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Abstract
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1 Introduction

If we considerthe control systemin a chemicalplant, thenwe find thatit is structuredhierarchically
into severallayers,eachoperatingon adifferenttime scale.Typically, layersincludeincludescheduling
(weeks),site-wide optimization (day), local optimization(hour), supervisory/prediote control (min-

utes)andregulatorycontrol(seconds)seeFigure 1. Thetaskin eachlayer, e.g.optimizationor control,

may be performedby a computeralgorithmor it may be performedmanually(by an operatoror engi-
neer).Thelayersareinterconnectedhroughthe controlledvariables More precisely
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Figurel: Typical controlhierarchyin achemicalplant.

The controlled variables (¢) arethe (internal) variablesthat link two layersin a control
hierarchy wherebythe upperlayer computesthe setpoint(cs) to be implementedby the
lower layer

We usuallyassumeime-scale separation which for our purposesmpliesthatthe setpointsc; can
beassumedo beimmediatelyimplementedy the layersbelow.

Which shouldtheseinternalcontrolledvariablesc be?Thatis, whatshouldwe control?Or to phrase
the questionin anothemway: Why do we in a chemicalplantselectto controlalot of internalvariables
(e.g.compositionspressuregemperaturesetc.) for which therearenoeexplicit controlrequirements?

More generallytheissueof selectingcontrolledvariabless thefirst subtaskn thecontrol structure
design problem(Foss1973);(Morari 1982);(SkogestacandPostlethvaite 1996):

1. Selectiorof contrwolled variablesc (variableswith setpoints:,)
2. Selectiorof manipulatedvariables



3. Selectiorof measuements (for controlpurposesncluding stabilization)

4. Selectiorofa contol configuation (structureof thecontrollerthatinterconnectsneasurements/setpoints
andmanipulatedsariables)

5. Selectiorof controller type(controllaw specificationg.g.,PID, decouplerLQG, etc.).

Eventhoughcontrol engineerings well developedin termsof providing optimal controlalgorithms,it
is clearthat mostof the existing theoriesprovide little help whenit comesto making suchstructural
decisions.

The methodpresentedn this paperfor selectingcontrolledvariablesfollows the ideasof Morari
et al. (1980), Skogestadand Postlethvaite (1996) and Zhenget al. (1999) andis very simple. The
basisis to define mathematicallythe quality of operationin termsof a scalarcostfunction J to be
minimized. To achieve truly optimal operationwe would needa perfectmodel, we would needto
measurall disturbancesandwe would needto solve the resultingdynamicoptimizationproblemon-
line. Thisis unrealisticin mostcasesandthequestionisiif it is possibleto find asimplerimplementation
which still operatesatishctorily (with an acceptabldoss). More preciely theloss L is definedasthe
differencebetweenthe actualvalue of the costfunction obtainedwith a specificcontrol straggy, and
thetruly optimalvalueof the costfunction,i.e. L = J — Jop:. Thesimplestoperationwould resultif
we could selectcontrolledvariablessuchthatwe obtainedacceptabl®perationwith constansetpoints,
thuseffectively turningthe complex optimizationprobleminto a simplefeedbaclkproblemandachiee
“self-optimizingcontrol”:

Self-optimizing control is whenwe canachiere an acceptabldosswith constantsetpoint
valuesfor thecontrolledvariables

(The readeris probablyfamiliar with the term self-regulation, which is whenacceptablalynamic
control performancecan be obtainedwith constantmanipulatedinputs. Self-optimizingcontrolis a
directgeneralizatioro the casewherewe canachie/e acceptabléeconomic)performancevith constant
controlledvariables.) The term “self-optimizing control” is shortand descriptve, but alsootherterms
have beenusedto describethe sameidea, suchas“feedbackoptimizing control” (Morari et al. 1980),
“indirect optimizing control (throughsetpointcontrol)”(Halvorsenand Skogestadl998), and “partial
control’(Arbeletal. 1996).

Inspiredby the work of Findeisenet al. (1980)), Morari et al. (1980) gave a clear descriptionof
what we heredenoteself-optimizingcontrol, including a procedurefor selectingcontrolledvariables
basedn evaluatingtheloss. However, it seemghatnobodyfollowedup ontheirideas.Onereasonwas
probablythat no good examplewasgiven in the paperfor how to choosecontrolledvariablesfor the
unconstrainedase.

The main objective of this paperis to demonstratewith a few examplesthatthe issueof selecting
controlledvariablesis very importantandto provide a systematigprocedurefor selectingcontrolled
variables. A discussiorof theliteratureis givenattheendof the paper

2 Optimization and control

Whencontrollingachemicalplantourfirst concerns to stabilizethe plantandkeepthe operationwithin
given constraints.Theseissuesnay consumesomedegreesof freedom(e.g. to stabilizelevelswith no
steady-stateffect andto satisfyexact productspecifications)but therewill generallybe mary degrees
of freedomu left. Whatshouldthesebe usedfor?

Loosely speaking,they shouldbe usedto “optimize the operation”. Theremay be mary issues
involved, andto tradethemoff againsteachotherin a systematianannemwe usually quantify a scalar
performance(cost) index J which shouldbe minimized. In mary casesthis index is an economic
measuree.g.the operationcost. For example,J couldbe of theform

T
J(u,d) = /0 b (u, d)dt )
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whereu aredegreesof freedom d aretime-varyingdisturbancesandT is thetotal operationtime.

In thispapemwe will for simplicity usesteady-statenodelsandtheintegrationin (1) maybereplaced
by time-areragingover thevarioussteady-states he mainjustificationfor usinga steady-statanalysis
is that the economicperformancds primarily determinedby steady-stateonsiderations.The effect
of the dynamiccontrol performancecanbe partly includedin the economicanalysisby introducinga
controlerrortermasanadditionaldisturbance.

2.1 Theoptimization problem

Theoptimizingcontrol problemcanbe formulatedas

Hhin J(u,d) 2)

subjectto theinequalityconstraints
9(u,d) <0 (3)

wherew arethe N, independenvariableswe canaffect (degreesof freedom),andd areindependent
variableswe cannot affect (disturbances)Herethe constraintdor instancemay be

e productspecificationge.g.zp > 0.95)
e manipulatediariableconstraintge.g.0 < V < V4z)
e otheroperationalimitations(e.g. maximumpressurer avoid flooding)

Conflicting constraintamay resultin a problemwithout a feasiblesolution. For example,if we make
a productby blendingtwo streamghenwe cannotachieze a productspecificationoutsidethe rangeof
feedcompositions.

We have assumedhatall dependen{state)variableshave beeneliminatedsuchthatthecostfunction
andconstraintsarein termsof the independenvariablesu andd. However, in somecasest is more
convenientto keepthe statevariablesz andcorrespondingnodelequationgequality constraintsand
formulatethe optimizationproblemas

muin J(z,u,d) (4)
subjectto the constraints

g1(z,u,d) =0 (5)

92(37, u, d) S 0 (6)

Although we use a steady-stateanalysisin this paper it may be extendedto truly unsteady-state-
processedike duringagradetransitionor for abatchprocessby usingadynamicmodelandletting the
setpoints:; be precomputedrajectoriesasa functionof time or of statevariables.

2.2 Implementing the optimal solution

Therearetwo mainissuesvhenit comesto optimizing control. Thefirst is the mathematicand nu-
mericalproblemof solvingthe optimizationproblemin (2) to obtainthe optimal operatingpoint. The
optimization problemmay be very large, with hundredsof thousandsf equationsand hundredsof
degreesof freedom(e.g. for a completeethyleneplant), but with todayscomputersand optimization
methodghis problemis sohable,andit is indeedsolvedroutinelytodayin someplants.The seconds-
sue thefocusof this paperis how theoptimalsolutionshouldbeimplementedn practice.Surprisingly
thisissuehasreceved muchlessattention.

To betterunderstandheissuesconsidethethreealternatve structuregor optimizingcontrolshavn
in Figure2:

(&) Open-loopmplementation.
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Figure2: Alternative structuregor optimizingcontrol. Structure(b) is studiedin this paper

(b) Closed-loogmplementatiorwith a separateontrollayer
(c) Integratedoptimizationandcontrol.

In the figurethe block “process”’denoteghe processasseenfrom the optimizationlayer, soit may
actuallybe a partially controlledplantwhich includes for example,stabilizinglevel loops. This means
thatthe independentariablesu for the optimizationmay include someof the “original” manipulated
variableg(m) aswell asthesetpointge.g.level setpointsusedin thelowerlayercontrollers.

If therewere no unmeasuredlisturbancesl thenthe threeimplementationsvould give the same
result. The key to understandvhy the threestructurediffer, is thereforeto considerwhat happengo
the degreesof freedomu in responseo a disturbancel (moregenerallyd mayincludeary uncertainty
includingerrorsin themodelusedfor the optimizationandcontrol).

(a) For the open-loopimplementatiorthereis no feedbackandu remainsunchangedvhenthereis a
disturbancel.

