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Abstract

Theprocessingofcoalincoalhandlingandpreparationplants(CHPPs)producesa

significantamountofvaluablefinecoalwhichisthenrecoveredusingfrothflotation.

Asfrothflotationunitsareregulatedusingsimple,conventionalcontrolmethodsthe

applicationof moderncontrol methodsisoneoptiontoimprovetheefficiencyand

profitabilityoftheseunits.Therearevariousissuestoconsiderbeforemoderncontrol

methodscanbeapplied,namely:stateestimation,handling modelplant mismatch

(MPM)andhandlingmeasurementdelays.Thisthesiscomparestheperformanceof

variousmoderncontrolmethodsinthenominalcase(no MPMandnomeasurement

delays)andinthecaseof MPMwithno measurementdelayswiththeaimofiden-

tifyingthebestcontrolmethodforeachscenario.Stateestimationmethodsarealso

testedinthenominalcase,with MPMandwith measurementdelaystoidentifythe

bestoneforeachscenario.

Forstateestimation,three methodsareinvestigated:anextendedKalmanfilter

(EKF),movinghorizonestimator(MHE)andnonlinearobserver.TheEKFisfound

togivethebestestimationperformanceinthenominalcase. Although MHEhasthe

potentialtogivebetterestimates,itdoesnotdosoduetothesmallestimationwin-

dow.Theestimationwindowneedstobesmalltokeepcomputationtimereasonable

astherearealotofsystemstates. Thenonlinearobserverperformstheworstbe-

causeitdoesnotusenoiseinformation. Allthreemethodshavesimilarperformance

whenthereis MPMasthe MPM masksnoiseinformation. Allthree methodsalso

havesimilarperformancewhenmeasurementsaredelayedasthelargemeasurements

delaysinthefrothflotationsystem meanthatstatepredictiondominatesoverstate

estimation. TheEKFispickedasthebestestimatorforthissystemonthebasisof

itsestimationperformanceandcomputationtime.

Amultiplemodel(MM)basedapproachisproposedtoobtainunbiasedstatees-
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timatesinthepresenceof MPMcausedbyparametermismatch.Foradeterministic

linearsystemoperatingatsteadystate,itisprovedthatunbiasedoutputestimates

guaranteeunbiasedstatesestimatesprovidedcertainconditionsare met. Thisap-

proachissuccessfullyappliedtothefrothflotationsystem.

A modelpredictivecontroller(MPC)andeconomic modelpredictivecontroller

(EMPC)aretestedforthenominalcaseofno MPMandaccuratestateestimates

available. Botharefoundtostabilizethesystemandgivesimilareconomicperfor-

mance. Forthecaseofoffsetfreecontrolinthepresenceofparameter mismatch,

wepresenttwo methods:anoffsetfree MPCusingaugmented modelsanda model

identificationbasedmethodwhichcombinestheMMstateestimationmethodwepro-

posewithaconventional MPC.Theoffsetfree MPCfailstoachieveoffsetfreecontrol

whenusinganoutputdisturbance model. Althoughthe modelIDbasedapproach

achievesoffsetfreecontrolthereisnoguaranteethatitwillworkinthegeneralcase.
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Chapter1

Introduction

1.1 Motivation

Theprocessingofcoalincoalhandlingandpreparationplants(CHPPs)producesa

significantamountofvaluablefinecoalwhichisthenrecoveredusingfrothflotation

(Canrightetal.,1981). Typically,frothflotationunitsareregulatedusingsimple,

conventionalcontrol methodslikebaselevelcontrolwhichcontributestotheinef-

ficiencyofthefrothflotationoperation(SheanandCilliers,2011).Improvingthe

efficiencyoftheseunitswouldimprovetheprofitabilityoftheentireplant. Oneway

toimprovefrothflotationefficiencyistoimplement moderncontrol methodssuch

as modelpredictivecontrol(Mayneetal.,2000;Rawlings,2000)oreconomic model

predictivecontrol(Rawlingsetal.,2012;Liuetal.,2015).

Thesemoderncontrolmethodstypicallyrequireknowledgeofallthesystemstates.

Asitisingeneraldifficultorexpensiveto measureallthesystemstates,stateesti-

mationtechniquescanbeusedtoreconstructtheentiresystemstatesusingamodel

oftheprocessandmeasurementsofafewoutputvariables. Therearemanyoptions

forstateestimationwitheachoptionhavingadvantagesanddisadvantages.

Inspiredbytheabove,thisthesisfocusesontesting multiplestateestimation

methodsandcontrolstrategiesforthefrothflotationsystem. Estimationperfor-

mance willbetestedundervariousscenarios: normaloperation,delayedor miss-

ing measurementsandwith modelplant mismatch(MPM).Controlstrategieswill

becomparedduringnormaloperationwithallthesystemstatesdirectlyavailable.

Combinedestimationandcontrolperformanceinthepresenceof MPMcausedby

parametermismatchwillalsobeinvestigated.
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1.2 Thesisoutlineandcontributions

AdescriptionofthefrothflotationsystemisprovidedinChapter2alongwitha

firstprinciplessystemmodel.Thedesignofasensornetworkthatusestheminimum

numberofsensorstoguaranteeobservabilityoftheentiresystemiscovered. Three

stateestimators(extended Kalmanfilter, movinghorizonestimatorandnonlinear

observer)aredesignedandtheperformanceoftheseestimatorsiscomparedunder

normalconditions, withdelayedor missing measurementsandinthepresenceof

MPM.Itisshownthatstateestimatesarebiasedwhenthereis MPM.

In Chapter3,theissueofobtainingunbiasedstateestimatesinthepresence

of MPMcausedbyparameter mismatchisinvestigated. Analgorithmispresented

whichcanbeusedtoobtainunbiasedstateestimatesifcertainconditionsare met.

Aflowchartofthealgorithmisprovidedandasystemconsistingoftwocontinuous

stirredtankreactors(CSTRs)isusedtoillustrateeachstageofthealgorithm.Finally,

thealgorithmisappliedtothefrothflotationsystemandisshowntosuccessfully

provideunbiasedstateestimates.

Chapter4coverstheapplicationofdifferentcontrollerstothefrothflotationsys-

tem. Amodelpredictivecontroller(MPC)andeconomicmodelpredictivecontroller

(EMPC)aretestedonthesystemwhenthereisno MPMandwithallthestates

directlyavailabletothecontrollers.Theissueofoffsetfreecontrolinthepresenceof

parameter mismatchisalsoinvestigatedandtwosolutionsareproposed:offsetfree

nonlinear modelpredictivecontrol(Morariand Maeder,2012)anda modelidenti-

ficationbasedapproachwhichcombinesthestateestimation methodintroducedin

Chapter3withaconventional MPC.

Finally,Chapter5providesasummaryofthethesisresultsandlooksatdirections

forfuturework.
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Chapter2

Stateestimationofthefroth
flotationsystem

2.1 Introduction

Commonlyusedstateestimation methodsfornonlinearsystemsincludetheex-

tended Kalmanfilter(EKF)(Einicke,2012),the movinghorizonestimator(MHE)

(Robertsonetal.,1996)andnonlinearobservers(Ciccarellaetal.,1993;Gauthieret

al.,1992).TheEKFisanextensionoftheKalmanfiltertononlinearsystemsbased

onsuccessivelinearizationsofthenonlinearsystem. Althoughitisnotanoptimal

filtertheEKFisstillwidelyusedduetoitssimplicity. Therearevariationsofthe

EKFthataddressdeficienciesoftheEKFbutweonlyinvestigatesthestandardEKF.

The MHEisanoptimizationbasedstateestimatorthatcanhandlenonlinearsys-

temsandsystemconstraints(unliketheEKFwhichuseslinearapproximationsofthe

systemandignoresconstraints). Asaresult,the MHEcanhavebetterestimation

performancethantheEKFbutalsohasagreatercomputationalburden. Nonlinear

observersaredesignedfordeterministicnonlinearsystems.Theyarecapableofhan-

dlingnonlinearsystemsexplicitly(likethe MHE)butdonothavethecomputational

burdenassociatedwiththe MHE.The maindrawbackstononlinearobserversare

thattheyignorenoiseinformationandcanbedifficulttodesign.

Inthischapter,weconsidertheapplicationofthesethreestateestimationmethods

toatypicalfrothflotationprocess. Wefirstintroduceaprocess modeldevelopedat

OakRidgeNationalLaboratory(Canright etal.,1981)forthecoalfrothflotation

process. Basedoncurrentlyavailableinstrumentationusedinfrothflotation, we
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thencarryoutsensornetworkdesignanddeterminea minimumsetofsensorsthat

providesobservabilityoftheentirefrothflotationprocess.Subsequently,wedesign

theEKF,the MHEandanonlinearobserverforthefrothflotationprocess. The

nonlinearobserverisdesignedviaanoverlappingsubsystemdecompositionapproach.

Twodifferentscenariosareconsidered:estimationwithout measurementdelaysand

estimationwithmeasurementdelays.Theperformancesofthethreestateestimation

methodsarecomparedwithandwithout MPM.Itisfoundinbothscenariosthatthe

EKFisbetterintermsofestimationprecisionwhilethenonlinearobserverhasthe

smallestcomputationalburden.

2.2 Processdescriptionand modeling

Figure2.1showsatypicalfrothflotationunitconsistingof5tanksinseriesand

Figure2.2showsthecrosssectionofanindividualtank.Feedslurryconsistingofcoal,

ash(non-coalsolids)andwaterentersthefirsttank.Themaximumparticlesizeinthe

feediscontrolledandthesolid(coalandash)contentofthefeedrangesfrom0to30

wt%.Reagents(frotherandcollector)areaddedeitherattheinletorupstreamofthe

firsttank(Canrightetal.,1981)withtheoptimalreagentconcentrationdependent

onthesolidconcentrationandcoaltype.Thefrotherpromotestheformationoffroth

whilethecollectorpromotesthepreferentialattachmentofairbubblestocoalparticles

whichthencarrythecoalparticlestothetopofthetank(thefroth). Thefrothis

removedusingpaddlesandsenttoadiskfiltersystemfordrying. Theunderflow

(alsoknownastailings)fromeachtankissenttothenexttankintheseriesandthe

tailingsfromthefinaltankaresenttoastaticthickener.

Figure2.1: Schematicdiagramofafrothflotationunit. AdaptedfromCanrightetal.,
1981.
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Figure2.2: Schematicdiagramofanindividualflotationtank.

Afirstorderkinetic modelisusedto modeltheflotationprocesswitheachtank

modeledasacontinuousstirredtankreactor(CSTR).Thefollowingassumptionsare

madeinthismodel(Canrightetal.,1981):

1. Thecontentsofeachtankarewellmixed,i.e,noconcentrationgradientswithin

atank.

2. Thereisnointermixingbetweentanks.

3. Theslurrylevelineachtankdoesnotvary.

Thedynamicsoftheprocesscanbecharacterizedbythedynamicsofthesolids

(coalandash),liquids(mainlywater)andash(non-coalsolids). Massbalancesare

completedforthe5tanksforatotalof15states. Theequationsdescribingthe

dynamicsoftanki,wherei=1,...,5,areasfollows(Canrightetal.,1981):

dcsti

dt
=

V̇ufi 1

Vi

(csti 1
)−

V̇ufi

Vi

(csti
)−ri (2.1a)

dclti

dt
=

V̇ufi 1

Vi

(clti 1
)−

V̇ufi

Vi

(clti)−
βi

Vi

(2.1b)

dcati

dt
=

V̇ufi 1

Vi

(cati 1
)−

V̇ufi

Vi

(cati
)−

Ȧi

Vi

(2.1c)

wherethesubscripti=1,...,5indicatesthetanknumber,csti
isthesolidsconcen-

tration(kg/m3),cltiistheliquidsconcentration(kg/m3),cati
istheashconcentration

(kg/m3),V̇ufi
isthevolumetricrateoftheunderflow(m3/min)andViistheslurry

volume(m3).riistherateofsolidremovalasdefinedbelow,βiisthe massflow

rateofliquidtooverflow(kg/min)andȦiisthe massflowrateofashtooverflow
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(kg/min).cst0,clt0,cat0arethesolids,liquidsandashconcentrationofthefeedre-

spectively.V̇uf0 isthevolumetricflowrateofthefeed. Ontherighthandsideofthe

abovemodel,thefirsttermofeachequationrepresentstheamountenteringfromthe

previoustank,thesecondtermrepresentstheamountleavingintheunderflowand

thethirdtermrepresentstheamountleavingintheoverflow.

Therateofsolidremovalriisgivenby(Canrightetal.,1981):

ri=frk(csti
−c∞) (2.2)

whereriistheflotationrate(kgm−3min−1),kistherateconstant(l/min),c∞ isthe

equilibriumsolidsconcentration(kg/m3)andfristhecorrectionfactorforindustrial

scalereactions(askandc∞ valuesareobtainedfromlabexperiments). Thevalues

ofkandc∞ dependonfrotherloading(g/kgdryfeed),collectorloading(g/kgdry

feed)andcoaltype.

