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Model-basedsupervisiondevelopedby systemsanalystshas
becomeanacknowledgedsupervisionaid,ensuringearlyde-
tectionof malfunctionsandtherebyallowing control of the
availability andvulnerabilityof a processfacility. However,
it is associatedwith diagnosticsof theprocessitself, andnot
of the processcontrol situation,which is the veritablesub-
ject of supervision.Theoperator, facility, control triplet de-
terminesa complex situationthat mustbe consideredfrom
multiple viewpointsbeyondknowledgeof thesinglebehav-
ioral modelusuallyadvocatedin processcontrolapproaches.
Representingdifferent aspectsof processcontrol situation
from multipleviewpointsnotablyallowstheonline selection
of the behavioral modelsrelevant to the observed situation.
Given the sizeof the application,it wasessentialnot only
to structuretheknowledgerequiredfor thesupervisionsys-
tem functionsinto operatingsystemviewpoints,but alsoto
provide a uniquerepresentationmethodfor eachviewpoint.
The systemicapproachSAGACE providesthis formal rep-
resentationframework andthe methodologyadoptedto de-
signandimplementour industrialprototyperelieson it. All
theseprinciplesareillustratedby a descriptionof an indus-
trial applicationin theareaof nuclearfuel reprocessing: the
sizeandcomplexity of thefacilitiesandtheir high degreeof
computerizationmake reprocessingparticularlywell suited
for supervisionapplications.

Keywords: Supervision, Diagnostic reasoning,Technical
processes,Nuclearfuel reprocessing.

1. Intr oduction

Theproductivity of an industrialfacility canbe im-
provedby automatingthe meansof production. ”Au-
tomation”impliesthattheactionsperformedto obtain

the productare implementedsystematicallyandcon-
sistently, with controlledvarianceof thecharacteristic
productparameters.Whensuitablyimplemented,au-
tomationshouldresultin avirtually idealsolutionfor a
fabricationprocess.An optimizationstrategy involves
two majorsteps: creatingamathematicalmodelof the
facility, then calculatingthe control signal that must
be appliedto the model to meeta productivity crite-
rion. Thefirst expectedresult is thusa higherquality
finishedproductor, for thesamequality level, aneco-
nomic gain resultingfrom rationalizationof the tech-
nical specificationsat a lesscostlylevel [25] [2].
This theoreticalsituationis rarelyachievedin practice,
however, as it implicitly assumesthat the elementary
process,sensor, actuatorand regulator functionsare
correctlyimplemented.Moreover, systematicautoma-
tioncanhaveinsidioussideeffects,seriouslyimpairing
theproductionsystem.Hencetheadditionof a super-
visionlevel to assesstheprocessstateatall times,sup-
ply validateddatato the processcontrol system,and
thusimproveprocessavailability andmaintainability.
Theseconsiderationsexplain therapiddevelopmentof
plantsupervisionandthesuccessencounteredby pro-
cessdiagnostictechniquesin recentyears. However,
althoughconsiderablework hasbeenpublishedcon-
cerningmodel-baseddiagnosticmethods,fault detec-
tion andisolation(FDI) algorithmsappliedto textbook
examplesand simple applicationsor applicationsof
limited scope,very few papersaddressthe suitability
of suchmethodsfor complex industrial-scaleapplica-
tions. In the survey proposedby [12], it is surprising
to notethatonly 25 of the166examplesreviewedand
analyzedinvolve systemswith more than five faults,
andonly two actuallyconcerna complex process(24
faultsin ashipdieselengine,and30 faultsin anuclear
reactorcoolantpump). In thelight of this recentanal-
ysis,muchwork apparentlyremainsto bedonebefore
themethodsproposedin theliteratureactuallymeetthe
generalobjective describedabove, andcanbeapplied
to industrialprocesses.
Thereareanumberof reasonsfor thissituation,includ-
ing the inadequacy of available industrialmodelsfor
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theproposedFDI algorithms(notablyin ProcessCon-
trol Theory), the multiplicity anddifficulties of com-
piling theknowledgerequiredfor plantdiagnosis,and
instrumentationinitially designedfor anything but su-
pervision[20]. For example,two typesof modelsare
generallyavailable in industrial plants : material or
energy balancesestablishedfrom processblock dia-
gramsandflowsheetsintegratingoperatorknowledge
of productionrules ; and complex, partial derivative
and nonlinearanalytical equationswritten by physi-
cistsor chemistswhenthefocusis theprocessandthe
physicalphenomenainvolved. In largeplants,thefor-
merarewritten from a productionmanagementstand-
point and thus implementshop-scalebalances,while
the latteraredevelopedto obtainloaddiagramsor for
training simulators.In any case,they wereconceived
for purposesother than supervision,and classicFDI
techniquesusedin automaticcontrol(generalizedpar-
ity spaceor batteriesof observers [7] [10] [22]) are
poorly suitedto this typeof representation.Automatic
control modelsarelocal control models,andarethus
not adaptedto the supervisionof a completefacility
[23]. In an attemptto surmounttheseshortcomings,
new techniquesandnotablyartificial intelligencehave
beenadoptedin recentyears[6] [8] [9] [11] [17] [18]
[21] [27].
Evenif this aspectis all too often illustratedby appli-
cationsof restrictedscopefor which convolutedsolu-
tionsaresometimesnecessaryto coaxthemodelsinto
a diagnosticrole, the otherstumblingblock which is
not technicaloneandis muchlessoften discussedin
theliteratureconcernstheverypurposeof thesupervi-
sorysystemin thecontrolroom.
Until now, availability monitoringhasoften beenne-
glectedbecausethemeasurementconsistency analysis
andfault detectionfunctionsareimplicitly performed
by thehumanoperator, andsogenerallyoverlookedor
only partially incorporatedin the automationscheme.
It would thenseemreasonableto postulatethattheob-
jective of supervisionis to automatedecision-making
tasks.Thenatureof the informationsuppliedby a su-
pervisorysystemappearsto corroboratethis point of
view : for automaticcontrol specialists,the informa-
tion suppliedby a supervisorysystemis basedon the
useof mathematicalprocessbehavior models,whichin
turnaregenerallybasedonclassicstate-variablerepre-
sentations.This informationwould be difficult to use
by a controloperator, not only becauseit corresponds
to a representationof thefacility with which heis cer-
tainly notfamiliar, but alsobecauseit is notnecessarily
pertinentin anoperatingcontext. It is in fact intended

for theSupervisoryControlandDataAcquisitionsys-
tem (SCADA) ratherthanfor the operator, who is re-
movedfrom thecontrol loop. Thesupervisorysystem
providesvalidatedresultsto theSCADA, whichrecon-
figuresandcomputesnew controllawsin any degraded
operatingmodedetected.It is the active supervision
perspective. The objective is not to help the operator
in acritical situationto analyzea processthatcomput-
erizationhasmadeincreasinglycomplex, but ratherto
discharge the operatorof decision-makingtasksin a
fault situation.
In additionto the socialproblemsit could well raise,
this option is basedon mathematicalknowledgethat
is assumedto be exhaustive. But how to be surethat
every malfunctionhasknown consequenceswhatever
thecurrentoperatingsituation? How to ensurethatthe
correctiveor remedialactionrequiredfor a givenmal-
functionarethesameregardlessof theoperatingcon-
text or strategy ? FDI approachesbasicallyintegrate
thenotionof behavior in theirsupervisorymodels,and
theseaspectsrelatedto operatingprinciplesarelargely
disregarded; how thento constructa systemcompre-
hensive enoughthat it cando without humanfaculties
of adaptation? All thesequestionsweigh heavily on
theacceptabilityof suchsupervisorysystemsin acon-
trol roomcontext, andareperhapstheveritablereason
behindthelimited applicationof FDI algorithms.
Many otherdimensionsmustbetakeninto accountbe-
fore the surveillanceof processphysicalparameters
canbe extendedto the supervisionof plant facilities.
The actionnecessaryin the eventof a malfunctionin
complex large-scaleprocesseswill thusremainsubject
to the decisionof the operatingstaff for many years
to come.Shouldtheobjective of supervisionthennot
be revised? Would it not be more reasonableto en-
visagesystemsthat no longereliminatethe operators
from processcontrol,but insteadaid themin this func-
tion by assistingtheirreasoningin thecurrentsituation
[26] ? Supervisionunderstoodin this way (to which
thedisparagingtermpassivecouldbeappliedin oppo-
sition to the precedingoption) is a no lessambitious
project: assimilatingthehumandimensionin thesys-
tem integratesan additional level of complexity. A
processbehavior modelaloneis no longersufficient ;
what is requiredis a control situationmodelin which
theoperatoris anessentialconstituent.Theapplication
discussedhereis basedon this secondoption.

