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Abstract. TheQualitativeModelling andInterpretation(QMi) systemtranslatesnoisysensordata
into aqualitativedescriptionof theunderlyingbehaviorof achemicalplantandusesthis
informationtogetherwith qualitativemodelsto identify faultsandoperatingregimes.Qualitative
modelsof normalandfaulty equipmentaresimulatedto describetherangeof possiblebehaviorsin
achemicalplantwithout theneedforexactnumericmodelswhichareunavailablefor manyfaults.
Sensordataarethenusedto selectbetweendifferentmodels.Simultaneouslyusing interpretations
from multiplesensorsreducessensitivityto sensornoise,increasingdiagnosisreliability. QMI
hasbeenimplementedonasimulatedpropyleneglycol reactorwith goodresults.

~ Failuredetection,identification,leak detection,monitoring,qualitativesimulation.

INTRODUCTION

QualitativeModellingandInterpretation(QMI) isan on-
line processmonitoring systemwhich combines
quantitativechangedetectionwith qualitativemodelling
to diagnosefaults in chemicalplants. QMI translates
sensorreadingsto aqualitativedescriptionwhereeach
variableischaracterizedby its relationto landmark
values (e.g.zero,boiling point,equilibrium mole
fraction)andthesignof its derivative.Thesesensor
interpretationsarecomparedto simulationsof multiple
qualitativemodelsin orderto find themodelwhich
matchestheobservedbehavior.

Manyprocessmonitoringsystemshavebeendeveloped
which detectanddiagnosepotentiallycostly ordangerous
situations.Two commonnumericalmethodsarechange
detection,typically usingalarm thresholds,andmodel
selection. Becauseincomingdatafrom sensorsis
generallynoisy.alarmthresholdsfor singlesensor
detectionmethodsmustbe settobalancebetweenquick
detectionwith frequentfalsealarmsandinfrequentfalse
alarmswith slowerdetection.Traditionally,alarm
thresholdsaresetto eliminatefalsealarms.More
sophisticatedalarm thresholdtechniquesinclude
Shewhartand cumulativesum(CUSUM) control charts
which arestatisticaltestsfor thedeterminationof a
changefrom expectedbehavior(Bowker,1972;Box,
1970; Shewhart,1931).

In contrast,modelselectionmethodsfit incomingdata
from singleor multiplesensorsto detailedplant models
via techniquessuchasKalmanfiltering or non-linear
programming(Frank,1990;Isermann,1984; Wiisky,
1976). Themodelwhichbestfits thedatais considered
to bethecurrentmodelof the plant,andthus the
diagnosis.Toachieveawide coverageof faults and
operatingconditions,quantitativemodelsmustbebuilt
which describeall possiblesituations,includingseveral
magnitudesof thesametypeof faults,suchas 10%,
40%and80% leaks. Unfortunately,quantitativemodels
areoftenunavailablefor changeswhichtaketheplant
into unknownor transientoperations,suchasduring
start-upandshutdownprocedures.

Qualitativemonitoringanddiagnosissystemsavoid the
needforquantitativemodelsby describingplantdatain
qualitativeterms: valuesmay behigh, normal or low,
andtrendsmaybeincreasing,steady,ordecreasing.This
qualitativeinterpretationis usedto determinethecauses
of changesin theplant. Rule-basedor expertsystems
mapthesesymptomsdirectly to causesvia rules
obtainedfrom processexperts(Ramesh,Davisand
Schwenzer,1992; VenkatasubramanianandRich, 1988).
Rule-basedsystemsdo notrequireaplantmodel,
howevertheydorequireamultitudeof rulesto coverall
possiblefaultsin achemicalplantandhavedifficulties
with unexpectedoperationsor newequipment. In
contrast,model-baseddiagnosissystemsexaminea
qualitativeplantmodelto determinewhatchanges
(faults)in themodelcouldhavecausedtheobserved
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symptoms.Recently,severalinvestigatorshave started
combiningnumericalandqualitativemethods,eitherby
usingquantitativeinformationto constrainqualitative
models(D~oste,1990;DvorakandKuipers,1991;
BerleantandKuipers,1990;Forbus,1987),or by
mixing qualitativeandquantitativemodelsto getabetter
descriptionof thephysicalsystem(Forbusand
Falkenhainer,1990;Oyeleye,FinchandKramer, 1990;
Yu andLee,1991).