Thefollowingequationsarealsodefinedforeachtank i, wherei=1,...,5

(Canrightetal.,1981):

V̇ufi 1
=V̇ufi

+V̇ofi
(2.3)

V̇ofi
=

β

ρl

+
riVi

ρc

(2.4)

Ȧi=xAi

i

j=1

Ṁsofj
−

i−1

j=1

Ȧj (2.5)

Ri=
csofi

V̇ofi

csofi
V̇ofi

+csti
V̇ufi

(100−Ri−1)+Ri−1 (2.6)

xAi
=g(Ri) (2.7)

whereρcisthedensityofcoal(kg/m3),ρlisthedensityofliquid(kg/m3),Riis

thecumulativesolidrecovery(%)attanki,xAi
isthecumulative massfraction

ofashintheoverflowsolidsattanki,Ṁsofi
isthe massflowrateofsolidsinthe

overflow(kg/min),V̇ofi
isthevolumetricflowrateoftheoverflow(m3)andcsofi

isthe

concentrationofsolidsintheoverflow(kg/m3).g(Ri)isanempiricalfunctionofRi

foragivenfrotherandcollectorloadingobtainedfromCanrightetal.,1981.

Theprocessmodelcanbewritteninthefollowingcompactform:

ẋ(t)=f(x(t),u(t),w(t)) (2.8)
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wherethestatevectorisx= xT
1,xT2,xT3,xT4,xT5

T
withxT

i =[csti
,clti,cati

]fori=

1,...,5andwdenotesrandomprocessnoise.udenotestheinputswithu=[u1,u2]
T

whereu1isthefrotherloadingandu2isthecollectorloading.

2.3 Sensornetworkdesign

Thesuccessofstateestimationdependsontheavailablemeasurements.Thepurpose

ofthissectionistodeterminewhichstatescanbemeasuredusingcurrentlyavailable

sensorsandtodeterminethesmallestsetof measurementswhichwillallowallthe

systemstatestobeestimatedreliably.

2.3.1 Measurements

Thefollowingmeasurementsareavailableforthefrothflotationprocess:

1.Solid/liquidconcentrationineachtank.Slurrydensitycanbe measuredusing

X-rayfluorescence(XRF)analyzersorgammadensitygauges.Thisinformation

canthenbeusedtocalculatethesolidandliquidconcentration.XRFdynamics

areintheorderof10-20 minutesbutprovidehighaccuracy(between1%and

6%)(SheanandCilliers,2011). Gammadensitygaugesarenon-intrusivebut

sensitivetolocationasairbubblesaffect measurements(SheanandCilliers,

2011).

2. Ashconcentrationineachtank. XRFcanbeusedtoobtainelementalassay

data whichcanbeusedtofindashconcentration. Machinevision methods

canalsobeusedtofindashconcentration. MachinevisionisfasterthanXRF

withdynamicsintheorderof1minversus10-20minutesforXRF(Sheanand

Cilliers,2011)butislessaccuratewithupto30%erroratlowashconcentrations

(Hargraveetal.,1996;Zhangetal.,2014).

Whileitispossibletousesensorsto measureall15statesdirectly,itisworthwhile

todetermineifasmallernumberofsensorswillresultinanobservablesystemas

sensorsarecostlytoinstallandreplace.
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2.3.2 Observabilitytesting

Asystemissaidtobeobservableif,foratimeinterval[t0,t1],giventheinputand

outputmeasurementsovertheintervalitispossibletosolvefortheinitialstatex(t0)

(Bay,1998). Usingthisinformationitisthenpossibletosolveforx(t)overtheentire

interval. Weassumethatthe measurementsfromthesensorscanbe modeledusing

thefollowingequation:

yi(t)=hi(x(t))+vi(t) (2.9)

where yiisthesensor measurement withcorresponding measurementnoisevifor

1≤i≤swithsbeingthenumberofmeasurements.

Fornonlinearsystems,theobservabilitytestistocheckif(MarinoandTomei,

1995):

rank{O}=n

with

O=






dh(x)
...

d(Ln−1
f h(x))




 (2.10)

whereh(x(t))=[h1(x),...,hs(x)]T,nisthesizeofthesystemandLk
fh(1≤k≤n−1)

isthek-thLiederivativeofhwithrespecttof.

ThisobservabilitytestrequiresthecalculationofhighorderLiederivativesand

theirdifferentialswhichingeneralisadifficulttask. Asaresult,adifferentapproach

hastobeusedtotestobservability.Theapproachweusedistotesttheobservability

oflinearapproximationsofthenonlinearsystematdifferentpointsalongatypical

statetrajectory. Thelinearapproximationofthenonlinearsystematapointx(t)

willhavetheform(assumingzeronoisewithoutlossofgenerality):

ẋ(t)=A(t)x(t)+B(t)u(t) (2.11a)

y(t)=C(t)x(t) (2.11b)

whereA(t)andC(t)arefoundbytakingtheJacobianof(2.8)and(2.9)respectively

at(x(t),u(t))asshownbelow:

A(t)=






∂f1

∂x1
··· ∂f1

∂xn
...

...
...

∂fn

∂x1
··· ∂fn

∂xn






x=x(t),u=u(t)

C(t)=






∂h1

∂x1
··· ∂h1

∂xn
...

...
...

∂hs

∂x1
··· ∂hs

∂xn






x=x(t)

(2.12)
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Theobservabilityofthelinearapproximation(2.11)at(x(t),u(t))istestedby

checkingif(Bay,1998):

rank













C
CA

...
CAn−1













=n (2.13)

Ifthelinearapproximationisobservableatallthedifferentpointsalongthetra-

jectory,weclaimthatthenonlinearsystemisobservableinaneighborhoodofthe

trajectory.Usingtheaboveapproach,thefrothflotationprocessisfoundtobeobserv-

ableusingonlytwomeasurements,clt5 (x14)andcat5 (x15),resultinginthefollowing

timeinvariant(constant)Cmatrix:

C=
0 0 0 0 0 0 0 0 0 0 0 0 0 1 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 1

(2.14)

Kalmandecompositioncanbecarriedoutaccordingto(Bay,1998)todetermine

thesetofobservablestatesassociated witheach measurement. Itisfoundthat

measuring clt5 allowsobservabilityofcsti
andclti foralli=1,...,5(noashstates

observable)andmeasuringcat5 allowsobservabilityofcsti
andcati

foralli=1,...,5

(noliquidstatesobservable).

2.4 Stateestimation without measurementdelays

Inthissection,weconsiderstateestimationofthefrothflotationprocesswithout

measurementdelays. Threetypicalstateestimation methodsareconsidered:(1)

anextended Kalmanfilter(EKF),(2) movinghorizonestimator(MHE)and(3)a

nonlinearobserver.

2.4.1 Modelingof measurements

Weassumethat clt5andcat5measurementsareavailableatdiscretesamplingtimes

tk=t0+k∆where t0=0istheinitialtime,kdenotesnon-negativeintegersand∆

isafixedsamplingtime.Themeasurementsattkaremodelledasfollows:

y(tk)=Cx(tk)+v(tk) (2.15)
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2.4.2 DesignoftheEKF

EKFsarediscretetimefiltersfornonlinearsystemsbasedonsuccessivelinearizations

ofthenonlinearsystem(ChuiandChen,1991).TherearetwostepsinanEKF:a

predictionstepandanupdatestep.TheEKFusedinthisworkisdesignedasfollows:

1.Predictionstep:

x̂(tk|tk−1)=̂x(tk−1)+
tk

tk 1

f(̂x(t),u(t),0)dt (2.16a)

P(tk|tk−1)=A(tk−1)P(tk−1)A(tk−1)
T+Q (2.16b)

wherex̂(tk|tk−1)denotesthepredictionofthestateattimetkbasedonthe

stateestimatêx(tk−1)attk−1,P(tk−1)istheerrorcovariancematrixof̂x(tk−1),

P(tk|tk−1)istheerrorcovariancematrixofx̂(tk|tk−1)andQisthecovariance

oftheprocessnoise.A(tk−1)isthediscretizedJacobianoffwithrespecttox

attk−1.u(t)istheknown,piecewiseconstantinput.

2.Updatestep:

K(tk)=P(tk|tk−1)C
T[CP(tk|tk−1)C

T+R]−1 (2.17a)

x̂(tk)=̂x(tk|tk−1)+K(tk)(y(tk)−Ĉx(tk|tk−1)) (2.17b)

P(tk)=(I−K(tk)C)P(tk|tk−1) (2.17c)

whereRisthecovarianceofthemeasurementnoiseandK(tk)isthefiltergain

attk(ChuiandChen,1991).

2.4.3 Designofthe MHE

Themovinghorizonestimator(MHE)designforthesystemrepresentedby(2.8)and

(2.9)hasthefollowingformattimetk(RaoandRawlings,2002):

min
x̂(tk N+1),w(tk N+1),...,w(tk 1)

Γ(̂x(tk−N+1))+

k−1

i=k−N+1

w(ti)
TQ−1w(ti)+...

···

k

i=k−N+1

v(ti)
TR−1v(ti)

(2.18a)
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s.t ˙̂x(t)=f(̂x(t),u(t),w(t)) (2.18b)

y(t)=Ĉx(t)+v(t) (2.18c)

w(t)∈W,v(t)∈V,̂x(t)∈X (2.18d)

whereNisthesizeoftheestimationwindowandx̂(tk−N+1)isthe MHEestimate

ofthesystemstateobtainedattk−N+1.QandRarethecovariancematricesof

theprocessnoise(w)andthemeasurementnoise(v)respectively.uistheknown,

piecewiseconstantinput. wandvareassumedtobepiecewiseconstantduring

asamplingperiod∆.W,V,andXrepresentthesetofallpossiblevaluesofw,

vandxrespectively. The MHEattemptstominimizethecostfunction(2.18a)

byoptimizingx̂(tk−N+1),w(tk−N+1),...,w(tk−1)whichisequivalenttooptimizing

x̂(tk−N+1),...,̂x(tk)duetothepiecewiseconstantnoiseassumption.

TheΓ(̂x(tk−N+1))termisknownasthearrivalcostandsummarizespastinforma-

tionthatisnotincludedintheestimationwindow,i.e.informationuptotk−N.The

arrivalcosthasasignificantimpactontheperformanceoftheMHEbutisdifficult

todetermineexactlyforconstrainednonlinearsystems. Whilethearrivalcostcan

beomittedifasufficientlylargeNisused,thisincreasesthecomputationalburden

andreducesthespeedoftheMHE.Thereareanumberofmethodstoapproximate

thearrivalcostwithonesuchmethodbasedonanEKFasfollows:

Γ(z)=(z−x̂(tk−N+1))
TP−1(tk−N+1|tk−N)(z−x̂(tk−N+1)) (2.19)

wherezistheMHEestimateofx(tk−N+1)atthecurrenttimetkand̂x(tk−N+1)isthe

MHEestimateofx(tk−N+1)obtainedattk−N+1.P(tk−N+1|tk−N)isobtainedfroman

EKFthatisrunningparalleltotheMHE.

2.4.4 Designofthenonlinearobserver

Observerdesignfornonlinearsystemsisingeneralchallenging. Mostapproaches

eitherrequireLyanpunovfunctionsthataredifficulttofind,donotguaranteecon-

vergencetotheactualstatesorarefocusedonsingleinputsingleoutput(SISO)

systems(Ciccarellaetal.,1993).Thereareonlyafewmethodsthatareextensible

tomultiinputmultioutput(MIMO)systems(Ciccarellaetal.,1993).Inthiswork,

thenonlinearobserverisdesignedbasedonasubsystemdecompositionapproachin-

11



spiredbyresultsondistributedstateestimation(ZengandLiu,2015;Zhangand

Liu,2014;ZhangandLiu,2013).