2. Diagnosisand Operator

Targeting the supervisionsystemon the operating
teamratherthanthe SCADA leadsto major revisions
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in model-baseddiagnosisstrategies[20]. Theintelligi-
bility andpertinenceto theoperatorof theresultspro-
videdby adiagnosticsystembecomelegitimateissues.
Theresultsof thediagnosticsystembecomepartof the
reasoningof the operatoranalyzingthe situation,and
assuchmustbesubstantiatedandexplained.This ter-
minology is not unlike thatof expertsystemor quali-
tativephysicalapproaches[14] [15] [18].
However, a numberof difficulties are raisedeven by
attemptingto integratetheconceptof earlyfaultdetec-
tion (the foundationof FDI algorithms)into the con-
text of classicprocesscontrolandoperatingprinciples.
Indeedit may be notedthat in many large industrial
plantsthe operatorsbenefitfrom an appreciablecon-
trol margin with respectto the nominaloperatingpa-
rameters.Consequentlyit maynot necessarilybecon-
sideredsignificantto inform the operatorthat a com-
ponenthasdeviatedfrom thestandardoperatingcrite-
ria aslongasit meetsits input/outputfunctionrequire-
ment. From an operationalstandpoint,whenthe set-
point andoutputof a regulatedsystemfully coincide,
thereis no veritablereasonto checkin addition that
theactuatoris operatingconsistentlywith its prior cal-
ibrationsetting. Theactuatorpositionbecomesan is-
sueonly in theeventof a discrepancy betweentheset-
point andtheoutput; otherwiseit is consideredto be
of no interest. The stateof the processdoesnot have
thesamemeaningto acontrolroomoperatorandto an
automaticcontrolspecialistin dynamicsystems.
In conventionalprocesscontrol theory, ensuringthat
the processis operating correctly in terms of in-
put/outputdoesnot prove that the systemis not in a
degradedoperatingmode: the currentmodemay be
considered”nominal” or ”normal” with respectto its
efficiency but, dependingon its internalstate,maybe
moresensitive to furtherperturbationor malfunction-
ing. The control margin is thusrestrictedwithout af-
fectingcurrentoperation; only theonsetof a new dis-
turbingeventor achangein thesetpointwill revealthe
deviation betweenthe assumednormal stateand the
actualstateof thesystem.Thiseventualitycorresponds
to thesystemvulnerability; failureto controlvulnera-
bility canleadto crippled-modeoperationor to costly
andlaboriousshutdowns.Theconceptof vulnerability
is easilyunderstoodby anoperatingteam,andis also
an excellentmeansof emphasizingthe importanceof
earlyfault detectionin thecontrolroom.
Consideranexamplefrom thefield of nuclearfuel re-
processing,discussedin Section4. A dropin thelevel
of the uraniumfront in the extractioncolumnmay be
detectedby a variationin thecolumnweightdifferen-

tial. Theproblemof stabilizingtheuraniumfront is a
symptomthat shouldnot affect the processif the op-
eratingconditionsremainunchanged.The only con-
sequenceof this anomalyis thus a restrictedcontrol
margin : the uraniumdescendslower in the column.
Only thesystemvulnerability is affected.Conversely,
if othercontrolparametersweremodified,thereduced
margin could becomecritical : the eventual conse-
quencewould be uranium leakagefrom the baseof
thecolumn,which would requirerecycling andresult
in a lossof availability. In our application,we chose
whenever necessaryto assigntwo detectionmethods
to eachmalfunction : early detectioncorresponding
to symptomsthatdo not necessarilyhave any observ-
ableconsequencesontheprocessoutputs(anomalyde-
tection),andlater detectionbasedon abnormalvaria-
tionsin theobservablecharacteristicoperatingparam-
etervalues(fault diagnosis).Thesetwo functionsare
coveredin detail in Section4.
Whenthischronologicalsequencein thescaleof grav-
ity of dysfunctionaleventsis clearly perceivedby the
operator, the relatedprinciple of early fault detection
canmoreeasilybeacceptedin thecontrol room. The
notion of early detectionis thus incorporatedinto a
control situation representationsystemsharedby all
theoperators.It is merelyanexampleillustratingthat
all thesupervisorresultsmustbeprocessedandoutput
with the sameconcernbecausethey areaddressedto
thehumanoperator. Thecontext of this collectiverep-
resentationis consideredin furtherdetailin thefollow-
ing section3.

3. CognitiveAutomation or Operator Assistance

Beforepresentingourmodelrepresentingtheknowl-
edgerequiredfor supervision,it is importantto distin-
guishbetweencognitive automationandoperatoras-
sistance.Theintroductionof anoperatoraidsystemin
the control room inevitably hasan impacton process
control. A humanoperator’s action is basedon rep-
resentationsconstructedby the”specializedartifact” :
i.e. the”physicalsymbolicsystem”constitutedby the
control desk. Any attemptto modify the operator’s
workstation,for exampleby addingadvancedfeatures,
thusunavoidablymodifiestheprocesscontrolsituation
itself asthe operator”intelligently” adaptsto thepro-
posednew representations.
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3.1. CognitiveAutomation

In thecaseof a complex industrialprocess(notably
in hazardousindustrialsituationssuchasfound in the
energy, transport,defenseandaerospaceindustries)the
operatorsmustcontrolhighly automatedfacilities.Au-
tomationof monitoring provisions and someactions
[3] maybefurtherextendedto ”cognitiveautomation”,
i.e. replacementof the operatorfor certaindecision-
makingfunctions.”Todayit is increasinglyclearthat,
contraryto expectations,automatedmonitoringprovi-
sionscanmaketheoperators’tasksmoredifficult ; the
samemaybetrueof cognitiveautomation”[1]. Under
theseconditions,the operatorintervenesonly in situ-
ationsnot anticipatedin theautomatedsystemdesign,
situationswheretheunexpectedbecomespossible,and
whereonly humanintelligencecancope. In this hy-
pothesis,theautomatedsystemrevertsto operatorcon-
trol when the processis degradedand only safety-
relatedfunctionsareensured.Theoperatorsmustthen
recover thesituationby takingaccountnot only of the
processfunctions,but alsoof prior decisionsmadeby
theautomatedsystemswhich furthercomplicatestheir
task(Bainbridgerefersto thisphenomenonasthepara-
doxof automation).
Degraded-modeoperationin automatedcontextsrelies
to a largeextenton implicit reasoning,leadingopera-
tors to pool their pointsof view andconstructa com-
mon operationalframeof reference[4]. Underthese
conditions, it is not a trivial matter to add artificial
agentsto theteamin theform of operatoraid systems
[16].

3.2. ProcessControl Situation

The decisionto intervenein the situationdepends
onthemeaning(operationalknowledge)andvalue(as-
sessmentof theutility of the information)that theob-
server accordsto the perceived phenomena. Under
theseconditions,it is lessa questionof explainingthe
situationby identifyingcause-and-effectrelationsthan
of ”refocusing”, i.e. constructinga suitablerepresen-
tationfor action.
To allow intervention at the selectedlevel of reality
by the observer facedwith difficulties of understand-
ing, anticipatingor controlling it, the situationmust
be given form and meaningthrough representations
(decision-makingaid). In fact, the observersmay be
consideredto seethemselves from an external view-
point confrontedwith a knowledgeobject(theprocess
control situation)aboutwhich they constructa repre-

sentationconsistentwith their proposedintervention.
In attemptingto actona remotesituation,theobserver
is in a position of dynamic action, imaginationand
decision-making.
The supervisionof a facility controlledby an operat-
ing staff definesa complex situationthat an observer
(an operatoror a supervisionsystem)attemptsto di-
agnose.In the first eventuality, the operatorsanalyze
their own conduct,while thesecondinvolvesanexter-
nal observer. The supervisorysystemaid provisions
mustthereforeaddresstheoperator, apprehendthepro-
cessand take control actionsinto account. Thus the
supervisor(anobserverbut not anoperator)mustalso
beprovidedwith aprocesscontrolrepresentation.