TheQualitativel~de1lingandInterpretation(QMI)
systemcombinesbothdetectionanddiagnosisinto one
packagewhich bormwsfrom bothnumericaland
qualitativemethods.Multiple sensorsareanalyzedand
comparedto knownqualitativemodelsof theplant, and
thatmodelwhIch fits bestis takento be thecurrent
model of theplant. Tightertolerancescanbeseton
individualsensorsbecauseQMT filtersout aphysical
interpretationswhich may be suggestedin singlesensor
methodssuchasalarmthresholdsandcontrol charts,
allowing earlierdiagnosisof processdisturbances
withoutcausingmorefalsealarms. Useof qualitative
modelsalsopermitsdiagnosingarangeof faultsand
behaviorsfor whichexactequationsarenotknown.
QMI hasbeentestedon asimulatedcontinuousstirred
tankreactorandgivesrelativelyrapidandaccurate
diagnoses,

QUALITATIVE MODELS

In qualitativemodelling,anentireclassof faultsis
describedwith asinglemodel, ratherthanby several
quantitativemodelswith differentnumericvaluesof
parameters.Thisapproachis usefulwhen themagnitude
of the fault isunknownandplant behavior mayvary
with thesizeofthe fault. For example,a “small” leak
from atankmay becompensatedforby acontroller,but
alargerleakmaycausethecontrollertosaturate.

Qualitativemodelsusequalitativeequationsto describe
howvariableschangewith respecttooneanother(e.g. in
laminar flow, flow rateis proportionaltopressuredrop).
Variablesaredescribedby thesignof their slopeand
relation to landmarks(e.g. mole fractionhasthe
landmarksof zero,oneandperhapsequilibrium). The
descriptionof all thevariablesin thesystemis calledthe
qualitativestateof the system(e.g. watertemperatureis
increasingandbetweenfreezingandboiling points,and
theamountofwateris steadyandpositive). QMI uses
theQSIMqualitativesimulationpackage(Kuipers,
1986) to “solve” thequalitativemodels,producinga
“tree” of behaviorsfor the models, as shownin Fig. 1.
Eachbehaviororpaththroughthe tree is a series of
qualitativestates.

For example,in Fig. 1, State1 is the steadystate
operationof alevelcontrolled,watercooledCSTRand
states2 and3 areinducedchangesto thesystemwith the
subsequentstatesbeingthereactionto thesechanges.
State2 is theonsetof a tank leak,wheretemperatureand
concentrationarestill steady,buttank level andoutlet
flow havebegunto decreasein responseto the leak; and
state3isachangeintheinletflowrate.State4
describesthequalitativestatewheretemperatureand
concentrationhavebeguntoreactto thechangein
reactorlevel,with temperaturedecreasingandreactant
concentrationincreasing. State7 is thequalitativestate
wherethecontrollerhasbegunto reactto the level
change,but the level andoutlet flow rates are still
decreasing.Behaviorsbranchingfrom state7 include
returnto setpointor saturationof thecontroller.

Normal Disturbances
State

Resulting
States

S-4 S-7~

L~S-3 i S-5~

LS-6
Fig. 1. Samplebehaviortree

Qualitativemodelling ofchemicalplantsis anareaof
activeresearch.For example,DalleMolle and
colleagues(1988,1989)havemodelledchemicalreaction
systemsandproportional-integrallevel controlusing
QSIM. Vinson,GranthamandUngar(1992)have
modelledachemicalplantconsistingof heatexchangers,
areactor,astripperandacondenserusingtheQualitative
ProcessTheoryframework(Forbus,1984),andOyeleye
andcolleagues(1990)havemodelledajacketedCSTR
for applicationin MIDAS, a fault diagnosissystem.
Whenbuilding modelsof morecomplexsystemsthe
numberof solutionscangetquite large,thuscaremust
be takento limit thenumberof solutionswithout
eliminatingrealbehaviors(KuipersandChiu,1987;
Catino, 1991).