(b) Fortheclosed-loogmplementatiorwith a separateontrollayer, thedisturbancel affectsthe mea-
surement,,, andthe controlleradjustu sothatc,, returnsapproximatelyto its setpoint.c;.

(c) Fortheintegratedoptimizationandcontrol,all availablemeasurements (includingc,,) areusedto
identify the disturbanceandupdatethe model,andthendynamicon-line optimizationis usedto
recomputeanew optimalvaluefor u

In generalthe open-loopmplementatior(a) is notacceptabléecausehereis no attemptto correct
for disturbanced



If we formulatethe optimizing control problemin the usualmathematicafashionasin (2), then
we find thatthe centralizedmplementatior(c) is the optimalchoice.Herethereis one“big” controller
whichbasednall availablemeasuremen@ndothergiveninformation(includingamodelof thesystem
and expecteduncertainty),continuouoslycomputesthe optimal valuesof all manipulatedvariables.
However, there are fundamentalreasonswhy sucha solutionis not the best, even with todaysand
tomorravs computingpower. Oneimportantreasonis the costof obtaininga dynamicmodel;in the
centralizeccontrollerit is critical thatthis modelis accuratesincethereareno predeterminedinks, and
the controllermustrely entirely onthe modelto take theright action.

Therefore,jn practice, we almostalwaysusethe closed-loopmplementationb) wherewe decom-
posethe control systeminto separatgartsandlayers.In the simplestcaseshavn in Figure2b we may
have two layers:

e A steady-stateptimizationlayerwhich computeghe optimalsetpoints, for the controlledvari-
ablesand

e A feedbackcontrollayerwhichimplementgshe setpointsto getc = c;.

In processcontrol applications the feedbackcontrol layer usually operatescontinuously whereaghe

optimizationlayer (which may be an engineeryecomputesien setpointsc; only quite rarely; maybe
onceanhouror oncea day (whenthe planthassettledio anew steady-state)lheideais thatby locally

controllingtheright variablesc, we cantake careof mostof the disturbancesandthusreducethe need
for continouoseoptimization.This alsoreduceghe needfor modelinformationandtendsto make the

implementatiormorerobust. On the otherhand,it usuallyimplies a performancdosscomparedo the

“true” optimal (centralized)solution,andthe challengeis to find a “self-optimizing” control structure
(i.e. to find theright controlledvariablesc) for whichthelossL is acceptable.

Active constraint control

In somecaseghereis no performancdosswith the hierarchicalstructurein Figure2b with a separate
optimizationandcontrol layer Thisis whenthe optimumlies at someconstraintsandwe useactive
constaint contol wherewe choosethe constrainedrariablesasthe controlledvariablesc (Maarleveld
andRijnsdrop1970) (Arkun and Stephanopoulo$980) (Fisheret al. 1988). However, in mary cases
the constraintamove dependingon the operatingpoint, anda changein the active constraintsequires
reconfigurationof the loops. To avoid suchan often complicatedlogic system,we may usein the
lower layera multivariablecontrollerthatcanhandleconstraintsin particular modelpredictive control
(MPC), which hasgainedwidespreadusein industry over the last 20 years,provides a simple and
efficienttool for trackingactive constraints.

2.3 Degreesof freedom for control and optimization

A startingpoint for controlandoptimizationis to establisithe numberof degreesof freedomfor oper
ation; both dynamically(for control, N,,,) andat steady-stat¢for optimization,NV,). Fortunatelyit is
in mostcaseselatively straightforvard to establisithesenumberdrom processnsight,e.g. seePonton
andLiang (1993)and Luyben(1996). The basisis that the numberof independenvariablesfor con-
trol (V,,,) equalsthe numberof variablesthat canbe manipulatedy externalmeangwhichin process
controlis the numberof numberof adjustablevalvesplusthe numberof otheradjustableslectricaland
mechanicalariables).

Thenumberof deggreesat freedomat steady-staté/N,,) is generallylessthanthe numberof control
degreesof freedom(V,,,). We have

N, = N,, — N, (7)

whereNy = Np,0 + Ny is the numberof variableswith no steady-stateffect (on the costfunction).
Here



N,,0 - numberof manipulatednputs(u’s), or combinationghereof,with no steady-stateffect.
Nyo - numberof controlledoutputvariableswith no steady-stateffect.

A simpleexamplewhereN,,( is non-zeras a heatexchangemwith bypasson bothsidesi.e. N,;, = 2).
However, atsteady-stat@/,, = 1 sincethereis really only oneoperationatiegreeof freedom namelythe
heattransferrate (which at steady-statenay be achiezed by mary combinationof thetwo bypasses),
sowe have N, = 1.

Nyo usually equalsthe numberof liquid levels with no steady-stateffect (including most buffer
tanklevels). However, notethatsomeliquid levels do have a steady-stateffect, suchasthelevel in a
non-equilibriumliquid phasereactoy andlevelsassociateavith adjustableheattransferareas Also, we
shouldnotincludein Ny ary liquid holdupsthatareleft uncontrolled suchasinternalstageholdupsin
distillation columns.

Remarkon designdegreesof freedom. In this paperwe are concernedvith opemational degrees
of freedom. The designdegreesof freedom(which is not a concernin this paper)includesall the
operationaldegreesof freedomplus all parameterselatedto the size of the equipment,suchasthe
numberof stagesn columnsectionsareaof heatexchangersetc.

2.4 Introductory example

To give the readersom appreciatiorof the issueswe hereconsidera distillation plant. With a given
feedstreamanda specifiedpressurg, a corventionaltwo-productdistillation column,asshovn in Fig-
ure 3, hastwo degreesof freedomat steadystate(N,, = 2). (Froma control point of view the column
hasN,, = 5 degreesof freedom,but two degreesof freedomare neededo stabilizethe reboilerand
condenseholdups,which have no steady-stateffect, andonedegreeof freedomis usedto controlthe
pressuratits givenvalue). Thetwo remainingdegreesof freedom e.g. selectedo betherefluxflow L
andthedistillateflow D, .
“‘(D)

(this is not a uniquechoice)may be usedto optimizethe operationof the plant. However the question
is: How shouldthe optimal solutionbeimplementedthatis, which two variablesc shouldbe specified
andcontrolledduringoperation?

To answetrthis questionin a quantitatve mannerwe needto definethe constraintdor the operation
andthecostfunctionJ to beminimized.

Constaints. We assumehatthe distillate productmustcontainat least95% light componentnd
thatto avoid floodingthe capacityof the columnis limited by a maximumallowedvaporload,

Tp > T Dmin = 0.95

V S lel(l?

Costfunction RatherthanminimzingthecostJ, it is morenaturalin this caseto maximizethe profit
P = —J, whichis the productvalueminusthe feedcostsandthe operationalenegy) costswhich are
proportionalto thevaporflow V,

P =ppD +ppB —ppF —pyV (8)

Constainedopenation. Let usfirst considera casewhere
o distillateis themorevalueableproduct(pp > pg)
e enegy costsarelow (py =~ 0)

Lif column pressurés free we often find that the optimal choiceis to have maximumcooling correspondingo minimum
pressurd“floating pressurecontrol” assuggestedby Shinsley (1984)). Thereasons thatin mostcasedherelative volatility is
improvedwhenpressures lowered.
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Figure3: Typical distillation columncontrolledwith the LV -configuration

In this case|t is optimalto operatethe columnat maximumload (to reducethelossof light component
in the bottom) and with the distillate compositionat its specification(to maximize distillate flow by
includingasmuchheary componentspossibleGordon1986),i.e.

Vopt = Vma:c

ID,opt = TD,min = 0.95

Thus,theoptimumlies atconstraint@andimplementations obvious: We shouldselecthevaporrate
V andthedistillate compositionz , asthe controlledvariables,

c= ; Cs =
D I D,min

In practice, we implementthis usinga lower-level feedbackcontrol systenmwherewe adjustthe boilup
V to keepthepressuradrop over the column(anindicatorof flooding) belov a certainlimit, andadjust
thereflux L (or someotherflow, dependingn how thelevel andpressureontrolsystemis configured)
sothatzp is keptconstant.

Unconstainedopeiation. Next, considera casewhere

e bottomsproductis the morevaluableproduct(pp > pp)
e enegy costsarerelatively high (thetermpy V' contritutessignificantlyto J)
In this casethe optimummay be unconstrainedh bothvariables andassumedor the discussiorthat

Vopt = 0.76V 5004

TD,opt = 0.973 > T D,min

Implementatiorin this caseis not obvious. Somecandidatesetsof controlledvariablesare

o= (o) lan) o= (o) =) o= (Vn)
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andtherearemary others.Controlledvariablesc; andcy will yield a“two-point” controlsystemwhere
we closetwo loopsfor quality control; c3 yields a “one-point” control systemwhereonly one quality
loopis closed;whereas:, andc; are“open-loop” policieswhich requireno additionalfeedbackoops
(exceptfor thelevel andpressurdoopsalreadymentioned) All of thesechoicesof controlledvariables
will have differentself-optimizingcontrolproperties.

