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Abstract

The needfor improving the operationandcontrol of infrastructuresystemshascreateda demandon
optimizationmethodsapplicablein theareaof complex sociotechnicalsystemsoperatedby a multitude
of actorsin a settingof decentralizeddecisionmaking. This paperbrie�y presentsmainclassesof op-
timizationmodelsappliedin PSEsystemoperation,explorestheir applicability in infrastructuresystem
operationandstressestheimportanceof multi-level optimizationandmulti-agentmodelpredictive con-
trol.
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1 Intr oduction

Our societyandeconomyhave cometo rely on servicesthatdependon networkedinfrastructuresystems,
likehighwayandrailwaysystems,electricity, waterandgassupplysystems,telecommunicationnetworks,
etc. Recenteventssuchas large-scalepower blackoutshave contributedto a renewed awarenessof the
critical role of infrastructuresin our economies.Malfunctioning and serviceoutagesentail substantial
socialcostsandhampereconomicproductivity. Insteadof installingadditionalcapacity, moreintelligent
control of the existing capacityseemsa moreaffordableandpromisingstrategy to ensureef�cient and
reliableoperationof critical infrastructureswhich, moreover, stimulatesthecreationof innovative value-
addedservicessuchasdynamiccongestionpricing.

However, themultitudeandvarietyof nodesandlinks in thesenetworksaswell asthemultitudeand
varietyof owners,operators,suppliersandusersinvolvedhavecreatedenormouslycomplex systems.This
complexity hamperstheoptimizationof theoverall systemperformance,dueto our limited understanding
of infrastructuresystemsas well as to practical limitations in steeringthe actors' operationaldecision
making.

Theprocesssystemsengineering(PSE)areade�nedby GrossmannandWesterberg (2000)is concerned
with theimprovementof decisionmakingfor thecreationandoperation of thechemicalsupplychain. As
chemicalprocesssystemsarenetworked systemsandthe PSE�eld hasenabledtremendousadvancesin
their optimization,it is inter sting to explore to what extent the methodsfrom PSEmay be appliedto
infrastructuresystemoperations.Theurgentneedfor improving theperformanceof infrastructurescreates
agreatdemandfor innovative optimizationandcontrolmethods.This is thefocusof thispaper.

2 Infrastructur ede�nition

Thephysicalnetwork of aninfrastructuresystemandthesocialnetwork of actorsinvolvedin its operation
collectively form an interconnectedcomplex network wherethe actorsdeterminethe developmentand
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operationof thephysicalnetwork,andthephysicalnetworkstructureandbehavior affectthebehavior of the
actors.An infrastructurecanthusbeseenasacomplex socio-technicalsystem,thecomplexity of which is
de�ned by its multi-agent/multi-actorcharacter, themulti-level structureof thesystem,themulti-objective
optimizationchallenge,andtheadaptivity of agentsandactorsto changesin theirenvironment.Theirnon-
linear responsefunctionsin combinationwith the complex systemstructureoften lead to unpredictable
dynamicbehavior of thesystem.

Similar to the hierarchicaldecompositionof, e.g., the operationof an industrial plant in planning,
scheduling,andprocessingfunctions,infrastructuresystemscanbeviewedasmulti-level systems,whether
hierarchicallyinterconnectedor decentralized,with anumberof operationalregimesat thevarioussystem
levels. Usually, at eachlevel of the decomposedsystemlocal performanceobjectivesarede�ned which
should,preferably, notberestrictedto theoptimizationof localgoals,but ratheraimatoptimallycontribut-
ing to the overall goal. However, the relationbetweenlocal andoverall systemperformanceobjectives
mayberatherfuzzy, especiallysincetheoverall objective is oftennotde�ned in detailandconcernedwith
a longer time horizon. The local objectivesaregenerallymoredetailed,concernedwith a shortertime
horizonandoftenwith thespeci�c interestsof anindividual actor. To facilitateanoverall optimizationof
theperformanceof thesystemasa whole,a kind of coordinatormayberequiredto superviselocal deci-
sionmakingin its relationto theoverall goal. In thepracticalsituationof many infrastructureindustries
in liberalizedmarkets,however, suchcentralco-ordinationor supervisionno longerexists. Especiallyin
thesesituationsit is a challengingtaskto developa methodfor decentralizedoptimizationthatcanbeim-
plemented,e.g.,by aregulatoryauthority, to in�uence localdecisionmakingby individualactorsin respect
of societalinterests.