QMI ALGO~THM

TheQMI algorithmconductstwo operationson~line:1)
It translatesnoisy sensordatainto aqualitative
description, and2) it comparesthis interpretationto the
behaviorspredictedby thequalitativemodels.
Qualitativesimulationof the modelsis donebeforehand,
so the behavior tree is alwaysavailableto QMI, The
algorithmis shownin Fig. 2.

295



Qualitativeinterpretationof theincomingdatais done
by finding thebestfit linethroughthe incoming data
with linear leastsquares.Theestimateof the slopeis
thengivenameasureofbelief(zero - one)that it is
positive,zeroor negativevia thead-hoc functions:1

p(inc)=

1+e t\ CUtOfI

aiop~

1 + e~+~t0t~

p(~d)=1~-p(inc)-.p(~)

whereais usedtoadjusttheslopeof the curvesand
cutoff is theinflectionpoint.. Largevalues of a (> 10)
yield on-offfunctionswhich trip atthecutoffvalue,and
smallvalues(-. 1) give flat curves. Weusea= ~ in our
simulations.Thecutoff is set from knowledgeof the
noisein thesignal sothatavalueof p(std),p(inc) or
p(dec)greaterthan0.5 indicates that the current
interpretationis probablycorrect.

In orderto speeddetectionandeliminatefalsealarms,the
beliefsin theinterpretationsof severalsensorsare
multiplied to yield anoverallbelief in theinterpretation

ofthe stateoftheplant. In the reactorexampleabove,
oneof thequalitativestateshastemperatureincreasing,
concentrationdecreasingand both level and outlet flow
steady. If theinterpretationofthesesignals is
p(inc,temperature)= 0.8,p(dec,concentration)=0.7,
p(std,level)= 0.75andp(std,flow) 0.65, thenthe
overallbelief in thequalitativestateis 0.273. We takea
beliefgreaterthan0~5Ntobea significantbeliefin the
qualitativestate,whereNis thenumberof sensors.
Combiningthe sensorinterpretationsallows QM] to
overlooksensorswhichappearto bechanging(dueto
noise)whiletheothersremainnormal. Similarly, QMI
is less sensitive to sluggishsensorswhenthe other
sensorsarechangingasexpectedfrom adisturbance.

Initially, QMI assumesthe systemis behavingnormally
andonly comparesthequalitativeinterpretationto the
normalstateandthefirst statesof thedisturbancesin the
behaviortree. As moredatacomesin from theplant the
qualitativeinterpretationsof thesignalschangedueto
noiseandprocessdisturbances.If adisturbanceoccursin
the plant, the qualitativeinterpretationwill changeto
producea high confidencein the initial state of the
disturbance,With thenextsetof dataQM1 will look for
interpretationswhichmatchthisstateandthose
following it. Diagnosisis auainedwhenonedisturbance
hasabeliefthat is muchhigherthantheothers.

EXAMPLE SYSTEMAND TESTCASES

1 Wehaveexaminedtheuseof statisticalanalysis
techniquesin determiningtheconfidencein thesignof a
givenslope,buthavefound themto be limited in that
thereis only onehypothesisto test;whethertheslopeis
zero. In statistics,thereis no ability to testfor a
numberbeinggreaterthanzerowithout specifyingthe
valuewhich is “greaterthanzero.”