3.3. A unifiedrepresentationof thediagnosed
situation

FDI techniquesdevelopedby systemsanalystsare
associatedwith diagnosticsof the processitself, and
not of theprocesscontrol situation,which is however
the veritablesubjectof supervision.The operator, fa-
cility, control triplet determinesa complex situation
thatmustbe consideredfrom multiple viewpointsbe-
yond knowledge of the single behavioral modelsto
achievearelevanton-linediagnosis.
As previously mentioned,model-drivendiagnosistra-
ditionally calls on a processbehavior model : dif-
ferentialalgebraicequationsbasedon the fundamen-
tal principlesof the process,but which integrate lit-
tle or no representationof the processcontrol situa-
tion. However, interpretingthe control situationcalls
on otherknowledgethanbehavioral knowledgealone.
Themodelsdescribingthebehavior of thefacility ac-
cordingto thecurrentprocesscontrolsituationmustbe
selectedor revisedto ensurethediagnosticis pertinent
at eachinstant. The problemis currently addressed
by the useof hybrid models: processcontrol events
(changesin theobjective,theoperatingmode,thecon-
figuration or the operatingstrategy) are managedby
systemsconsistingof discreetevents(e.g. a Petrinet-
work) that can usethe resultsof numericbehavioral
modelsor managetheir coherencedependingon the
situation. However, eitherthesesystemstake into ac-
count only a single aspectof processcontrol (a sin-
gle typeof event,suchastheoperatingconfigurations)
andthusprovidesareducedcontrolsituationmodel,or
several typesof eventsareindeedtaken into account,
but thelackof datasourcehomogeneityis liable to di-
minishthecoherenceor thepertinenceof themodel.
Thevarietyof theseprocesscontrolsituationeventsre-
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quiresa preciseclassification.All of themarenot rel-
evantto asingleviewpoint. TheSAGACEmethodde-
velopedin our laboratoryis basedon a systemsanal-
ysisapproach; it permitssucha classificationandal-
lows usto obtaina representationof theoperatingsit-
uation. In SAGACE, the situationmaybe considered
from a functional, organic or operationalstandpoint.
The functional view is an external view of the phe-
nomenonasa systemopento its environment.Theor-
ganic(or ontological)view is an internalview of the
systemasa network of interrelationsandinteractions
amongoperative, logistic and auxiliary components.
Theoperational(or teleological)view seeksto clarify
thedecision-makingcompetenciesinvolvedin orderto
accomplishtheobjective(controlandmanagement).A
morerefinedtypologymaybeobtainedby combining
thethreeviews from theperspectiveof examiningcer-
tain expectedsystemproperties: performance,stabil-
ity andintegrity. The combinationof the threeviews
and threeperspectivesdeterminesnine systemview-
pointsidentifiedin theSAGACE matrix [24]. Eachof
theseviewpointscanbeusedto selectthepertinentbe-
havior modelonline. Thisensuresthattheoperatoraid
systemdiagnosticresultis consistentwith theprocess
controlsituation.
Theknowledgerepresentationof thesystemto be su-
pervisedby theSAGACEmethodinvolvesaprojection
on thenine-viewpoint matrix to assessthecomplexity
of thesystemby distributing theknowledgeandques-
tionsovertheviewpoints.Thegenericmatrix is shown
below in Figure1. Eachviewpoint in the matrix may

Fig. 1. TheSAGACE genericmatrix

be definedas follows (it is a genericdefinition, and
mustbe customizedfor eachprojectandeachsystem
accordingto thenatureof theproblemandthetypeof
modelto bedeveloped):

Service. Functionalviewpointdescribingtheservices
performedby the systems,andtheir dependency
relations.

Activities. Functionalviewpoint describingthe se-
quenceof activitiesexecutedby thesystemto per-
form theexpectedservices.

Operating modes. Functionalviewpoint describing
the operatingmodesadoptedby the systemand
thescenariosarisingfrom thesesequences.

Operating network. Organic viewpoint describing
exchangesbetweentheorgansin chargeof system
activities(humanoperators,equipmentor human-
machinecollaboration).

Logistic architecture. Organicviewpoint describing
thesystemarchitecturein thesenseof theorgani-
zationallowing it to ensureits activities.

Configuration. Organic viewpoint describing the
overall statesthrough which the systempasses
duringoperation,andthesequencerelatingthese
states.

Control. Operationalviewpoint describingthe deci-
sionallogic relatedto systemperformance.

Adaptation. Operationalviewpointdescribingthede-
cisional logic of systemadaptationto environ-
mentaldisturbances.

Anticipation. Operationalviewpoint describingthe
decisionallogic of strategicanticipationof system
evolutionduringoperation.

This knowledgerepresentationmethodhasbeende-
scribedin detailbyPenalva[1997]. Thepurposeof this
systemmodelingapproachis to producea representa-
tion constitutinga structuredmediumfor information
of differenttypesfrom a varietyof sources,a basisfor
collective discussionandargumentation,the concrete
expressionof sharedknowledgeof the operatingsitu-
ation. As the actualprocessequipmentitems in ser-
vice mayvary duringoperation,in our industrialpro-
totypethe supervisorysystemis so capableof recog-
nizing the currentconfiguration(Configurationview-
point) and operatingmode (OperatingModes view-
point),which areusedfor onlineselectionof therele-
vantknowledgeinput for the supervisionandhuman-
machineinterface(HMI) modules,aswell asto control
their status. More detailsconcerningthis application
pointareprovidedin Section4.

3.4. SAGACEandits GraphicalLanguage

SAGACE provides a graphicallanguagedesigned
to facilitate the systemrepresentation,to allow com-
municationamongthe relevant playersand to mate-
rialize the sharedknowledgeof a subject. We imag-
ined a languageof ideographsto representthe rela-
tionsamongthethreeentities(processor, flow andob-
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server) throughtransactions,interactionsandcoupling
phenomena.
Thebasicelementsof thelanguageexpresstheideaof
a processorcarryingout transactionswith its environ-
ment(horizontalaxis)andsubmittedto theinfluenceof
the environmentby interactions(vertical axis). Some
of the flow characteristicsareperceived by operators
(ellipse).
With regardto representation,the SAGACE language
usesthreesymbolswith limited signification(thebox,
the arrow and the ellipse, selectedfor their cultural
connotations)to constructpatternswith increasingsig-
nification : transaction,interactionandcouplingdia-
grams.Thesepatternsarethendefinedby placingthem
in a viewpoint asdefinedabove (subsection3.3) and
describingthemaccordingto theconventionsadopted
for eachstudy.
The basicsymbolsof the SAGACE language(Figure
2) are:

– thebox,aclosedregiondelimitinganinteriorand
an exterior, associatedwith the notion of proces-
sor(thesiteof a transformation);

– thearrow, denotinga transferandassociatedwith
thenotionsof flow or influence;

– theellipse,ametaphorfor theeye,associatedwith
thenotionof observer(changeof level, from con-
crete to abstract); in someviewpoints, the ob-
servermaycorrespondto asensor.

Fig. 2. Basicelementsof thegraphicallanguage

Thesethreesymbolsmay be combinedusing simple
rulesthatallow for objecttypes.
Any action is seenas a processof transformationin
time (storage),space(transport)or form (conversion)
of matter, energy or information.
Theimplementationof theactionis representedby the
notionof theprocessor:

– an identified device that can be recognizedand
named;

– characterizedby a stableform, meetingspecifi-
cationsandthusdescribedby propertiesthat are
either inherentor inheritedfrom a moregeneral
form ;

– finalized,i.e. activewithin thescopeof amission;
– immersedin anenvironmentonwhich it acts,and

limited in aspace-timefield thatit influences.

A completesystemmaythusberepresentedby a pro-
cessor, in theform of ageneralspecificationindicating
the systeminputs/outputs,constraintsand objectives
consideredpertinentto thestudy. This comprehensive
overallperspectivemustthenbeprojectedthroughthe
modelviewpointsto obtainthedetailedspecification.

– from a functionalstandpoint,the processorsym-
bol is usedto representa service, anactivity or a
behaviormode.

– from anorganicstandpoint,theprocessorsymbol
representsa setof resourcesdirectly contributing
to the action (”operative” processor),supporting
the organizationof the activities (”logistic” pro-
cessor)or allowing a varietyof behaviors(”auxil-
iary” processor).

– from an operational standpoint, the processor
symbolrepresentsa context, i.e. a representation
of the systemactivity necessaryfor active inter-
vention.