As a conceptualmodelof infrastructuresassocio-technicalsystemswe will usetheconceptof multi-
agentsystemscomposedof multiple interactingelements(Weiss,1999). The term agent canrepresent
actorsin thesocialnetwork (e.g.,travelerstakingautonomousdecisionson which routeto follow to avoid
roadcongestionor companiesinvolved in the generation,transmissionanddistribution of electricity)as
well asa component(e.g.,a productionplant, an end-usedevice, a transformerstation)in the physical
network. In all thesecaseswe seethattheoverall system— consideredasa multi-agentsystem— hasits
own overall objective,while theagentshave their own individualobjectives.

3 DecentralizedDecisionSystems

In adecentralizeddecisionsystemtheobjectivesandconstraintsof any decisionmakermaybedetermined
in partby variablescontrolledby otheragents.In somesituations,a singleagentmaycontrolall variables
that permit him to in�uence the behavior of otherdecisionmakersas in traditionalhierarchicalcontrol.
Theextentof theinteractionmaydependontheparticularenvironmentandtimedimension:in somecases
agentsmightbetightly linked,while in othersthey havelittle effectoneachother, if any atall. For decision
makingin suchsystemstwo importantaspectscanbedistinguished:a setof individual goalsandwaysof
how to reachthem,anda setof linkagesallowing agentsto interact.Theindividual decision-makingstep
usually takes the form of single-criterionoptimizationas often appliedin PSE.Optimizationis one of
the most frequentlyusedtools in PSEdecision-makingto determine,e.g.,operationalandmaintenance
schedules,thesizingof equipment,pricingmechanisms,allocationof capacityor resourcesamongseveral
units,etc.For adetailedreview of optimizationmethods,see,e.g.,Edgar (2001).

3.1 (Multi-criteria) Optimization problem

Eachoptimizationproblemcontainstwo elements:at leastoneobjectivefunction, or criterion, to beop-
timized, and constraints. The type of the ultimate optimizationfunction(s)togetherwith the speci�ed
constraintsdeterminesthe typeof optimizationproblem. The individual goalsof eachagentoften repre-
senta varietyof criteria that,moreoften thannot, turn out to becon�icting: an improvementin any one
of themmaybeaccompaniedby a worseningin others.For thesake of simplicity it is assumedherethat
thereis only onedecisionmaker(i.e.,oneagent),whichis actuallysearchingfor asatisfactorycompromise
ratherthanfor ahypotheticalnumericaloptimum.In principle,amulti-objectiveoptimizationproblemcan
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beformulatedasfollows:
min
x∈X

J(x) = min
x∈X

(J1(x);J2(x); : : : ;Jk(x))T

where:

Ji : Â n ! Â is anindividualobjective, i = 1;2; : : : ;k;

X = f x 2 Â n : g j (x) � 0; j = 1; : : : ;mg is thefeasibleareadeterminedby constraints.

Four classesof solutionmethodsfor multi-objective optimizationproblemscanbedistinguished,see
Verwater-Lukszo(1996):

� Methodsbasedonsomemeasureof optimality,

� Interactive methods,

� Methodssearchingfor Pareto-optimalsolutions,

� Lexicographicmethods.

Methodsbasedon a measureof optimality make anattemptto measurealternativesin oneway or an-
other, by weightingeachobjectiveandthenoptimizingtheirweightedsum,or by replacingmulti-objective
optimizationby optimizing only onecriterion with the greatestpreference.Therefore,methodsof this
categorytranslateamulti-criteriaprobleminto asinglecriterion.Thesecondgroupof methodsusesthein-
formationobtainedfrom thedecisionmakerin aniterativeprocessto assignappropriatepriority levels,e.g.,
weights,to all individual objectives.Paretomethodsof thethird groupusethenotionof Paretooptimality
to achieve a balancebetweenobjectives. Heretheoptimalsolutionappearsto bethenaturalextensionof
optimizinga singlecriterion,in thesensethat in multi-objective optimizationany further improvementin
any oneobjective requiresa worseningof at leastoneotherobjective. Finally, the lexicographicmethods
assumethattheindividual objectivesmayberankedby their importance,sothata sequentialoptimization
of theorderedsetof singlecriteria is possible.In this way a multi-objective problemis translatedinto a
multi-level optimizationproblem. This bringsus to anotherimportantoptimizationapproachapplicable
for decisionproblemsin theworld of infrastructuresystemoperation:multi-level optimization.