Thesystemissplitintotwooverlappingsubsystemsaccordingtotheobserv-

ablestatesassociatedwitheachofthetwomeasurements. Thestatesofthetwo

subsystemsarexs1(t)=[cst1(t),clt1(t),cst2(t),clt2(t),...,cst5(t),clt5(t)]
Tandxs2(t)=

[cst1(t),cat1(t),cst2(t),cat2(t),...,cst5(t),cat5(t)]
Trespectively.Thetwosubsystemshave

thefollowingforms:

ẋs1(t)=fs1(xs1(t),u(t),ws1(t)) (2.20a)

ys1(t)=Cs1xs1(t)+vs1(t) (2.20b)

ẋs2(t)=fs2(xs2(t),u(t),ws2(t)) (2.20c)

ys2(t)=Cs2xs2(t)+vs2(t) (2.20d)

wherews1andws2aretheprocessnoiseandvs1andvs2arethemeasurementnoise

intheirrespectivesubsystems.Cs1andCs2areconstantmatricessuchthat:

Cs1=Cs2= 0 0 0 0 0 0 0 0 0 1 (2.21)

TheobserverforagivensubsystemisdesignedfollowingCiccarellaetal.,1993.The

nonlinearobserversforthetwosubsystemsareasfollows::

˙̂xs1(t) =fs1(̂xs1,u(t),0)+Os1(̂xs1(t),u(t))
−1
Ks1(ys1(t)−Cs1̂xs1(t))

˙̂xs2(t) =fs1(̂xs2,u(t),0)+Os2(̂xs2(t),u(t))
−1
Ks2(ys2(t)−Cs2̂xs2(t))

(2.22)

whereOs1andOs2aretheobservabilitymatricesforsubsystems1and2respectively

asdefinedin(2.10).Ks1andKs2arefinitegainvectorsthatcanbetunedtochange

thespeedofconvergence(Ciccarellaetal.,1993)and̂xs1and̂xs2aretheestimatesof

thesubsystemstates.fs1,fs2,Cs1andCs2in(2.22)arethesameasin(2.20).Dueto

thedifficultyofcalculatingOs1andOs2explicitly,theyareapproximatedfollowingthe

approachinSection2.3.2.Asthecsti(i=1,...,5)statesappearinbothsubsystems,

therearetwowaystoobtainthestateestimatefortheentiresystem:

x̂=[̂xs1,1,̂xs1,2,̂xs2,2,̂xs1,3,̂xs1,4,̂xs2,4,...,̂xs1,9,̂xs1,10,̂xs2,10,] (2.23a)

x̂=[̂xs2,1,̂xs1,2,̂xs2,2,̂xs2,3,̂xs1,4,̂xs2,4,...,̂xs2,9,̂xs1,10,̂xs2,10,] (2.23b)

wherêxrepresentstheestimateoftheentiresystemstate.x̂s1,iand̂xs2,i,i=1,...,10,

representthei-thelementinxs1andxs2respectively.Ifys1isknowntobemore

12



reliablethanys2,(2.23a)shouldbeused;ifys2 is morereliable,(2.23b)shouldbe

used.

2.4.5 Simulationresults

Modelparametersandsimulationsettings

The modelparametersusedinthesimulationsareshowninTable2.1. Parameters

areobtainedfromCanrightetal.,1981.

Table2.1: Frothflotation modelparametersusedinsimulations.

k = 3.81l/min
c∞ = 17.91kg/m3

fr = 0.2
ρl = 1000kg/m3

ρs = 1299kg/m3

β = 290.3kg/min
V = 18m3

cst0 = 10wt%offeed
clt0 = 90wt%offeed
cat0 = 24.5wt%ofsolids

Thevolumetricflowoffeedtothefirsttank(V̇uf0)issettobeasinusoid(21.71+

7.60sin(ωt) m3/min)withω= 2π
10

rad/min.Itisassumedthatthefeedflowrateup

tothecurrenttimeisavailabletoallthreestateestimation methods;attk,V̇uf0(0)

uptoV̇uf0(tk)areknown.Theinputsaresettoconstantvalueswithu1=0.125g/kg

dryfeedandu2=0.3125g/kgdryfeed.Thisresultsinconstantvaluesforkandc∞.

Samplesofthetwomeasuredstates(clt5andcat5)aretakenevery1minute;thatis,

∆=1min.Bothmeasurementsaresubjecttomeasurementnoise.Themeasurement

noiseisGaussianwhitenoisegeneratedasfollows:

v(tk) [N(0,502),N(0,62)]T (2.24)

As mentionedinSection2.3.1liquidconcentrationscanbe measuredwith1−6%

accuracywhileash measurementscanhaveerrorsofupto30%atlowashconcen-

trations. Typicalvaluesofclti andcati
are1000kg/m3and20kg/m3respectively;

thestandarddeviationsofthenoisecorrespondtoa5%errorinliquidmeasurements

anda30%errorinashmeasurements.
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Theprocessissimulatedbyusingtheclassical-Runge-Kutta methodtointe-

gratethesystem model(2.8)usinganintegrationstepofh=0.10 min. Ran-

domnoiseisaddedtotheright-hand-sideofsystem model(2.8)tosimulateprocess

noise/disturbances.Theprocessnoiseassociatedwithtanki,i=1,...,5,isGaussian

whitenoisegeneratedasfollows:

wi(t) [N(0,32),N(0,72),N(0,0.252)]T (2.25)

TheparametersusedintheEKFareQ =diag([32,72,0.252,32,72,0.252,32,72,

0.252,32,72,0.252,32,72,0.252]T),R=diag([102,52]T)andP(0)=diag([100,100,100,

100,100,100,100,100,100,100,100,100,100,100,100]T)wherediag(v)representsadi-

agonalmatrixwhosediagonalelementsaretheelementsofavectorv.Q,RandP(0)

arediagonalmatriceswiththeassumptionthattheprocessnoise,measurementnoise

andstateestimationerrorsarealluncorrelated.

Theestimationwindowssizeinthe MHEispickedtobeN =3. Asmallwindow

sizeisusedduetothelargenumberofsystemstatestoreducethecomplexityof

the MHEoptimizationproblem.Q andRarethesameasthoseusedintheEKF.

TheΠ(0)usedinthearrivalcost(2.19)isequaltoP(0)usedintheEKF.Thestate

estimateatthestartofthe window(zfrom(2.19))fortanki,i=1,...,5,has

thelowerandupperbounds[0,800,0]and[200,1000,30]respectively. Theprocess

noisewi(t)associated withtanki,i=1,...,5,hasthelowerandupperbounds

[−100,−100,−100]and[100,100,100]respectively.Therearenoboundsonmeasure-

mentnoise.

Thenonlinearobserverparametersareasfollows:

Ks1=Ks2=[1.500·,5.987·2,6.375·3,13.191·4,9.915·5,13.537·6,

6.693·7,6.477·8,1.655·9,1.144·10]T
(2.26)

where =1/750,000forKs1and =1/1,750,000forKs2. Thenonlinearobserver

weuseisdesignedforcontinuoussystemswithcontinuous measurementsavailable.

Inthefrothflotationsystem, measurementsareonlyobtainedatdiscretesampling

intervalsof1minwhichistoolargeforthemeasurementstobeconsideredcontinuous.

Duetothislackof measurementinformation,theobservercannotbeasaggressive

whichresultsinthesmallgainvalues.Ifasmallersamplingtimewasusedthenlarger
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valuesof couldbeused. Anotherreasonforthesmallvaluesof arethelargevalues

ofelementsintheO−1
s1 andO−1

s2 matrices.Theinitialstateusedinthesimulationsis:

x(0)=[64.5,956.8,23.7,42.0,975.7,21.7,31.8,991.6,20.7,24.4,994.2,18.4,21.5,983.3,15.8]T

(2.27)

andtheinitialguessprovidedtothestateestimators:

x̂(0)=[80.0,950.0,30.0,35.0,950.0,15.0,40.0,990.0,25.0,15.0,980.0,15.0,30.0,1000.0,24.0]T

(2.28)

AllsimulationsarecarriedoutwithanIntelCorei5computerat3.30GHzand

8.00 GBRAM.The MHEoptimizationproblemsaresolvedusingtheopensource

interiorpointoptimizerIpopt(ẄachterandBiegler,2006).

Results without modelplant mismatch

Inthissection,weevaluatetheperformanceofthethreestateestimation methods

withoutconsideringmodelplantmismatch.

Figure2.3showstheactualstatetrajectoryandtheestimatesobtainedusing

theEKF, MHEandnonlinearobserver whenthereisno modelplant mismatch.

Fromthefigure,itcanbeseenthatallthethree methodstrackthetrendofthe

actualtrajectorieswell.Thenormalizederrorisusedtocomparetheperformanceof

thesemethodsasitreducestheeffectsofstateshavingdifferentordersofmagnitude.

Figure2.4showsthetrajectoriesofthenormalizederrorforthethreestateestimation

methodswiththenormalizederrordefinedas:

e(tk)=
15

i=1

(ei(tk))2 (2.29)

wheree(tk)isthenormalizederrorattkandei(tk)isthenormalizederrorinstatei,

i=1,...,15,definedasfollows:

ei(tk)=
x̂i(tk)−xi(tk)

max(̂xi−xi)
(2.30)

wherethemaximumerrorforagivenstateiisthelargesterrorforstateibetweenall

threeestimationmethods.Theaveragenormalizederroris:EKF-1.38, MHE-1.40

andobserver-1.54. TheEKFand MHEhavesimilarperformanceasthesystemis
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Figure2.3: Trajectoriesoftheactualprocessstatesandestimatesgivenbythethree
estimationmethodsfornomodelmismatchandnomeasurementdelay.
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notoperatingnearitsconstraintsandtheMHEwindowsizeissmall.Theobserver

performsworsethantheEKFand MHEasitignoresnoiseinformationwhilethe

EKFandMHEbothusenoiseinformation.Forthisprocess,usinglargervaluesofN
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intheMHEmayprovideslightlyimprovedestimationperformancebutatthecost

ofasignificantincreaseinevaluationtime.

Figure2.4:Trajectoriesofthenormalizedestimationerrorofthethreeestimationmethods
fornomodelmismatchandnomeasurementdelay.

Resultswith modelplant mismatch

Inthissection,themodelusedintheestimationmethods(EKF, MHE,nonlinear

observer)isnotthesameastheactualplant.Themismatchisintroducedbysetting

riandxAi,i=1,...,5,from(2.2)intheestimationmodelstobe20%higherthan

theactual(plant)valuesofriandxAi,i=1,...,5.

Figure2.5showstheactualstatetrajectoryandtheestimatesobtainedusingthe

EKF,MHEandnonlinearobserverwhenthereisamodelplantmismatch.Figure

2.6showsthetrajectoriesofthenormalizederrorforallthreeestimationmethods.

Theperformanceofallthreestateestimationmethodsisworsethanwhenthereisno

modelplantmismatch,withtheaveragenormalizederrorbeing:EKF-2.12,MHE-

2.14andobserver-2.14.TheobserverhassimilarperformancetotheEKFandMHE

becausethenoiseinformationismaskedbythemodelplantmismatchwhichreduces
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Figure2.5: Trajectoriesoftheactualprocessstatesandestimatesgivenbythethree
estimationmethodsformodelmismatchandnomeasurementdelay.
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thebenefitsofusingthenoiseinformation. Allthreeconsistentlyunderestimate

solidandashconcentrationsandusuallyoverestimateliquidconcentrations.Thisis

becausethemodelssuggestthatmoresolids/asharebeingremovedthanisactually

thecaseasriandxAi
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Figure2.6:Trajectoriesofthenormalizedestimationerrorofthethreeestimationmethods
formodelmismatchandnomeasurementdelay.

2.5 Stateestimationsubjectto measurementde-

lays

2.5.1 Modelingof measurements

Intheprevioussection,bothmeasurements(ys1andys2)wereassumedtoarriveatthe

EKF/MHE/observerimmediately(withoutdelay).Inthissectionthemeasurements

areassumedtohaverandomdelayssuchthatys1(tk)arrivesattk+d1(tk)andys2(tk)

arrivesattk+d2(tk)whered1(tk)andd2(tk)arethedelaysassociatedwithys1(tk)and

ys2(tk)respectively.Itisassumedthatsamplesaretakenateachtimestepandthe

delaysareduetosampleprocessingtimeandcommunicationdelays.Atagiventime

instant,wemustrearrangethereceivedmeasurementsintheordertheyweretaken

beforecarryingoutstateestimation.Thisstepisnecessaryasmultiplemeasurements

canarrivesimultaneouslyduetotherandomdelays.Itisassumedthatsamplesare
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taggedwiththetimewhentheyaretaken.

2.5.2 DesignoftheEKF, MHEandobserver

TheEKFisdesignedbasedonthefilterrecalculationmethoddescribedinGopalakrishnan

etal.,2011. Aftertherearrangestep,theEKFisrecalculatedfromwhentheoldest

measurementreceivedatthecurrenttimewastaken.Ifanymeasurementsalongthe

trajectoryareavailabletheyareincludedintheEKFcalculations.Ifatagiventime

anymeasurementsaremissing,themissingmeasurementissettobethesameasthe

predictedvaluei.e.,y(tk)=Ĉx(tk|tk−1). Thisistheequivalentofsetting(2.17b)in

theoriginalEKFdesigntobe:

x̂(tk|tk)=̂x(tk|tk−1) (2.31)

The MHEisdesignedbasedonValenciaetal.,2011. Thewindowsizeforthe

MHEissettothedifferencebetweenthemaximumpossibledelay(max(d1,d2))and

theminimumpossibledelay(min(d1,d2)).TheMHEcostfunction(2.18a)ismodified

asfollows:thearrivalcostisomittedduetothelargewindowsizeandanyterms

involving missing measurements(vk terms whenno measurementisavailable)are

omitted.

