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A ConstructiveApproachto Qualitative Fuzzy Simulation

1. Introduction

In this paper we presenta new approach for qualitative fuzzy simulation (QFSIM) inspiredby
numericalsimulation methods. Currentqualitativesimulationmethods{FOU-90] arebasedon
constraintpropagation.Theygenerateall possiblestatesanduseifitering techniquesto validate
thesestates.A recentdirectionhasbeento add numericalinformationandtakeadvantageof it in
the filtering process,thebasicalgorithmremainingthesame[BER-90}[SHE-90].

An alternativeapproach,which hasneverbeeninvestigatedsofar, is to extendconventional
numericalmethodsin suchaway thatthey can handleequationswith inaccuratecoefficients.
Within ourapproach, inaccuracy is captured by variablesandcoefficientsrepresentedby fuzzy
numbers,inducingthat theresultsof thesimulationareexpressedin thefuzzyformalismaswell.
This typeof simulation relieson a ‘constructive’ algorithm in the sensethat thenew statevalue is
calculatedfrom the last value. Compared to qualitative simulationwith addednumericaldata
{BER-90][SBE-90], it presentsthe advantage to be synchronisedon a precisetime scale.The
time step size is constantand precisely definedlike in conventionalnumericsimulationsand the
inaccuracyof the model only affects the scaleof variablevalues.This provides a firmer ground
for comparing the resultsof the simulation with realobservations,which is crucial in supervisory
systemswe are interestedin.

Our first attempt was to useEuler’s method extendedto conventional fuzzy operators basedon
the ExtensionPrinciple [ZAD-65J. This simulation produced too much spurious behaviors,
mainlybecauseofthe strong interactivity amongthevariables [VES-91a,bjl.

The two methodsproposedin this paper, namely the Extremity Method and the Discretization
Method, produce better results, The first oneis completebut not sound,eventhoughit produces
much lessspurious results than the one mentionedbefore. On theother hand, the secondoneis
sound and it convergestowards completnessas the discretization is refined. Soundnessand
completnessare understood with respect to variables instantaneousvalues. Indeed, these
methods specify the possiblevaluesof the variables at eachinstant. Global behaviors of each
variable (sequencesofqualitativestateson a given simulation window) arenot directly available
from thesimulation. A procedure(QBG) basedon the Discretization Method is presentedin the
last sectionto generatethe setof global qualitative behaviors from the results of the simulation.
Qualitative statesare definedover fuzzy time intervals.

QFSIM and QBG have been prototyped in Common-Lisp on a Sun workstation. The man-
machine interface is realised with Suntools and the simulated curves are drawn on an Apple
Macintosh with Works.

2. Preliminaries

The QualitativeFuzzyOuantitvSpace

The variablesandcoefficientsof theequationsareassumedto taketheirvaluesin aQualitative
Fuzzy Quantity Space(QFQS) [SHE-90]. A qualitativefuzzy value(qfv) is definedasa
5-tuple [Q, a, b, cx, B] (seeFigure2.1), whereQ is the symbolassociatedto the qfv and(a b a
B) thefuzzy quantityM with membershipfunction~M(u) defmedas: (see[DUB-80])

~.tM(u) = 1 if a � u � b

~..tM(u)=Oifu�(a-a)oru�(b+B)

~tM(u)=a1(u-a+a)ifa-a<u<a
~IM(u)=B~ (-u+b+B)ifb<u<b+B
where (a, b) E R, a� b, a, B � 0.
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A ConstructiveApproachto Qualitative FuzzySimulation

The 4 values a, b, a - cx et b + B of afuzzy quantity (a b cx B) arecalled the “extremities”. The
QFQS is aset of q,fv correspondingto a finite discretizationof the whole numericrangeof
interestof thevariable.Suchrepresentationof qualitativevaluesextendsintervalrepresentations
by including theideaof “preference”.Smoothboundariesareusefull in capturingourcominom
senseintuition (seediscussionsin [SHE-90]). The simulationis performedwith the fuzzy
quantitiesof the coefficients.The fuzzy resultsof the simulationarethenbroughtbackto the
QFQSby using theApproximationPrinciple[YAG-87]. This principlerelies on determiningthe
setof qfv’s which intersectthe fuzzy value. If the intersectionis more thanoneafv, distances
betweenthefuzzy valueandeachciJl’ arecalculated.Theclosestqfv is selected.

