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Abstract

The needfor improving the operationand control of infrastructuresystemshascreateda demandon
optimizationmethodsapplicablein the areaof complex sociotechnicasystemperatecby a multitude
of actorsin a settingof decentralizedlecisionmaking. This paperbrie y presentsnain classeof op-
timizationmodelsappliedin PSEsystemoperationexplorestheir applicability in infrastructuresystem
operationandstressesheimportanceof multi-level optimizationandmulti-agentmodelpredictive con-
trol.
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1 Intr oduction

Our societyandeconomyhave cometo rely on serviceghatdependon networkedinfrastructuresystems,
like highway andrailway systemselectricity waterandgassupplysystemstelecommunicatiometworks,

etc. Recenteventssuchaslarge-scalepower blackouts have contritutedto a renaved avarenesof the

critical role of infrastructuresn our economies. Malfunctioning and serviceoutagesentail substantial
socialcostsandhampereconomicproductiity. Insteadof installing additionalcapacity moreintelligent

control of the existing capacityseemsa more affordableand promisingstratey to ensureef cient and

reliableoperationof critical infrastructuresvhich, moreaser, stimulatesthe creationof innovative value-

addedservicessuchasdynamiccongestiorpricing.

However, the multitudeandvariety of nodesandlinks in thesenetworks aswell asthe multitudeand
variety of owners,operatorssuppliersandusersnvolved have createcenormouslycomple systemsThis
complity hamperghe optimizationof the overall systemperformancegdueto our limited understanding
of infrastructuresystemsas well asto practicallimitations in steeringthe actors' operationaldecision
making.

TheprocessystemengineeringPSE)areade ned by GrossmanandWesterbeg (2000)is concerned
with theimprovemenbf decisionmakingfor the creationand opeation of the chemicalsupplychain. As
chemicalprocesssystemsare networked systemsandthe PSE eld hasenabledremendousadwancesin
their optimization, it is inter sting to explore to what extent the methodsfrom PSE may be appliedto
infrastructuresystemoperationsTheurgentneedfor improving the performancef infrastructuresreates
agreatdemandor innovative optimizationandcontrolmethods.This is thefocusof this paper

2 Infrastructur e de nition

Thephysicalnetwork of aninfrastructuresystemandthe socialnetwork of actorsinvolvedin its operation
collectively form an interconnectedomple network wherethe actorsdeterminethe developmentand



operatiorof thephysicalnetwork, andthephysicalnetwork structureandbehaior affectthebehaior of the
actors.An infrastructurecanthusbe seenasa comple socio-technicasystemthe compleity of whichis
de ned by its multi-agent/multi-actocharacterthe multi-level structureof the systemthe multi-objective
optimizationchallengeandtheadaptvity of agentsandactorsto changesn their ervironment.Their non-
linear responsdunctionsin combinationwith the comple systemstructureoften leadto unpredictable
dynamicbehaior of thesystem.

Similar to the hierarchicaldecompositiorof, e.g., the operationof an industrial plant in planning,
schedulingandprocessindunctions,infrastructuresystemsanbeviewedasmulti-level systemswhether
hierarchicallyinterconnectedr decentralizedywith a numberof operationategimesat the varioussystem
levels. Usually at eachlevel of the decomposedystemlocal performancenbjectvesarede ned which
should,preferablynotberestrictedo the optimizationof local goals,but ratheraim at optimally contrikut-
ing to the overall goal. However, the relationbetweenlocal and overall systemperformanceobjectves
mayberatherfuzzy, especiallysincethe overall objective is oftennotde ned in detailandconcernedvith
a longertime horizon. The local objectives are generallymore detailed,concernedvith a shortertime
horizonandoftenwith the speci c interestsof anindividual actor To facilitatean overall optimizationof
the performancef the systemasa whole,a kind of coordinatormay be requiredto supervisdocal deci-
sion makingin its relationto the overall goal. In the practicalsituationof mary infrastructureindustries
in liberalizedmarlkets, however, suchcentralco-ordinationor supervisiomo longerexists. Especiallyin
thesesituationsit is a challengingtaskto developa methodfor decentralizeaptimizationthatcanbeim-
plementede.g.,by aregulatoryauthority to in uence local decisionmakingby individual actorsin respect
of societalinterests.