The QMI algorithmhasbeentestedwith a simulated
propyleneglycol productionreactorpicturedin Fig.3,
from Fogler(1986). Equalvolumes(46.62cfh each)of
propyleneoxideandmethanolaremixed with water
(233.1 cfh) containing0,1 wt % H2S04which catalyzes
thereaction. The~-MeOH andwaterfeedstreamsare
initially at58°Fandmixing increasestheir temperature

Qualitative
Interpretation

Fig. 2 QualitativeModellingand InterpretationAlgorithm
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to 75°F. The reactionis exothermicandpropylene
oxide is relativelylow-boiling, so reactor must be cooled
to keepthetemperaturebelow 125°Fto prevent
excessivevaporization.A proportionalcontrolleradjusts
theoutletflow rateto preventthe level from changing
drasticallyduetochangesin supply ordemand.The
numericalsimulationwaswritten in FORTRANand
usestheLSODEnumericalintegrationpackage,based
on theGearmethod.Possiblefaults in the simulated
reactorarechangedfeedflow, tankleak,changedacid
coroeniration,changedfeedtemperature,andchanged
reactantfeedconcentration.

Qualitativesimulationof thesefaultswith the
qualitativemodel for thereactorproducesabehaviortree,
similar to Fig. 1, with nearly400 historiesand about
2000qualitativestates.As in theexample behaviortree
in theQualitativeModelssection,therearemany
historiesproducedby qualitativesimulation,ratherthan
onefor eachfault. Thesehistoriesoftendiffer in the
relative timeof occurrenceofof differentevents.For
example,whentemperatureandconcentrationbothhave
inverseresponse,qualitativereasoningcannotdetermine
which will peakfirst.

QMI wascomparedto aversionof QMI whichhas
Booleanequationsforbeliefsin thesensor
interpretationsandtoabasicalarmdetectionmethod
usingsingle-sensortiu’esholds. Twelve single-fault
simulationswereconducted,andthesethreemethods
were comparedfordiagnosistime,numberandduration
of falsealarms,andnumberanddurationof missed
diagnoses.Thediagnosistime indicateshow long it
takestoproperlyidentify the fault. Falsealarmsoccur
whenthebeliefsin incorrectqualitativestalesbecome
higherthanall theothersandis dueto noisein the
signal. Misseddiagnosesarisewhentheprobabilityof
thenormalstatedropsbelow0,5N(numberof sensors),

PropyleneOxide

andnoneof theotherqualitativestatesmatchesthe
interpretation. This is causedby a combination ofnoise
andslower signals, suchastemperaturechangein a large
tank.

In all the testcases,QMI observesfour ser~as: tank
temperature,tankconcentration,tank level,and outlet
flow rate. Figures4 a, b, c, anddshow the timeplots
ofeachof thesesensorsfora0.25%decreasein theinlet
reactantconcentrationat 1.00hour. In Fig. 4 a, the tank
compositionincreasesto anew steadystatevalue,but
the initial responseis adecreasein thetank
composition,which is difficult to detectvisuallybut is
animportantcharacteristicof thischange.Temperature
decreasesto a newsteadystateandthe tank level and
outletflow rate remain constant.

As thisdatacomesfrom the plant,QM[ calculates
beliefs thateachmeasurementis increasing, steadyor
decreasing;thesebeliefsare shown in Fig. 5. The top
graph showsthe interpretation of theconcentration
signal: above zerois the beliefthatthe signal is
increasingandbelow, decreasing. Thisshowsaninitial
beliefthatthe concentrationis increasing,whichwould
causeanalarmtobesoundedwith Booleanalarms,but
comparisonwith theothersignalsshowsthat
temperatureandlevelareboth steadywhileoutlet flow
maybedecreasing(belief0.5). Thisdoesnot correlate
with anyqualitativestate,so thenormalstateis still
valid, althoughit hasalow confidence.Alarms and
BooleanQMI signalachangehere,althoughno
diagnosisisproposed.Thead-hocfunctionscapturethe
inverseresponseof theconcentrationat 1.105hours,at
which time diagnosisof the fault occurs.TheBoolean
versionof QMI doesnot capturethe fault until the slope
of theconcentrationcrossesthe 0.5 belief line at 1.140
hours.

