructuresearch.

3rd epoch ui-j-l T

2nd epoch ui-ul -

Figure4: Searchreefor inputspacepartitioning.

3 EXAMPLES

In this paperwe focuson the heuristicsearchalgorithmandthe iterative way the modelsare moreand morerefinedat
eachepoch.The examplesshavn herehave two aims:

As afirst examplewe chosea stepfunctionin orderto shawv the performancef the RPROP parametepptimization.This
type of functionis relatively hardto approximatdor a modelhaving smoothsigmoidalmembershigunctions,sincethe
optimizationtechniquehasto find a very high steepnesef the membershigunctions.

Thesecondexampledemonstratelow the structuringalgorithmandespeciallyits input spaceartitioningwork. For this
purposewve choseGaussiarbell functionsasa morecomplex exampleof atwo dimensionamapping.

The evaluationof the algorithm’s performances describedbriefly, sinceyou canfind two examplesin [Mannle 95,
Mé&nnle96].



3.1 StepFunction

Stepfunctionsarequite hardto approximateéy modelshaving smoothsigmoidalmembershigunctions.Crispfunctions

areusuallyhardto approximatéoy fuzzy models.Thisis becaus¢he optimizationalgorithmhasto adjustthemembership

functionto bevery steepj.e., hasto find very high valuesfor o.

original —

Figure5: Original stepfunction (left) andmodelcontainingonerule (right).
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Figure6: Modelsfor stepfunctioncontainingtwo (left) andthreerules(right).
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Figure7: Modelfor stepfunction,threerules.

Figure5 (left) shavstheoriginal stepfunction. Fromfigure5 (right) to figure 6 you canseethe developmenbf thefuzzy



model.As expectedamodelcontainingthreerulescompletelydescribesheoriginal function

In figure 7 you find the resultingfuzzy model. All p areadjustedo the stepwhich lies betweer0 and0.05. All ¢ are
adjustedo valuesabout100yielding the very steepmembershigunctionswhich canbe seenin figure 7.

To find the resultingmodel, six modelshadto be examined. In the first epochtwo possiblerefinement{ N = 2) of
theinitial rule,in thesecondepochN - R = 2 - 2 = 4 possibilities. To optimizethe models’parameterRPROP needed

on the averageonly about16 iterationsfor eachmodel,so that computatiortime of our C++ implementatioron a Sun
UltraSparciwasonly afew seconds.

3.2 Two GaussiarBell Functions
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Figure8: Original Gaussiarbell functions(left) andmodelcontainingtwo rules(right).
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Figure9: Modelsfor Gaussiarbell functionscontainingthree(left) andfour rules(right).

To visualizetheway the modelingalgorithmworks,we chosea two dimensionafunctionasanexample.Thefunctionto
be approximateconsistof two Gaussiarbell functionsin the two dimensionainput space.Fromthis function, 25x25
equidistantandnormalizedbasepointswere generated (seefigure 8 (left)). For bettercomprehensiownf the resulting
modelswe chosethe simplified fuzzy modelscontainingruleswith constantonsequences.

The figures8 (right), 9, and 10 shav the developmentof the fuzzy model. The figures11 to 13 shav the found input
spacepartitioning (grey bars)andthe investigatedefinementgdashedines)for the first six epochs.The dashedines
alsoindicatethe initial locationof the new fuzzy setsbeforeoptimization. The fuzzy modelsof thefirst six epochsare
givenin thefigures1l4to 18in theappendix.



r=5 —

Figure10: Modelsfor Gaussiarbell functionscontainingfive (left) andsix rules(right).
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Figurell: Inputspacepartition,oneandtwo rules.
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Figure12: Input spacepartition,threeandfour rules.
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Figure13: Input spacepartition,five andsix rules.

In figure 8 (right) we canseethe two partialmodels:onerule with § ~ —0.26 for “u; small” (R, from figure 14) andthe
otherwith § ~ 0.07 for “u; big” (Ry from figure 14) anda fuzzy transitionbetweerthem. RuleR; is beingrefinedinto

two new rules.In figure 12 (left) you canseetheresultinginput spacepartitioning.




The modelof the estimationin figure 9 (right) is listedin figure 16. This modelcanbe interpretedeasily For «; small
(R2) andu; big (R3) we have f> ~ f3 ~ —0.23. Thetwo “hills” in themiddle of theu; -rangeareformedby therulesRk,
andR, by their positive consequencealues.