As a conceptuamodelof infrastructuresassocio-technicasystemsve will usethe conceptof multi-
agentsystemscomposedf multiple interactingelementgWeiss, 1999). The term agent canrepresent
actorsin the socialnetwork (e.g.,travelerstakingautonomouslecisionson which routeto follow to avoid
road congestionor companiesnvolved in the generationtransmissiorand distribution of electricity)as
well asa componenf(e.g., a productionplant, an end-usedevice, a transformerstation)in the physical
network. In all thesecasesve seethatthe overall system— consideredisa multi-agentsystem— hasits
own overall objective, while the agentshave their own individual objecties.

3 DecentralizedDecisionSystems

In adecentralizedlecisionsystemheobjectivesandconstraintof ary decisionmaker maybedetermined
in partby variablescontrolledby otheragents.In somesituationsa singleagentmay controlall variables
that permit him to in uence the behaior of otherdecisionmakersasin traditional hierarchicalcontrol.
Theextentof theinteractionmaydependn the particularervironmentandtime dimension:in somecases
agentsnightbetightly linked,while in othersthey havelittle effectoneachother if any atall. For decision
makingin suchsystemswo importantaspectsanbe distinguisheda setof individual goalsandwaysof
how to reachthem,anda setof linkagesallowing agentgo interact. The individual decision-makingtep
usually takes the form of single-criterionoptimizationas often appliedin PSE.Optimizationis one of
the mostfrequentlyusedtoolsin PSEdecision-makingo determine e.g., operationaland maintenance
schedulesthe sizingof equipmentpricing mechanismsallocationof capacityor resourceamongseveral
units, etc. For a detailedreview of optimizationmethodssee,e.g.,Edgar (2001).

3.1 (Multi-criteria) Optimization problem

Eachoptimizationproblemcontainstwo elements:at leastone objectivefunction or criterion, to be op-
timized, and constaints The type of the ultimate optimizationfunction(s)togetherwith the speci ed
constraintgdetermineghe type of optimizationproblem. The individual goalsof eachagentoftenrepre-
senta variety of criteriathat, moreoftenthannot, turn out to be con icting: animprovementin ary one
of themmay be accompaniedby a worseningin others.For the sale of simplicity it is assumederethat
thereis only onedecisionmaler (i.e.,oneagent) whichis actuallysearchindor a satishctorycompromise
ratherthanfor a hypotheticalnumericaloptimum.In principle,a multi-objective optimizationproblemcan



beformulatedasfollows:

where:

J A" A isanindividual objective,i = 1;2;:::;k;
X=fx2A":gj(x) 0;j= 1;:::;mgis thefeasibleareadeterminedy constraints.

Four classeof solutionmethodsfor multi-objective optimizationproblemscanbe distinguishedsee
VerwaterLukszo(1996):

Methodsbasedn somemeasuref optimality,
Interactive methods,

Methodssearchindgor Pareto-optimabkolutions,
Lexicographicmethods.

Methodsbasedon a measuref optimality make an attemptto measurelternatvesin oneway or an-
other by weightingeachobjective andthenoptimizingtheirweightedsum,or by replacingmulti-objective
optimizationby optimizing only one criterion with the greatestpreference. Therefore,methodsof this
catgyory translateamulti-criteriaprobleminto asinglecriterion. Thesecondyroupof methodsuiseshein-
formationobtainedrom thedecisionrmalkerin aniterative procesgo assigrappropriateriority levels,e.g.,
weights,to all individual objectives. Paretomethodsof thethird groupusethe notion of Paretooptimality
to achieve a balancebetweerobjectives. Herethe optimal solutionappeargo be the naturalextensionof
optimizinga singlecriterion, in the sensahatin multi-objective optimizationary furtherimprovementin
ary oneobjectie requiresa worseningof atleastoneotherobjective. Finally, the lexicographicmethods
assumehattheindividual objectvesmayberanked by theirimportancesothata sequentiabptimization
of the orderedsetof singlecriteriais possible.In this way a multi-objective problemis translatednto a
multi-level optimizationproblem. This bringsus to anotherimportantoptimizationapproachapplicable
for decisionproblemsin theworld of infrastructuresystemoperation:multi-level optimization.