Forthenonlinearobservers,theestimatedstatetrajectoryisrecalculatedfrom

whentheoldest measurementreceivedatthecurrenttimewastaken(similartothe

EKF).Ifany measurementsalongthetrajectoryareavailabletheyareincludedin

theobservercalculations.Ifno measurementisavailableforasubsystematagiven

timethenapredictorisusedforthatsubsystem.Thepredictorequationis:

˙̂xl(t)=f(̂xl(t),u(t),0); (2.32)

wherelisthesubsystemnumber(s1ors2). Thepredictorissimplythefirstterm

oftheobserver(2.22).Ifatagiventimeonesubsystemhasa measurementavail-

ablewhiletheotherdoesnot,thenthestateestimatesfromthesubsystemwiththe

measurementareusedtoupdatetheoverlappingstateestimatesfromtheothersub-

system. Oncetheoverlappingstateshavebeenupdatedtheobserverorpredictor

updatetothenexttimestepcontinuesasnormal. Figure2.7illustratesthisproce-

dure.Inthefigure,ys1(tk−4),ys2(tk−3)andys1(tk−1)areavailableatthecurrenttime

tk.
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Figure2.7: Outlineofobserver/predictorprocedure

2.5.3 Simulation Results

Modelparametersandsimulationsettings

The modelparametersandsimulationsettingsarethesameasinthenodelaycase

(Section2.4.5). Therandomdelayissuchthat10≤d1(t),d2(t)≤20. Thesedelay

valuesarechosenbasedonthedynamicsoftheXRFsensorsused. TheEKFand

observerparametersarethesameasthenodelaycase. All MHEparametersexcept

windowsizearethesameasthenodelaycase.The MHEwindowsize(N)is10.

Results without modelplant mismatch

Inthissection,resultsarepresentedfor whenthereisno modelplant mismatch.

Figure2.8showstheactualtrajectoryandtheestimatesobtainedusingtheEKF,

MHEandnonlinearobserver. Figure2.9showsthetrajectoriesofthenormalized

errorforthethreemethods.Theaveragenormalizederrorforallestimationmethods

is1.70.Itisnotpossibletodifferentiatebetweenthethree methodsbecause:(a)

withrandomdelaybetween10and20,atagivensamplingtimetheEKF, MHEand

nonlinearobserveratbestonlyreceivemeasurementstaken10samplingperiodsago.

Thusstatepredictiondominatesoverstateestimationinallthree;and(b)thefroth

flotationprocessisanopen-loopstableprocesswhich makesdifferencesinthestate

estimatesdieoutinthepredictionphaseifmeasurementsarenotavailable.

Results with modelplant mismatch

Inthissection,the modelusedintheestimation methods(EKF/MHE/nonlinear

observer)isnotthesameastheactualplant. The mismatchisintroducedthesame

wayasintheno measurementdelaycase,bysettingriandxAi
,i=1,...,5,from
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Figure2.8: Trajectoriesoftheactualprocessstatesandestimatesgivenbythethree
estimationmethodsfornomodelmismatchandmeasurementdelay.

(2.2)intheestimationmodelstobe20%higherthantheactual(plant)valueofri

andxAi,i=1,...,5.

Figure2.10showstheactualtrajectoryandtheestimatesobtainedusingtheEKF,

MHEandnonlinearobserver.Figure2.11showsthetrajectoriesofthenormalized
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Figure2.9:Trajectoriesofthenormalizedestimationerrorofthethreeestimationmethods
fornomodelmismatchandmeasurementdelay.

errorforbothestimationmethods.Theaveragenormalizederrorforallthreeestima-

tionmethodsis2.42.Justasinthenodelaycase,theestimationmethodsconsistently

underestimatesolidandashconcentrationsandusuallyoverestimateliquidconcen-

trationsbecausethemodelssuggestthatmoresolids/asharebeingremovedthanis

actuallythecaseduetohigherriandxAiinthemodelthantheactualplant.

2.6 Conclusions

Inthischapter,threestateestimationmethods(EKF,MHEandnonlinearobserver)

foracoalfrothflotationprocesswerecompared.Atypical5tankflotationsystemwas

usedinsimulations.Theperformanceundervariousconditions(with/withoutrandom

measurementdelayandwith/withoutmodelplantmismatch)wasinvestigated.

TheEKFgavethebestestimationperformanceundernormalconditions(nomea-

surementdelayandnomodelplantmismatch).TheMHEperformedworsethanthe

EKFbecausethesystemwasnotoperatingnearitsconstraintsandtheestimation

windowsizewassmall. The MHEalsohadahighercomputationalloadthanthe

EKF:theruntimeoftheMHEwassignificantlylongerthanthesamplingtime.The

nonlinearobserverranthefastestbuthadtheworstestimationperformance.Allthree
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Figure2.10: Trajectoriesoftheactualprocessstatesandestimatesgivenbythethree
estimationmethodsformodelmismatchandmeasurementdelay.
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Figure2.11:Trajectoriesofthenormalizedestimationerrorofthethreeestimationmeth-
odsformodelmismatchandmeasurementdelay.

methodshadsimilarestimationperformancewhentherewasmodelplantmismatch.

Inthepresenceofmeasurementdelay,allthreemethodsgavesimilarperformance

withorwithoutmodelplantmismatch.Thiswasbecausethelackofmeasurements

meantthatstatepredictiondominatedoverstateestimation.Asthefrothflotation

systemisopen-loopstable,thismeantthatdifferencesbetweenestimatesbythe

differentmethodsdisappearedinthepredictionphase.Overall,theEKFisthebest

choiceofestimatorforthissystemasitprovidesagoodbalanceofspeedandaccuracy.
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Chapter3

Multiple modelbasedapproachto
stateestimationinthepresenceof
modelplant mismatch(MPM)

3.1 Introduction

Stateestimationplaysafundamentalroleinthesuccessof MPC(MuskeandBadg-

well,2002). Modelbasedstateestimationmethodsaresensitivetomodel-plantmis-

match(MPM)whichisalwayspresentinrealsystemsduetofactorssuchasexternal

disturbances,parameterdrift,sensorfailuresandothers(Botelhoetal.,2015). Due

tothepopularityof MPC,itbecomesnecessarytodesignstateestimation methods

thatprovideaccurateresultseveninthepresenceof MPM.

Numerousapproacheshavebeenproposedintheliteraturetoaddressthisissue.

Oneapproach,asdescribedinParlosetal.,2002,istouseadatadriven modelto

capturetheeffectsofthemismatch.However,whilethismethodcanprovideunbiased

stateestimatesitdoesnotprovideanyinformationaboutthecauseofthemismatch.

Thisisbecausethedatadriven modelhasnophysicalsignificancewhilethestates

andparametersinchemicalsystemsdo.

Analternativeapproach,asdescribedinSalhiandBouani,2016,istoreduce

modelplantmismatchbyupdatingthesystemparametersateachtimestepbysolving

anoptimizationproblem.Thisapproachprovidesdiagnosticinformationthroughthe

updatedparameterestimatesbuthasahighcomputationalloadasanoptimization

problemhastobesolvedateachtimestep.Ifalargenumberofparametershaveto

beoptimizedthencomputationtimecanbesignificant.
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Similartooffsetfreemodelpredictivecontrol,itispossibletoaugmentthesystem

model withconstantstepdisturbancesandusespecialobserverdesignstoobtain

unbiasedestimates(Leeetal.,2012;YangandLiu,2016). Howevertheseapproaches

sufferthesamedownsideasParlosetal.,2002inthattheydonotprovideany

informationaboutthepotentialcauseofthemismatch.

Acommonapproachintrackingandfaultdetectionapplicationsfor mechanical

andelectricalsystemsistheuseof Multiple Model(MM) methods(Semerdjievet

al.,2000;Jiaoetal.,2015;Pitreetal.,2005;Amirzadehetal.,2011;HuangandLe-

ung,2005;ZhangandLi,1998).Thesemethodsworkbyhavingmultiplemodels(each

modelrepresentingonemodeofthesystem)runinparallel. Modelprobabilitiesand

theoverallestimateareobtainedaccordingtotherulesoftheparticularmethodbeing

used.Itispossibletouseaugmented modelswith MM methodstoobtainupdated

parameterestimateswhichprovidediagnosticinformation(Semerdjievetal.,2000).

MMmethodsoffertheadvantageoflowcomputationalcostwhilestillprovidingdiag-

nosticinformation,howeverthereareonlylimitedexamplesoftheiruseinchemical

systems(Chetouani,2008; Kuure-KinseyandBequette,2010). Furthermore,these

worksfocusonunbiasedoutputestimationandcontrolwhichdoesnotnecessarily

guaranteeunbiasedstateestimation. Thedesignofanappropriate modelsettouse

with MMmethodsisalsochallengingasthereneedstobeenoughseparationbetween

modelsbasedonoutputresiduals(ZhangandLi,1998)andenoughmodelstocapture

therangeofsystemdynamicsbutusingtoomanymodelswilldecreaseperformance

(Li,2002).

Inthischapter,wepresentanalgorithmfortheuseofa MMmethodforstateesti-

mationinthepresenceof MPMcausedbyparametermismatch.Themodelsetused

inourapproachincludes modelsaugmentedwithdifferentparameters(augmented

modelsdonothavethesamestates). Guidelinesfor modelsetdesignandassump-

tionson modelpropertiesarealsopresented.Simulationsexamplesareincludedto

illustratetheeffectivenessofthisapproach.
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3.2 Problemdescription

Consideranonlinearplantwhosedynamicsarecharacterizedasfollows:

ẋ=f(x,θ∗,u,w) (3.1a)

y=g(x)+v (3.1b)

whereθ∗ isthevectorofactualplantparameters(θ∗ ∈Rm),xisthestatevector

(x∈Rn),uisthevectorofinputs(u∈Rp)andyisthevectorofoutputs(y∈Rq).

wandvrepresentprocessnoiseand measurementnoiserespectively. Weassumea

modelofthenonlinearplantisdevelopedandhastheform:

ẋ=f(x,θ,u,0) (3.2a)

y=g(x) (3.2b)

whereθisthevectorofmodelparameters(θ∈Rm).

Acommonapproachtodealwithparameteruncertaintyistoaugmenttheuncer-

tainparametersasstatesandusetheaugmentedmodelinestimators(Semerdjievet

al.,2000).Parameterscanbeaddedtothestatevectortoobtainaugmentedsystems

oftheform:

˙̃x=
ẋx

ẋθ
=

f̃(̃x,̃θ,u,0)
0

(3.3a)

y=̃g(̃x) (3.3b)

wherẽxrepresentstheaugmentedstatevector(̃x∈Rñ=n+r)consistingoftheoriginal

statevector(xx ∈ Rn)andtheaddedparameters(xθ ∈ Rr). θ̃isthevectorof

remainingparameters(̃θ∈Rm−r).

Theobjectiveofthisworkistooutlinea Multiple Model(MM)approachthat

usesaugmented modelsoftheform(3.3)andiscapableofprovidingunbiasedstate

estimateswhenthefollowingassumptionsaresatisfied:

Assumption3.2.1 Thereisonlyparametric mismatchinthe modelandtheactual

plantparameters(θ∗)aretimeinvariant.

Assumption3.2.2 Eachparameterhasauniqueeffectontheoutput,i.e. each

uniquesetofparametervaluesresultsinauniqueytrajectoryforagivenconstant

input.
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Assumption3.2.3 Theeffectsoftheparametersaredistinguishablefromnoise.

Assumptions3.2.2and3.2.3areneededtoensurethattheparameterscanbedis-

tinguishedfromeachotherbasedonnoisyoutputmeasurementswhichisanecessary

conditionforthesuccessofany MMmethod(ZhangandLi,1998).Someadditional

assumptionsarealsorequiredandthesearepresentedinSection3.4.3.