At the endof the paper we studyanotherdistillation example,wherethe optimumis constrainedn
onevariableandunconstrainedh the other

25 Summary so far

In summaryasillustratedin Figure4, we have threeclasse®f problemsvhenimplementingheoptimal
solution:

™ ™ ™
\/
u u u
(a) Easy: Active constraint (b) Easy:Manualcontrol (c) Difficult.
control

Figure4: Implementingthe optimalsolution

(a) Constainedoptimum In thefigureis shavn the casewherethe solutionis constrainedn w,
i.e. theminimum J is obtainedfor u,,;,, but it couldbein ary othervariable. As discussed
above, implementatiorof the optimal solutionin this caseis easy;we implementthe actve
constraint(this could involve a feedbacKoop). This caseis very common,asthe optimum
is always constrainedf we have a linear model with a linear objective function. Model
predictve control (MPC) or a similar methodmay be usedif the active constraintmoves
dependein@n the operatingpoint.

(b) Unconstainedflat optimum In this casethe solution(operation)s insensitve to valueof the
independentariableu, andimplementations againeasy,we mayusethe open-loopstratgy
with aconstanvaluefor w.

(c) Unconstainedsharpoptimum The moredifficult problemsfor implementatioris whenthe
solution(operation)is sensitve to valueof theindependenvariableu. In this casewe want
to find a controllervariablec in which the optimumis flatter

Thelatter“difficult” problemsarethefocusof this paper

3 Sdection of controlled variables

In this sectionwe presenbur procedurebut let usfirst formulatethe problemabit clearer



3.1 Problem formulation

Let the “baseset” for the N,, availabledegreesof freedombe denotedy (this is not a uniqueset),and
let d denotethe (important)disturbancesgthis is a uniqueset). Any othervariableis thena function of
thesevariablesfor example,we canwrite for the controlledvariables

¢ = f(u,d) 9)
Assumingthatthe setof ¢'s areindependentyve canalsoderie theinverserelationship
u=f"(c,d) (10)

wherewe assumehefunction f ! existsandis unique.
For a given disturbancei we cansolwe the optimizationproblem(2) with constraintg3), andif a
feasiblesolutionexists obtainthe optimalvalueuy; (d),

Inuin J(ua d) = J(uopt(d)a d) = Jopt (d) (11)

g(u,d)<0

However, in actualoperationthe valueof » will differ from the the optimal value s,y (d), andthis
resultsin aloss? L betweerthe actualoperatingcostsandthe optimal operatingcosts,

L(u,d) = J(u,d) — J(topt(d),d) (12)

The magnitudeof the losswill dependon the control stratgy usedfor adjustingu during operation,
andto understandhis betterconsiderthe “open-loop” and“closed-loop” stratgjies. Let dy denotethe
nominalvalueof the disturbancdor which the optimizationwasperformed,andlet d denoteits actual
value(duringoperation).In this papemwe usefor simplicity the nominaloptimalvaluesassetpointsj.e.

Us = Uopt (dO); Cs = Copt (dO)

¢ In the“open-loop” stratgy we attemptto keepu constantat its setpointus (morepreciselyu =
us + d,, Whered,, is theimplementatiorerror)

e In the“closed-loop”stratgy we adjustu = f~!(c, d) in afeedbackashionin anattemptto keep
¢ constangatits setpointc;, (morepreciselyc = ¢, + d., whered,. is theimplementatiorerrorfor
controlof ¢)

Theopen-looppolicy is often poor; bothbecausehe optimalinput ., (d) dependstronglyon the
disturbancdsoit is notagoodpolicy to keepu, constant)andbecauseve arenotableto implementu
accuratelysotheimplementatiorerrord,, is large).

The questionwe wantto answeris therefore:Whatis bestchoicefor the contolled variablesc to
usein the closed-looppolicy? If we allow for combinationf measurementshenthereareinfinitely
mary choices.Specifically if y,, represenall the candidataneasuredariablesthenwe canwrite

¢ = h(Ym,u) (13)

wherethe function i is free to choose(note that the open-looppolicy is includedasthe specialcase
hYm, u) = u).

We next presentwo approachefor selectingcontrolledvariables.We first considerthe error, u —
uqpt(d), andbasednthis proposdour requirementsf thecontrolledvariable.We thenconsideramore
exactstepwiseprocedureédasedon explicitly evaluatingtheloss.

2It is not really necessaryo introducethe loss function, and we may insteadwork directly with the actualcost.J(u, d).
However, the loss providesa better“absolutescale” on which to judge whethera given setof controlledvariablesc is “good
enough”,andthusis self-optimizing.
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3.2 Requirementsfor the controlled variable

Consideranclosed-loogmplementatiorwherewe attemptto keepc constaniatthevaluec,. With this
implementatiorthe operatiormaybenon-optimalwith a positive loss)dueto thepresencef asetpoint
errorandanimplementatiorerror.

1. The setpointerror, e.s = cs — copt(d), is the differencebetweenthe setpointandtruly optimal
value

2. Theimplementatiorerror, d. = ¢ — ¢s, is thedifferencebetweertheactualvalueandthe setpoint.

Thesetwo errorsaregenerallyindependentthe setpointerroris causedy disturbanceg¢changesn the
operatingpoint), whereaghe implementatiorerroris causedoy measuremengrror and poor control.
Theoverallerrore, = ¢ — cqpt(d) (Which causes positive loss),is thenthe sumof thetwo,

€Ec = €Ecs + dc (14)

Clearly wewante, to besmall. In addition,we wouldlike thatalarge valueof e, resultsin only asmall
valueof the “baseset” errore,,, thatis, we wantu to be insensitve to changesn c (or equivalently we
wantc to besensitve to changesn ).

Fromthis, we canderive the following requitementdor of a goodcandidatecontwlled ¢ variable
(alsoseeSkogestacandPostlethvaite (1996),page404):

Requirement 1. Its optimalvalueis insensitve to disturbancegso thatthe setpointerrore.; = ¢; —
Copt(d) is small)

Requirement 2. It is easyto measureand control accurately(so that the implementatiorerror d,. is
small)

Requirement 3. Its valueis sensitve to changesn the manipulatedrariablesu, thatis, the gainfrom u
to y is large (sothatevenalarge errorin the controlledvariablec resultsin only a smallerrorin

Requirement 4. For caseswith two or morecontrolledvariables the selectedvariablesshouldnot be
too closelycorrelated.

In short, we shouldselectvariablesc for which the variation in optimal valueand implementation
error is smallcompaedto their adjustablerange (the rangec mayreachby varyingu) (Skogestacand
Postlethvaite (1996),page408).

For small variationswe may usea linearizedrelationshipbetweenthe “base set” and controlled
variables,c = Gu, whereG is the gain matrix. If we assumethat eachcontrolledvariablec has
beenscaledsuchthatthe sumof its optimal rangeandits implementatiorerroris 1 (this takes careof
requirementd and?2), andthateach“basevariable” v hasbeenscaledsuchthata unit changehasthe
sameeffect on the costfunction J, thenwe shouldprefer setsof controlledvariablefor which ¢(G)
is maximized(maximizingthe gaintakes careof requiremenB andusingthe minimumsingularvalue
o(G) takescareof requirementt) (SkogestacandPostlethvaite (1996),page406).

Note that requirementl saysthatits optimal value shouldbe insensitve to disturbancesand not
thatits valueshouldbeinsensitve to disturbancesActually, we usuallywantits valueto besensitve to
disturbancesothatwe candetectthem(andthuscorrectfor them).

All four requirementshouldbe satisfied.For example,assumeve have a mixture of threecompo-
nents,andwe have a measurementf the sumof thethreemole fractions,c = z4 + zg + z¢. This
measuremens always1 andthusindependenof disturbanceg¢sorequirement is satisfied) put it is of
coursenota suitablecontrolledvariablebecausét is alsoinsensitve to the manipulatedrariablesu (so
requirement is not satisfied).Requiremen8 alsoeliminatesvariablesthat have an extremum(maxi-
mum or minimum) whenthe costhasits minimum, becausehe variableis theninsensitve to changes
in .

The requirementdisted above are very useful for identifying good candidatecontrolledvariables
(alsocalled“dominant” variableby someauthors) However, for amoreexactevaluationoneshoulduse
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the proceduralescibechext. It basedon evaluatingthelossimposedby keepingthe selectedccontrolled
variablesconstant.

3.3 Stepwiseprocedure for evaluating the loss

To comparealternatve choicesfor ¢ it is probablysimplestto directly evaluatethe costfunction (or
equvalentlythelossfunction)for expectedvaluesof the disturbancel andtheimplementatiorerrord,..
A goodchoicefor of controlledvariablesc (i.e. goodchoiceof thefunctionh) is thenthe onethatwith
constanwaluesof ¢ (moreprecicely c = ¢, +d.) givesanacceptabl@alueof theloss L for theexpected
setof disturbanced € D, andexpectedsetof implementatior(control)errorsd, € D..