The Reduction

Following the CompositionalPrinciple [DEK-84], ourapproachstartsfrom themodel of the
componentsdefinedby a zeroorfirst orderdifferentialequationwith coefficientstaking valuesin
aQFQS.The Static SetcontainsthezeroorderequationsandtheDynamicSetcontainsthe first
order equations(in canonicalform [IWA-88]). Thesesetstogethercorrespondto a self-contained
mixed structure [IWA-88].

The Reduction Procedure transforms themixed structurein a single qualitativedifferential
equation (qde).An exampleofreduction is shownbelow:

114Q

Qo

Q- InputFlow

Qo - OutputFlow

P - Pressure

V - Volume

Mixed Structure

Q - Qo = dV/dt
P=kl .V
Qo = k2 . P

Reduction

Fig. 2.2 - Reductionof the mixed structurerepresentingthebathtub.

The fuzzy valueof theqdecoefficients aredeterminedby using fuzzy arithmeticoperations
[ZAD-65]. In thebathtubexampleabove,k = ki . k2, where. is thefuzzy multiplication. At this
stage,it is assumedthatthecoefficientsappearingin themixed structuredo not interact,Hence
the unaccuracycapturedin themixedstructureis entirelypreservedin theqde.

1

0

Fig. 2.1 - A QualitativeFuzzyQuantitySpace.

(qde)

dV/dt + k, V = Q
with k=kl .k2
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3. Qualitative Fuzzy Simulation - QFSIM

Thegoalof QFSIM is to determinetheqfv of thevariablesat eachinstant.Two methodsfor a
constructivefuzzy simulation algorithm are presented: the Extremity Method and the
DiscretizationMethod. Both apply to first andsecondorder qde’s [VES-91a,bJ.Becauseof
spaceconstraints,the Extremity Method will be applied to a first order systemand the
DiscretizationMethodto asecondordersystem.

3.1. The Extremity Method

In ourfirst attemptto QFSIM theEuler’smethodwasextendedto conventionalfuzzy operators.
Thesefuzzy operationsaccordto theExtensionPrinciple[ZAD-65] for non-interactivevariables,

i.e. : V w, ~~tfM,N(w) = sup (mm (p.M(u), p.N(v)) : w = f(u, v)}. As it couldbe foreseen,this
simulationproducedtoo much spuriousbehaviors,beingcompletebut not sound.The main
reasonis thestronginteractivityamongthevariableswhich comeswith TheExtendedExtension
Principleframework,i.e. V w, i~’fM,N,D (w) = sup (mm Q.LM(u), ~.tN(v)): w = f(u, v), (u,v)

€ D }, whereD specifiestherelationbetweenu andv.

TheExtremityMethodpreciselyfocuseson theinteractivity amongthevariables.For example,in
thefirst ordersystemdX/dt + kX = f(t), thereis a strongrelationbetweenX andits derivative
dXldt (dXldt = f(t) - kX). As thesevariablestakepart in thesameoperationX(t + dt) = X(t) + dt
dX/dt(t) in Euler’s method,undesirablesideeffectsareencountered.

TheExtremityMethodusesthe extremitiesa, b, a - aet b + B of afuzzy quantity(a b aB). The
objectiveis to garanteethatateachsimulationstepthepossiblevaluesof thevariablearewithin
the calculatedextremities.In otherwords, the methodmustbecomplete,producingtheleast
numberof spuriousvaluesateachtimepoint.

3.1,1. Application to First Order Systems

TheExtremity Methodappliedto thefirst ordersystemdX/dt + k.X = f(t), wherek belongsto
the fuzzy quantity K = (a b cx B), is presentedbelow. The method successivelycalculates
X(t0+dt), X(t0+2dt), etc.The initial values~ and X(to) andthe time stepdt aregiven. The

following illustrateshow themethodprovidesX(t’) = (xm’ xM’ ~ 6’) with t’ = t+dt from X(t) =

(xmxMy6).

(1) Calculatethe intervalsXl, X2, X3 andX4 with theextremitiesof X(t), i.e. xm, xM, (xm -

y) and(xM + 6) respectively.