Fig. 3 PropyleneGlycol Reactor

Water (0.1 wt% H2S04)

~ ~

CL. .k~ ~

H._1. •~

Pro~leneGlycol

F
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Theaveragestatisticsfor thetestrunsarepresentedin
Table1. Thethresholdsin theseexampleswere
intentionallysettightly to force falsealarmsin the
detectionanddiagnosissystems.For theBooleanQMI
tests,therearetwo caseswherediagnosisis never

achievedbecausethemagnitudesof sensornoiseandthe
change are nearly the same,sothosestatisticsarefor ten
examples.QMI is abletoreachadiagnosisin these
casesthroughits useofthe belieffunctions. Diagnosis
time is reportedin minuteswith standarddeviationin
brackets.Alarms,of course,do not givediagnoses.For
falsealarmsandmisseddiagnoses,Table 1 reportsthe
averagenumberoffalsealarmsandtheiraverage
duration. The differencebetweendiagnosistime for QMI
andBooleanQMI isnegligible,butdiagnosistime for
thealarm thresholdtestsis fasterthanbothbecauseit is
detectiontimeandonly one sensorhasto changefrom
thenormal stateto detecta change.

TABLE 1 Statisticsfor All Examoles

Boolean
QMI QMI

Alarm
Thresholds

CorrectDiagnosis 12 10 NA

DiagnosisTimea
minutes

8.1
(4,5)

9.4
(5.2)

4.2
(3.8)

FalseAlarms
Durationb

0.5
0.8

1.4
3.9

2.2
21.

MissedDiagnoses
Duration~’

0.4
4.3

1.8
30.

NA

Diagnosistimefor alarm thresholdsis changedetection
time.
b Duration is measuredin samplingintervals.

QMI outperformsBooleanQMI by far in numberof
falsealarmsandmisseddiagnoses.With theexcessively
tight thresholdsusedherefor illustrative purposes,QMI
hasone falsealarmor misseddiagnosisfor everytwo
examples,whereastherearethreetimesasmanywith
BooleanQMI. Hardthresholdsalsoaveragetwo false
alarmsper test. Thedurationof thesefalsealarmsis
alsomuchgreaterfor BooleanQMI andhard thresholds.
With looserthresholdsthenumberof falsealarmswould
decreaseat the costof diagnosisspeed.Weexpectthat
reasonablethresholdsin QMJ wouldstill be
unsatisfactoryforBooleanQMI or alarm thresholds.

RelatedWork andCurrentResearch

QMI is similar to two otherqualitativemonitoringand
diagnosissystems:DATh4I (DeCoste,1990)and
MIMIC (DvorakandKuipers,1991). Like them,QMI
attemptsto usequalitativemodelsto determinethe
underlyingbehaviorofa systembasedon information
providedby its sensors.DATMI andMIMIC arein

Temperature(R)
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0.083

565

564

563

562

4.20

4.00

3.20
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severalwaysmoresophisticatedthanQMI: boththose
systemsarebetterthanQMI atusingthatfact that
instantaneousstatesareoftennotobserved.

Ratherthanpredefiningall possiblefault modelsas in
QMI, MIMIC hypothesizeschangesto themodel when
it canno longertrackobservations.MIMIC allows only
single-changehypotheses,but subsequentdiscrepancies
betweenreadingsandpredictionsmaycauseMIMIC to
hypothesizemorechanges.Currently, thesemodel
changesareonlychangeslandmarks ofoperating
parameterswith newquantitativeranges(i.e. change
inlet flow from “normal” at9 to 10 gallonsper minute
to “low” at 5 to 6 gpm). Eachhypothesisgeneratedin
thismanneris simulated and comparedto thecurrent
observations,andthosehypothesesthat match become
the setof candidate modelswhich aretracked by MIMIC.
The algorithm forMIMIC is shownin Figure6.