Thisresultsin thefollowing procedurdor selectingcontrolledvariablesc:

Step 1: Degree of freedom analysis. Determinethe numberof degreesof freedom(XV,,) availablefor
optimization,andidentify a baseset(u) for thedegreesof freedom.

Step 2: Cost function and constraints. Definethe optimal operationproblemby formulatinga scalar
costfunctionJ to be minimizedfor optimal operation andspecifythe constraintdhatneedto be
satisfied.

Step 3: Identify the most important disturbances (uncertainty). Thesemaybe causedy

e Errorsin theassumednominal)modelusedin the optimization(including the effect of in-
correctvaluesfor thenominaldisturbanced usedin the optimization)

e Disturbancesd — dp) (including parametechangesjhatoccurafterthe optimization

e Implementatiorerrors(d,) for the controlledvariablesc (e.g. dueto measuremergrror or
poorcontrol)

Fromthis onedefinesthe setof disturbance® andsetof implementatiorerrorsD, to be consid-
ered. Oftenit is afinite setof disturbancecombinationsfor example,consistingof the extreme
valuesfor the individual disturbancesln addition,one mustdeterminehow to evaluatethe mean
costfunction J,,,.q,. Therearemary possibilities for example

1. Averagecostfor afinite setof disturbances
2. Meancostfrom Monte-Carloevaluationof a distribution of d andd...
3. Worst-casdoss

Step 4. Optimization.

1. Firstsolve the nominaloptimizationproblem,thatis, find u.y (dy). Fromthis may onealso
obtainatablewith thenominaloptimalvaluesfor all othervariableq(includingthe candidate
controlledvariables).

2. In mostcasequnlessit involvestoo much effort) we then solve the optimizationproblem
for thedisturbanced in question(definedin step3). Thisis neededo checkwhetherthere
existsafeasiblesolutionu,y (d) for all disturbanced, andto find the optimalcost.J (upt, d)
neededf we wantto evaluatethe loss. It may alsobe usedin step5 to identify controlled
variables.

Step 5. Identify candidate controlled variables. Typically, theseare measuredrariablesor simple
combinationghereof. The requirementgiven above are usefulin identifying good candidates.
For example,basedon the optimizationin step4, onemaylook for variableswhich optimalvalue
is only weakly dependentf disturbancegrequirementl). The variableshouldalsobe easyto
control and measurgrequirement?), andit shouldbe sensitve to changesn the manipulated
inputs (requirement3). Insight and experiencemay also be helpful at this stage,becausehe
possiblenumberof combinationgnay be extremelylarge.
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Step 6: Evaluation of loss. We computethe meanvalue of the lossfor alternatve setsof controlled
variablesc. Thisis doneby evaluatingtheloss

L(u,d) = J(u,d) — J(uopt(d),d); u= f_l(cs + de,d) (15)

with fixedsetpoints:; for thedefineddisturbanced € D andimplementatiorerrorsd, € D.. We
usuallyselectthe setpointsasthe nominaloptimalvalues,c, = cqpt(do), but it is alsopossibleto
let thevalueof ¢, be subjectto anoptimization.

Step 7: Further analysis and selection. We selectfor further consideratiorthe setsof controlled
variableswith acceptabldoss(andwhich thusyield self-optimizingcontrol). Thesecouldthenbe
analyzedo seeif they areadequatevith respecto othercriteriathatmayberelevant,suchlike the
region of feasibility andthe expecteddynamiccontrol performancédinput-outputcontrollability)

3.4 Toy example

To give a simple “toy example”,let J = (u — d)?. For this problemwe always have J,,:(d) = 0
correspondindo u,,:(d) = d. Letis now considerthreealternatve choicesfor the controlledoutput
(e.g.we canassumehey arethreealternatve measurements)

c1=01(u—d); co=20u; c3=10u—>5d

Sinceuqy(d) = d, we have that the optimal value for the threealternatve controlled outputsas a
functionof the disturbancere

Clopt(d) = 0; CQopt(d) = 20d; Cgopt = 5d

In the nominalcased, = 0 andwe have in all threecaseghatc,,:(dy) = 0, sowe selectin all three
casesc; = 0. We assumethat the variableshave beenscaledsuchthat |d| < 1 (disturbance)and
|dei| < 1,7 =1,2,3 (i.e. samemplementatiorerrorfor all threevariables).

Let usfirst evaluatehow thethreecandidatevariablesmeetthe above requirements.

1. Its optimalvalueis insensitiveto disturbances Fromthis point of view, the preferredcontrolled
variableis ¢; (zerosensitvity), followedby c3 (sensitvity 5) andcs (sensitvity 20).

2. It is easyto contol accuately Thereis nodifferenceheresincetheimplementatiorerrord, is the
samefor thethreevariables.

3. Its valueis sensitiveto changesin u. This favors ey, (gain 20), followed by ¢z (gain10), whereas
variablec; (gain0.1)is very poorin thisrespect.

Let usnext evaluatethelosses For this simpleexamplethelossesanbe evaluatedanalytically and
wefind for thethreealternatves

Ly = (10d.1)?%; Ly = (0.05dey — d)?; L3 = (0.1d3 — 0.5d)*

(For examplefor c3 we have u = (c3 + 5d) /10 andwith c3 = ¢35 + de3 = de3 wegetJ = (u — d)? =
(0.1d.3 + 0.5d — d)?). With |d| = 1 and|d.| = 1 theworst-casevaluesof thelossesare

L; =100; Ly =1.052=1.1025; L3 =0.6>=0.36

andwe find thatoutputcs is the bestoverall choicefor self-optimizingcontrol (with the smallestioss),
andc; is theworst. (Thisis the sameconclusionthatfollowed by consideringhe threerequirements.)
We seethatwith noimplementatiorerror (d. = 0) ¢; would bethebest,andwith nodisturbancéd = 0)
co would bethebest.
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4 Reactor case study

We hereillustratethe stepwiseprocedurdor selectingcontrolledvariableswith a simpleexamplethat
caneasilybereproducedy thereader Considera continuouslystirredtank reactorlCSTR)wheretwo
irreversiblefirst-orderreactiongake place

A— B; r4= kA.’I,‘A[S_l]

B—~C; rg= k‘B.Z‘B[S_l]

ComponenB is thedesiredproductandits concentratiorasafunction of theresidencdime hasa peak
value,at which we wantto operatethereactor

Model. Let z; andz; denotemolefractionsof component in thefeedandreactoy respectiely, and
let F' [mol/s] bethe feedrateand M [mol] thereactorholdup. Thereareonly threecomponentsA, B
andC, andsteady-statenaterialbalanceyield

ZAF —xAF —kpgxaM =0

ZBF — .’L‘BF+ kAIEAM — k:B{EBM =0
zo=1—xz4— 2B
Thefeedcontainsonly component#\ andC, i.e. z¢ = 1 — z4. We considetthefollowing nominaldata:

24 =0.8; kg =1s"' kp=1s1; F = 1mol/s

Step 1. Degree of freedom analysis

With a givenfeedthe reactorhasone degreeof freedomat steady-statewhich may be selectedcasthe
reactorholdup,i.e
u=M [mol

Thevalueof M shouldbeadjustedo optimizethe operation.

Step 2: Cost function and constraints

In this examplecomponentB is the desiredproductandthe objective is to maximizethe concentration
of B, i.e. we choosethe costfunction
J = —100 - rB

(in mostcasesve would regycle unreacted\, but thisis notthe casen this example).We would like to
find a controlledvariablewhich resultsin a meanlossof lessthan0.5whentherearedisturbances.
Thereareno extra constraintsexceptfor physicalconstraintsuchas0 < M < oc.

Step 3. Disturbances

Wewill considerthefollowing disturbanceserrors):
e dq: Feedratereducedby 30%
e dy: Feedfractionof A reducedrom 0.8t0 0.6
e d3: Feedfractionof A increasedrom 0.8t0 10.0
e d,: Rateconstantt, increasedy 50%
e ds5: Rateconstant g increasedy 50%
e d.. Implementatiorerrorfor the controlledvariable,e.g.,dueto measuremergrror: seestepb.

Themeanlossis herechoserasthe averageof the lossresultingfrom eachof thesesix disturbances
(oneatatime).
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Step 4: Optimization

In mary casest is optimalto operatehe reactorwith maximumholdup M, for example,this would be
thecaseif the objective wereto maximizetheproductionor concentratiorof componentC. However, in
our casewe wantto maximizethe concentratiorof theintermediatgroductB goesthrougha maximum
asweincreaseheholdup M (seeFigure5 whichshavsthe costfunctionJ = —100x g asafunctionof
M).

1 L 1 L
0.5 1 15 2 25
HOLDUP M

Figure5: Reactorcasestudy: Costfunction J asafunctionof holdup M

Theoptimalholdupandcorrespondingptimalcompositionsn the nominalcaseare:
Nominal optimum : M = 1.0mol; z4=04,zp=0.2,2¢ =04

correspondingo J = —100zp = —20. Whenthereare disturbancesthe optimal valueschangeas
givenin Tablel.

