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Abstract

In this paper, we presentMARKETECTURE, an agent-based,microeconomic,scalablemodel for
studyingderegulatedpower markets. Featuresthat distinguishit from previously studiedmodelsin-
clude: the ability to generateindividualistic, demographicsbased,elasticdemandpro�les; a highly
con�gurablesystemthatsupportsdifferentmatchingalgorithmsfor buyersandsellers,differentmarket
clearingmechanisms;ability to aggregateindividualsto differentclasses;anelectricalgrid to physically
cleartheeconomiccontractsetc.Thispaperdescribesthemodelandits variousfeaturesin detail.A case
studyis donefor thecity of Portland,Oregon,to evaluatetheperformanceandef�ciency of themarket
underdifferentmarket clearingalgorithmsandsellers'strategies. We analyzethestructuralproperties
of themarket underdifferentscenariosto validateour model. Our resultsshow that if Vickrey auction
clearingmechanismcaninducethe sellersto reveal their true productioncostsandbid at competitive
level, the market performancecanbe almostpareto-ef�cient. The weightedaverageclearingmethod
in thepoolcomarket resultsin the lowestmarket clearingprice (MCP). However, the market clearing
quantity(MCQ) is alsolow which resultsin deadweightlossto thesociety. Our �ndings alsoshow that
thedifferentordersof market execution(bilateralandpoolco)cansigni�cantly affect theperformance
of themarkets.

1 Intr oduction

California's recent,failed attemptto deregulate its electricalpower market castsa shadow of doubt on
the deregulation plansof otherstates,suchas Nevada,Arkansasand New Mexico. In an effort to gain
a betterunderstandingof what went wrong in California, andhow in the future onecan build ef®cient,
reliablemarkets,a numberof researchers[2, 3, 8, 26, 30, 34, 33] have studiedthederegulatedaspectsof
theUS electricitymarket. Thesestudieshave greatlyenhancedour understandingof theissuesinvolved in
designingandadministeringderegulatedelectricitymarkets. However, mostof thestudiesin the literature
are restrictedto static situations,markets with too few players,small networks etc. Additionally, many
of thestudiesmake assumptionssuchasperfectrationality, symmetricknowledgebetweenplayers,global
decisionmaking,etc.,in orderfor thestudiesto befeasible.Theadventof computer-basedmodelingallows
us to relax many of theseconstraintswhile maintainingthe feasibility of our calculations.A numberof
experimentalstudiesinvestigatevariousformsof tradingthatareor canbeusedby electricalmarkets[7, 8,
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10, 13, 14, 18, 19, 22, 23, 35]. In particular, thesestudiesinvestigatethedesignof, ef®ciency in, andmarket
power of a restructuredelectricitymarket underdifferentformsof market clearingandcompetition.

Theexperimentalwork in electricitymarket restructuring(economics,in general)canbepartitionedinto
two broadclasses.Oneis thehuman-basedlaboratoryexperiments,in which experimentsareperformedin
a controlledenvironmentandthe cash-motivatedhumansubjectsareusedasagents[23].1 Human-based
laboratoriesprovide a naturalenvironmentfor individual preferencesandtheir reactionto institutionaland
regulatorychangesto bestudied.However, thereareseverallimitationsonthekindsof experimentsthatcan
beperformedusinghumansubjects.For example,inability to scaleto a realisticnumberof players,setup
complicated̀ rulesof thegame',play out collusive andlearningbehavior, simulatethephysicalclearingof
contractsetc.