Theflow symbolis usedto representrelationsbetween
the systemand its environmentas perceived by the
modeler.
The processorinput andoutputflows along the hori-
zontalaxisexpressthetransactions(matter, energy, in-
formation)betweentheprocessorandits environment;
the vertical axis is reserved for interactionsthat con-
dition the activity. A flow is symbolizedby an ar-
row and identified both by a nameand by an (Ob-
ject, [Medium]) pair where the mediumis the vehi-
cle, matrix or form of a collectionof objects(Figure
3). Thus,for example,”LOAD / M(U+FP, H+)” des-

Fig. 3. Flow characteristics

ignatesamaterialflow of uraniumandfissionproducts
in anacidicaqueousphase.
The flow symbol is usedto composeflow diagrams
representingmatter, energy and information transac-
tions (Figure 4). In a flow diagram, ”information”
refers to dataundergoing processing(storage,trans-
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Fig. 4. Flow andflow diagrams

mission,calculation). The flow symbol is also used
in interactiondiagramsalsoknown as”field diagrams”
(Figure5) showing :

– theconditionsaffectingtheprocesssequence,the
executionof the missionor the utilization of the
processor;

– theeventsby which the effect of the processoris
known, concerningits configuration,operationor
performance.Eventsare interpretedby the sys-
temasdatathatentail a responseof its organiza-
tion. They representthe systemsensibilityto the
fluctuationsof thefieldsit is constrainedto.

Fig. 5. Flow andinteractiondiagrams

Finally, a coupling diagram(Figure 6) expressesthe
dependenciesbetweenentitiesof different levels (by
their complexity, their representation,their logic, their
technicaldomain,etc.).As with any modelobject,the

Fig. 6. Flow andcouplingdiagrams

flow is characterizedby a list of properties. An ob-
server (shown by anellipseattachedto anarrow) rep-
resentstheability to perceive a flow property. An ob-

Fig. 7. Observers

server (Figure7) may be placedon any type of flow,
transactionor interaction. Its particularmeaningde-
pendson theviewpoint in which it is placed.Froman
organicstandpoint,it representsa sensoror an actua-
tor ; from afunctionalstandpointit representsapartic-
ular specification; from anoperationalstandpointit is
apanelindicatoror representsanobjectiveassignedto

aconcreteaction.
Given the sizeof the application,it wasessentialnot
only to structurethe knowledgerequiredfor all the
supervisionsystemfunctions into operatingsystem
viewpoints, but also to provide a uniquerepresenta-
tion methodfor eachviewpoint. Having thusdefined
theformal representationframework, themethodology
adoptedto designandimplementour industrialproto-
typeis discussedin thenext section.

4. The Demonstrator

Themethodologyis basedon theprinciplesandon
the technicaland strategic observationsdiscussedin
the precedingsections.The following paragraphsex-
amine the modelsadoptedfor supervisorypurposes
basedon the actualavailableknowledgeof the facil-
ity, andshow how theoperatingprinciplesareincorpo-
ratedinto thesupervisionstrategy througha managed
combinationof differentmodelscorrespondingto sev-
eralprocesscontrolviewpoints.
As a consequencethe following descriptiondoesnot
focus on the mathematicalaspectsof the application
(which arenot necessarilythemostdifficult part in an
industrialapplication)but ratheron the knowledgeto
gain, collect and organizeto achieve the supervision
system.

4.1. Scope

By the sizeandcomplexity of the processfacilities
andtheir high degreeof computerization,nuclearfuel
reprocessingis particularlywell suitedfor supervision
applications.Thescopeof thisapplicationis limited to
theextractionandscrubbingcolumns,which aresitu-
atedin their industrialcontext including its operating
modesandconfigurations.It is a continuousprocess
with slow dynamics. The processsolution from an-
other facility in the plant (a nitric acid solution con-
taininguranium,plutonium,fissionproducts(FP)and
technetium)is initially storedin a buffer tankto allow
large processbatchesfrom the upstreamfacilities to
behandledin smallerbatchesin thedownstreamfeed
tank.
The feed tank is automaticallysuppliedwith batches
of theprocesssolution(U+Pu+FP+Tc+HNO3,water)
from the buffer tank,andin turn suppliesthe first ex-
traction column, the purposeof which is to separate
mostof the fissionproductsfrom the processstream.
The FP scrubbingcolumn eliminatesany tracesof
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fissionproducts(U+Pu+eFP+Tc+TBP, dodecane)en-
trainedin thesolventfrom theextractioncolumn.This
nitric acid rinse allows the FP traces(eFP+ HNO3,
water) to be recycled in the extraction column, and
suppliesthe Tc extractioncolumnwith a solvent feed
streamfrom which all the fissionproductshave been
removed(U+Pu+Tc+TBP, dodecane).
The Tc scrubbingcolumn separatesthe technetium
from theprocessstreamby entrainingit in theaqueous
phase,togetherwith tracesof uraniumandplutonium.
Themainorganicphase(U+Pu+Tc+TBP, dodecane)is
sentto anotherfacility not includedin thescopeof this
application; theaqueousphaseis sentto anadditional
extractionbank.
Themixer-settlerbankstripstheresidualuraniumand
plutoniumfrom the (Tc+eU+ePu+HNO3,water)out-
flow from the Tc extractioncolumn. A diluent wash-
ing unit purifiestheaqueousphasecontainingthetech-
netiumby removing any tracesof TBPremainingafter
the additionalextractionstep. The Tc raffinatesfrom
thediluentwashingunit arestoredin a tank.
The diluent scrubbingcolumn eliminatesany traces
of TBP from theaqueousphasecontainingthefission
products(FP+eTBP+HNO3,water) from the extrac-
tion column.Theextractionis performedusinga dilu-
ent(dodecane).
Theheelfromthediluentscrubbingcolumn(FP+HNO3,
water) is continuouslytransferredto a storagetank ;
whenthe tank is full, its contentsaretransferredto a
fissionproductmonitoringtank.
All transfersareensuredby danaids,airlifts for contin-
uoustransfers,andby pumps,jet-pumpsandsiphons
for batchtransfers.Thesystemresponsetime maybe
setat a half-hourfor hydraulicphenomenaanda few
hoursfor chemicalphenomena.The facility is shown
schematicallyin Figure8.

The systemis governedby a numberof operating
modes(startup,shutdown, production,etc.) andoper-
ating configurations(reversionto emergency transfer
device,onlineadjustment,etc.).
Threetypesof datainputsarerequiredfor processsu-
pervision:

– 320sensorswith a30-secondacquisitiontime(ac-
tualrecordeddata,playedbackin acceleratedtime
onanoffline computerizedsystem)

– 5 offline chemicalanalyzers
– 20descriptors(e.g. local valveposition).

Thiscorrespondsto :

– 44 superviseddevices (broken down into eight
classes: airlift, danaid,siphon,jet-pump,pump,

online mixer, pulsedcolumn, and mixer-settler
bank);

– 130anomalies;
– 311causesof failure;
– approximately400indicatorswhich,asnotedbe-

low, constitutethe basicdetectionanddiagnosis
aids consideredas ”processeddata” or as local
models(equivalent to the residualsusedby au-
tomatic control specialists,symptomsof model-
baseddiagnosis).

Fig. 8. Simplifiedsystemschematic

4.2. Applicationof theSagaceviewpointsto theplant
representation

Thesupervisionfunctionsareimplementedthrough
the acquisition,synthesisand structuringof the data
they requiredfor applicationto a specificfacility. In
order to bring together information of various ori-
gins (process,control and monitoring, safety, etc.),
we adoptedthe SAGACE unique representationfor
all the viewpoints. The knowledgepartition in view-
pointssimplify theway thecontext-dependentbehav-
ioral modelis governed.
This formal framework producesthe concreteexpres-
sion of sharedknowledge(by the operatingstaff and
the supervisionsystem)of the operatingsituation: it
is essentialto the intelligibility andpertinenceto the
operatorof theresultsprovidedby thesupervisionsys-
tem ; the resultsof the supervisionsystemarepart of
the reasoningof the operatoranalyzingthe situation,
andaremoreeasilysubstantiatedandexplained.In the
scopeof ourapplicationonly threeof theseviewpoints
are(mainly) usedto capturetheknowledgeof theop-
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eratingsituationnecessaryto our supervisionobjec-
tives: operatingnetwork, operatingmodesandconfig-
urations.