Step 5: Candidate controlled variables

As mentioned the reactorhasone steady-statelegreeof freedomduring operation. How shouldthis
degreeof freedombe set?Thefollowing candidatesor the controlledvariablec aresuggested

e ¢; = M (holdup)
e ¢y = M/F (residencdime)

® c3=1TA
e ¢y =1Ip
® ¢5 =1I(

e s =xB/TA
e ¢c7 =01 =14+ 2zp + 3zc (apropertyvariable)
e cg =0y =z + 3zp + 2z¢ (apropertyvariable)

Theseare essentiallythe available measurements the reactor In alternatves 7 and 8 the property
variablesmay represent boiling temperaturea viscosity a refractionindex or similar. We selectthe
setpointfor eachvariableasthe nominally optimalvalue.

We needto identify theimplementatiorerrord,. for eachof the candidatecontrolledvariables.As-
sumingthattheimplementatiorerroris mainly to dueto measuremergrrorsandthatthe measurement
erroris 10%for M andF', and5% for the molefractions,we usethefollowing valuesfor d.:
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e M:10%

M/F: 20%

e 14, zp andzqc: 5%

za/xzp: 10%

6, andfs: 0.1 unit (about5%)

Which controlledvariableis preferred? It seemsclearthatit will be betterto keep M /F rather
than M constantbecausehe optimal residenceime M/F is independenbf the feed rate, whereas
the optimal value of the holdup M clearly dependson the feedrate. It is alsoratherobvious that a
policy basedon keepingz g constanis mostlikely to fail, because: g goesthrougha maximumaswe
increaseM, andif we specifyavalueof z g abore thismaximum,thenoperations infeasible.However,
otherwiseit is notatall clear evenin this simplecasewhatthe bestchoiceof the controlledvariableis.

Step 6: Evaluation of loss

To comparethe alternatves we computethe loss L = J — J,p; With eachof the candidatevariables
keptconstantatits nominaloptimalvalue. Theresultsaregivenin Table2 for the 8 candidatevariables
andthe 6 disturbancesDisturbanced. representshe implementatiorerrorandthe lossin this caseis
evaluatedwith ¢ = ¢, + d.. For example,for c = M/F we have ¢; = 1.0 andd, = 0.2 - 1.0 = 0.2
(20%error)andfixing M/F = 1.0 + 0.2 = 1.2 (ratherthanthe optimalvalueof 1.0) resultsin alossof
0.17(seeTable2).

We seefrom Table?2 thatthelossis quite smallin mostcaseshut in somecaseghereis no feasible
solution(marked asinf. in the table). As expected,this is the caseif we specifyzp = 0.2, andthis
is higherthanits maximumachiezablevalue. But notethatinfeasibility may occurfor mostchoicesof
controlledvariablesf thedisturbancas suficiently large. For example,if we specifyz4 = 0.4 thenwe
obviously getinfeasibility whenz4 < 0.4. Notethatthereis usuallyno “warning”, in termsof alarge
valueof theloss,aswe approachinfeasibility.

With the numbersgiven abore, the implementatiorerroris not very important. However, in mary
casest may bea critical factorwhich eliminatesan otherwisegoodcandidatecontrolledvariable.

Step 7: Selection of controlled variable

Most engineersvould probablyattemptto control somecompositionif suchmeasurementwereavail-
able,andindeedwe find thatthe variablecs = x5/ 4 is theidealvariableto keepconstanthenthere
aredisturbancef z4 (seeTablel). However, keepingzg/z 4 = 0.5 resultsin ratherlargelossesvhen
therearedisturbancesn the rate constantsresultingin an averagelossof 0.74. Keepingz4 = 0.40
givesalargelosswhenz 4 changesandtheaveragdossis 0.52(justabove theacceptable)As expected,
keepingzp = 0.2 resultsin infeasibility in somecasesandalsokeepingz¢c = 0.4 resultsin infeasibil-
ity whenz 4 istoolow. Controllingmeasuremertt; givesalargelosswhenthereis adisturbancen z4,
wheread), is somavhatsensitve to implementatiorerrors.In summaryfrom Table2 we seethatnone
of the compositionmeasurement& 4, g, zc,xp/x.4) OF propertymeasurementd;, ;) resultin an
acceptablevarageossof 0.50r less.

Somavhatsurprisingly the “open-loop” policy wherewe keeptheholdup M = 1.0 resultsin very
smalllossedor all disturbancesgxceptwhenthereis a disturbancen the feedrateF’ wherethelossis
0.6. The sensitvity to feedratedisturbancess eliminatedif we include“feedforward” actionfrom the
feedrateF’ andinsteadkeeptheresidenceime M /F constantput thereis a penaltyin termsof alarger
implementatiorerror. In conclusionthe simplestandbeststratey for the exampleis to keepconstant
theholdup M (averageloss0.18)or theresidenceime M/ F' (averageloss0.10).
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Disturbance J M % TAa TB IC ﬁ—'; 01 0~
Nominal —20.00 1.00 1.00 0.40 0.20 0.40 0.50 2.00 1.80
dy: F=07 -20.00 0.70 1.00 0.40 0.20 0.40 0.50 2.00 1.80
dy:z4=0.6 —15.00 1.00 1.00 0.30 0.15 0.55 0.50 2.25 1.85
d3 :24=1.0 -25.00 1.00 1.00 0.50 0.25 0.25 0.50 1.75 1.75
de:ka=15 -—-2424 0.82 082 0.36 0.24 0.40 0.67 2.04 1.88
ds:kp =15 -16.16 0.82 0.82 044 0.16 0.40 0.37 1.96 1.72

Tablel: Optimalvaluesfor reactorcasestudy

Disturbance Lossfor Lossfor Lossfor Lossfor Lossfor Lossfor Lossfor Loss for
M=10 =10 24=04 25=02 zc=04 28 =05 6, =20 6,=1.80

F

Nominal 0 0 0 0 0 0 0 0

d:F=07 0.62 0 0 0 0 0 0 0
dy:24=0.6 0.00 0.00 1.67 inf. 15.0* 0 3.35 0.36
ds:z4=1.0 0.00 0.00 1.00 5.00 1.75 0 1.39 0.28
dy:ka=15 0.24 0.24 0.24 4.24 0 1.39 0.06 0.82
ds :kp=1.5 0.16 0.16 0.16 inf. 0 2.83 0.04 0.72
d. : impl. error 0.05 0.17 0.05 inf. 0.05 0.20 0.29 1.72
Average loss 0.18 0.10 0.52 inf. 2.80* 0.74 0.86 0.65

Ranking 2 1 3 8 7 5 6 4

inf. denotesnfeasibleoperation
*) At thelimit to infeasibility (M /F = 0) for z4=0.6.
With impl.errorn M = 1.1, M/F = 12,24 = 042,25 = 0.21,2¢c = 0.42,z2p/x4 = 0.55,6, = 2.1,0, = 1.9

Table2: Lossfor reactorcasestudy
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Another case: No C in feed

Above we assumedhat the feed containedcomponentsA and C, but considernext a different case
wherethe feed containscomponentB ratherthan componentC. Otherwiseall the datais the same.
Variablez 4 herereplacestp/z 4 astheideal variablewith respecto disturbancesn z4 (this canbe
provenanalytically),andkeepingz 4 constanalsoyieldssmalllossesvhenthereareotherdisturbances.
Therefore,n this casethe lossis smallest(0.18)whenz 4 is constantjt is 0.20with 6, constant0.32
with z¢ constant;0.81 with M/F constant;0.89 with M constant;1.09 with 6§, constant;whereas
keepingz g constanr zg /x4 constantesultsin infeasibility (Skogestacdet al. 1999). Thuswe find,
somavhatsurprisingly thatthe rankingis almostreversedcomparedo thatfoundabove.

It is not easyto explain physicallywhy the particularvariablesare preferredin thetwo cases.This
shaws that it may be difficult to rely on physicalinsight when selectingthe “dominant” variableto
control.

5 Digtillation case study

We considera binary mixture with constantelative volatility « = 1.12 to be separatedh a distillation
columnwith 110 theoreticalstagesandthe feed enteringat stage39 (countedfrom the bottom with
thereboilerasstagel). Nominally, the feed contains65 mole% of light componen{zr = 0.65) and
is saturatediquid (g = 1.0). Thisis “column D” of Skogestadand Morari (1988)andrepresents
a propylene-propanesplitter where propylene (light component)s taken overheadas a final product
with atleast99.5%purity, whereasunreactegropaneheary component)s reg/cledto the reactorfor
reprocessingWe assumehatthe feedrateis givenat 1 kmol/min andthatthereis no capacitylimit in
thecolumn.(We will laterstudyseparatelyhe casewhereV,,, .. = 10 kmol/min andwhatimplications
this hason the operationof thecolumn.)