3.2 Multi-le vel optimization

In amulti-level optimizationproblemseveral decisionmakerscontroltheir own degreesof freedom,each
actingin a sequenceo optimize own objectie function. This problemcanbe represente@sa kind of
leadeffollower gamein which two playerstry to optimizetheir own utility function F(x;y) and f(x;y)
takinginto accounta setof interdependertonstraints Solvingmulti-level problemsmay poseformidable
mathematicahnd computationathallenges.In recentyears,however, remarkableprogressvasmadein
developingef cient algorithmdor thisclassof decisionproblemgseeBard,1998).Interestingapplications
fromtheworld of enegy infrastructureoperationconcerrthesupplierhouseholdnteractiorresultingfrom
anintroductionof micro CHR, seeHouwing(2006).Anotherexampleconcernedvith dynamicroadpricing
aimedat betteruseof roadcapacityis describedoy Lukszo (2006);the upperlevel describeghe overall
roadperformancendthelower level theuserspeci ¢ objective function.

The simplestproblemrepresentatiomf a hierarchicaloptimizationproblemis the bi-level program-
ming problemconcerninghe linearversionof hierarchicaloptimization,alternatvely known asthelinear
Staclelbeg game:

min F(x;y) = ¢;x+ dyy X= [x1;:00%]"
xeX

subjectto: Ajx+ By by

min f(x;y) = cx+ dyy
yey

subjectto: Ayx+ By by



It shouldbe stressedthat evenin the linear casethe bi-level programmingproblemis a non-cowex op-

timization problemwhich is NP-hard. Generally infrastructuresystemsposemulti-level programming
problemswith an arbitrary numberof levels, in which the criteria of the leaderandthe follower canbe

nonlinearand/ordiscretewhich areevenmorechallengingto solve.

3.3 Optimal Control

Optimal controlis anotherimportant,thoughhardto apply techniqueto be usedin infrastructuresystem
operation. When modelinga systemby a setof differential equationsan interestingtype of dynamic
optimizationproblemcanbe formulated,alsoreferredto, e.g.,by Leonard(1992)as an optimal control
problem. An optimal control problemis formulatedand solved by an agentto nd thoseinputsto the
systemthatminimize the objective functionover therunningtime of the system.
A generalbptimal controlproblemis formulatedas:
Z,
minJ = f(x(t);u(t);t)dt+ F(to;tp)
u(t) to
subjectto: dx(t)=dt = g(x(t);u(t);t)
fi(ut)) O i=12:5p
ki(x(t)) 0 =120
n(to;tg) O k=1;2;::0r

where:

F (to;tg) istheinitial cost/ nal valuefunction.

Thefollowing featurescanmalke anoptimal control problemextra hardto solve:
Besidesa nal valuefunctionthecriterionmaycontainaninitial costfunction.
Finaltime canbe afreevariable,which in mary casesnayhave to be choseroptimally;
Notonly nal stateshut alsoinitial statescanbefreevariableswhich mustbe choseroptimally.

The optimizationproblemusuallyinvolvesconstrainton statevariableswhich arenotoriouslydif-
cult to handle.

Constraintanay be imposed(lower/upperbounds,linear and non-linearconstrains)n initial and
nal statesvariables.

Integral constraintanay be imposedon control variables;theseconstraintanay alsoinvolve initial
and nal statesandpossiblenal time.

Optimalcontrolmethodsanbesolvedby variationalmethodsor, alternatvely, by discretizatiorcorverting
the original probleminto a large-scalestaticLP or NLP optimizationproblem. Variationalmethodsuse
theoptimality conditionsgiven by the MaximumPrincipleof Pontryaginresultingin a so-calledtwo-point
boundaryvalueproblem,which is oftenhardto solve. If discretizatiormethodsareappliedto anoptimal
controlproblem thenstandardstaticNLP solversmaybeused e.g.,the conjugategradientmethod,or the
sequentiabjuadraticprogrammingalgorithmSQR seeEdgar (2001). In thefollowing sectionwe consider
aparticularcontrolschemehatapproximateshe dynamiccontrol problemwith staticcontrolproblems.