Figure10 shownsthelastrefinementsoundingoff the bell functions.Thefinal input spacepartitionis shavn in figure 13
(right), thecompletefuzzy modelis givenin figure 18. Thus,in this example the original functionis modeledwith only
six fuzzyrules.

3.3 Performancé&valuation

A comparisorwith four othernonlinearmodelingalgorithmstaken from [Frank 95] is givenin [Mannle 96]. In some
caseof the 40 modelsto identify the presentedpproachwasoutperformedy the bestof the otheralgorithms,but it
shawsitself asthe overall besttechnique Especiallywhenapproximatingherealdatait outperformedll otherregarded
techniquesln [Mannle96] we alsoexaminedBox/JenkinsgasfurnacgBox 76] asawell known examplefor adynamical
system.For this data,a simplemodelcontainingonly threerulesalreadyyields a satisfyingapproximation.

4 CONCLUSIONS

In this paperwe focusedon the structuremodelingandinput partitioningpartof our approacho build rule-baseduzzy
models. Theinitial one-rulemodelis iteratively refinedby addingrules,i.e., further partitioningthe input space.Every
rule canbe consideredsalocal modelandtheimprecisionof the fuzzy setsresultsin smoothtransitionsbetweerthese
local models.Weillustratedthis by meanf atwo dimensionakxamplein section3.2.

We appliedRPROPasapowerful optimizationtechniqueo theparameteoptimizationproblem.We foundit to berobust,
i.e.,working fine with its standargparametersandcorvergingvery fastto agoodminimum (seesection3.1). Thismakes
it possibleto built alsomodelsfor high dimensionatrainingsets(e.g.,N = 10) thatcomprisemary trainingexamples.

The solutionfor finding a goodmodelstructuremustbe consideregrovisionaryandit seemsworth spendingadditional
effort in developinga bettermethod.

Computationtime grows quadraticallywhenrising N linearly. This is the resultof the heuristicsearchalgorithm. A
strongerheuristiccan further reducethis factor For exampleby excluding input variableswhich are not involved in
premisesduring seseral epochs(potentially indicating that this variabledoesnot contrilbute to the modelandis unim-
portant),somebrancheof the searchiree (figure 4) arecut. This canconsiderablyreducethe searchspace.However,
practicalinvestigationshovedthatvariablesalthoughseemingunimportantatthebeginning,aresometimesieededate
in themodelingprocedurdo getagoodmodel.

Anotherpromisingapproaclis to iteratively refinethemodelin thoseinputspaceegionswherethehighest@approximation
errore? is made.Note, thatonemustregardregions sinceregardingsingle input-outputpairscancauseatoo big influence
of possibleoutliers.

The problemof structuremodelingasit appearsn this work is well suitedfor metaalgorithmslike for examplegenetic
algorithms. Tanakaet al. [Tanaka94] investigatedthe use of a geneticalgorithmfor fuzzy modelswith trapezoidal
membershigunctionsanda restrictedmodelstructure. Whentrying this, researcteffort shouldbe spentto the coding
schemesincetheapplicationof anappropriateodingschemdargely determineshesuccessf sucha geneticalgorithm.

Finally, onecouldthink of a“top down” approachnsteadof a“bottom up” method.For atop down approaclonechooses
afine partition containingmary rulesat the beginningandthendeleteshe rulesfound not to be necessaryThis is done

for examplein [Jang93] and[Yen98]. We did notinvestigatehis approactsinceit hasa crucialdravbackwhenapplying

it on someof our datasets:We foundtrainingdatasetsof realtechnicalprocesseto oftenhave aninput dimensionof 10

or evenhigher Evenwhenonly choosinga coarsenitial partitionanddividing eachinput dimensionby only four fuzzy

setstheresultingmodelsbecomeinfeasible sinceyou have to dealwith 41 ~ 1 Mio initial fuzzy rules.Evenif youcan

build a modelandreducethe numberof fuzzy rulesthereare usuallyso mary rulesleft thatit is very hardto interpret
the model. We found thatif you wantto build models automatically (including parameteoptimizationand structure
modeling)for a high dimensional training set you usuallyhave no choicebut a bottom up approach.



5 APPENDIX:FUZZY MODELS OF GAUSSIANBELL FUNCTIONS
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Figure14: Modelfor two Gaussiarbell functions,two rules.
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Figure15: Modelfor two Gaussiarbell functions,threerules.
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Figurel7: Modelfor two Gaussiarbell functions fiverules.
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