3.2 Multi-le vel optimization

In a multi-level optimizationproblemseveraldecisionmakerscontrol their own degreesof freedom,each
acting in a sequenceto optimizeown objective function. This problemcanbe representedasa kind of
leader-follower gamein which two playerstry to optimizetheir own utility function F(x;y) and f (x;y)
takinginto accountasetof interdependentconstraints.Solvingmulti-level problemsmayposeformidable
mathematicalandcomputationalchallenges.In recentyears,however, remarkableprogresswasmadein
developingef�cient algorithmsfor thisclassof decisionproblems(seeBard,1998).Interestingapplications
from theworld of energy infrastructureoperationconcernthesupplier-householdinteractionresultingfrom
anintroductionof microCHP, seeHouwing(2006).Anotherexampleconcernedwith dynamicroadpricing
aimedat betteruseof roadcapacityis describedby Lukszo(2006); theupperlevel describestheoverall
roadperformanceandthelower level theuser-speci�c objective function.

The simplestproblemrepresentationof a hierarchicaloptimizationproblemis the bi-level program-
ming problemconcerningthelinearversionof hierarchicaloptimization,alternatively known asthelinear
Stackelberg game:

min
x∈X

F(x;y) = c1x+ d1y x = [x1; : : : ;xn ]T

y = [y1; : : : ;ym]T

subjectto: A1x+ B1y � b1

min
y ∈Y

f (x;y) = c2x+ d2y

subjectto: A2x+ B2y � b2
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It shouldbe stressed,that even in the linear casethe bi-level programmingproblemis a non-convex op-
timization problemwhich is NP-hard. Generally, infrastructuresystemsposemulti-level programming
problemswith an arbitrarynumberof levels, in which the criteria of the leaderandthe follower canbe
nonlinearand/ordiscrete,whichareevenmorechallengingto solve.

3.3 Optimal Control

Optimalcontrol is anotherimportant,thoughhardto apply, techniqueto beusedin infrastructuresystem
operation. When modelinga systemby a set of differential equations,an interestingtype of dynamic
optimizationproblemcanbe formulated,alsoreferredto, e.g.,by Leonard(1992)asan optimal control
problem. An optimal control problemis formulatedandsolved by an agentto �nd thoseinputs to the
systemthatminimizetheobjective functionover therunningtimeof thesystem.

A generaloptimalcontrolproblemis formulatedas:

min
u(t)

J =
Z tF

t0
f (x(t);u(t);t)dt + F (t 0; t F)

subjectto: dx(t)=dt = g(x(t);u(t);t)

f i(u(t)) � 0 i = 1;2; : : : ; p

k j (x(t)) � 0 j = 1;2; : : : ;q

nk(t 0; t F) � 0 k = 1;2; : : : ; r

where:

x(t) = [x1(t);x2(t); : : : ;xn(t) ]T is thestatevector

u(t) = [u1(t);u2(t); : : : ;um(t) ]T is thecontrolvector

t 0 = [t0;x1(t0);x2(t0); : : : ;xn(t0) ]T

t F = [tF;x1(tF);x2(tF); : : : ;xn(tF) ]T

F (t 0; t F) is theinitial cost/ �nal valuefunction.

Thefollowing featurescanmake anoptimalcontrolproblemextrahardto solve:

� Besidesa �nal valuefunctionthecriterionmaycontainaninitial costfunction.

� Final timecanbea freevariable,which in many casesmayhave to bechosenoptimally;

� Not only �nal states,but alsoinitial statescanbefreevariables,whichmustbechosenoptimally.

� Theoptimizationproblemusuallyinvolvesconstraintson statevariables,which arenotoriouslydif-
�cult to handle.

� Constraintsmay be imposed(lower/upperbounds,linear andnon-linearconstrains)on initial and
�nal statesvariables.

� Integral constraintsmaybe imposedon controlvariables;theseconstraintsmayalsoinvolve initial
and�nal states,andpossible�nal time.