4.2.1. OperatingModes
In the scopeof the application,a functionalgroup

is a setof deviceswhoseoperation can be controlled
independently. Automatic startupand shutdown se-
quencesare localized at the functional group level.
It is importantto note that the functional breakdown
doesnot reflect the partitioningof the facility : a de-
vice may simultaneouslybelongto several functional
groups. Then, an operating modeis a phaseduring
which a functionalgroupis in a staterelevantto its ob-
jective(andto theconstraintsqualifyingtheobjective).
A modemaybeassociatedwith asetof characteristics
that it is desirablefor thephysicalsystemto maintain.
Operatingmodemanagementprovidesa real-timein-
dication of the currentoperatingphase,basedexclu-
sively onprocessinputsandactuatorsvalues.
Thisknowledgecorrespondsto theFunctionalOperat-
ing Modesviewpoint at thesystembehavior represen-
tation level, expressinga diachronicfunctionalvision
concernedwith thesystemevolution overa largetime
scaleduringits operation.
Example. themissionof theunit X is to extract theU
andPufrom a fissionproductsolutionusinga solvent.
Oneoperatingmodeof unit X is production, a phase
duringwhich theextractionmissionis fully ensured.
Themodelmustprovide a representationof theunit’s
operatingmodes,andthepositionof eachmodein the
unit’soperatingscenarios,whereascenariois anoper-
ational logic sequenceof mission-pertinentoperating
modes.It mustalsosupportthelist of informationfor
whichonlineacquisitionis considerednecessaryto en-
sureautomaticdetectionof thecurrentoperatingmode.
Theoperationof a functionalgroupcanthusberepre-
sentedby a graphin which thenodesaretheoperating
modesandthearcssymbolizepossibletransitionsbe-
tweenmodes.This SAGACE graphthusdescribethe
possibleoperatingscenarios.
The nodesof the generalgraph in Figure 9 are the
ninedistinguishedoperatingmodesfor theapplication.
The syntax for representingoperatingmodesin the
SAGACE methodis shown in the examplein Figure
10.

The operatingmodesare boxes ; transitionsbe-
tweenmodesareexpressedasacombinationof events,
constraintsandconditionsthatarelogical expressions
classifiedaccordingto their nature:

– eventsallow for exiting amode(theseincludeob-
jectives inherentin the modeor eventsoriginat-
ing outsidethesystem),examples: start danaid,
columnB discharged;

– constraintsare imposedby the environment (in
this case,decisionsmadeby theoperatingteam),
example: dischargecycle;

– conditionsmustbemetbeforeenteringa new op-
erating mode, example: column A discharged,
shutdownU(IV) andN2H4.

Fig. 9. Generaloperatingmodegraph

Fig. 10. Excerptfrom ascenario

Theoreticallya transitionto detectan operatingmode
changeis the logical product( �����������
	��
�����������������
	��
�����������
� ). A constraintcorrespondsto a decision
by the operatingteam: a logical variablethat corre-
spondsto this forcing possibilityhasto bedeclaredin
the model. However all the transitionsdo not imply
a humandecision: for examplethereis no constraint
requirementin theMain UraniumDischargemodeand
theAdditional U Dischargemodetransition,it is then
reducedto the logical product ������������	��
�����������
� . On
the otherhandeventsandconditionsarealwayseval-
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uatedfrom theprocessdataflow with a 30-secondac-
quisition time. The simplestcasecorrespondsto the
directacquisitionof logical measurements: for exam-
pleshutdown U(IV) andN2H4conditionis simply the
logical productof theon/off statesignalsof thecorre-
spondingvalves. In othercaseeventsandconditions
maybe associatedwith logical expressionsas: ”ana-
logicalvariablemeasurementor afunctionof it (for ex-
amplea densityor its derivative) or a giventhreshold,
or = a referencevalue”.

4.2.2. OperatingConfigurations
An operatingconfigurationcorrespondsto a selec-

tion of devicesdefinedaccordingto operatingcriteria
(operatingmode,equipmentavailability, productqual-
ity, etc.).Two typesof selectionarepossible:

– alternativesusedto obtainthebasicconfiguration
requiredfor production(generallybasedonequip-
mentavailability) ;

– optionsimplementedin additionto thebasiccon-
figuration(e.g.recycling flows).

The configurationsdetectedinclude devices usedfor
redundanttransfers,adjustmentsand implementation
of optionaltransferprovisions.
Thedevicesactuallyusedmayvary duringoperation;
recognitionof the current operatingconfigurationis
thereforeindispensableto the supervisorysystemfor
example. This knowledgecorrespondsto the Config-
urationsviewpoint in theSAGACE matrix. Thefunc-
tional itemscapableof detectingconfigurationchanges
(e.g. on/off switchingof optionalor standbytransfer
devices)mustthereforebelisted.
Reconfigurationthusalwaysinvolvesactivatingand/or
deactivating transferdevices controlling the useof a
processline, andthereforeimplementspurely logical
modelsthatcontrolandadaptthesupervisorybehavior
models.In Figure11, air-lift A correspondsto theac-
tive transferline from theextractioncolumnto thePF
scrubbingcolumnwhereasAir-lift B is not active and
is consideredasthe emergency line in this configura-
tion.

4.2.3. Organicrepresentation
The organic model correspondsto the Operating

Network viewpoint, consolidatingall the information
concerningthe structure of the operating network,
knowledgerelatedto theinstrumentation,aswell asthe
basicknowledgefor diagnosis(defect-failure graphs)
anddetection(anomalies).The organicmodel is im-
plementedatthesystemstructuralrepresentationlevel,

Fig. 11. Active andemergency lines

and expressesa time-independentorganic vision de-
scribing the resourcesnecessaryfor the production
systemservicefunctions.
A hierarchicalstructuralmodel of the plant is estab-
lished : the highestlevel correspondsto the simple
box entitledSpentFuelReprocessingUnit with its in-
put/outputflowsandthelowestlevelsprovideelemen-
tary devices. Figure 12 illustratesthe organicmodel
pageof a scrubbingcolumn completewith transfer
flows. Themodelis automaticallytranslatedto gener-
atetheHMI views ; notethattheboxelementsymbol-
izing a processorcorrespondshereto a major equip-
ment item, and was thereforereplacedby a simple
icon, as shown here for the pulsed scrubbingcol-
umn.Theobserversdesignatepotentialdeviceanoma-
lies at the lowest level of the hierarchicalstructural
breakdown (detectedby the anomalydetectionsys-
tem). Note that thanksto this doublehierarchicaland
flow decompositionit is aseasyto surf vertically (ab-
stractionlevels)ashorizontally(flows) in thiscomput-
erizedrepresentation.

4.2.4. Onlineconsequenceson thebehavioral model
andHMI selection

The organic model, the current configurationand
operatingmodedeterminethecurrentbehavioralmodel.
The behavioral knowledgeusedto diagnosefailures
clearlydependsontheoperatingmode.For example,it
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Fig. 12. Organicmodelof theTc scrubbingcolumn

maybeconsideredusefulto monitora unit’s feedsys-
temonly whentheunit is usedfor production,andthe
necessarycalculationsarepossibleonly whena num-
ber of assumptionsareverified. The operatingmode
recognitionfunctionfor afunctionalgroupmustbeca-
pableof configuringthesystem,i.e. of controlling its
supervisoryfunctionsin a mannerconsistentwith the
currentoperatingmode,but alsocoversthe graphical
interfacedisplay functions derived from the organic
representation.The screendisplay must correspond
to the operatingcontext, andit maybe detrimentalto
presentinformationthat is not pertinentto thecurrent
context : in otherwords,themostsuitabledisplayfor
a productionmodeis not necessarilythe bestadapted
to a shutdown mode.
From the Configurationspoint of view the detection
of configurationchangesis justasindispensableasthe
detectionof operatingmodechanges,both for revert-
ing theprototypeto standbystatusandfor selectingthe
knowledgesuitablefor supervisionof thecurrentsitu-
ation.
As a conclusionthe OperatingModesandConfigura-
tionsviewpointsareusedto controlonlineselectionof
theknowledgerequiredto write behavior modelsused
for diagnosis(theindicators,constructorsandsignsin
this case,asdiscussedin section4.3).
A context-dependentbehavioral model is provided in

the following example (Figure 13). The interestof
the following extract of the knowledgebaseis not to
presentthespecificlanguageof thebase: it simply re-
lies on specificandeasily readablesyntaxandgram-
mardevelopedonthebasisof C++ languageandis not
discussedin this paper. The idea beyond this exam-
pleis ratherto checkthatassoonasseveralviewpoints
of theoperatingsituationsareintroducedmodelscom-
plexity rapidly increases.Thedistinctionbetweenop-
erating modes,configurationsand structural knowl-
edgebecomesessentialto build evenapparentlysimple
behavioral model. Indeed,from a theoreticalpoint of
view theflow balancefor theextractioncolumncanbe
a priori simply enunciatedas: q���! �"!#$ �% &�'
��%!" (*)�&� �+ (t)
+ q#$,.-��/)�(10 &�'
��%!" (*)�&� �+ (t) = q���! �"!#$ �% &�'
��%!" 2� �+1&� �+ (t) +
q#.,$-��/)3(40 &�'
��%." 2� �+1&� �+ (t). Consequentlythis balance
that is an indicatorof the extractioncolumnclassap-
pearsto bea very simplebehavioral constraint.But in
fact,eachof thistermdependsonthecurrentmodeand
configuration.Thefollowing extractsimply illustrates
thenecessarycalculusto processat eachtime to know
whatq���. �"!#. �% &�'
��%." (1)�&� �+ doesreallydesignateonline.
Thesamecalculusmethodcouldbeproposedfor each
inflow andoutflow of thebalanceequation: theformal
previous balanceequationconsequentlytakes multi-
ple computationalevaluationforms that aremanaged
by the differentviewpoints. The simplestexpression
of q���. �"!#. �% &�'
��%." (1)�&� �+ (t) is thesumof theoutflow of
theupstreamactive danaidandthefeedbackof theFP
scrubbingcolumn; but to thisbasicvaluecanbeadded
additionalinflowsdependingonadjustmentconfigura-
tionsandrecycling modes.