3.3 Illustrativeexample- Two CSTRs

Inthissection,wepresentaplantwhichwillbeusedtoillustrateeachstepofouralgo-

rithm.TheplantmodelisobtainedfromSunandEl-Farra,2008andaschematicdi-

agramisprovidedinFigure3.1.Theplantconsistsoftwowell-mixed,non-isothermal

continuousstirredtankreactors(CSTRs)wherethreeparallel,irreversible,elemen-

tary,exothermicreactionstakeplace:A
k1−→ B,A

k2−→ U andA
k3−→ R.A isthe

reactant,B isthedesiredproductandU andR areundesiredbyproducts. Under

standardmodelingassumptions,theplantmodelis:

Ṫ1=
F0

V1

(T0−T1)+
Fr

V1

(T2−T1)+
3

i=1

Gi(T1)cA1+
Q1

ρcpV1

(3.4a)

ċA1=
F0

V1

(cA0−cA1)+
Fr

V1

(cA2−cA1)−
3

i=1

Ri(T1)cA1 (3.4b)

Ṫ2=
F1

V2

(T1−T2)+
F3

V2

(T03−T2)+
3

i=1

Gi(T2)cA2+
Q2

ρcpV2

(3.4c)

ċA2=
F1

V2

(cA1−cA2)+
F3

V2

(cA03−cA2)−

3

i=1

Ri(T2)cA2 (3.4d)

whereRi(Tj)=kiexp(−Ei/RTj),Gi(Tj)=(−∆Hi/(ρcp))Ri(Tj)forj=1,2.Tj,cAj,

QjandVjrepresentthetemperatureofthereactor,theconcentrationofA,therate

ofheatinputtothereactorandthereactorvolumerespectivelywiththesubscript

representingtheCSTRnumber. ∆Hi,ki,Ei,i=1,2,3representtheenthalpies,

pre-exponentialconstantsandactivationenergiesofthethreereactionsrespectively.

cpandρaretheheatcapacityanddensityoffluidinthereactor.Thestatevectoris

x=[T1,cA1,T2,cA2]
T andtheinputvectorisu=[Q1,Q2]

T.Therearetwomeasured

outputs,y=[x1,x3]
T.Nominalparametervalues,steadystatesandassociatedinputs

areprovidedinTable3.1.
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Q1

Q2

 

F3, T03, CA03 

F2, T2, CA2 

Fr, T2, CA2 F0, T0, CA0

F1, T1, CA1

CSTR 2

CSTR 1

Figure3.1:Schematicdiagramof2CSTRexample

Table3.1: Nominalparameters,steadystatesandsteadystateinputsfortwoCSTRs

F0 = 4.998m
3/h k1 = 3.0×10

6h−1

F1 = 39.996m
3/h k2 = 3.0×10

5h−1

F3 = 30.0m
3/h k3 = 3.0×10

5h−1

Fr = 34.998m
3/h E1 = 5.0×10

4kJ/kmol
V1 = 1.0m

3 E2 = 7.53×10
4kJ/kmol

V2 = 3.0m
3 E3 = 7.53×10

4kJ/kmol
R = 8.314kJ/kmolK cp = 0.231kJ/kgK
T0 = 300.0K ρ = 1000.0kg/m3

T03 = 300.0K Ts1 = 303.7K
cA0 = 4.0kmol/m

3 csA1 = 2.5kmol/m
3

cA03 = 2.0kmol/m
3 Ts2 = 302.9K

∆H1 = −5.0×104kJ/kmol csA2 = 2.3kmol/m
3

∆H2 = −5.2×104kJ/kmol Qs1 = 1.0×10
5kJ/h

∆H3 = −5.4×104kJ/kmol Qs2 = 1.0×10
5kJ/h
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Theobjectiveistoestimatethefourstatesbasedonthetwomeasuredoutputsin

thepresenceofparameteruncertainty.Inthisexample,weshowthatanestimator

basedonaugmented models maygiveunbiasedoutputestimatesbutthatthisdoes

notguaranteeunbiasedstateestimates. Toemphasizetheeffectsoftheparameters,

processandmeasurementnoisearenotconsideredinthisexample.

LetusconsiderascenariowheretheactualF3 =50 m3/h(foranunidentified

reason) whilethevalueusedinthe modelisF3 =30 m3/h(thenominalvalue).

Figure3.2showsthetrajectoriesoftheestimatesgivenbyanEKFusinga model

augmentedwithT0andT03andanon-augmentedmodel(whereparameteruncertainty

isnotconsidered). TheinitialstateoftheEKFisthenominalsteadystate(when

F3=30 m3/h).Itcanbeseenfromthefigurethatthereisparameteruncertainty

astheactualoutputsmoveawayfromtheirnominalvalues.Itcanalsobeseenthat

ifparameteruncertaintyisnotconsidered(EKFwithanon-augmented model),the

EKFgivesbiasedoutputestimatesaswellasbiasedstateestimates.Further,itcan

beseenthattheEKFwiththeaugmentedmodelgivesunbiasedoutputestimateseven

thoughtheaugmentedparametersarenottheonesthatcontain mismatch. Thus,

unbiasedoutputestimatesdonotguaranteeunbiasedstateestimatesascanbeseen

fromthefigure.

Thismotivatesourpresentworktodevelopaprocedureforthedesignofestimators

basedonaugmentedmodelswhichwillguaranteeunbiasedstatesestimatesifunbiased

outputestimatesareobtained.

3.4 Proposedsolution

Thissectionprovidesanoverviewofourprocedureforstateestimationusinga MM

approach. AflowchartofthepropsedprocedureispresentedinFigure3.3. The

differentstepsareexplainedinthefollowingsubsections.

3.4.1 Parametersetselection

Thefirststageistodetermine whichparameterscontainorarelikelytocontain

mismatch. Thiscanbecarriedoutbyusingoldprocessdataorpriorknowledge

aboutthesystem. Forexample,rateconstantsfoundbyextrapolationarelikelyto
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Figure3.2:TrajectoryoftheactualstatesandestimatesgivenbyanEKFusingamodel
augmentedwithT0andT03andanon-augmentedmodelwithmodelplantmismatchinF3.

containmismatch(Canrightetal.,1981).Thereisnorestrictiononthenumberof

parametersselectedatthisstage.LetSbethesetofparametersselected.

ForthetwoCSTRexample,wemayselectS={F0,Fr,F3,k1,V1,V2,T0,T03}as

theseparametersarelikelytohavemismatch. MismatchinF0,FrandF3canbe

causedbyfactorssuchasvalvesstickingorpipefouling. Mismatchink1mayresult

fromimpropermixingintheCSTRsorimpropercalculationofk1fromexperiments.

MismatchinV1andV2mayresultfromvalvesstickingortuningerrorsintheCSTR

levelcontrollers. MismatchinT0andT03canbecausedbyfoulinginboilers,coolers

orheatexchangersusedtoheatorcoolthefeeds(F0andF3).

3.4.2 Parametersensitivityofoutputs

ThenextstepistodeterminethesensitivityoftheoutputstoeachparameterinSto

ensurethattheparameterssatisfyassumption3.2.3.Ifaparameterhasanegligible

effectonalltheoutputsitwillnotbepossibletodetectmismatchinthatparameter

usingtheoutputdataevenifthereisnonoise. Therearefourpossibleresultsfor
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Figure3.3: Aflowchartoftheproposedprocedureforobtainingunbiasedstateestimates
inthepresenceofparameteruncertainty.
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parametersensitivity:

1. Outputsandunmeasuredstatesaresensitivetotheparameters.

2. Outputsaresensitivetotheparametersbutunmeasuredstatesarenotsensitive.

3. Outputsarenotsensitivetotheparametersbuttheunmeasuredstatesare

sensitive.

4. Neitheroutputsnorunmeasuredstatesaresensitivetotheparameters.

InthefirsttwocasestheparametersshouldbeleftinS.Inthelastcasetheparameters

canberemovedfromSwithoutsignificantlyaffectingestimationperformance.Inthe

thirdcase,stateestimateswillbeaffectedbytheparametershoweveritwillnotbe

possibletodetect mismatchintheseparametersbasedontheoutputs. Thusthese

parameterscanberemovedfromSaswell. Additional measurementscanbetaken

ifaccurateestimatesoftheaffectedstatesarecritical(suchasforsafetyreasons).

Sensitivityisquantitativesowhileasufficientlylarge mismatchintheparameters

fromcasesthreeandfourcouldbedetected,asufficientlylarge mismatch maybe

unlikelyorevenimpossiblebasedonthephysicalconstraintsofthesystem. As

aresult,leavingtheseparametersinSwillincreasecomputationtime whilenot

improvingestimationperformanceasthemodelsetwillbelargerduetotheinclusion

of modelsaugmentedwiththeseinsensitiveparameters. Two methodstocalculate

parametersensitivityareprovidedinthefollowingsubsections.

Steptest

Thesteptestonlyconsiderssteadystateinformationandcanonlyhandlevariations

inasingleparameter. However,unlikethegramianapproachdiscussedinthenext

section,itcanidentifythesensitivityofunmeasuredstatestotheparametersandis

fastertocalculatethanagramian. Assuch,itcanbeusedasapreliminarytestto

reducethesizeofSbeforecarryingoutthegramiantest.Theprocedureforthestep

testisasfollows:

1. Carryoutsimulationsusingthesystem model(3.2)andnominalparameter

values(θnom)tofindthenominalsteadystate(ys
nom).
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2.Foragivennon-zeroinput,increase(ordecrease)aparameter(θi)byafixed

percentagewhileholdingtheotherparametersunchanged. Runthesimulation

tofindthenewsteadystate.

3. CalculatethenormalizedsteadystategainKij=
(ys

j−ys
j,nom)/ys

j,nom

(θi−θi,nom)/θi,nom

forj=

1,...,q(eachoutput).

4. Repeatsteps2and3fori=1,...,s(eachparameterinS).

Foragiven θi,ifthesumoftheabsolutenormalizedsteadystategainsKi =
q
j=1|Kij|issmallerthanapredeterminedthreshold (i.e.,Ki< ),thentheoutputs

aresaidtobeinsensitivetothatparameterandtheparametershouldberemoved

fromS.Assteptestresultsdependontheoperatingregion,theparametersensitivity

shouldbecheckedoveratypicalrangeofmanipulatedinputvalues.

Thereasonnon-zeroinputsareusedinsteptestsisbasedonapropertyoflinear

systems.Ingeneral,stablenon-singularlinearsystemsoftheform:

ẋ=Ax+Bu (3.5)

willconvergetoazerosteadystateifu=0regardlessofA.Ifu=0parameterswill

havenoeffectonthesteadystateanditwillnotbepossibletodistinguishbetween

thembasedonsteptests.Thusnonzeroinputsareimposedforthesakeofgenerality.

Empiricalobservabilitygramianapproach

Theobservabilitygramianprovidesaquantitative measureofobservabilityhowever

isdifficulttocalculateanalyticallyfornonlinearsystems. Asaresult,empiricalob-

servabilitygramianshavebeendevelopedaslocalapproximationstotheanalytical

gramiansfornonlinearsystems(Geffen,2008). Usingthesegramiansforsensitiv-

itycalculationsprovidestwo majoradvantagesovertheuseofsteptests:transient

informationisusedanditispossibletohandlevariationsin multipleparameters.

Howevergramiancalculationis morecomputationallyintensivethanthesteptest.

Theprocedureforcalculatingempiricalgramiansisasfollows(Geffen,2008):

1. Pickanominaloperatingpoint(statesandparameters). Addtheparameters

underconsiderationtothestatevectortoobtainanaugmentedstatevector

(̃x∈Rñ).

35



2. Definestepchangedirectionsfortheaugmentedstatevector. Oneoptionisto

usetwolevelfactorialdesignbutpartialfactorialdesignsmaybeusedtoreduce

computationtime. Thesedirectionsarelistedinasemi-orthogonal matrixT

witheachcolumnbeingonedirection.

3. Definendstep magnitudes(positivevalues)onapercentagescaledenotingcd

asthemagnitudeford=1,...,ndanddefineascalingmatrixStoconvertthe

stepsfrompercentagetoactualvalues.

4. Defineanumberofexperimentswithoneexperimentforeachcombinationof

stepdirectionand magnitude. Theinitialconditionforeachexperimentis

givenbyx̃id(0)=cdSTei+̃xnom whereeiisastandardunitvectorinRñ and

thesuperscriptiddenotestheexperiment.

5.Simulatethetrajectoryofeachexperimentuntilitreachessteadystate. This

datacanbeusedtocalculatetheobservabilitygramian(WO)asfollows:

WO =

nd

d=1

1

ndc2
d

tid
f

0

TΨd(t)TT dt (3.6)

wheretid
f isthetimetosteadystateforexperimentidandΨd(t)isanñ×ñ

matrixwiththeijelementdefinedas:

Ψd
ij(t)=(yid(t)−yid(tid

f))T (yjd(t)−yjd(tjd
f)) (3.7)

Theobservabilitygramianhasthestructure

Wñ×ñ
O =

Wn×n
X Wn×m

Xθ

Wm×n
θX Wm×m

θ

(3.8)

whereWθistheidentifiabilitygramianoftheparameters.TheeigenvaluesofWθpro-

videinformationabouttheidentifiabilityoftheparameterswithsmallereigenvalues

indicatinglowersensitivity.Parameterswithsignificantcomponentsalongeigenvec-

torsofeigenvaluesbelowacertainthresholdwillnotbeidentifiable. Thisthreshold

willbezeroinanidealcasebutinrealitywillalwaysbenon-zeroduetonumerical

errors(Geffen,2008). ThethresholdcanbeapproximatedastheFrobenius-normof

EwhereEisfoundbylinearizingthesystemaboutitsnominalpointandtakingthe

differencebetweentheempiricalobservabilitygramianandanalyticalobservability

gramianofthislinearizedsystem.
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Two CSTRexample

TheresultsofthesensitivitytestsforthetwoCSTRexamplearesummarizedin

Table3.2. Steptestswerecarriedoutbyincreasingparametersby20%fromtheir

nominalvaluesoneatatime. Gramiantestswereconductedbychangingparameters

oneatatimeby±10%and±20%oftheirnominalvalues.