Let ussetX(t) = (xm xM y6), K = (a b a B), f(t) = (fm fM fa fB) anddt be a realnumber.The
arithmeticoperators+, - and . arefuzzy operatorsbasedon theextensionprinciple.

Xl =(xlmxlMOO)
=(xmxmOO)+[dt.[(fmfMOO)-[(abOO).(xnixmOO)]]]

X2 = (x2m x2M 00)
=(xMxMOO)+[dt.[(fmfMOO)-[(abOO).(xMxMOO)]]]

X3 = (x3m x3M 00)
= (xm-y xm-y 00) + [di. [(fm-fa fM+fB 00) - [(a-ab+B 0 0). (xm-yxm-y 0 0)]]]

X4 = (x4m x4M 00)

= (xM+6 xM+6 00) + Edt. [(fm-fa fM+fB 0 0) - [(a-ab+B 00) . (xM+6 xM-i-6 00)]]]
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Figure3.1 showsasimplecasein which theintervalsXl, X2, X3 andX4 do not intersect.

x4M=xM+ 6’

x4m

xM~

x2m

x2M = xM’

xlM

xm~

xlm = xm’

x3M

xm -

x3m= xm’ -

t = t+dt

Fig. 3.1 - TheExtremity Method.

(2) Composethe fuzzy quantityX(t’) = X(t + dt) = (xm’ xM’ ~ 6’):

xm’ = mm (xlm, x2m)
xlvi’ = max(xlM, x2M)

= xm’ - mm (x3m,x4m)

6’ = max(x3M, x4M) - xM’

3.1.2. Example and Discussion

Figure 3.2showstheapplicationof themethodto the first order systemwith K = (0.2 0.3 0.1
0.1)andf(t)=l0if0�t�14,-l0ift>l4.

15

Fig. 3.2 - Fuzzysimulationwith theExtremity Method.

X

X
X=(xmxM’Y~)

100

-8

-10

t

xM ~

xM
xm

0 5 25 35 45

xm -
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It wasprovedin [VES-91a,b]that theExtremity Methodappliedto thefirst and secondorder
systemsis complete.Although themethodis notsound,it producesmuchbetterresultsthan the
fuzzy extendedEuler’s method. The main drawbackof the methodis the difficulty to be
generalizedto morecomplexsystemsin which the relationsbetweenthe variablesand their
derivativesaremorecomplicated.

3.2. The Discretization Method

TheDiscretizationMethodconsistsin discretizingthefuzzyquantitiesintoasetof realnumbers,
thensuccessivelyapply the currentEuler’smethodwith everyof thesenumbers(orwith every
two-per-twocombinationof discretisedvalueswhendealingwith secondordersystems).The
resultsofthesesimulationsareusedin asecondstepto composethefuzzy solution.

3.2.1. Application to Second Order Systems

In this sectionwepresenttheDiscretizationMethodappliedto thesecondordersystemd2XJdt2

+ k.dX/dt + j.X = f(t), wherek belongsto thefuzzy quantityK = (a b cx B) andj belongsto the

fuzzy quantityJ = (c d p

(1) Discretisethe fuzzy quantitiesK andJ andgeneratethe two following setsof real pairs,
called the discretizationsets.The first set KJ1 containspairs (kl,jl) suchthat membership
functions p.K(kl) = 1 and p.J(jl) = 1. The secondset KJO containspairs (kO,jO) such that
membershipfunctionsjiK(kO) >0and l.LJ(j0) >0.

K= (a baB) andJ= (c d p

KJ1~{(kl,j1)/kl,jl e R,a�kl�b,c�jl�d)

KJOç{(kO,jO)/kO,jO€ R,(a-a)�k0�(b+B),(c-p)�j0�(d+~)}

ObviouslyKJ1 ~ KJO.By sick of clarity, thedetailsfor determiningthediscretizationsetsare
providedin Section3.2.2.