ClassExtraction column

...
Extractioncolumn.method
// 5 Methodsfor theExtractionColumnclass
...
//Calculatedattributes
// Calculusof theaqueousinput flow of thecolumn: q aqueousphaseinput
// q aqueousphaseinput : ( danaidx outflow or danaidy outflow) +
// 10%in caseof recycling mode+
// onlinemixer x (correspondsto theaqueousflow feedbackfromtheFPscrub-
bingcolumn)+

// onlinemixer yy + onlinemixer yz whenacidor URT additionaladjustments
areneeded.

method(extraction column.q aqueousphaseinput) is
active danaid: object(load danaid);
inflow active danaid: numerical= 0.0;
recycling inflow : numerical= 0.0;
adjustmentinflow : numerical= 0.0;

6
// aresimplecomments.
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adjustmenttype: enumerated(adjustmenttype);7
// adjustmenttypeevaluation.
adjustmenttype= configuration.loadadjustment.adjustmenttype;
If (is unknown (adjustmenttype)) 7
returnunknown numerical;8
// Dependingon theactivedanaid,theloadinflow is evaluated.
If (is unknown(configuration.transfertfeedtankextractioncolumn.active object))
7 returnunknown numerical; 8
active danaid= cast(load danaid,configuration.
transfertfeedtankextractioncolumn.active object);
inflow active danaid= active danaid- 9 inflow measurement;
// Dependingon the recycling mode,q % additionalinflow from unit Xxx is
addedto themaininflow.

If (cast(air lift, configuration.recycling Xxx extractioncolumn.active object)
== air lift.alzzz) 7
Recylcing inflow = inflow active danaid* q%;8
// Dependingon theadditionaladjustment,theadditionaladjustmentinflow is
evaluated.

If (adjustmenttype== acidadjustment)7
Adjustmentinflow = online mixer.mixer x.inflow measurement;8
If (adjustmenttype== urt adjustment)7
Adjustmentinflow = online mixer.mixer yz.total inflow measurement;8
If (adjustmenttype== completeadjustment)7
Adjustmentinflow = online mixer.mixer yy. total inflow measurement+
online mixer.mixer yz.total inflow measurement;8
// q aqueousphaseinput
returninflow active danaid+
online mixer.mixer x. total inflow measurement+
Recylcing inflow +
Adjustmentinflow; 8

Fig. 13. Context-dependentbehavioral model

4.3. Applicationof theconceptof vulnerability in the
diagnosisknowledge

Supervisioncoversasetof functionsdesignedto au-
tomatethe processof monitoringsatisfactory system
operation,andto detectandaccountfor any malfunc-
tionsat theearliestpossiblestages.But asexplainedin
section2,precocityof detectionmaybemisunderstood
by operatorsandhasleadto distinguishplantvulnera-
bility managementandplantavailability management
in theapplication,associatedto theAnomalydetection
andFaultDiagnosisfunctionalities.
Anomaly detection. The detectionof anomaliesin-
volves identifying the loss or impairmentof a basic
function. A degradedfunction doesnot necessarily
have any consequences(immediately, at least)on the
processoutputs,but resultsin a reductionin the pro-
cesscontrolmargin : anomaliesareassociatedwith the
conceptof vulnerability. It is a ”functional” detection
capableof indicating a crippled function without at-
temptingto attributeit to a problemin thestructureof
thesystem.
Fault diagnosis.Thediagnosticstepattributesa mal-

function to modulessuchassensors,controllers,pro-
cessor control units. Thesemalfunctionsaffect the
processoutputs: thefaultsareassociatedwith thecon-
cept of availability. The detectionfunction only de-
tectsthelossor impairmentof abasicprocessfunction,
whereasthe diagnosticfunction providesan explana-
tion anddeterminesthecauseof theevent. Diagnosis
allows identificationof theinitial defectamongmulti-
ple detecteddefects(i.e. theeventcapableof account-
ing for all the otherobserveddefects)anddetermina-
tion of thephysicalcause.

4.3.1. Fault Diagnosisknowledge
Three main stepscan be distinguishedin the di-

agnosisknowledgebaseconstruction: failure mode
andeffect analysis,defect-failuregraphsconstruction,
model-baseddiagnosisinterpretation.
Failure Mode and EffectsAnalysis. The diagnostic
knowledgeis initially basedonaFailureModeandEf-
fects Analysis (FMEA) : . This analysisidentifiesthe
possiblemalfunctionsthat mustbe diagnosedin each
processequipmentitem, andmustbecarriedout with
theplantoperatorto specifythe list of failuresfor su-
pervision. The study also determinesthe causes,ef-
fectsandconsequencesof eachfailure,andassignsit a
degreeof gravity.
Theknowledgebasemustincludeall therelevantfail-
uremodesandtheir possiblecausesfor all theprocess
equipmentitems covered by the application. Some
items (pumps,airlifts, tanks,etc.) are found several
timesin a facility ; it is thusadvisableto limit thedi-
agnosticanalysisto a typeof genericequipmentitem
ratherthan to repeatthe samereasoningfor multiple
similar items.
This genericanalysisidentifiesgenericfailure modes
for processequipment.In fact, however, eachdevice
mustbe consideredindividually becauseof its instru-
mentationor its locationin thefacility. Thelist of fail-
uremodesassociatedwith a”tank” maybedetermined
by genericanalysis,but thespecificaspectsof a given
tank (continuousor batchfeed,drain provisions,de-
greeof instrumentationcomparedwith the basictank
design)mustbespecifiedin theFMEA, notablythede-
tectionprovisionshighlightedby thegenericstudy.
Theresultfor anidentifieddevicemaybepresentedas
anindividual dataform resultingfrom thegenericand
specificstudies.A typical exampledescribingtheun-

;
FailureModeandEffectsAnalysisis aqualitative systemanaly-

sismethoddesignedto identify thesystemcomponentfailuremodes,
their causesandtheir effects.
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timely shutdown failuremodeof anairlift, assumma-
rizedin anFMEA table,is shown in Figure14.

SIGNIFICANT
FAILURE MODE : SHUTDOWN

Localeffect : Lossof organicphasetransfer
flow from CP21 to CP31

Failure1 : Lossof prime throughlack of
air

Failure2 : Lossof prime throughlack of
material

Failure3 : Inadvertentclosureof AC sys-
temshutoff valve

Fig. 14. Causesandfailures

Defect-Failure Graphs. TheFMEA tablesmaythen
be consolidatedinto a syntheticrepresentationin the
form of defect-failure graphs. Defect-failure graphs
arestructuredinterpretationsof the FMEA. They ex-
pressthe causalrelationsbetweenflow defectsand
processorfailures. Thesegraphsformalizethe repre-
sentationof thefailuremodesin a way that is directly
applicablefor developing diagnosticrules, and they
alsoprovide a human/machineinterfacefor the diag-
nosticview : the operatorcanmonitor the systemre-
sultsandreasoningon thegraphs.
Partitioningthedefect-failuregraphsfor thefacility ac-
cordingto thegravity of theconsequencesthey express
then makes it possibleto discriminatebetweenfail-
ureswith critical, significant,gradualandminor con-
sequencesfor eachdevice. The semanticsfor defect-
failure graph is given in Figure 15 and the defect-
failure graphof significantmodesfor an airlift X is
shown in Figure16.