Table3.2: Resultsofparametersensitivityanalysisusingsteptestsandempiricalobserv-
abilitygramiansfortwoCSTRs

Steptest EmpiricalGramian
(Sumofabsolutenormalizedgains) (Normalizedeigenvalues)

F0 0.004 7.150×10−9

Fr 0.002 7.507×10−8

F3 0.014 5.810×10−6

k1 2.578×10−6 6.032×10−11

V1 0.001 4.443×10−8

V2 0.002 2.278×10−9

T0 0.404 0.002
T03 1.964 1.000

BothempiricalgramianandsteptestindicatethatF0,Fr,F3,k1,V1andV2are

notsensitiveandshouldberemovedfromS. Removingtheseparametersresultsin

S={T0,T03}.

3.4.3 Augmented modelcreation

Thefirststeptocreatingaugmented modelsistodeterminehow manystatescan

beaddedtoeach model. Fordeterministiclinearsystemsoperatingatsteadystate

with mismatchinonlytheAmatrix,twoassumptions mustholdforunbiasedout-

putestimatestoguaranteeunbiasedstateestimates. Theseassumptionsarederived

below.

Considerastablelinearplant(Aplanthasonlynegativeeigenvalues):

ẋplant=Aplantxplant+Bu (3.9a)

ẋplant=(Amodel +∆A)(xmodel +∆x)+Bu (3.9b)

yplant=Cxplant (3.9c)

where∆Aand∆xrepresentthemodelplantmismatchintheAmatricesandstates

respectively.
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AsthereisonlymismatchinAplant,themodelofthisplantisgivenby:

ẋmodel =Amodelxmodel +Bu (3.10a)

ymodel =Cxmodel (3.10b)

Foragivenconstantnonzeroinputus,thesystem willconvergetoanonzero

steadystate. Atthissteadystate, wecancheckifoutputestimatesareunbiased

bydirectlycomparingthevaluesofys
plant andys

model.Ifwehaveunbiasedoutput

estimates,wecanderivethefollowing:

ys
plant=ys

model (3.11a)

Cxs
plant=Cxs

model (3.11b)

C(xs
model +∆xs)=Cxs

model (3.11c)

C∆xs=0 (3.11d)

ThefollowingisalsotrueatthissteadystateastheBanduareknownexactly:

Aplantx
s
plant=−Bus (3.12)

Amodelxs
model =−Bus (3.13)

Fromthiswecanderivethefollowing:

Aplantx
s
plant=Amodelxs

model (3.14a)

(Amodel +∆A)(xs
model +∆xs)=Amodelxs

model (3.14b)

Amodel∆xs+∆Axs
model +∆A∆xs=0 (3.14c)

Foranyrowwherethemodelmatchestheplantperfectly,thatrowof∆Awillbe

zero.Theminimumnumberofzerorowsin∆Awilloccurwhenthemismatchedpa-

rameter(s)andaugmentedparameter(s)areondifferentrows.Thisminimum(nmin)

isequaltothenumberofrows(n)minusthenumberofmismatchedparametersand

augmentedparameters(nmis +r),i.e.nmin =n−(nmis +r).

LetAmodel,i representingrowiofAmodel fori=1,...,n.Inordertosatisfy(3.14c),

Amodel,i∆xs=0foranyrowofAmodel correspondingtoazerorowof∆A.

Considering(3.11d)andtheabovestatementsweobtain:

Amodel,i

C

T

∆xs=0 (3.15)
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fori={RowsofAmodel correspondingtozerorowsof∆A}.

IfT isfullcolumnrank,theonlysolutionis ∆xs =0 which means wehave

achievedunbiasedstateestimation.Tcanonlybefullcolumnrankifthenumberof

rows(n−(nmis +r)+q)isgreaterthanorequaltothenumberofcolumns(n).

Thisprovidesuswithsomeadditionalassumptionsneededtoguaranteeunbiased

stateestimationifunbiasedoutputestimatesareobtained:

Assumption3.4.1 Thenumberofoutputs mustbegreaterthanorequaltothe

numberof mismatchedparametersplusthenumberofaugmentedparametersi.e.

q≥nmis +r.

Assumption3.4.2 Asthelocationofthe mismatchisnotknown, Tmustbefull

columnrankforALLpossiblecombinationsofnmin rowsofAmodel.

Itisimportanttonotethattheseassumptionsdonotguaranteethemismatched

parameterhasbeenidentifiedcorrectlybutonlythatstateestimatesareunbiased.

Assumption3.4.1canbecheckedforthestochasticnonlinearsystemsweconsider

directlywhileassumption3.4.2canbecheckedusinglinearizedsystem models. Al-

thoughnotproven,itcanbeseenfromsimulationresultsthatthe mismatchcanbe

correctlyidentifiedifthesetwoassumptions(andtheonespresentedinChapter3.2)

hold.

Oncethenumberofparameterstoaugmenthasbeendecided,candidate models

canbecreatedusingcombinationsofparametersfromS.ForthetwoCSTRexample,

therearetwooutputsandweassumeonlyoneparameterismismatchedthuswecan

augmentoneparameter.Thisresultsintwoaugmentedmodels:oneaugmentedwith

T0andtheotheraugmentedwithT03.

3.4.4 Modelobservability

Givenanobservablelinearsystem(A,C),thenumberofconstantstepdisturbance

statesaddedmustbelessthanorequaltothenumberofoutputstoensurethatthe

resultinglinearaugmentedsystem(̃A,C̃)isobservable(MuskeandBadgwell,2002).

Inouralgorithm,theaddedstatesareconstantparametersthustheaugmentedmodel

willbenonlineareveniftheoriginalsystemislinear. Asaresult,theabovecondition
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doesnotguaranteeobservabilityoftheaugmented modelandtheobservabilityof

eachaugmented model mustbecheckedbeforeitcanbeaddedtothe modelset.

Modelobservabilityischeckedusingthe methodspresentedinChapter2.3.2. Any

unobservablemodelsshouldberemovedfromthemodelset.

3.4.5 Stateestimation

Afterdesigningthe modelset,stateestimationshouldbecarriedoutusingallthe

modelsinthe modelsetsimultaneously. Anynonlinear modelbasedstateestima-

torcanbeusedwithcommonchoicesbeingtheextended Kalmanfilter(EKF)or

the movinghorizonestimator(MHE).Appropriateconstraintsshouldbesetonthe

augmentedstatevectoriftheestimatoriscapableofhandlingconstraints.

3.4.6 Overallestimate

Ateachtimestep,thestateestimatesfromthe modelwiththehighestprobability

areused.

Modelprobabilityisfoundaccordingtotheformulausedinthe Autonomous

Multiple Model(AMM)algorithmwhichisasfollows(Pitre,2004):

Li,k=
exp(−0.5·T

i,k·S−1
i,k·i,k)

|2πSi,k|1/2
(3.16a)

pi,k=
pi,k−1Li,k

t

j=1

pj,k−1Lj,k−1

(3.16b)

whereLi,krepresentsthelikelihoodofmodeliattimek,pi,krepresentstheprobability

of modeliattimekandtisthenumberof modelsinthe modelset. i,krepresents

theonestepahead measurementpredictionerrorof modeliattimekwith Si,k

representingthecovarianceofthiserror.

Anartificiallowerlimitδisseton modelprobabilitieswithanyprobabilitythat

dropsbelowδsettoδ.Thispreventsmodelsfrombecominginactiveastherecursive

natureoftheprobabilitycalculationmeansthatifamodelprobabilitydropstozero

thenitcannotbenonzeroinfuturetimesteps(Kuure-KinseyandBequette,2010).

IfSi,kisnotavailableduetothechoiceofestimator,analternateoptionfor

calculating modelprobabilitiesistousethefollowingequationfor modellikelihood
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(Kuure-KinseyandBequette,2010):

Li,k=exp(−0.5·T
i,k·∆·i,k) (3.17)

where∆isatuningparameterthatisthesameforallmodelsinthemodelset.

The AMMalgorithmisusedovernewer MMalgorithmssuchas Generalized

PseudoBayesian(GPB)andInteracting Multiple Models(IMM)forthefollowing

reasons:

1. AMMassumesthetruesystemdoesnotchangeovertimewhile GPB/IMM

assumethatthetruesystemchangesovertimeaccordingtoa Markovorsemi-

Markovchain.Inourcasethetruesystemparametersandstructurearecon-

stantwithrespecttotime.

2. GPB/IMMfusetheestimatesobtainedfromthedifferentmodelswhichisonly

possibleifallthemodelssharethesamestates.

Ifassumptions3.2.1-3.2.3,3.4.1and3.4.2aresatisfiedtherearetwopossibleop-

tionswhencomparingmodelprobabilities:

1. Thereis ONEclearwinnerandnooutputbias. Thisindicatesthatthe mis-

matchhasbeenidentifiedcorrectlyandoccurswhenthenumberofmismatched

parameters(nmis)isequaltothenumberofaddedstates(r).

2. Thereare MANYwinnersandnooutputbias.Thisoccurswhenthenumberof

mismatchedparameters(nmis)islessthanthenumberofaddedstates(r). All

modelswhichcontainthe mismatchedparameterswillhavesimilar(orequal)

probabilities.

Ifanyoftheassumptionsareviolated,therearetwopossibleoptionsregardless

ofthenumberofwinningmodels:

1. Thereisoutputbiasinthewinning model(s). Thisindicatesthatthereisno

augmentedmodelthatfullycapturesthemismatchandtherewillbebiasinthe

stateestimates.
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2.Thereisnooutputbiasinthewinningmodel(s). Thisdoesnotprovideany

meaningfulinformationasthereisnoguaranteethatstateestimatesarenot

biasedorthatthemismatchedparameter(s)havebeenidentifiedcorrectly.

ForourtwoCSTRexample,letusconsiderthecasewheretheactualT0=320K

whilethevalueusedinthemodelisT0=300K.Figure3.4showsthetrajectoryofthe

actualstatesandtheestimatesgivenbyEKFsusingamodelaugmentedwithT0and

amodelaugmentedwithT03.TheinitialstateforbothEKFsisthenominalsteady

stateandnominalparametervalues(T0=300K).Assumptions3.2.1-3.2.3,3.4.1and

3.4.2aresatisfiedthusitcanbeseenthatonlythecorrectmodel(T0)removesboth

outputandestimationbias.Figure3.5showsthetrajectoryoftheT0andT03
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probabilitiesobtainedusingtheproposedalgorithm.Itcanbeseenthatthecorrect

modelispicked.

Figure3.4:TrajectoryoftheactualstatesandestimatesgivenbyanEKFusingamodel
augmentedwithT0andamodelaugmentedwithT03withmodelplantmismatchinT0.

3.5 Applicationtoafrothflotationsystem

TheproposedalgorithmistestedonthefrothflotationsystempresentedinChapter

2.2. ModelparametersusedarethesameasinChapter2.4.5exceptforthevolumetric
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Figure3.5: TrajectoryofT0andT03modelprobabilitiesobtainedusingtheproposed
algorithmwithmodelplantmismatchinT0.

feedflowtothefirsttank(̇Vuf0)whichisconstantinsteadoftimevarying. The

volumetricflowoffeedliquidtothefirsttankisconstantat20m3/minwhilethe

volumetricflowoffeedsolids(andtotalfeed)dependsonthemassfractionofsolids

inthefeed(cst0).

Weselect S={cst0,β,k,c∞,cat0}. Massfractionofsolidsinfeedisselected

becauseitisnotcontrolledandcanvarybetween0−30%(Canrightetal.,1981).

βisselectedarbitrarilyandmismatchinβcouldariseasaresultsofproblemswith

themotorsdrivingthefrothremovalpaddles.kandc∞ areselectedbecausetheyare

calculatedbyextrapolatingfrombatchdataanddependonthecoaltypethusare

highlylikelytocontainmismatch. Massfractionofashinthefeedisselectedbecause

itdependsonthecoaltypeandcanvarybetweensamplesofthesamecoaltype.

Sensitivityanalysiswascarriedoutonalltheidentifiedparametersandtheresults

aresummarizedinTable3.3.Steptestswerecarriedoutbyincreasingparameters

by20%fromtheirnominalvaluesoneatatime. Gramiantestswereconductedby

changingparametersoneatatimeby±10%and±20%oftheirnominalvalues.

Basedontheseresults,weremovedβfromSresultinginS={solidsfractionin

feed(cst0),k,c∞,ashfractioninfeed(cat0)}.

Modelswereaugmentedwithoneparameterresultinginfouraugmentedmodels:

cst0model,kmodel,c∞ modelandcat0model.Simulationswerecarriedouttotest
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Table3.3: Resultsofparametersensitivityanalysisusingsteptestsandempiricalobserv-
abilitygramiansforfrothflotation

Steptest EmpiricalGramian
(Sumofabsolutenormalizedgains) (Normalizedeigenvalues)

cst0 0.619 0.010
β 0.059 1.105×10−5

k 0.348 0.001
c∞ 0.324 0.003
cat0 1.478 1

theefficacyofthealgorithmusingthese modelswith modelplant mismatchintro-

ducedbysettingtheactualcat0 to31.85%ofcst0 (1.3timesthenominalvalueof

24.5%ofcst0). Gaussianmeasurementnoisewasgeneratedasv [N(0,1),N(0,1)]T.