The other class is the computer-basedexperimentswhich use agent basedcomputationalmod-
els[22, 34, 27, 5, 6]. Thesemodelscanaddressanumberof complex andinterrelatedissuesthatcannotbe
resolvedusingconventionaleconomicmodelswhicharecapableof providing solutionsonly in analytically
tractableways. Thesemodelscanbe scaledeasilyto realistic levels. In this paper, we presentMARKE-
TECTURE, anagent-based,individualistic,highly scalable,computationalmodelwhich providesa general
framework to studydifferentmarkets,tradinginstitutionsandagents'strategies. Our prototypefocuseson
the electricity market andhasseveral uniquefeaturesthat distinguishit from previously-studiedmodels.
(i) Basedon informationfrom the United StatesCensusand from a microscopicmobility simulator, the
MARKETECTURE simulatorgeneratesfor eachindividual (in thepopulationconsidered)a time dependent,
spatio-temporal,non-linear, elasticdemandpro®le. (ii) Consumersandpower generatorsareendowedwith
very realisticfeatures,suchaslimited knowledgeaboutothermarketentities,theability to form into groups
andplacebidsandasksasaggregategroups,boundedrationality, etc. (iii) Parameterizedandcon®gurable
markets that allow differentclearingmechanisms,matchingalgorithms,tradingstrategies. (iv) The elec-
trical power grid, whosenaturally limited capacityto deliver power from any generatorto any consumer
affectstheclearingpriceof power, is partof themodel.Thedetailsof eachof thesefeaturesaredescribed
in latersectionsof thispaper.

The restof this paperis organizedasfollows. In Section2, we discussthe overall schematicdesign
of our large-scale,microeconomicsimulator. Thebasicdesignconsistsof four modules.Themodulesare
the mobility basedmodelfor creatingindividualizedpower consumptionpatterns,thesupply, themarket,
andthecontrolmodulethatcoordinatestheexecutionof a simulation.Section3 discussesthealgorithmic
aspectsof oursimulator. Section4 describesacasestudyfor thecity of Portland,Oregon.Thestudyyields
insightsinto thestructuralpropertiesof themarket. Section5 describessomeof thecomputationalissues
involvedin implementingthesimulator. Finally section6 concludesthepaper.

2 Description of the MARKETECTURE Simulator

Figure1 depictsschematicallytheMARKETECTURE simulator. It is madeup of four mainmodules:con-
trol, supply, demand,andmarket. Thesupply, demand,andmarket modulescontainentities,e.g.,buyers,
sellers,markets,etc.,whoseactionsandinteractionsdrive themodel.Eachentityhasasetof attributesthat
determineits individual character. Wenow describein greaterdetaileachof thesecomponents.

2.1 DemandModule

The MARKETECTURE simulatoris designedto modeltherunningof multiple market sessionsover a long
periodof time. Sinceaperson'sdemandfor powervariesover time(e.g.,peopletendto consumelesspower
whenthey sleepthanwhenthey areawake) it is importantthat this variationis modeledin asrealistica

1For humanbasedlaboratorystudiesin otherareas,see[15, 24, 28].
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Figure1: TheabovediagramusesUML-lik enotationto show structureof Marketecture.Theitemsin boxes
areclasses.Eachclassrepresentsa type of entity or a collectionof entitiesof a certaintype. Thereare
four modulesin the simulator: SUPPLY, DEMAND, MARKET, and CONTROL. SUPPLY, DEMAND, and
MARKET aredepictedby boundariesthat containthe classesthatcompriseeach.The CONTROL module
is depicted,without a border, in thecenterof thediagram.It containsno entities.Linesrepresentrelations
betweenentities.Arrowsrepresentthedirectionin whichcommunicationfrom onerelatedentity to another
is initiated.Thesymbols“1” and“1..n” indicatethemultiplicity of therelations.For instance,eachBUYER

is associatedwith at leastone and potentially many CONSUMERS. Lines not having thesemultiplicity
symbolsindicateone-to-onerelations.
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manneraspossible.Thedemandmoduleof theMARKETECTURE simulatoris responsiblefor thismodeling
task. This modulehasthreeprimaryclasses,the UPMOSTINTERFACE, which gathersdemanddatafrom
a mobility simulator, calledUPMoST[29]; theINDIVIDUALS who move aroundthesimulatoranddemand
power; andtheLOCATIONS thatINDIVIDUALS visit.