(2) Apply Euler’smethodto eachpair (kj Jj) that belongsto KJO:

for all (k~,j~)~ KJO,dx/dt(t, k~,jj) = v(t, k~,ji)
x(to, k~,j~)= X(to)
v(to,k~,j~)= dXJdt(to)
x(t+dt, k~,j~)= x(t, k~,j~)+ dt . v(t, k~,jj)
v(t+dt,k~,ji) = v(t, ki, j~)+ dt .[ f(t) — j~. x(t, k1, jj) — ki . v(t, ki, ~i) ]

X

Xm = ruin x(t,kl,jl), (kl,jl)€ KJ1

= maxx(t,kl,jl), (kl,jl)EKJ1

t

Fig. 3.3 - Fuzzysimulationwith theDiscretisationMethod.
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(3) Composethe fuzzy solutionX:
X(t)=(XmXMyS)

Xm =min x(t, kl,jl), (kl,jl) E KJ1
XM=maxx(t, kl,jl), (kl,jl) e KJ1

= Xm - mm x(t, kO, jO), (kO, jO) € KJO
S = maxx(t, kO, jO) - XM, (kO, jO) € KJO

3,2,2. The Discretization Procedure

It wasprovedin [VES-91a,b] that theDiscretizationMethodis soundandconvergestowards
completnessas the discretizationis refined.The methodis not completein practical finite
discretizationcasesbut theparticularwayof discretizingmaysignificantly influencetheresults.
This sectionpresentsaprocedureto cliscretisethefuzzy coefficientsin aconstructiveway.

Considerthesecondordersystemd2X/dt2 + k.dX/dt + j.X = f(t), wherek belongsto thefuzzy
quantityK = (a b a B) and j belongsto the fuzzy quantity J = (c d p Ni), then the qualitative

natureof thesolutionsis determinedby therootsAd and?~2of the characteristicequation?~2+kX

+ j = 0. Assumingthatj � 0, eight casesmustbe considered:(seeFigure3,4)

A : Xl andX2 arecomplexon theright half-plane(cr> 0)

B : Xl andX2 arecomplexon theaxisjw(~= 0)

C : Xl andX2 arecomplexon theleft half-plane(~<0)

D : Xl = X2 (A = {k2
- 4j]1/2 =0) is arealon theleft half-plane(~<0)

E : Xl andX2 arerealson theleft half-plane(~<0)

F: Xl andX2 arereals,Ad on theright half-planeandX2 on theleft half-plane

G : Xl andX2 arerealson theright half-plane(~>0)

H : Ad X2 (A = [k2
- 4j] 1/2=0) is arealon therighthalf-plane(~>0)

Figure 3.4 showsthephasespaceanalysisof casesB, C, E andF, correspondingto different
qualitativebehaviorsforthevariableX.

CaseB x,
AdA jw

~~ *x

CaseC

a~

X’

~

CaseF X’

iw~y

x

X2~

Xl

CaseE

Fig. 3.4 - Phasespaceanalysisof casesB,C,E andF.
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Figure 3.5 showstheeightregionsA to H in theplanej x k (k is thehorizontalaxis andj is the
vertical axis). The curves(A = k2

- 4j = 0), (j = 0) and (k = 0, j > 0) delimit the different

regions.Sincethecoefficientsj andk taketheirvalues(p. >0) in the intervals[a - a, b + 13] and

[c - p, d + NJ] respectively,differentqualitativebehaviorsarepossibledependingon theregions

intersectedby theseintervals.Forexample,if (a - a) and(c - p) arenegative,andif (b + B) and

(d ± ~i) arepositive,all casesA to H arepossible.

region

TheDiscretizationProcedurechoosesthepairs(k, j) from theintervals[a - a, b + B] and[c - (p,

d + ‘41] in thefollowing way:

(1) It garanteesthatany possiblequalitativebehaviorwill be simulatedat leastonce.

(2) It choosesthepairs(k,j) accordingto thesurfaceintersectingeachof theregionsA to H. The

numberof pairs(k, j) is proportionalto thesurface.
Forexample,consideringthe casein which (a - a), (c - p), (b + B) and(d +‘4!) areall positive,

thenthe wholesurfaceS = [(b ± B) - (a - a)] . [(d + ‘41) - (c - (p)] is in theright upperquadrant
andit intersectsregionsC, D andE. If N is thedesirednumberof discretizations,theprocedure
selects:

• NEpairs(k,j) in regionE,
where NE = ((N - 1) . Surface_in_E)/ S

SurfacenE= 1/12 [(b + 13)3 - (a - a)3] - [(c - (p). (b + B - a+ a)];

•ND= 1 pair(k,j)inregionD;

• NC pairs(k, j) in region C,
where NC = ((N - 1). Surface_in_C)/ S

Surface_in_C [(d + NJ). (b + B - a + a)] - 1/12 [(b +13)3 - (a - a)3].