3.4 Model Predictive Control

A particularapproacho solve optimal control problemsasintroducedin Section3.3is Model Predictire
Control(MPC), see e.g.,Maciejonski (2002),Morari (1999). This methodfrom the PSEareahasbecome
animportanttechnologyfor nding optimizationpoliciesfor comple, dynamicsystems MPC hasfound
wide applicationin theprocessndustry andrecentlyhasalsostartedo beusedn thedomainof infrastruc-
ture operation.e.g.,for the control of roadtrafc networks, power networks, andrailway networks.MPC
approximateshe dynamicoptimal control problemwith a seriesof staticcontrol problems removing the
dependencontime. Advantage®f MPC lie in thefactthatthe frameavork handlesoperationainput and
stateconstraintsxplicitly in a systematiovay. Also, an agentemplo/ing MPC canoperatewithout in-
terventionfor long periods,dueto the predictionhorizonthat makesthe agentlook aheadandanticipate
undesirablduturesituations.Furthermorethe moving horizonapproachn MPC canin factbe considered
to beafeedbackcontrolstrategy, which makesit morerobustagainstdisturbanceandmodelerrors.

3.4.1 Multi-Agent Model Predictive Control

ThemainchallengevhenapplyingMPC to infrastructureoperationstemsfrom the large-scaleof the con-
trol problem.Typically infrastructuresarehardto controlby a singleagent.This is dueto technicalissues
like communicationdelaysand computationafrequirementsbut alsoto practicalissuedik e unavailabil-

ity of informationfrom one subsystemo anotherandrestrictedcontrol access.The associatedlynamic
control problemis thereforetypically broken up into a numberof smallerproblems.However, sincethe
sub-problemareinterdependenommunicatiorand collaborationbetweenthe agentss a necessity A

typical multi-agentMPC schemehereforeinvolvesfor ead agentthefollowing steps seeCamponogra
(2002):

1. Obtaininformationfrom otheragentsandmeasurehe currentsubsystemstate.

2. Formulateandsolwe a staticoptimizationproblemof nding theactionsover a predictionhorizonN
from the currentdecisionstepk until time stepk+ N. Sincethe sub-netverk is in uenced by other
sub-netvarks, predictionsaboutthe behaior of the sub-netverk over a horizonaremoreuncertain.
Communicatiorandcooperatiorbetweeragentds requiredto dealwith this.

3. Implementthe actionsfoundin the optimizationprocedureuntil the beginning of the next decision
step.Typically thismeanghatonly oneactionis implemented.

4. Move onto thenext decisionstepk+ 1, andrepeathe procedure.

In particulardetermininghow agentshave to communicatevith oneanotherto ensurehatthe overall sys-
temperformsasdesireds a hugechallengehatstill requiresa substantiahmountof researchNegenborn
describesnary possibleapproache§006).

4 Conclusions

In this paperwe have consideredchallengedor processsystemengineeringn infrastructuresystemop-
erationand control. The relevanceof optimizationmodelsas decision-supportingools is very high for
mary playersin the world of infrastructure.In all systemshatexhibit interactionsandinterdependencies
betweensubsystemswhere multiple functionality plays a role, wherecapacityallocationin a comple
anddynamicervironmentis anissue feasibleconceptof decentralizeaptimizationarecalledfor. As a
particularchallengewe pointedout the applicationof multi-level optimizationandmodelpredictive con-
trol in a multi-agentsettingof decentralizedlecisionmakingon infrastructuresystemoperation.Besides
computationatompleity, a formidablechallengehereis posedby the designof communicatiorandco-
operationschemeshat enableagentso cometo decisionghat areboth acceptabldocally andensurean
overall systemperformancen respecof socialandeconomicpublic interests. The designof marketsand
an appropriatdegislative and regulatory framework to steerindividual actors' decisionmakingtowards
public goalsandto enforceadequateommunicatiorandcollaborationschemesnay be beyond the world
of PSE,but will certainlybeinspiredby applicablePSEoptimizationstratgies.
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