2.1.1 UPMOSTINTERFACE

TheUPMOSTINTERFACE interactswith anurbanpopulationmobility simulatordevelopedat LosAlamos
National Laboratoriescalled UPMoST [29]. The UPMOST simulatorproduces,for eachINDIVIDUAL

in the simulator, activity and mobility information. The UPMOST simulator, in turn, receives as input
actualdemographicinformationon thepopulationbeingsimulatedaswell asinformationon thephysical
infrastructureof the locationbeingsimulated,suchasthegeographiclocationsof buildingsandroads.In
short,UPMOST providesuswith

- thepowerdemandpro®lesof syntheticINDIVIDUALS2 whosebehavior is basedonrealdemographic
data,and

- the physicallocation of eachsyntheticINDIVIDUAL which allows us to determinethe amountof
powerdemandateachphysicallocationover thecourseof aday.

We arethusableto computethepower demandat eachLOCATION in thesimulatorat any given time asa
functionof thetypeof LOCATION, thenumberof INDIVIDUALS atthatLOCATION, andthetypeof activities
performedby thoseINDIVIDUALS at that LOCATION at that time. We usehourly intervals to createthe
demandpro®lesfor eachINDIVIDUAL andLOCATION. TheUPMOSTINTERFACE hasnoattributes.There
is only oneinstanceof theUPMOSTINTERFACE.

2.1.2 LOCATION

A LOCATION representstheplaceswherean INDIVIDUAL is at any point in time, suchas:a house,of®ce,
shoppingmall etc. In general,aLOCATION hasnoattributes.However, whenthesimulatoris usedto model
anactualcity like Chicagoor Portland,weassociatewith eachLOCATION its UTM [31, 9] coordinates.

2.1.3 INDIVIDUAL

An INDIVIDUAL � representsa personin thesimulator. It hasthreeattributes:

- �������	��
����	� , theactivity that � is engagedin at a particularhour. Thesimulatorrecognizesa ®nite setof
activities, suchas: shop,visit, school,socialrecreation,work, homeetc. Eachactivity hascertain
power requirements,representedby theattribute.

- �
��
�������� , theincomeof � .

- � , thecurrentLOCATION of � .

The �
�����	��
����	� and �

��
�������� attributesof eachINDIVIDUAL areusedto determinetheamountof powerdemand
in thesystematany point in time. Theattribute � determinesthegeographicaldistribution of thedemandat
any point in time.

2Syntheticindividualsarepeoplefrom a syntheticpopulation.Our syntheticpopulationis an imitation of therealpopulation.
Thesyntheticpopulationpreservesthekey featuresof therealpopulationandhasthesamestatisticalproperties(suchascorrelation
structure,joint distributionsof thedemographicvariables,spatialdistributionof householdsetc.)astherealpopulation.
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2.2 Mark et Module

The market modulecansimulatea variety of power markets,eachhaving a distinct clearingmechanism.
Currently, the MARKETECTURE simulatormodelstwo markets: a POOLCOMARKET anda BILATERAL-
MARKET. In a bilateralmarket, a buyer andseller independentlysetup the physicaland®nancialterms
of thetradeandareresponsiblefor dispatchingandreceiving thephysicaldeliveriesof thecommodity. In
addition,theparticipantsof thebilateralcontractarealsoresponsiblefor informing theindependentsystem
operator(ISO) of thesize,sourceandsink locationsof thecontract.In a poolcomarket model,thebuyers
andsellerssubmittheir bidsandasksto thepower exchange.Thepower exchangethendispatchesASK in
economicorderuntil all thebidshave beensatis®ed.

Therearetwo classesof tradingagents,BUYERS, who on behalfof CONSUMERS go to the markets
andbuy power, andSELLERS, whoonbehalfof GENERATORS sellpower. Eachmarkethasoneattribute: a
pricecap� �����

, whichis themaximumpriceperunit of power for whichpowermaybetradedonthatmarket.
Thereis only asingleinstancefor eachof thePOOLCOMARKET andtheBILATERALMARKET.

2.2.1 BUYER

A BUYER representsa collection of CONSUMERS (seebelow) and makes all economicdecisions(with
respectto thepower markets)on its constituentCONSUMERS' behalf.For example,a BUYER couldbethe
headof the household,ownerof McDonald's, Wal-Mart etc. EachBUYER hasoneattribute: a list of the
CONSUMERS ����� ���
	������
	��


�� , thatthebuyerrepresents.