TheDiscretisationProceduredetermineswhichregionsareintersected,calculatesthenumberof
pairs(k, j) in eachregionand selectsthe pairs.Additionally, two heuristicsareusedby the
procedureto selectthepairs:

(1) takefrontierpoints;
(2) takethepointsasmuchspreadaspossible.

Let us notice that in caseof first order systemsthe DiscretizationProcedureis restrictedto
selectingthevaluesofonesinglecoefficientasmuchspreadaspossible.

regionA regionD

F

k

Fig. 3.5 - RegionsA to H in theplanej x k.
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4. Qualitative Behaviors Generation

TheQualitativeFuzzy SimulationQFSIMdeterminestheqfv ofthevariablesateachinstant.The
fuzzyvaluerepresentsthepossible(p. > 0) andthereallypossible(p. = 1) valuesof thevariable.
Now, shouldwe aim atprovidingthepossiblequalitativebehaviorsof thevariablesaswell, i.e.
the sequencesof different qualitativestates,that QFSIM is not sufficient. If weconsiderthe
examplein Figure4.1, it couldbe concludedthat thesequenceBIG-MEDIUM-BIG betweent
= 10 andt = 12 is a possiblebehaviorforvariableX. IndeedX(lO) = BIG, X(ll) = MEDIUM
andX(12) = BIG arepossiblevaluesof X. However,thereis no real solutioncorrespondingto
thisqualitativebehavior.

X (a b a 13)

b+B
b
a
a- x

The setof possiblequalitativebehaviorsis shownin Figure 4.2.
will be specifiedlater.

Themeaningof Ip.l andIp.0

Thesearetheresultsprovidedby the“QualitativeBehaviorGenerator”QBG whenappliedto the
first ordersystemdX/dt + k.X = f(t), wherek is the qfv [K, a, b, a, B],

50

45

40

35

30

25

15

BIG~

MEDIUM

Fig. 4.1 - A fuzzy simulation.
0 5 15 25 35 t

t5 <t3
t6 > t4

Fig. 4.2 - Thepossiblequalitativebehaviors.
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4.1. The Qualitative Behavior GeneratorQBG

This sectionpresentsthedetaileddescriptionof themethodusedby QBG. It is basedon the
DiscretizationMethodpresentedin Section3.2.For sickof clarity, the method is presentedfor
first ordersystems(onesinglecoefficientk) butQBG canhandlesecondordersystemsaswell.

(1) Considerthe results of theDiscretizationMethodand for all k~in thediscretizationsetKO ~

{ kO / kOE R , (a - a) � kO � (b± B)), build thequalitativebehaviorQB(k~)of variableX.

Notations:

QB(ki) = SequenceofQS : Qualitative Behavior ofX, calculatedwith therealcoefficientk~
QS = (QD,Tp.0~, Tp.1~) : QualitativeState
(~) : QualitativeDescriptor
Q(x(t, k~)) : Qualitativevalue(ordescription)of x(t, k~)atinstantt
Tp.0~= [tl, t2] : Maximal time intervalfor which theQS is possible(p.>’O)
Tp.1~= [tl, t2] : Maximal timeinterval for whichtheQS is reallypossible(p.=l)

Foreachk~theprocedureproceedsto arealsimulationfor initial time< t < horizon,determining
x(t, ki). QualitativevaluesQ(x(t, k~))arederived from the real valuesx(t, ki) using the
approximationprinciplepresentedin Section2. TheprocedurethenusesthesevaluesQ(x(t, k~))
to composeQB(k~).There is a changeof qualitative stateeachtime that the QD changes,The
algorithmgaranteesqualitativecontinuity [VES-91a1.