QMI simulatestheentirebehaviortree,butMIMIC
simulatesbehaviorson-line in a step-by-stepfashion.
Thisallows theabovefault generationmethodto be used
aswell asprovidinganefficientway to incorporate
quantitativeinformationinto thequalitativemodelsfor
usewith semi-quantitativesimulation(Kuipersand
Berleant,1988). Semi-quantitativesimulationuses
rangesaroundthevariablesandenvelopesaround
proportionalconstraints,providingapredictionof the
possiblequantitativerangeof valuesfor variablesaswell
asthe usualpredictionof qualitativedirectionprovided
by QSIM. Thisallows MIMIC to bettercompare

predictionsto observations,providingfasterdetectionof
changesin the behaviorof theplant.

QMI andMIMIC bothuseamembershipfunction to
calculatethedegreeof beliefthatastatematchesthe
readings. In QMI only the slopeof thereadingis
examined,whereasMIMIC looksat both thereadingand
its slope. The currentimplementation ofMIMIC is
unableto handlenoisebecausethereadingsareassumed
to beperfectmeasurementsof the plant.

The keyfeatureofQMI which is lacking in DATMI and
MIMIC is the explicit recognitionthatprocessesand
sensorshave noise andthatthis noise obeysstatistical
lawswhich allow one to ascribeprobabilitiesto beliefs
in interpretationsofboth individualsensorreadingsand
completequalitativestares.The QMT work described
aboveusesanadhocinterpretationinspiredby fuzzy
logic and thenotion of a “soft threshold”dividing
differentqualitativeregions. We arenowmovingtoward
the useof more rigorousstatisticsto handlenoise. This
will beparticularlyimportantaswe increasinglyuse
semi-quantitativesimulation to aid fault detection in
dynamicsystems.

Thiscomparisonhasled usto form QMIMIC, ahybrid
of QMI and MIMIC. Thenewsystemis called
QMIMIC and isbeingbuilt to handlecomplexphysical
systemssuchas theCSTRexampleof this paper.
QMTMTC retainsthe incrementalsimulationof MIMIC

Fig.6 Architectureof Mimic. Therectangularboxesrepresentprocessingelementsand the labeledlinesshow
informationflow
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for semi-quantitativepredictionandfaultgeneration
purposes.FromQMI it borrowsandenhancesthe
ability to deal with uncertaintyin theobservations,
Readingsarenowcomparedto semi-quantitative
predictionsby statistical tests,ratherthanad-hoc
measuresof certainty. Also, QMIMIC doesnot lock
prematurelyinto adiagnosescausedby sensornoise,as
doesMIMIC andtheBooleanversionsof QMI.

CONCLUSIONS

QualitativeModellingandInterpretationprovidesan
interesting additionto thefield of faultdetectionand
diagnosis.Sensorsignalsareindividually translatedinto
a qualitativedescriptionwith associatedbeliefswhich are
then combinedforanoverallbelief in thequalitative
stateofthe plant. Combiningmultiple sensorsallows
QMI to settighterthresholdsonsinglesensorsbecause
changesin sensorsmustcorrelatewith eachotherto
produceadiagnosisof faultsorprocesschanges.QMI
performsbetterthaneithera singlesensoralarm
detectionmethodor aversionofQMI with Boolean
belief functionsin diagnosistime, falsealarmsand
misseddiagnoses.We are currentlyaugmentingQMI to
useprobabilitiesof differentfailures.

A major goalof this w~thasbeento integratethe
qualitative information availablein the real world of
chemicalplantsandrobotswith qualitativemodelsof
that world. In particular, we think that it is important to
explicitly modelthenoisethatcomesfrom disturbances
to thesesystems,aswell asthenoiseandinaccuracythat
comefrom the sensorsusedtomeasurevariablessuchas
flow, temperature,concentrationandpressureandtouse
statisticalcharacterizationsof that noisein the diagnosis
process.
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