2.2.2 CONSUMER

CONSUMERS are not, in our model, people,nor are they agentsthat directly interactwith the market.
CONSUMERS areessentiallythelocationswhichareownedandrepresentedby BUYERS. EachCONSUMER

� hassix attributes:

- � , a list of LOCATIONS thattheConsumerrepresents.

- � , theBUYER whorepresentstheCONSUMER in thePOWERMARKET.

- � , theBUS from which � draws power.

- ���

������


������� , ademandfunctionof theform ���

������


��������� �"!$#&%'� thatmapsquantitiesto prices.

- � , the®xedamountof power that � alwaysneeds.

- ( � �')+*���� , theamountof power that � would like to buy.

Thevalueof � 'sdemandfunction ���,���

������


�-����� atany point in timeis basedonthenumberof INDIVIDUALS

at eachLOCATION �/. �0�1� andthequalityof thelocation.

2.2.3 SELLER

A SELLER representsa collectionof GENERATORS andmakesall economicdecisions(with respectto the
power markets)on its constituentGENERATORS' behalf.EachSELLER 2 hasthefollowing attributes:

- 34����56�
	������
	+5

7�

, a list of GENERATORS thattheSELLER represents.

- �

�

�8����� , aninvertibleestimatedmarket demandfunctionof theform �

�

�����9�:�<;>=?�@� thatmapsquan-
tities to prices
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- 2

�����

. ����� � 5�� ����� ��2�� 	��	��
 �
������������	��	��
 �
��������������� � � 5��'�
��� ��2�� � , anaskingstrategy.

Weassumethat,for any SELLER 2���� � 2 , 2 doesnotknow 2�� �,2

�����

, where 2

�����

is theaskingstrategy of 2�� .

2.2.4 ASK (respectively, BID)

An ASK (respectively, a BID) representsthe amountandquantityof power that a SELLER (respectively,
BUYER) wishsto sell (respectively, buy). EachASK (respectively, BID) hasthreeattributes:

- 5 (respectively, � ), theGENERATOR (respectively, CONSUMER) on whosebehalfit is placed.

- ( , thequantityof power.

- � , thepriceperunit of power.

2.2.5 POOLCOMARKET

In eachbiddingroundin a POOLCOMARKET, all SELLERS andBUYERS submitto themarket their respec-
tive bidsandasks.On thesupplyside,eachSELLER 2 submitsfor eachGENERATOR 5 . 2���3 exactly one
ASK. Onthedemandside,eachBUYER � submitsademandfunctionwhichis ahorizontalsummationof all
its constituentCONSUMERS' demandfunctions.It is the job of thePOOLCOMARKET to satisfytheneeds
of theBUYERS in ascheaplyandfairly a way aspossible.This is doneby dispatchingASKS in economic
order, i.e., thecheapestASK is dispatched®rst, followedby thenext cheapestone,andsoon, until all the
BIDS areserved. To ensurefairness,at theendof eachbidding roundthe unit priceof all the power dis-
patchedis thesame,regardlessof theunit pricesaskedby eachSELLER. We call this unit pricethemarket
clearingprice (MCP).Threedistinctclearingpoliciesfor settingtheMCP areconsidered:normal, Vickrey
auctionandweightedaverage clearing.Theseclearingpolicieshave eitherbeenimplementedby ISOslike
PJMandCaliforniain thepastor consideredby theoreticiansandexperimentalists[1, 20, 21, 25].

In a normalclearing,theMCP is thepriceof themarginal ASK, i.e., theASK having thegreatestunit
priceof all the ASKS dispatchedby thePoolcomarket. Whenthis clearingmechanismis used,SELLERS

have an incentive to raisethe unit priceof their ASK beyond the competitive level. If thesellersaresuc-
cessfulin in�ating thepriceof themarginal ASK, every sellerpro®tsfrom it.3 However, this incentive is
counteractedby thepossibility that, in raisingtheunit priceasked,a SELLER canbeundersoldby another
SELLER. On thepositive side,normalclearinginducesproducersto reducetheir costof production.The
uniformclearingpriceallows higherpro®t marginsto cheapproducers.