Fig. 15. Semanticsof Defect-failuregraph

Interpretation of the FMEA in termsof model-based
diagnosis.Model-baseddiagnosisdeterminesthe be-
havior deviation betweena systemandits model. De-
viations betweenthe actualsystembehavior and the

Fig. 16. Defect-failuregraphof significantmodesfor anairlif

expectedbehavior areusedto tracedefective compo-
nentsthe failure of which affectsat leasta portion of
the process.A defectis thusan intolerabledeviation
betweenthe observedandexpectedbehavior, i.e. the
”non zeroresidual”usedby automaticcontrolspecial-
ists. Managingthis type of symptomsallows early
fault detection[7].
Unfortunately, the detectionmeansidentified in the
FMEA generally involve comparisonswith the pre-
alarmor alarmthresholdson processoutputsusedin
conventionalprocesscontrol < , implying belatedde-
tection and diagnostics: by this time, the effects of
the fault conditionmay have propagatedirreversibly,
and it may be necessaryto shut down all or part of
the facility for a durationdependingon the extent of
the damage. It is thereforeindispensableto reexam-
ine eachof thedetectionprovisionsin aneffort to en-
suresaferandearlierdetection; thisinvolvestheuseof
local mathematicalmodels,even if only rudimentary
ones. What is necessaryhereis to build local behav-
ior modelsto replacethedetectionmeanslisted in the
FMEA and thus enhancethe detectionperformance,
in an approachsimilar to the one proposedby [13].
For this purposewe adopteda morepreciseterminol-
ogyandclassificationthantheclassicsymptom-failure
paradigm,onethatpreparesthe formulationof thedi-
agnosticsystemrule base.
A failure mode is thus conjecturedwhen a unique
logical expression,the ”constructor”,assignedto that
modebecomesvalid. Theconstructormaybe a com-
plex logical expressionconsistingof elementarylogic

=
An alarmis thena simpleexceedingof a tolerancethresholdby

ameasurement.Thresholdsaregenerallyempiricallysetby process
engineersanddo not have propersemantic: operationlimits and
productiontolerancearesometimesequallymixed
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conditions,or ”indicators”, relatedby conjunctiveand
disjunctiveconnectors.Theindicatorsignifieswhether
or not a simpleprocessconstraintis verified, for ex-
amplea discrepancy betweenthe modelandthe pro-
cessexceedinga specifiedthreshold.Having defined
the failure mode,the next stepis to assignit a cause,
which is associatedwith a ”context”(a logical expres-
sionequivalentto aconstructor).Obviously, whenever
possiblethe indicatorsaredefinedat thegenericlevel
(correspondingto programmingclasses); becauseof
thespecificfeaturesof somedevices,however, certain
methodsmustbeexplicitly definedat thedevice level
(correspondingto programmingobjects).
An excerptfrom the FMEA interpretationin termsof
indicators,constructorsandcontextsof the”airlift” de-
vice class(theconceptof anomalieswill bediscussed
later) is proposedin Figure17. Thecharacteristicsare
the specificationvaluesof a device usedto construct
its indicators. Certaincharacteristicsaresimplemea-
surements,while otherscorrespondto moreelaborate
assessments.This excerptnotablyincludesthe previ-
ouslymentionedinstanceof anunexpectedshutdown.

AIRLIFT

Characteristics
SOLENOID VALVE CONTROL : controlstheair line solenoidvalve
ON OFF STATE : airlift on/off state
AC FLOW : air flow supplyingtheairlift
ACTUATOR : air flow regulatingvalveopeningpercentage
UPSTREAM LEVEL SETPOINT : stabilizedupstreamlevel setpoint
UPSTREAM LEVEL MEASUREMENT : stabilizedupstreamlevel mea-
surement

Q CALC : flow ratesupposedto betransferredby theairlift
Q POT: flow ratetransferredby thepot associatedwith theairlift
Q STANDARD : theoreticalairlift transferflow rate

Indicators
1 - Low air flow rate
2 - Air flow ratenearzero
3/4 - Shutoff valveclosed
5/14 - Significantdeviation betweenupstreamlevel setpointand measured
value

6/15- Upstreamlow-level limit exceeded
7/16- Upstreamhigh-level limit exceeded
8/17- Upstreamlevel regulatingvalveopen
9/18- Upstreamlevel regulatingvalve fully open
11/19- Calibrationrelationunverified
12/20- Materialbalancefor liquid-liquid separatorunverified
13/21- Materialbalancefor liquid-liquid separatorverified

Anomalies>
Level regulation: 5/14
AC air supply: 2 or (1 & 9/18)
Calibration: 11/19
Materialbalance: 12/20

?
This notionis discussedin 4.3.2

Constructors and contexts
Shutdown : 6/15or 7/16
- Lossof primethroughlackof air : ((1 and9/18)or (2 and8/17))andnot 4
- Inadvertentclosureof AC systemshutoff valve : 4
Insufficienthead: 11/19and13/21
...

Fig. 17. Indicators,anomaliesandconstructors

Note that the calculusof eachof the indicator is
context-dependentand is carriedout as explainedin
subsection4.2.4(seethecalculusmethodfor theaque-
ousinput flow of thecolumn). Eachindicatoris a lo-
cal model that hasto be online updatedby the mod-
ulesperformingtheoperatingmodeandconfiguration
management.
Finally, this knowledgebasecould be interpretedin
termsof rules. Having definedthe terms, the diag-
nosticrule wouldbepracticallystatedin thefollowing
form :
if @ Failure Mode 9BA then assume Failure 1 with Context 1
else assume Failure 2 with Context 2
otherwise Other Failures.

Note that a context may well be a failure modeof an
upstreamdevice ; in fact,thecontext becomesthefail-
uremodeconstructorfor theupstreamdevice. Thisal-
lows for failure modechainingmanagement.Finally,
the notion of ”other failures” makesit possibleto list
failuresthatcannotbeassociatedwith a context (gen-
erallybecauseof inadequateinstrumentation).

4.3.2. AnomaliesandFunctionalModel
The malfunctionsexaminedby the anomalydetec-

tion systemdonotnecessarilyrequireany intervention
by theoperatingor maintenancecrews,but they should
arouseincreasedvigilance regardingcertainportions
of the facility. This function thuscorrespondsto the
conceptof vulnerabilitymonitoringdefinedin section
2. Anomaliesthereforedo not necessarilyimply the
onsetof failures(contraryto thediagnosisfunctional-
ity), but they may constituteearly symptomsof mal-
functionsunderthe failurediagnosticfunction. Thus,
the necessaryknowledgeto this functionality cannot
beissuedfrom a failuremodesanalysis(like for diag-
nosis)but from a purelymodelbasedapproach.
Anomaliesdetectionis associatedwith a functional
point of view of the plant. The missionof a process
facility may be broken down into lower-level func-
tions,eachof which is implementedby ahardwarede-

C
If therelevant failuremodeconstructoris assigned
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vice. Elementaryfunctions are associatedwith ele-
mentarycomponents(e.g. sensorsor actuators).The
systemtopologicalmodelis its architectureat thelow-
est functionalbreakdown level, i.e. the hardwarere-
lations. Theseconnectionsexpressthe matter, energy
or informationtransfersbetweenthehardwarecompo-
nentsassociatedwith eachactivity, andarecharacter-
izedby systemdescriptionvariables.Theoverall sys-
tembehavior is determinedfrom its topologyandfrom
the behavior of eachcomponent.Constraintsamong
thedescriptionvariablesfor acomponentconstituteits
behavior model ; suchconstraintsmay be expressed
in various ways, from production rules to differen-
tial equationsdependingon thenatureof theavailable
knowledge.
Asaconsequence,theanomalydetectionfeatureof our
prototypedetectsthelossor degradationof anelemen-
tary processfunction that doesnot necessarilyhave
any consequenceson theprocessoutputs.Any total or
partial lossof anelementaryfunction in thefacility is
termedan anomaly(e.g. organicmaterialbalancefor
a column headairlift). The anomaly(the equivalent
of thediagnosticfailuremode)is detectedby a unique
logicalexpression,or ”sign”, associatedwith it (equiv-
alentto thefailuremodeconstructor).It toois alogical
expressionconsistingof indicators.
Considertheexamplein section2, wheretheuranium
front was assumedto descendin the extraction col-
umn. From a detectionstandpoint,for example,this
phenomenonwill be observed as a variation in the
columnweight differential : the elementaryfunction
correspondingto ”Stabilizationof the U Front” is no
longerproperlyensured.If theanomalyis confirmed,
thediagnosticis initiatedby anincreasein theaqueous
phasedensityin the lower settlerandmay proposea
causesuchas”ExcessiveFeedFlow”.
In view of the parallelsestablishedbetweendetection
and diagnosis,anomalyand failure mode, sign and
constructor, a list of all the indicatorscanbe defined
initially ; thesigns(respectively constructors)canthen
be constructedfor detection(respectively diagnosis)
without rewriting indicatorsthat may be commonto
both functions. It is important to reiteratethat the
knowledgesourcesfor thesetwo functionsaredifferent
: interpretedFMEA for diagnosis,andfunctionalanal-
ysisof the facility for detection.Detection,througha
functionalinterpretationof malfunctions,is readilyas-
similatedby theoperatingcrew in theprocesscontrol
principles; diagnosisgeneratesstructuralresultsper-
tinentbothto theprocesscontrolstaff andthemainte-
nancestaff.