Step 1: Degree of freedom analysis

As mentionedfor agivencolumnfeedratethecolumnhastwo operationatiegreesof freedomat steady
state.Thesemayfor instancebe selectecasthereflux anddistillate flows,

)

Ideally, theoptimaloperatiorof the columnshouldfollow from consideringheoverall planteconomics.
However, to be ableto analyzethe column separatelywe introducespricesfor all streamsenetering
andexiting the columnand considerthe following profit function P which shouldbe maximized(i.e.
J=-P)

Step 2: Cost function and constraints

P =ppD +ppB —prF —pyV (16)
We usethe following prices[$/kmol]
pp =20, pp=10—20xp, pr =10, py =0.1

Theprice py = 0.1 [$/kmol] on boilup includesthe costsfor heatingandcoolingwhich bothincrease
proportionallywith the boilup V. The price for the feedis Pr = 10 [$/kmol], but its value hasno
significanceon the optimal operationwhenthe feedrateis given. The price for the distillate productis
20[$/kmol], andits purity specificatioris

zp > 0.995
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Disturbance  zp zg DJ/F L/F V/F L/D PJF
Nominal 0.995 0.040 0.639 15.065 15.704 23.57 4.528

F=13 0.995 0.040 0.639 15.065 15.704 23.57 4.528
zr = 0.5 0.995 0.032 0.486 15.202 15.525 31.28 2.978
zrp =075 0.995 0.050 0.741 14.543 15.284 19.62 5.620
gr = 0.5 0.995 0.040 0.639 15.133 15.272 23.68 4.571
zp =0.996 0.996 0.042 0.637 15.594 16.232 24.47 4.443

pp = 30 0.995 0.035 0.641 15.714 16.355 24.51
py =05 0995 0.138 0.597 11.026 11.623 18.47

Nominalvalues:F = 1,zr = 0.65,qr = 1.0, pp = 20, py = 0.1

Table3: Optimaloperatingpoint (with maximumprofit P/ F’) for distillation casestudy

Thereis no purity specificatioronthebottomsproduct but we notethatits priceis reducedn proportion
to the amountof light componeni{becausehe unneccessargeprocessingf light componenteduces
the overall capacityof the plant).

With anominalfeedrateF' = 1 [kmol/min], the profit value of the columnis of theorder4 [$/min],
andwe would like to find a controlledvariablewhich resultsin aloss L lessthan0.04[$/min] for each
disturbancédcorrespondingo ayearlylossof about$20000).

Step 3: Disturbances

We consideffive disturbances:
di: Anincreasén feedratef’ from 1 to 1.3kmol/min.
dy: A decreasén feedcompositionzg from 0.65to 0.5
ds: An increasen feedcompositionz from 0.65t0 0.75
dy: A decreasén feedliquid fractiongg from 1.0 (pureliquid) to 0.5 (50% vaporized)
d.: An increaseof the purity of distillate productz p from 0.995(its desiredvalue)to 0.996

Thelatteris animplementatiorerror (safetymagin) for z . In addition,we will considerimplementa-
tion errorsfor the otherselectectontrolledvariable(seebelow).

Step 4: Optimization

In Table3 we give the optimal operatingpoint for thefive disturbancesliargerfeedratg F' = 1.3), less
andmorelight componenin thefeed(zx = 0.5 andzy = 0.65), a partly vaporizedfeed(¢r = 0.5),
anda purerdistillate product(yp = 0.98). In addition,we have consideredhe effect of a higherprice
for thedistillate product(pp = 30) andafive timeshigherenegy price (py = 0.5).

As expectedtheoptimalvalueof all thevariabledistedin thetable(zp, zp, D/F,L/F,V/F, P/ F)
areinsensitve to the feedrate sincethe columnshasno capacityconstraintsandthe efficiencgy is as-
sumedndependendf the columnload.

Wefind that,exceptin thelastcasewith amuchhigherenegy price,theoptimalbottomcomposition
staysfairly constantaroundzp = 0.04. Thisindicatesthata goodstrategy for implementatiormaybe
to controlz g ataconstanwalue.Ontheotherhand thevalueof D/ F variesconsiderablysowe expect
thisto bea poorchoicefor the controlledvariable.
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Disturbance x5 =0.04 D/F=0.639 L=15065 L/F=15.065 V/F =15.704 L/D = 23.57

Nominal 0 0 0 0 0 0
F=13 0 0 0.514 0 0 0
zrp = 0.5 0.023 inf. 0.000 0.000 0.001 1.096
zp = 0.75 0.019 2.530 0.006 0.006 0.004 0.129
gr = 0.5 0.000 0.000 0.001 0.001 0.003 0.000
zp = 0.996 0.086 0.089 0.091 0.091 0.091 0.093
20% impl.error 0.012 inf. 0.119 0.119 0.127 0.130

inf. denotesnfeasibleoperation
Nominalvalues:zp = 0.995, zr = 0.65,qr = 1.0
20%impl.error:zp = 0.048, D/F = 0.766, L = 18.08, L/F = 18.08,V/F = 18.85, L/ D = 28.28

Table4: Lossfor distillation casestudy

Step 5: Candidate controlled variables

It is clearthatoneof thecontrolledvariablesshouldbethedistillate compositionz . Thisfollows since
the optimal solutionis always obtainedwhenthe productpurity specificationfor the mostexpensive
productis “active”, i.e. in our casewhenz p = 0.995. We arethenleft with one“unconstrainedtlegree
of freedomwhich we wantto specifyby keepinga controlledvariableat a constantwalue.

We found abore thatthe optimal value of the bottomcompositionis relatively insensitve to distur
bancesandotherchangesandthis indicatesthatz g is a goodcandidatecontrolledvariable. However,
thereat leasttwo practicalproblemsassociatedvith this choice. First, on-line compositionmeasure-
mentsare often unreliableand expensve. Second,dynamicperformancemay be poor becauset is
generallydifficult to controlboth productcompositiong*“two-pointcontrol”) dueto stronginteractions
(e.g.SM andShinskey). Thus,if possible we would like to controlsomeothervariable.

The following six alternatve controlledvariablesare consideredin additionto = which should
alwaysbekeptconstanttits lower limit of 0.995):

zp; D/F; L; L/F; V/F;L/D

We considerimplementatiorerrorsof about20%in all variablesjncludingzp.

Step 6: Evaluation of loss

In Table4 we shaw for F' = 1 [Imol/min] thelossL = P,,; — P [$/min] wheneachof thesix candidate
controlledvariablesare kept constaniat their nominally optimal values. Recallthatwe would like the
lossto belessthan0.04[$/min] for eachdisturbance.

We have thefollowing commentsgo theresultsfor thelossgivenin Table4:

1. As expectedwe find thatthelossesaresmallwhenwe keepz g constant.

2. Somevhatsurprisingly for disturbance# feedcompositiont is evenbetterto keepL/F or V/F
constant

3. Not surprisingly keepingD/F (or D) constantis not an acceptablepolicy, e.g., operationis
infeasiblewhenzr is reducedrom 0.65t0 0.5.

4. All alternatvesareinsensitve to disturbances feedenthaly (¢r).

5. L/D is not a good controlledvariable,primarily becausats optimal valueis rathersensitve to
feedcompositionchanges.
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6. For aimplementatiorerror (overpurification)in zp wherezp is 0.996ratherthan0.995all the
alternatvesgive alossof about0.09. For alargeroverpurificationwherezp = 0.998 (notshavn
in Table)thelossrangedrom 0.43(zp constantYo 0.79(L/D constant) Thelossis ratherlarge,
sowe concludethatwe shouldtry to controlz p closeto its specification.

7. For reflux L andboilup V' oneshouldinclude“feedforward” actionfrom F, andkeepL/F and
V/F constan{e.g.,thelossis 0.514if we keepL constanndF' increasedy 30%).

8. UsingL/F or V/F ascontrolledvariabless rathersensitve to implementatiorerrors.

9. Othercontrolledvariableshave alsobeenconsideregnotshavnin Table). For example aconstant
composition(temperaturepn stagel9 (towardsthe bottom),z,9 = 0.20, givesalossof 0.064
whenzr is reducedo 0.5, but otherwisethelossesaresimilar to thosewith z g constant.

10. We have not computedthe effect of changedn pricesin Table 4, becausahesedo not effect
columnbehaior, soall alternatvesbehae the same(with the sameloss). Thus,if thereareprice
changesthenonemustrecomputenewn optimalvaluesfor thevariables.

Step 7: Selection of controlled variables

FromTable4 thefollowing threecandidatesetsof controlledvariablesyield the lowestlosses

an () am (L) (1),

The*“two-point” controlstructurec; wherebothcompositionsarecontrolled,is known to resultin a
difficult control problemdueto stronginteraction,andwe may not be ableto keepthe compositionsat
their specificationsThelosswill thenbelargerthanindicated andit is probablybetterto keepL/F or
V/F constant.