Gaussianprocessnoise wasgeneratedforeachtank i,i=1,...,5,aswi(t)

[N(0,1),N(0,1),N(0,1)]T.Smallnoisevalueswereusedtoavoidviolatingassump-

tion3.2.3.Theprobabilitythresholdδwassetasδ=0.001.

Figure3.6showsthetrajectoryoftheactualstatesandtheestimatesgivenbyan

EKFusingakmodel,c∞ modelandcat0 modelforthelasttank(tank5)withmodel

plantmismatchincat0.Estimatesfromthecst0 modelarenotshownbecausethecst0

modelisnotobservablealongtheentiretrajectory. Figure3.7showsthetrajectory

ofthecst0 model,kmodel,c∞ modelandcat0 modelprobabilitiesusingtheproposed

algorithmwithmodelplantmismatchincat0. Althoughthewrongmodel(c∞ model)

ispickedinitially,thealgorithmeventuallypicksthecorrectmodel(cat0 model).This

isduetotheinitiallackofseparationbetweenthec∞ andcat0 modelsbasedonnoisy

outputresiduals. Theseparationbetweenthesetwo modelsincreasesastheplant

approachessteadystatethusthecorrect modelispickedwhentheplantiscloserto

steadystate.Itcanalsobeseenthatonlythecorrect model(cat0) modeliscapable

ofremovingbiasinthecstestimates.

Simulations werealsocarriedouttotestthecase wheresomeofassumptions

3.2.1-3.2.3,3.4.1and3.4.2wereviolated.Theaugmentedmodels,measurementnoise

andprocessnoisewerethesameasinthepreviouscasebut modelplant mismatch

wasintroducedbysettingtheactualcst0 andactualcat0 tobe1.3timestheirnominal

values.Inthissituationassumptions3.4.1and3.4.2areviolated. Figure3.8shows

thetrajectoryoftheactualstatesandtheestimatesgivenbyanEKFusingak
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Figure3.6:TrajectoryoftheactualstatesandtheestimatesgivenbyanEKFusingak
model,c∞ modelandcat0modelforthelasttank(tank5)withmodelplantmismatchin
cat0
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Figure3.7:Trajectoryofthecst0model,kmodel,c∞ modelandcat0modelprobabilities
obtainedusingtheproposedalgorithmwithmodelplantmismatchincat0.
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model,c∞ modelandcat0modelforthelasttank(tank5)inthiscase.Estimates

obtainedusingthecst0 modelarenotshownasthecst0 modeldoesnotconverge.

Figure3.9showsthetrajectoryofthecst0model,kmodel,c∞ modelandcat0model

probabilitiesusingtheproposedalgorithminthiscase.Itcanbeseenthatalthough

onemodel(cat0)istheclearwinneritdoesnotremovebiasinthecst
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estimates.As

assumptions3.4.1and3.4.2areviolated,unbiasedoutputestimatesdonotguarantee

unbiasedstateestimates.

Figure3.8:TrajectoryoftheactualstatesandtheestimatesgivenbyanEKFusingak
model,c∞ modelandcat0modelforthelasttank(tank5)withmodelplantmismatchin
cat0andcst0.

3.6 Conclusions

Inthischapter,amethodforobtainingunbiasedstateestimatesinthepresence

ofparametermismatchwasdetailed. Necessaryassumptionsforthesuccessofthe

methodwereprovided. Proofwasgivenforthesimplecaseofdeterministiclinear

systemsoperatingatsteadystate.ThealgorithmwasshowntoworkonatwoCSTR

systemandthefrothflotationsystemwhenthenecessaryassumptionsweremet.
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Figure3.9:Trajectoryofthecst0model,kmodel,c∞ modelandcat0modelprobabilities
obtainedusingtheproposedalgorithmwithmodelplantmismatchincat0andcst0.
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Chapter4

Controlofthefrothflotation
system

4.1 Introduction

Modelpredictivecontrol(MPC)isahighlypopularcontrolstrategyinindustrydue

toitsabilitytohandleconstraintsonthecontrolandstates(Mayneetal.,2000).

In MPC,anoptimizationproblemissolvedateachtimesteptodeterminetheopti-

malinputsequenceoverahorizonwhiletakingintoaccountsystemdynamics,state

constraintsandinputconstraints(Mayneetal.,2000). Onlythefirstelementofthis

inputsequenceisappliedtothesystem. MPCtriesto movethesystemtoatarget

steadystatethatispickedtooptimizeplanteconomics.Thistargetisdeterminedin

aseparatelayercalledthereal-timeoptimization(RTO)layerbysolvinganeconomic

optimizationproblem.

Recently,analternativecontrolstrategyknownaseconomic modelpredictive

control(EMPC)hasbeengainingattention(LiuandLiu,2016).Like MPC,EMPC

canhandleconstraintsonthecontrolandstates.Ittoosolvesanoptimizationproblem

ateachtimesteptodeterminetheoptimalinputsequenceoverahorizonwithonly

thefirstelementofthisinputsequenceappliedtothesystem. Howeverunlike MPC,

EMPCdoesnottryto movethesystemtoatargetsteadystate.Itinsteadaimsto

optimizeplanteconomicsbysolvinganeconomicoptimizationproblemdirectlyto

calculatetheinputsequence.

AknownissuewithMPCisitsinabilitytotrackareferencesignalwithoutoffsetif

thereismodelplantmismatch(MPM).Oneapproachtooffsetfreereferencetracking
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isprovidedin Morariand Maeder,2012. Theirapproachinvolvesaugmentingthe

systemmodelwithadisturbancemodeltocapturetheeffectsofthemismatch.The

augmented modelisthenusedtocalculatenew MPCtargetsandinputsequences.

Thereare manychoicesforthedisturbance modelandthedisturbance modeldoes

notneedtoaccuratelymodelthemismatchforthisapproachtosucceed.

Analternateapproachtooffsetfreereferencetrackingistoremovethe model

plant mismatchbyupdatingthe modelthenusingtheupdated modeltocalculate

theinputsequence. Thisapproachcanbeconsidereda modelidentification(ID)

basedapproach. Thereare manyoptionsfor modelidentificationbutinthiswork

weconsiderthe MMapproachpresentedin Chapter3. ThisIDbasedapproach

offersthepotentialofbettertransientperformancethantheapproachin Morariand

Maeder,2012astheupdated modelshouldreflectthetrueplantdynamicsbetter

thanthearbitrarydisturbancemodelpickedin Morariand Maeder,2012.

Inthischapter,wepresentthedetailsofcontrollerdesign. A MPCandEMPC

aredesignedforuseinthenominalcase(no modelplant mismatchandaccurate

stateestimatesavailable). Anonlinearoffsetfree MPCasproposedby Morariand

Maeder,2012anda modelidentificationbasedapproacharedesignedforusewhen

thereisparametermismatchbetweenthemodelandtheplant.

4.2 Preliminaries

Theplantandnominal modelusedinthischapteraredefinedin Chapter3.2as

(3.1)and(3.2)respectively.Inthischapter,theoutputsareobtainedatdiscrete

samplingintervalsandinputsarepiecewiseconstant. Plantparameters(θ∗)and

modelparameters(θ)areassumedtobetimeinvariant.

4.3 Modelpredictivecontrol(MPC)

Theoptimizationproblemsolvedbythe MPCusedinthisworktakesthefollowing

form(Mayneetal.,2000):

min
u(tk),...,u(tk+N)

k+N

i=k

(̌x(ti)−xs)TQ(̌x(ti)−xs)+
k+N

i=k

(u(ti)−us)TR(u(ti)−us) (4.1a)

s.t ˙̌x(t)=f(̌x(t),θ,u(t),0) (4.1b)
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x̌(tk)=x(tk) (4.1c)

x̌(t)∈X,u(t)∈U (4.1d)

whereN isthehorizonlength,Q andR areweighting matricesonthestateand

inputdeviationsrespectively,X isthesetofallpossiblevaluesofxandU isthe

setofallpossiblevaluesofu.xsisthetargetforthesystemsteadystatewithus

theassociatedinputtarget.x̌isthepredictedstatetrajectorybasedontheinitial

statex(tk)andmodel(4.1b). Onlythefirstelementofthecalculatedinputsequence

(u(tk))isappliedtothesystemandtheoptimizationproblemissolvedatthenext

timesteptocalculateanewinputsequence.

4.4 Economic modelpredictivecontrol(EMPC)

TheEMPCcombineseconomicoptimizationandcontrolofthesystembysolvingan

economiccostfunctioninsteadofthe MPCcostfunction(4.1)tocalculatetheinput

sequence(Ellisetal.,2014). TheoptimizationproblemsolvedbytheEMPCtakes

thefollowingform(Liuetal.,2015;LiuandLiu,2016):

min
u(tk),...,u(tk+N)

k+N

i=k

l(̌x(ti),u(ti))+c(̌x(tk+N),Nh) (4.2a)

s.t ˙̌x(t)=f(̌x(t),θ,u(t),0) (4.2b)

x̌(tk)=x(tk) (4.2c)

x̌(t)∈X,u(t)∈U (4.2d)

Aswiththe MPC,N isthehorizonlength,Xisthesetofallpossiblevaluesofxand

Uisthesetofallpossiblevaluesofu.x̌isthepredictedstatetrajectorybasedonthe

initialstatex(tk)and model(4.2b). Onlythefirstelementofthecalculatedinput

sequence(u(tk))isappliedtothesystemandtheoptimizationproblemissolved

atthenexttimesteptocalculateanewinputsequence. Thel(̌x,u)termisthe

economiccostfunctionthatdescribestheeconomiccostofthesystematagiventime.

Thec(̌x(tk),Nh)termisknownastheterminalcostandsummarizestheeconomic

performanceofthesystemunderanasymptoticallystabilizingcontrolleru= k(x)
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overtheterminalhorizonNhasfollows:

c(x(tk),Nh)=

k+Nh

i=k

l(̌x(ti),u(ti)) (4.3)

TheterminalcostisusedtoimproveclosedloopstabilityoftheEMPC(Liu et

al.,2015;LiuandLiu,2016).

4.5 Offsetfree modelpredictivecontrol

Theoffsetfree MPCpresentedin Morariand Maeder,2012isoneapproachtooffset

freeoutputtrackinginthepresenceof MPM. Whiletheirapproachisdevelopedfor

discretesystems,itisapplicabletothecontinuoussystemsweconsiderduetoour

restrictionsthattheinputsarepiecewiseconstantandtheoutputsareobtainedat

discretesamplingintervals.Theprocedureisdescribedbelow.

Thenominal model(3.2)isaugmentedwithdisturbancestatestocapturethe

effectsoftheparametermismatch.Theaugmentedmodeldoesnotneedtomodelthe

real mismatchaccuratelyinordertoachieveoffsetfreecontrolthusthedisturbance

statesdonotneedtobesystemparameters. Thisresultsinanaugmented modelof

theform:

˙̃x(t)=
ẋ(t)

ḋ(t)
=

faug(x(t),θ,u(t),0,d(t))
0

(4.4a)

y(t)=gaug(x(t),d(t)) (4.4b)

wherex̃representstheaugmentedstatevector(̃x∈Rñ)consistingofthesystem

states(x∈ Rn)andthedisturbancestates(d∈ Rr). θisthevectorofsystem

parameters(θ∈Rm).

ThismodelisusedwithanonlinearestimatorsuchasanextendedKalmanfilter

toobtainestimatesofthestatesanddisturbanceateachtimeinstant(denotedby

x̂(tk)andd̂(tk)respectively).

Foragivenreferencesignalyref,thefollowingproblemissolvedateachtimestep:

0=faug(̄x,θ,̄u,0,̂d(tk)) (4.5a)

yref=gaug(̄x,d̂(tk)) (4.5b)
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wherex̄∈Xandū∈Uarethestateandinputtargetsusedtocalculatetheinput

sequenceusingastandardMPCformulationasfollows:

min
u(tk),...,u(tk+N)

k+N

i=k

(̌x(ti)−x̄)
TQ(̌x(ti)−x̄)+

k+N

i=k

(u(ti)−ū)
TR(u(ti)−ū) (4.6a)

s.t ˙̌x(t)=faug(̌x(t),θ,u(t),0,̂d(tk)) (4.6b)

x̌(tk)=̂x(tk) (4.6c)

x̌(t)∈X,u(t)∈U (4.6d)

Thefirstelementofthecalculatedinputsequence(u(tk))isappliedtothesystem

andtheprocedureisrepeatedatthenexttimeinstant.