Two time intervals Tp.Oi andTp.1~are associatedto eachQS in QB(k~).A QS is possible(p.>0)
during the interval Tp.Oi and is really possible(p.=1) during the interval Tp.l~.Given T the
connex time interval during which someQD holds in a particular QB(k~),Tp.0~andTp.1~are

calculatedin the following way : if ki E Kl then Tp.0~= Tp.1~= T, otherwise, if ki E KO - K].

then Tp.0~= T and Tp.1~= 0. These intervals Tp.0~and Tp.1~calculated for each QS of a
particular QB(ki) will then be usedin step (3) to calculate the intervals Tp.0 andTp.l of eachQS
of a QB of variable X.

(2) Build thesetSQB of qualitative behaviorsof variable X.

Notations:

SQB :SetofQBs

QB : QualitativeBehavior (Sequenceof QS)

Each QB(ki) is characterizedby a sequenceof qualitativedescriptors(QD) with associated
possibleand really possibletime intervals. There will be as much QBs in SQB as thereare
different sequencesof descriptors.All the QB(k~)shaving the samesequenceof descriptorsare
composedin the sameQB. This is ifiustrated by theexamplebelow with two QB(ki)s:

QB(k1) = ((QSD1,Tp.01
1,Tp.11

1)(QSD2,Tp.01
2,Tp.11

2))

QB(k2) = ((QSD1,Tp.02
1,Tp.12

1)(QSD2,Tp.02
2,Tp.12

2))

TheQB resultingfrom thecompositionof QB(k1) andQB(k2) is:

QB = ((QSD1,Tp.01,Tp.ll)(QSD2,Tp.02,Tp.12))

whereTp.0J = U~,Tp.OjJ’ Tp.lJ = U~Tp.lji’ for i,j = 1, 2 in ourexample.

277



A ConstructiveApproach to Qualitative Fuzzy Simulation

It is important to notice that the Discretization Procedure as described in Section 3.2.2.
guaranteesthat QBG will detectall thequalitativelydifferentbehaviors(oscillations,asymptotical
trend,...). In this meaning,QBG is completeandsound.

4.2, Example

In Figure4.1 illustratesthe exampleof a qualitativefuzzy simulationof thefirst ordersystem

with coefficientk = [SMALL, 0.2, 0.3, 0, 0] andf(t) = 10 if 0 � t � 14 andf(t) = -10 if t> 14.

X MEDIUM-POS

MED[IJM-NEG

-75
—. I I I I I

~go - 5 10 15 20 25 30 35 40 45

Fig. 4.3 - A qualitativefuzzy simulationof afirst ordersystem.

QBG derivedthefollowing two possiblequalitativebehaviors:

ZERO ~ SMALL-POS ~ ZERO ~ SMALL-NEG *
Tp.O (00) (116) ((15 15)(16 16)) (15 45)

ZERO ~ SMALL-POS ~ MEDIUM-POS ~ SMALL-POS
Tp.O (00) (111) (813) (1415)

~ ZERO SMALL-NEG ~ MEDIUM-NEG ~
Tp.O (1616) (1627) (2445)
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5. Conclusionsand future work

Thework that wehavepresentedin this paperis usedin a dynamicprocesssupervisorysystem.
It shows two complementaryaspects,appearingastwo separateprocedures,which provide
complementaryanswersto supervisionsystemrequirements.Given themodelof theprocessin
which theparametersarenotaccuratelyknown,thetwo following issueshavebeenaddressed:

(1) Predictingthevaluesthat thevariablesmay takeat eachinstantof a giventemporalwindow,
the scalefor thevariabletime remainingpreciselydefined.QFSIM providestwo simulation
methodsfor which variableintantaneousvaluesareobtainedin theform of fuzzy setswhich
exibitpossiblevaluesand reallypossiblevalues,dependingon whetherthemembershipfunction
is equalor inferior to 1.

(2) Predictingthe qualitativebehaviorof the variablesin termsof a sequenceof qualitative
descriptorsthat have beenappropriatelydefined. The qualitative reasonerQBG usesthe
DiscretisationMethod to generateall thequalitativebehaviors.Temporalinformationis also
available since everyqualitativedescriptorin the sequencehasassociatedtwo fuzzy time
intervals,indicatingthepossibleand reallypossiblestatedurationaswell asthe initial andfinal
timepoints.