It is usuallysimplerto keepa liquid flow L/F ratherthana vaporflow V/F constantlessimple-
mentatiorerror). Ontheotherhand,we have alreadynotedthatit is importantto controlz p closeto its
specificationandthisis probablymoreeasilydoneusingreflux L. In conclusionwe have:

Proposedcontrol system.

e Visused tokeepzp = 0.995.
e L/F = 15.07 is keptconstant.
Alternativecontiol system.

e [ isusedto keepzp = 0.995.
e V/F =15.70 is keptconstant.

If it turnsoutto bedifficult to keepL/F (or V/F') constantthenwe may insteadmanipulateL (or
V') to keepatemperaturgéowardsthe bottomof the columnconstant.

Column with capacity limitations

Above we assumedhat the feedratewas given andthat the column had no capacitylimit. However,
all columnshave a capacitylimit, To understandbettertheimplicationsof this, considera columnwith
Vimaz = 10 [kmol/min]. Otherwisethe specification@ndcostdataareasabore.

Above we found (V/F),,: = 15.70 (in the nominalcase).This impliesthatthe above resultsonly
applyfor feedrateF’ < Via/(V/F)opt = 10/15.70 = 0.637 [kmol/min].

We now wantto studyhow the columnshouldbe operatedalsofor other (larger) desiredfeedrate.
We usethetermdesiredyatherthangiven, sincewe find thatit is noteconomido increasehefeedrate
above a certainvalue.

3Thereareotherpossiblechoicesfor controllingz p, e.g. we could usethe distillate flow D. However, V hasa moredirect
effect.
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Imagine,thatit is your job to optimizethe profit of the column. You will thenfind thatit is not
profitableto acceptoo largefeedrateshecauseavhenV reached/,,,,, you areforcedto give up bottom
purity andto putalargerfractionof thelight componeninto the bottomproductwhich hasalower price
thanthe feed. Somemore carful thinking, revealsthatif you have reachedV = V., andarefreeto
decideon the feedratethenyou shouldtry to optimize P/V (insteadof P/F asdoneabove). With the
givencolumndata,wefind that(P/V ), = 0.331 [$/kmol] is obtainedvhenzp = 0.09, V/F = 12.77
andL/F = 12.15. Thus,with V., = 10 [kmol/min], the optimal profit is obtainedwith a feedrateof
Fopt = 10/12.77 = 0.783 [kmol/min].

Sincethedistillateis the morevalueableproduct,it is optimalin all casesalsowith capacitylimits,
to keepthe distillate productat its specificationzp = 0.995. We thenhave the following threecases
dependingn the desiredfeedrate:

1. Low desired (given) feedrates, F' < 0.637 [kmol/min]). Thisis the casewe studiedabove where
thecolumnoperatedelow its capacitflimit ontheboilup V. Theoptimalsolutionis unconstrained
in onevariable,andthe nominally optimalvalueof z g is 0.04in this case.

Proposedcontrol system.

e [ isusedto keepzp = 0.995.
e V isadjustedo keepV/F = 15.70 constant

Thisis the“alternative controlsystem”proposedbove, but is choserherebecausave canusethe
samecompositioncontrollerasfor case and3 (below).

2. Intermediate desired (given) feedrates; 0.637 < F' < 0.783 [kmol/min]. The columnoperates
optimally at maximumcapacityV = Vo, = 10 [kmol/min], andthereareno remainingdegrees
of freedom(i.e. we have “active constraintcontrol”).

Proposedcontmol system.

e [ isusedio keepzp = 0.995.

e ViskeptconstanatV,,,.;. (As F isincreasedrom 0.637t0 0.783,thevaluez g of increases
from 0.04and0.09).

3. Large desired feedrates, F' > 0.783 [kmol/min]). The columnoperatesat maximumcapacity
V = Vinae = 10 [kmol/min] andwe shouldkeepF = 0.783 to maximize P/V. In this case
the columnis a bottleneckfor the plantasit is noteconomido have higherfeedratedecausé¢oo
muchvalueableproductwill belostin the bottomsproduct. Thus, the feedratebecomesa third
degreeof freedomin the optimization,andthe optimal solutionis unconstrainedh this variable
(thenominally optimalvalueof z g is 0.09in this case).

Proposedcontmol system.

e [ isusedio keepzp = 0.995.
e Viskeptconstantat V., = 10.
e Fisadjustedo keepV/F = 12.77 constan(thisis betterthankeepingF' constant)

Thethreeabove casedor the desiredfeedratecaneasilybeimplementedn a singlecontrol system
usingsomesimplelogic.

In summarythe distillation casestudy shawvs the importanceof selectingthe right controlledvari-
ableswhenimplementingheoptimalsolution.We notethattheimplementatiorerrorwasnotimportant
in this casestudy but we stresghatit shouldbeincludedin the analysis.For example,theimplemen-
tation error is the main reasonwhy we rarely selecttemperaturesiearthe columnendsas controlled
variableg(becaus¢he measuremergrroris too large comparedo its sensitvity).
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6 Discussion

6.1 Previouswork

Inspiredby thework of Findeiseretal. (1980),the basicideaof self-optimizingcontrolwasformulated
almosttwentyyearsagoby Morari etal. (1980). They write that“in attemptingo synthesizeafeedback
optimizing control structure,our main objectie is to translatethe economicobjectives into process
controlobjectives. In otherwords,wewantto find a functionc of the processrariableswhich whenheld
constantleadsautomaticallyto the optimal adjustment®f the manipulatedvariables,and with it, the
optimal opemting conditions. [...] This meanshatby keepingthe function ¢(u, d) atthe setpointc,,
throughthe useof the manipulatedsariablesu, for variousdisturbanced, it follows uniquelythatthe
processs operatingat the optimal steady-staté. If we replaceithe term “optimal adjustments’by by
“acceptableadjustments$in termsof theloss)”thentheabove is a precisedescriptiorof aself-optimizing
controlstructure.The only factorthey fail to considers theimplementatiorerrord, = ¢ — ¢s. Morari
et al. (1980) also proposeto selectthe bestsetof controlledvariablesbasedon minimizing the loss
(“feedbackoptimizing controlcriterion1”). They alsoproposethatMonte Carlo simulationsshouldbe
usedto evaluatethelossif thedisturbancefiave a probability distribution.

As a minor remarkwe mentionthat Morari et al. (1980)claim that “ideally onetriesto selectc in
suchaway suchthatsomeor all theelementsn ¢ areindependentf thedisturbanced.” Thisstatement
is generallynot true, becauseve needto be ableto detectthe disturbanceshroughthe variablese. A
betterrequirements thatthe optimalvaluesof theelementsn ¢ areinsensitve to disturbanceg (thisis
requirementl presentecearlier).

The ideasof Shinnar(1981), who makes use of “dominantvariables”,and Luyben (1988), who
introducedthe term “eigenstructure” are similar to the onespresentedn this paper but they have a
moreintuitive process-orientedpproach.

Let usfirst considerthe interestingwork of Shinnar(1981)which may at first seemunrelated.He
introduceghefollowing setsof variables

o Y, (the“primary” or “performance”or “economic”variables)is “the setof processrariablesthat
definethe productandprocessspecificationsswell asprocessonstraints”

e Y, isthesetof dynamicallymeasuregrocesssariables
e Y., (asubsebfY,) isthe“setof procesyariablesonwhichwe baseourdynamiccontrolstrateyy”
e U, isthedynamicinputvariables

Thegoalis to maintainY, within prescribedimits andto achieve this goal “we choosein mostcases
a small setY,, andtry to keeptheseat a fixed setof valuesby manipulatingU;” (later, in Arbel et
al. (1996), he introducedthe term “partial control” to describethis idea). He writes that the overall
control algorithm can normally be decomposedhto a dynamiccontrol system(which adjustU,) and
a steady-stateontrol which determineghe setpointsof Y,.; aswell asthe valuesof U, [the latterare
the manipulationsvhich only canbe changedslowly], andthatwe “look for asetY,4, Uy thatcontains
variablesthat have a maximumcompensatingffecton Y,,”. If onetranslateshe wordsandnotation,
thenonerealizesthat Shinnars ideaof “partial control” is very closeto the ideaof “self-optimizing
control” presentedn this paperandin Morari et al. (1980). Specifically setu = U, (manipulated
variables) ., = Y; (measurementgndc = Y4 (controlledvariables)andinterpretJ asconsistingof
someweightedsumof the (unconstrainedyariablesin Yy, e.g. J = ||Y,, — Y,;|| where|| - || represents
someappropriatenorm (possiblyweighted)andY,,, arethe setpointsof the primary variables andwe
seethat this is the sameproblemas studiedin this paper(the differenceis that Shinnarassumeghat
thereexist at the outseta setof “primary” variablesY, thatneedto be controlled,whereaswe in this
paperassumehatthe startingpointis aneconomiccostfunctionthatshouldbe minimized).