Thismethodguaranteesoffsetfreereferencetrackingwhenthefollowingassump-

tionsaremet:

Assumption4.5.1 Thereferencesignal(yref)andparametermismatcharecon-

stant.

Assumption4.5.2 Thenumberofdisturbancestates(r)isequaltothenumberof

inputs(p)whichisequaltothenumberofoutputs(q).r=p=q.

Assumption4.5.3 Fortheaugmentedmodel(4.4)thereexistax∗∈Xandd∗∈D

forally∈Yandu∈Usuchthat

x∗=faug(x
∗,θ,u,0,d∗) (4.7a)

y=gaug(x
∗,d∗) (4.7b)

with(x∗,d∗)auniquesolutionto(4.7)foragiven(u,y).

Assumption4.5.4 Fortheaugmentedmodel(4.4)thereexistax∗∈Xandu∗∈U

forallyref∈Yandd∈Dsuchthat

x∗=faug(x
∗,θ,u∗,0,d) (4.8a)

yref=y=gaug(x
∗,d) (4.8b)

with(x∗,u∗)auniquesolutionto(4.8)foragiven(yref,d).

Assumption4.5.5 Theobserverisnominallyerrorfreeatsteadystate.

52



Assumption4.5.6 Thecontrollerisnominallyerrorfreeatsteadystateforalld∈

Randyref∈Ywhichyieldstrictlyfeasibletargets(̄x,̄u).

Theadvantageofthisapproachoverthe modelidentification(ID)basedapproach

presentedinthenextsectionisthattheaugmented modeldoesnotneedto model

therealmismatchaccurately.

4.6 ModelIDbasedapproachtooffsetfreecontrol

Thisapproachaimstoachieveoffsetfreereferencetrackingbyupdatingthemodelto

accuratelyreflecttherealplant. Modelupdateiscarriedoutusingthe MMmethod

outlinedinChapter3. Theupdated modelandestimatesareusedwiththe MPC

formulation:

min
u(tk),...,u(tk+N)

k+N

i=k

(̌y(ti)−yref)TQ(̌y(ti)−yref) (4.9a)

s.t ˙̌x(t)=f̃(̌x(t),̃θ,u(t),0) (4.9b)

y̌(t)=̃g(̌x) (4.9c)

x̌(tk)=̃x(tk) (4.9d)

x̌(t)∈X̃,u(t)∈U (4.9e)

wherethemodelusedinthe MPCisthemodelwiththehighestprobabilityaccording

tothe MMmethodinChapter3.Thesuccessofthisapproachdependsonthesuccess

ofthemodelidentificationstagethusassumptions3.2.1-3.2.3,3.4.1and3.4.2mustbe

satisfied.Itisalsoassumedthatthereferencesignalyref isconstant. This method

offersthepotentialofbettertransientperformancethantheoffsetfreeMPCpresented

intheprevioussectionasthebest model willaccuratelyreflecttheactualplant

dynamics. Thebetterthe modelrepresentsthetrueplant,thebetterthetransient

performance(Morariand Maeder,2012).
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4.7 Applicationtothefrothflotationsystem

4.7.1 Without modelplant mismatch

Simulationsettings

ThesimulationparametersusedarethesameasinChapter2.4.5withtheexceptionof

thevolumetricflowoffeedtothefirsttank(̇Vuf0)whichisconstantat21.71m3/min.

Thereisnoprocessor measurementnoise(w= v=0)andthestatesaredirectly

availabletothecontrollers.

IntheMPC,Q=diag([1,1,2,1,1,2,1,1,2,1,1,2,1,1,2])andR=diag([0.5,0.5]T)

wherediag(v)representsadiagonalmatrixwhosediagonalelementsaretheelements

ofavectorv. Thecontrolhorizonforthe MPCandEMPCisN =5andterminal

windowsizesofNh =10,15areusedintheEMPC.Asthefrothflotationsystem

isopenloopstable,thecontrollerusedintheEMPCterminalcosttakestheform

u(t)=[0.125,0.3125]T.

TheeconomiccostfunctionusedintheEMPCtakestheforml(x,u) =(Cost

ofu×u)-(Priceofcoal× coalrecovered).InputpriceswereobtainedfromICIS

ChemicalBusiness magazineandcoalprices wereobtainedfromthe U.S.Energy

Information Administration website. Thiscostfunction wassolvedtoobtainthe

economicoptimumsteadystatewhichwasusedasthestateandinputtargetsinthe

MPC.Theprofitat tkissimply−l(x(tk),u(tk)).

Simulationresults

Figure4.1showsthetrajectoryofstatesinthelasttank(tank5)withan MPCand

EMPCunderthesesimulationsettings.Itcanbeseenthatallthreecontrollersare

stable.Figure4.2showstheprofitateachtimesteptkwiththethreecontrollers.It

canbeseenthattheeconomicperformanceofallthreeissimilar. Thisresultisnot

surprisingasthereisnoguaranteethattheEMPChasbettereconomicperformance

thanthe MPC.
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4.7.2 With modelplant mismatch

Simulationsettings

ThesimulationparametersusedarethesameasinChapter2.4.5withtheexception

ofthevolumetricflowoffeedtothefirsttank(̇Vuf0)whichisconstantinsteadoftime

varying. MPMwasintroducedbysettingtheplantcst0 =0.2insteadofthenominal

modelvalueof cst0 =0.1. ThisresultsinV̇uf0 =23.85 m3/min. Thereisnoprocess

ormeasurementnoise(w=v=0).

Fortheoffsetfree MPCapproach,Q =diag([1,1,2,1,1,2,1,1,2,1,1,2,1,1,2])

andR =diag([0.5,0.5]T). Onlyoutputdisturbanceswereusedintheaugmented

modelresultinginanaugmentedmodeloftheform:

˙̃x(t)=
ẋ(t)

ḋ(t)
=

faug(x(t),θ,u(t),0))
0

(4.10a)

y(t)=gaug(x(t),d(t)) (4.10b)

ForthemodelIDbasedapproach,themodelsetusedcontainedacst0 modeland

acat0 model. Akmodelandc∞ modelwerenotusedaskandc∞ dependonuthus

willnotbeconstantduringclosedloopoperation.

Forbothapproaches,anEKFwasusedtoobtainstateestimates.

Inordertoensurefeasibilityofthereferencesignal,yrefwascalculatedbasedon

thetrueplantandwassettoyref=[968.5,30.5]T whichcorrespondstoaplantinput

ofu=[0.08,0.20]T.

Simulationresults

Figure4.3showsthereferencesignalandtheoutputsobtainedusingtheoffsetfree

MPCapproachandthemodelIDbasedapproach.ItcanbeseenthatthemodelID

basedapproachachievesoffsetfreeoutputtrackingwhiletheoffsetfreeMPCapproach

doesnot.Theoffsetfree MPCapproachfailsasassumption4.5.4isviolated. During

simulation,therearetimestepswherethereisnovalueofx∈Xandu∈Uwhich

satisfy(4.7)forthegivenvalueof(yref,̂d). Figure4.4showstheassociatedinputs

forthiscase.
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4.8 Conclusions

Inthischapter,MPCandEMPCwerecomparedtoseewhichgavebetterperformance

whentherewasnomodelplantmismatchandthestatesweredirectlyavailabletothe

controllers.Itwasfoundthatbothcontrollerswerestableandhadsimilareconomic

performanceeventhoughthe MPCdoesnothavetheexplicitgoalofoptimizing

economicperformanceunliketheEMPC.AsthereisnoguaranteethattheEMPC

willhavebettereconomicperformancethanthe MPC,thisresultisnotsurprising.

Asconventional MPCdoesnotprovideoffsetfreeoutputtrackinginthepresence

of MPM,anoffsetfree MPCformulationanda modelIDbasedapproachtooffset

freecontrolwereinvestigated. Only MPMcausedbyparameter mismatchwascon-

sidered.Itwasfoundthattheoffsetfree MPCcouldnotprovideoffsetfreeoutput

trackingwhenusinganoutputdisturbancemodelassomeassumptionsnecessaryfor

thesuccessofthismethodwerenotmet.ItwasalsofoundthatthemodelIDbased

approachcouldsuccessfullytrackthereferencesignalwithoutoffset.
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Chapter5

Conclusions

5.1 Summary

Thegoalofthisthesiswastotestmoderncontrolmethodsonafrothflotationsystem.

Asstateestimationplaysacrucialroleinthesuccessof moderncontrol methods,

variousstateestimatorswerealsotestedonthissystem.Afirstprinciplesmodelofthe

frothflotationsystemasdevelopedbyCanrightetal.,1981wasusedinsimulations.

InChapter2,anextendedKalmanfilter(EKF),movinghorizonestimator(MHE)

andnonlinearobserverweretestedonthefrothflotationsystem.Itwasfoundthatthe

EKFgavethelowestestimationerrorintheidealcase(nomodelplantmismatchand

nodelayinmeasurements).AlthoughMHEhasthepotentialgivebetterperformance

thantheEKF,itdidnotdosointhiscaseduetothesmallsizeoftheestimation

windowwhichwasnecessaryduetothelargenumberofstatesinthefrothflotation

process. Thenonlinearobserverperformedthe worstasitdidnotuseanynoise

information. Allthreemethodshadsimilarperformancewhentherewasmodelplant

mismatchasthe MPM maskedthenoiseinformationwhichnullifiedtheadvantage

oftheEKFand MHEovertheobserver. It wasalsofoundthatstateestimates

werebiasedinthepresenceof MPM. Allthree methodshadsimilarperformance

whenmeasurementweredelayed(bothwithandwithoutmodelplantmismatch). As

measurementdelayswerelarge,statepredictiondominatedoverstateestimationinall

threeestimators.Asthefrothflotationsystemisopenloopstable,allthreeestimators

convergedtothesameestimates.TheEKFwaspickedasthebestestimatorforthis

systemasitgavethebestbalanceofestimationperformanceandcomputationtime.

InChapter3,anapproachtounbiasedstateestimationinthepresenceofparam-
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etermismatchwaspresented.Thisapproachusedmultiplemodels(MM)runningin

parallelandassignedprobabilitiestoeachmodelbasedontheironestepaheadoutput

predictionerror. Thestateestimateateachtimewasobtainedfromthemodelwith

thehighestprobability.Itwasprovedthatunbiasedoutputestimatesguaranteed

unbiasedstateestimatesforadeterministiclinearsystemoperatingatsteadystate

providedcertainconditionswere met. Aflowchartoftheprocedurewasprovided

andtheprocedurewassuccessfullyappliedtothefrothflotationsystemtoobtain

unbiasedstateestimates.

VariouscontrollersweretestedinChapter4.Amodelpredictivecontroller(MPC)

andeconomic modelpredictivecontroller(EMPC)weretestedforthenominalcase

ofno modelplant mismatchandaccuratestateestimatesavailable. Theeconomic

optimumsteadystatewasfoundbysolvingtheeconomiccostfunctionusedinthe

EMPCandsetasthestateandinputtargetsforthe MPC.Itwasfoundthatthe

MPCandEMPCbothstabilizedthesystemandhadsimilareconomicperformance.

AsthereisnoguaranteethatEMPCprovidesbettereconomicperformance,this

resultwasnotsurprising. Tosolvetheissueofoffsetfreecontrolinthepresenceof

parametermismatch,twomethodswereproposed:anoffsetfree MPCaspresentedin

Morariand Maeder,2012anda modelidentificationbased methodwhichcombined

thestateestimation methodproposedinChapter3withaconventional MPC.The

performanceofthetwomethodswastestedwhenparametermismatchwasintroduced

tothesystem. Theoffsetfree MPCcouldnotprovideoffsetfreecontrolwhenusing

anoutputdisturbancemodelassomenecessaryconditionswerenotmet.Themodel

IDbasedapproachsuccessfullyprovidedoffsetfreecontrol. Althoughthe modelID

basedapproachworkedinthiscase,itisnotrigorouslyprovedthusisnotguaranteed

toworkinthegeneralcaseeveniftheconditionsforunbiasedstateestimationare

met.

5.2 Directionsforfuture work

Potentialdirectionsforfutureworkarelistedbelow:

•Applystateestimationmethodsnotcoveredinthisworktotheforthflotation

system.SomechoicesareunscentedKalmanfilters(UKF)andparticlefilters.
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•Applycontrolstrategiesnotcoveredinthisworktothefrothflotationsystem.

Somechoicesarethezone MPCandchanceconstrained MPC.

•ExtendtheproofprovidedinChapter3todetermineconditionsforwhichun-

biasedoutputestimatesguaranteetheparametermismatchhasbeenidentified

correctlyandnotjustthatstatesestimatesareunbiased. Theproofcanalso

beextendedtothenonlinearcase.

•Extendthemultiplemodelapproachforestimationtocaseswhere MPMisnot

onlycausedbyparametermismatch.

•Extendthe modelIDbasedapproachforcontroltocaseswherethe MPMis

notonlycausedbyparametermismatch.
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