TheVickrey auctionpolicy wasdesignedto inducetruthful revelationof productioncostsandef®cient
dispatching[32]. In a Vickrey auction,theMCP is thepriceof thecheapestASK not dispatched.Vickrey
suggestedthat if thepricereceived by theSELLER is independentof his ASK, i.e. if thesellers'ASK and
his pay-off canbe decoupled,all sellerswould have an incentive to bid at their marginal cost. In sucha
case,a SELLER will be ableto in�uence his payoff only to the extent that it affectsthe probabilityof his
GENERATORS beingcalledinto operation.To maximizethatprobability, it wouldaskthemarginalcostand
yet be guaranteedto have a positive returnif it is calledinto operation.See[13] for moreon Poolcoand
Vickrey clearingmechanisms.

Undertheweightedaverageclearing,MCPis determinedby theweightedaveragepriceof all theASKS

dispatchedby thePoolcomarket wheretheweightsaresimply thequantitiesofferedby eachof theselected
SELLERS. If SELLERS areknown to exercisemarket power, this clearingmechanismcankeepthemarket
clearingpricein check.

3Thisbehavior canalsoleadto economicinef®ciency becausethelessef®cientSELLERSmaysubmitlower asksthanthemore
ef®cientSELLERS resultingin thedispatchof lessef®cientones.
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2.2.6 BILATERALMARKET

In a BILATERALMARKET, BUYERS andSELLERS pair off andindependentlynegotiatethe physicaland
economictermsof thecontracts.Eachbilateralcontracthasto besubmittedto theISO for physicalclearing.
TheISO determinesif thepowergrid hasenoughtransmissioncapacityto supportthephysicaltermsof the
contract.If (andonly if) it does,thecontractclears.

2.3 DemandModule

The demandmoduleconsistsof the physicalPOWERGRID, the independentsystemsoperator(ISO), and
GENERATORS. ThePOWERGRID is madeup of BUSES andL INES.

2.3.1 POWERGRID

ThePOWERGRID is thegraph-like physicalinfrastructurethatdeliverspower from onelocationto another.
It hastwo parameters:

- � � �
� �
	������
	 �

�� , asetof BUSES (de®nedbelow).

- �$� � � �
	������
	��

�� , asetof L INES (de®nedbelow).

Thereis only oneinstanceof thePOWERGRID.

2.3.2 BUS

A BUS is apointatwhichpowermaybeinjectedor removedfrom thePOWERGRID. A BUS mayalsoroute
power to otherBUSES alongdifferentL INES (seebelow). EachBUS � hastwo attributes:

- �$� � � �
	������
	��

�� , theL INES thatareconnectedto � .

- ( ��
�� , thequantityof power currentlyinjectedinto � .

- � , thephaseangle.

2.3.3 L INE

A L INE transportspower from oneBUS to another. EachL INE � hasthreeattributes:

- (
����� , themaximumamountof power thatat any moment� maycarry.

- (��	�

��


, theamountof power currently�o wing through� .

- � , thereactanceof theline.

- � � �
� �
	 ��

� , thepairof BUSES that � joins.

2.3.4 ISO

TheISO administersthePOWERGRID. Fromtheperspective of thesimulator, ISO is theinterfacebetween
themarketsandthePOWERGRID. When,duringamarketsession,negotiationsfor buyingandsellingpower
reacha point wherethe market needsto validatethat the POWERGRID canphysicallydeliver the power
beingnegotiated,the ISO is called in. The ISO thendeterminesthe feasibility of delivering the power
beingnegotiatedby simulatingthePOWERGRID with thenegotiatedpower injectedinto thePOWERGRID.
TheISO hasno attributes.Thereis only oneinstanceof theISO.
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2.3.5 GENERATOR

GENERATORS produceelectricity. EachGENERATOR 5 hassevenattributes:

- 2 , theSELLER (de®nedbelow) thatrepresentstheGENERATOR in themarkets.

- � , theBUS thatconnects5 to thepower grid.

- ����� ���+����� , anaveragetotal costfunctionof theform � ��� ��� � (���� ;6( ! � thatmapsquantityto price.