In Shinnar(1981)acasestudyof afluidizedcatalyticcracler (FCC)is presenteavherethecontrolled
variablesareselectednainly basedon processnsight(“our mainconcernis to controlthe heatbalance
andthe setof Y., is chosenaccordingly”). Thus,the approachor selectingthe controlledvariablesis
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mostly basedon physicalinsight. The later paperby Arbel et al. (1996)is similar to Shinnar(1981),
but it extendsthe FCC casestudy and introducesthe conceptsof “dominant variables”and “partial
control™. The dominantvariablesarethe processvariablesthattendto dominatethe processehaior,
for example thetemperaturén areactoyandwhichthereforeshouldbe selectedascontrolledvariables.
The authorsprovide someintuitive ideasand examplesfor selectingdominantvariableswhich may be
usefulin somecasesgspeciallywhenno modelinformationis available. However, it is not clearhow
helpful the ideaof “dominant” variableis, sincethey arenotreally definedandno explicit procedurés
givenfor identifying them. Indeed,Arbel et al. (1996)write that“the problemsof partial control have
beendiscussedn a heuriticway” andthat “considerablyfurtherresearhis neededo fully understand
theproblemsds steady-stateontrolof chemicalplants”. It is believedthattheapproactpresentedh this
papey basedon usinga steady-statenodelto evaluatethe (economic)loss, providesanimportantpart
of this missingtheoreticaframevork.

Tyreus(1999)providessomeadditionalinterestingdeason how to selectdominantvariables partly
basedon the extensve variableideaof Geogakis (1986)andthe thermodynamiddeasof Ydstie, but
againnoprocedurdor selectingsuchvariablesarepresentedAgain, it is believedthatamoresystematic
approachbasednapplyingthefour requiremenin Section3.2,or (evenbetter)evaluatingtheloss,will
confirmtherecommendationgivenby Tyreus(1999).

Luyben(1988)introducedtheterm“eigenstructure’to describeheinherentlybestcontrolstructure
(with the bestself-regulatingandself-optimizingproperty). However, he did not really definetheterm,
andalsothe nameis unfortunatesince“eigenstructure’hasa anotherunrelatedmathematicameaning
in termsof eigewvalues. Apart from this, Luybenandcoworkers (e.g. Luyben(1975),Yi andLuyben
(1995))have studiedunconstrainegroblems andsomeof the examplegresenteghointin thedirection
of the selectionrmethodspresentedn this paper However, Luybenproposedo selectcontrolledouputs
which minimizesthe steady-statsensitve of the manipualtedvariable(u) to disturbanceg,e. to select
controlledoutputs(c) suchthat (9u/dd). is small, whereaswe really want to minimize the steady-
statesensitvity of the economicloss (L) to disturbancesi.e. to selectcontrolledoutputs(c) suchthat
(0L/dd). is small.

Fisheretal. (1988)discusselectiorof controlledvariablesmainly focusedowardsactive constraint
control. However, someavhathiddenin theirHDA example(p. 614)onefindsstatementaboutselecting
controlledvariableswhich optimal valuesare insensitve to disturbancegrequirementl for variable
selectionpresentedn this paper).

In accordancewith the approachpresentedn this paper Narravay et al. (1991), Narravay and
Perkins(1993)and Narravay and Perkins(1994)) strongly stressthe needto basethe selectionof the
controlstructureon economicsandthey discusghe effect of disturbancesn theeconomicsHowever,
they do notformulateary rulesor proceduresor selectingcontrolledvariables.

Marlin andHrymak (1997)stresshe needto find a goodway of implementingthe optimal solution
in termshow the control systemshouldrespondto disturbances’i.e. the key constraintsto remain
active, variablesto be maximizedor minimized, priority for adjustingmanipulatedvariables,and so
forth.” They suggesthatanissuefor improvementin todays real-timeoptimizationsystemss to select
the control systemthat yields the highestprofit for a rangeof disturbanceshat occur betweeneach
executionof theoptimization.This is similar to theideaspresentedh this paper

Finally, Zhengetal. (1999)present procedurdor selectingcontrolledvariablesbasedn economic
penaltieghatis similarto theapproactpresentedh this paperapparentlythework hasbeenperformed
independently)but they do notconsidettheimplementatiorerror Theprocedures appliedto areactor
separatoregycle system.

In summaryit is clearthatmary authorshave beenawareof theimportanceof theideaspresentedn
this paper The main contritution of the presenpaperis to bring theideastogetherandformulatethem

4The term “partial control” or “partially controlledsystem”is usedby otherauthors(Waller et al. 1988) (Skogestadand
Postlethvaite 1996)in a more generalsenseto meanthe systemasit is seenfrom somehigherlayerin the control hierarchy
with someloopsalreadyclosed(e.g. a plantwherethe level loopsareclosed).For a partially controlledsystem the setpointso
thelowerloops(e.g.level setpointsyeplacethe “consumedmanipulatedsariableqe.g. flows) asdegreesof freedom.
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moreclearly andto presensomecasestudies.

6.2 Region of feasibility

In this paperwe have evaluatedthe (economic)lossfor disturbance®f a given magnitude. Another
importantissueto considelis theregion of feasibility (stability) (Zhengetal. 1999).We could evaluate
feasibility loss definedas the differencebetweenthe disturbanceregion wherefeasibleoperationis
possible(usingthe optimal«) andthe disturbanceegion we canhandlewith constanwaluesof ¢, to be
assmallaspossible.

For example, considera casewherethereis an inequality constrainton an input variable which
optimallyis active only undercertainconditions(disturbances)ut this constrainednputvariableis not
includedasa controlledvariable.Hereonemustbe carefulto avoid infeasibility duringimplementation,
for example, theremaybeadisturbancesuchthatthe specifiedvalueof the controlledvariablecanonly
beachievedwith anonphysicalvalueof theinput (e.g.anegatie flowrate).

The on-line optimizationis usuallyfor simplicity basedon the nominaldisturbancgd,), andtwo
approachet avoid infeasibility in sucha caseareto

1. use“back-ofis” for the setpointduringimplementatior{(Narravay etal. 1991),or
2. add“safetymagins” to the constraintsluringthe (nominal)optimization

One approachor obtainingthe valuesfor the back-ofs or safetymaigins may be to solve a “robust
optimizationproblem” (Glemmestadl997)) where one considersall possibledisturbances.Thereis
clearlyaneedfor moreresearchn this area.

A third, andbetterapproachn termsof minimizing theloss,is to trackthe active constraintput this
requiresa morecomple controlsystem.In particular modelpredictive controlis very well suitedand
muchusedfor trackingactive constraints.

6.3 Additional examples

Additional examplefor selectingcontrolledvariablesareavailablein a numberof conferenceublica-
tionsandPh.D.theseseg.g.

e Ph.D.thesisof Morud (1995),chapter8: CSTRwith chemicalreaction

e Ph.D.thesisof Glemmestaq1997): Applicationto heatexchangemnetworks; specialemphasi®n
feasibility issues.

e Ph.D.thesisof Havre (1998): Applicationto selectionof temperaturdocationin distillation.

e Halvorsenand Skogestad1997)andHalvorsenand Skogestad1998): Applicationto integrated
Petlyukdistillation columns.

Thepapersaandthesesareavailableover theinternet.

The Petlyukdistillation exampleis particularlyinterestingbecausen this casethe choicesof con-
trolled variablesmake abig differencelwhereaghedifferencedor therathersimpleexamplegresented
in this paperadmittedlywerequite small).

7 Conclusion

In this paperwe have presented systematigprocedurefor selectingcontrolledvariablesc basedon
evaluatingwith constansetpoints:,; thelossJ — J,p,;, for possibledisturbanceslf thelossis acceptable
thenwe have “self-optimizing” control. The procedurerequiresa steady-stat@rocessmodeland a
cleardefinition of the costfunction J to be minimizedduringoperation(obviously, without sucha cost
functiononecannotudgewhatoperationis thebest). The procedurevasappliedto threeexample;to a
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simple”toy” example,to asomevhatacademicCSTRexample andfinally to amorerealisticdistillation
columnexample.

To assisin selectinggoodcandidatesariablesoneshouldlook for variableghatsatisfythefollowing
requirements:

Requirement 1. Its optimalvalueis insensitve to disturbances
Requirement 2. It is easyto measurendcontrolaccurately
Requirement 3. Its valueis sensitve to changesn the manipulatedrariables

Requirement 4. For caseswith two or morecontrolledvariables the selectedvariablesshouldnot be
too closelycorrelated.

Oneproblemis thatin generalt notis clearoffhandif a self-optimizingstructureexists,andgoing
throughthe variousalternatves, for exampleusingthe given proceduregcanbe quite tedious. On the
otherhand,sincethe issueof finding good controlledvariablesis a structul problem,thenwe often
find thata goodstructureobtainedfor a particularcase alsoworkswell on anothersimilar procescase
with differentparametewralues. Thus,if we canactuallyfind a self-optimizingstructurefor a process,
thenit is almostlike aninvention(andmay pobablyeven be patented).
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discussionsvith J.C. Morud, 1.J. Halvorsen,T. Larsson K. Havre, B. GlemmestadndM.S.Govatsmark
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