Optimalcontrolmethodscanbesolvedby variationalmethodsor, alternatively, by discretizationconverting
the original probleminto a large-scalestaticLP or NLP optimizationproblem. Variationalmethodsuse
theoptimalityconditionsgivenby theMaximumPrincipleof Pontryaginresultingin aso-calledtwo-point
boundaryvalueproblem,which is oftenhardto solve. If discretizationmethodsareappliedto anoptimal
controlproblem,thenstandardstaticNLP solversmaybeused,e.g.,theconjugategradientmethod,or the
sequentialquadraticprogrammingalgorithmSQP, seeEdgar (2001).In thefollowing sectionwe consider
aparticularcontrolschemethatapproximatesthedynamiccontrolproblemwith staticcontrolproblems.
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3.4 Model PredictiveControl

A particularapproachto solve optimalcontrolproblemsasintroducedin Section3.3 is Model Predictive
Control(MPC),see,e.g.,Maciejowski (2002),Morari (1999).Thismethodfrom thePSEareahasbecome
animportanttechnologyfor �nding optimizationpoliciesfor complex, dynamicsystems.MPC hasfound
wideapplicationin theprocessindustry, andrecentlyhasalsostartedto beusedin thedomainof infrastruc-
tureoperation,e.g.,for thecontrolof roadtraf�c networks,power networks,andrailway networks.MPC
approximatesthedynamicoptimalcontrolproblemwith a seriesof staticcontrolproblems,removing the
dependency on time. Advantagesof MPC lie in thefact that theframework handlesoperationalinput and
stateconstraintsexplicitly in a systematicway. Also, an agentemploying MPC canoperatewithout in-
terventionfor long periods,dueto thepredictionhorizonthatmakestheagentlook aheadandanticipate
undesirablefuturesituations.Furthermore,themoving horizonapproachin MPCcanin factbeconsidered
to bea feedbackcontrolstrategy, whichmakesit morerobustagainstdisturbancesandmodelerrors.

3.4.1 Multi-Agent Model Predictive Control

ThemainchallengewhenapplyingMPCto infrastructureoperationstemsfrom thelarge-scaleof thecon-
trol problem.Typically infrastructuresarehardto controlby a singleagent.This is dueto technicalissues
like communicationdelaysandcomputationalrequirements,but alsoto practicalissueslike unavailabil-
ity of informationfrom onesubsystemto anotherandrestrictedcontrol access.The associateddynamic
control problemis thereforetypically broken up into a numberof smallerproblems.However, sincethe
sub-problemsareinterdependent,communicationandcollaborationbetweentheagentsis a necessity. A
typical multi-agentMPC schemethereforeinvolvesfor each agent thefollowing steps,seeCamponogara
(2002):

1. Obtaininformationfrom otheragentsandmeasurethecurrentsub-systemstate.

2. Formulateandsolveastaticoptimizationproblemof �nding theactionsoverapredictionhorizonN
from thecurrentdecisionstepk until time stepk+ N. Sincethesub-network is in�uencedby other
sub-networks,predictionsaboutthebehavior of thesub-network over a horizonaremoreuncertain.
Communicationandcooperationbetweenagentsis requiredto dealwith this.

3. Implementtheactionsfound in theoptimizationprocedureuntil thebeginningof thenext decision
step.Typically thismeansthatonly oneactionis implemented.

4. Move on to thenext decisionstepk+ 1, andrepeattheprocedure.

In particulardetermininghow agentshave to communicatewith oneanotherto ensurethattheoverall sys-
temperformsasdesiredis ahugechallengethatstill requiresasubstantialamountof research.Negenborn
describesmany possibleapproaches(2006).

4 Conclusions

In this paperwe have consideredchallengesfor processsystemengineeringin infrastructuresystemop-
erationandcontrol. The relevanceof optimizationmodelsasdecision-supportingtools is very high for
many playersin theworld of infrastructure.In all systemsthatexhibit interactionsandinterdependencies
betweensubsystems,wheremultiple functionality playsa role, wherecapacityallocationin a complex
anddynamicenvironmentis an issue,feasibleconceptsof decentralizedoptimizationarecalledfor. As a
particularchallengewe pointedout theapplicationof multi-level optimizationandmodelpredictive con-
trol in a multi-agentsettingof decentralizeddecisionmakingon infrastructuresystemoperation.Besides
computationalcomplexity, a formidablechallengehereis posedby thedesignof communicationandco-
operationschemesthatenableagentsto cometo decisionsthatarebothacceptablelocally andensurean
overall systemperformancein respectof socialandeconomicpublic interests.Thedesignof marketsand
an appropriatelegislative andregulatory framework to steerindividual actors' decisionmakingtowards
public goalsandto enforceadequatecommunicationandcollaborationschemesmaybebeyondtheworld
of PSE,but will certainlybeinspiredby applicablePSEoptimizationstrategies.
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