In ouropinion,thesetwo aspectsareasimportantanddefinitelycomplementary.It is enoughto
taketheexampleof model-baseddiagnosticsystemsbasedon thecomparisonofpredictionsand
observations.Indeedit may be as importantto beableto compareinstantaneousvalueson
severalprecisereferencetimepointsastrajectoryqualitativeshapeson a giventemporalwindow
andqualitativestatechanges.

The typeof simulationpresentedin this paperusessynchronisedsampling,in accordancewith
mostindustrialprocessmonitoringsystemswhich proceedthemselvesto sampledobservations.
Tracking theprocessis thussignificantly facilitated.Thetime samplerateis aconstantparameter
to be chosenlike in conventionalnumericsimulations.Thentheinaccuracyof parametersin the
modelonly affectsvariablevaluesestimates.Thatprovidesa firmer groundfor againcomparing
theresultsof the simulationwith real observations,which is crucial in realtime supervisory
systems.In nonconstructivequalitativesimulationalgorithms,temporaldurationsarecalculated
with thefirst orderTaylor-Lagrangeformulaeusingquantityspacevaluesin theform of numeric
or fuzzy intervals.It was shownin [MIS-90] that thefirst order Taylor-Lagrangeformulaeis
scarcelysufficientto provide significantinformation.This is true, independentlyof theweakness
directlyrelatedto a weakquantityspace,at theneighbourhoodof critical pointsfor whichdx/dt
reacheszero. Indeed,zeroderivativeleadsto one infinite boundaryfor thedurationestimate.As
aresult,timedurationscalculatedfor adjacentstatesareoftenwidelyoverlapped.It mayhappen
thata giveninstantbelongsto severalconsecutivedurationestimates,implying that thevalueof
the variable at this instant is very weakly constrained.In this cases,instantaneousvalue
comparisonis mostlyunefficient.

Ontheotherhand,weareawarethat thecounterpartof this typeof approachis to requiremuch
morecalculationsthanaqualitativereasonerwouldneedto infer thequalitativestatechanges.In
this aspectit is closerto numericalsimulationalgorithms.

Finally, it maybeinterestingto discussthecompletnessandsoundnessissue.Otherapproaches
areunableto guarantysoundness,Indeed,they useconstraintpropagationwith intervallabels
which is completebut not sound.Consequently,spuriousbehaviorsmaybe generated.Thesame
happenswith ourExtremityMethod.TheDiscretisationMethodwhichrelieson runningseveral
well-chosennumericalsimulationsis sound, but it is in turn not complete.However, it is
possibleto providea measureof completnessasit convergestowardscompletenessas the
discretizationgranularityincreases.Thecomplexity of themethodis N(n+l), whereN is the
numberof discretizationsandn is the orderof the system.Sincethediscretizationis performed
in arationalandconstructiveway, QBG is itself completein the sensethat it predictsall the
qualitatively differentbehaviors(oscillations,asymptoticaltrend,...).
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FQSIM is presentlyusedto simulatethe behaviorof a steelprocessat CST(“Companhia
Siderurgicade Tubarao”) which is a Brazilian-Japanesecompanylocatedin Vitoria (Brazil). It
consistof threesubsystemsin cascade:oneis a secondordersystemandtheothertwo arefirst
orderpiecewiselinear systemswith delays.At this point the resultsare ratherencouraging.
However,significant work remainsto be donebefore QFSIM and QBG candealwith real
complexityproblems.An importantstepin this directionis to extendthealgorithmssothat they
candealwith non linear systems.We havebeenanalysingnon linear systemswhich canbe
approximatedby piecewiselinear ones.Furtherinvestigationsmayconsidertheideato usethe
DiscretizationMethodby taking advantageof thework by Sacks[SAC-90]. Indeed,[SAC-90]
presentsthe systemPLR (PiecewiseLinear Reasoner)which is able,applying theoretical
methodsissuedfrom systemtheory,to produceaqualitativedescriptionof thesolutionsfor all
initial valuesof parametrizedordinarydifferential equations.PLR indicatesthe typesof the
solutions (phasespacetrajectory shapes),giving important information about the variables
behavior but it doesnot generatethesebehaviors. We intend to have QFSIMgenerating these
behaviors with a rational andconstructive discretization procedure basedon PD? ‘s results.
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