4.3.3. RuleParameterIdentification
Indicatorsmay be consideredas local modelsin-

volving :

– measuredvariables(generallysubjectto noise);
the variablesareassigneda variationrange,and
thenoiseis qualifiedby its variance;

– calculatedvariables(complex functionsof mea-
suredvariables); they areassigneda noisevalue
resultingfrom thenoisecomponentsof theperti-
nentmeasuredvariables;

– structuralparameters;
– decisionparameters,i.e. thresholdsbeyondwhich

operatingconstraints(constitutingthe indicators)
areno longervalid (comparableto the threshold
beyond which a residual is assigneda nonzero
valuein automaticcontrolapplications);

– initial valuesfor certainvariablesusedin differ-
entialequations.

All thesequantitiesmustbe taken into accountto ob-
tain an operationalbase. Dependingon the quality
of a measurementandits implementationby the sys-
tem,somevariablesmayrequirepreprocessing(filter-
ing, averaging, least squaresanalysis,etc.). Actual
datarecordedduring the first four weeksof operation
wereusedduringthisphaseto identify andvalidatethe
models.
It shouldbenotedthatstatisticaltestsarenot usedfor
the decisionparameters.Eachindicator is seenas a
vaguestatement(e.g. Air flow ratenearzero,or Sig-
nificantdeviation betweenupstreamlevel setpointand
measuredvalue). This imprecisionis modeledusing
fuzzy sets: the degreeof pertinenceof a symbolic
predicateis calculatedwith allowancefor themeasured
situation(What is the pertinenceof the Air flow rate
nearzeroindicatorgiventhatthemeasuredflow rateis
27 lh-1, or of theSignificantdeviation indicatorgiven
that the deviation betweenthe setpointand the mea-
suredflow rateis 6 lh-1 ?). A degreeof pertinenceis
thusassignedto eachindicator. Thesigns,constructors
andcontexts (logical combinationsof indicators)also
inherit a fuzzy evaluation: thedegreeof pertinenceof
the compositeexpressionis seenas the aggregateof
the degreesof pertinenceof the individual indicators
composingit ; theandandor connectivesin theselogi-
calcombinationsarethenassociatedwith fuzzyaggre-
gationoperators(t-normsandconorms)[5] [19]. This
analysisis transparentto theoperator.
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4.4. ComputerizedImplementationandValidation
Platform

RTWorks is usedto obtaina distributedmodulear-
chitecture. This provides a heterogeneousenviron-
ment,fault toleranceandconsiderablepossibilitiesfor
addingor replacingsystemmodules. A key feature
of RTWorks is its ability to distributeclient processes
throughoutthenetwork, evenin a heterogeneousenvi-
ronment.Processesmayberun on differentmachines
tobenefitfrom thecomputingpowerof anetwork. Pro-
cessesmay be startedandstoppeddynamicallywhile
thesystemis running.
The Methysmodule,comprisingthe detection,diag-
nosis,configurationmanagementandoperatingmode
managementfunctions,is aninterpreterfor adiagnosis-
specificevent-drivenobjectlanguage.All themodules
arewritten in C++,Motiv andDataViews.
Actual data recordingsover a period of weekswere
usedto validatethe prototypethroughacceleratedof-
fline monitoringof operation; detailedanalyseswere
producedasformswhentheoperatorrequesteda spe-
cific diagnosticreporton a moresignificantmalfunc-
tion occurringduring the operatingweek. The spuri-
ousdetectionandnondetectionratescanbeevaluated,
but thesecasestudiesprimarily assessedtheearlyde-
tectionperformanceof thesystem.

5. Conclusion

In orderto improvetheproductivity of a facility to-
day, it appearsnecessaryto be concernedwith moni-
toring its availability. This hasled to thedevelopment
of operatoraids, notably in the areaof fault diagno-
sis.Theirpurposeis to ensureearlydetectionof abnor-
mal situationsandto interpretthemsothat theopera-
tor may control the processmoreefficiently. Model-
baseddiagnosisin ProcessControlTheoryis founded
on theconstructionof earlymathematicalfault indica-
torsknownasresiduals.Themethodsproposedfor this
purposegenerallyrepresenttheprocessby meansof an
extremelyinflexiblealgebraicformalismthatlimits the
scopeof applications.Furthermorethepower of these
techniquesis extremelypoor for explanationthat is a
fundamentalrequirementfor theoperatingstaff under-
standing. The diagnosticproceduresfor suchplants
aregenerallyintegratedinto a supervisionsystem,and
must thereforebe provided with explanatoryfeatures
that are essentialinterpretationand decision-making
supports.

Theintroductionof earlydetectionconceptin theprin-
ciplesof thecontrolstaff goesthroughthedefinitionof
ascaleof gravity in dysfunctionalevents.An anomaly
correspondsto the impairmentof a basicfunction of
the processthat doesnot necessarilyhave any con-
sequences(immediately, at least)on the processout-
puts,but that simply resultsin a reductionin the pro-
cesscontrolmargin andis associatedwith theconcept
of vulnerability. The fault diagnosticstepattributesa
malfunctionto processmoduleswhentheprocessout-
putsareaffectedandis associatedwith theconceptof
availability. The sourcesof knowledgeof both func-
tionsareclearlydifferent: anomaliesindicatorsareis-
suedfrom a hierarchicalfunctionalbreakdown of the
facility whereasthediagnosisonesresultfrom the in-
terpretationof the failure modeand effects analysis.
Thedistinctionbetweenanomaliesdetectionandfault
diagnosisis a simpleway to introducethechronolog-
ical sequencein the scaleof gravity of dysfunctional
events. The notion of early detectionis thusincorpo-
ratedinto arepresentationsystemsharedby all theop-
erators.
Targetingthesupervisionsystemontheoperatingteam
ratherthantheSCADA leadsto othermajor revisions
in model-baseddiagnosisstrategies. Indeedprocess
control theoryapproachesin model-basedsupervision
are associatedwith diagnosticsof the processitself,
andnot of the processcontrol situation(the operator,
facility, control triplet), which is the veritablesubject
of supervision.Representingdifferentaspectsof pro-
cesscontrolsituationfrom multipleviewpointsnotably
allows the on line selectionof the behavioral models
relevant to the observed situation. It is indeedeas-
ier to allocatethewide rangeof knowledgenecessary
for asupervisionsystemamongseveralpertinentmod-
els rather than to build a single dynamicmodel that
”hypocritically” attemptsto integrateall the informa-
tionsources(eventhosefor whichit wasnotdesigned).
Our indicatorsconstitutethe local behavioral models
dedicatedto anomaliesand failuresdetection: their
distributed architectureand their genericexpression
areadequateto theonlineselectionandupdatingwith
regardto thedifferentimpliedviewpoints.
By classifying knowledge into viewpoints, we were
able to extract the operating data pertinent to the
project andstructurethemefficiently in termsof the
supervisionfunctionsrequiredfor theproject: to con-
structaknowledgebaseusablenotonly by plantopera-
torsbut alsoby thesupervisionsystemdesigners.Sys-
temic approachSAGACE providesthis formal repre-
sentationframework. Thepurposeof thissystemmod-
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eling approachis to producea representationconsti-
tutingastructuredmediumfor informationof different
typesfrom a variety of sources,the concreteexpres-
sion of sharedknowledgeof the operatingsituation.
It is essentialnot only to structurethe knowledgere-
quiredfor all thesupervisionsystemfunctionsinto op-
eratingsystemviewpoints,but alsoto provideaunique
representationmethodfor eachviewpoint. This rep-
resentationalexerciseshowed thatconfigurationman-
agementandoperatingmodemanagementwereindis-
pensablefunctions,althoughonly the supervisionof
processoperationhadbeenraisedduringtheoperator’s
initial analysisof projectrequirements.
In thebroadercontext of risk control, theoperatoraid
cannotsimply cover processmalfunctions: it is in-
tendedfor thehumanoperator, andmustthereforein-
tegratearepresentationof humanprocesscontrolprin-
ciples if it is to constitutean effective control room
decision-makingaid.
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