- (

�����

, thequantityof power thatthe 5 's SELLER (de®nedbelow) plansto sell on themarkets.

- 


��� � ) �

, thefractionof thetotalquantityof power soldon themarketsthat 5 sells.

2.4 Control Module

The MARKETECTURE simulatorrequiresinput in orderto initialize eachof theattributesof eachentity in
thesimulation.As mentionedabove, CONSUMERS areinitializedby datafrom theUPMoSTsimulator. All
otherentitiesareinitializedby input®les.Thus,thesimulatoris highly con®gurableatruntime. Thecontrol
modulehasnoentities,but rathercontrolsthebehavior of all theotherentitiesin thesimulator.

3 Algorithmic Description of the MARKETECTURE Simulator

We now describehow the simulatorworks. A key featureof our designis that the simulatoris highly
con®gurableat run time. It executesa sequencechosenfrom setof possibleactions. The actualorderin
which theactionsareexecutedis determinedby theuser, who, beforethesimulationtakesplace,writesa
controlscript.Actionsmayberepeatedmultiple times.Wenow describeeachof theseactionsin detailand
provide their run-timecomplexity.

For mostof thediscussionin thissectionweadoptthefollowing notation:for anentity � having attribute
; , we will usethe “.” operatorto denotethevalueof ; . For instance,given two CONSUMERS �

� and �

 ,

� 
�� � refersto ��
 's BUS and �0�
� � refersto ��� 's BUS.
A MARKETECTURE simulationbegins in the control module,which initializes all the entitiesin the

simulatorandthenactuallyrunsthesimulation.

3.1 Initialization

During initialization, thecontrolmoduleof thesimulatoropensuser-de®ned®les,which determineall the
attributesof thethePOWERGRID, thenumberof CONSUMERS, SUPPLIERS, GENERATORS, andSELLERS,
andinitializesall of theattributesof theseclasses,exceptfor the � �

������


�-����� and (
� �')�* ��� of theCONSUMERS,

which aredeterminedby theRESETCONSUMER algorithm(seebelow). Thecontrolmodulesetstheglobal
variable ������� to zeroandcalls the RESETCONSUMERS algorithm. Finally, it opensthecontrol scriptand
processesit.

For thePOWERGRID andfor eachCONSUMER, BUYER, GENERATOR, andSELLER � , wecall thevalue
assignedduringinitialization to theeachof theattributes ; of � theinitial valueof ���1; .

Therunningtime of initialization is 	 ��
?!
� !����
� , where 
 is thenumberof CONSUMERS, � is the
numberof GENERATORS, and � is thenumberof BUSSES in thesimulation.

8



3.2 Control Script Processing

The heartof a MARKETECTURE simulationis the processingof the control script. The control script is
simply a text ®le having oneline for eachactionthewriter of thescriptwantsthesimulatorto do. Hereis
anexamplecontrolscript:

pricecap 100
bind random .25
runBilateralMar ket
runPoolcoMarket Normal
reset
runPoolcomarket Vickrey
bind random .1
runBilateralMar ket
runPoolcoMarket Wtdavg
bind random .2
runBilateralMar ket
reset
...

As the above exampleshows, eachline in the control script namesoneof four primary events: reset ,
bind , runBilateralMa rk et , andrunPoolCoMarket . TheeventsrunBilateralMa rke t and
runPoolCoMarket run a sessionof the market eachevent namedafter. The event bind determines
which BUYERS interactwith which SELLERS in the BILATERALMARKET. Theevent RESET increments
the simulationto the next bidding period and resetsthe entity attributes that have beenchangedduring
market sessions. In the remainderof this section,we will describeeachof theseactionsalgorithmi-
cally. The following simplealgorithmdescribesthe processof readingandexecutingthe control script.

Algorithm PROCESSCONTROLSCRIPT

Foreachline � in thecontrolscript,

Call thealgorithmcorrespondingto theeventnamedin � .

Therunningof thecontrolscriptdoesnothavea®xedrun-timecomplexity becauseits runningtimedepends
heavily on thecontentof aparticularscript.

3.2.1 ResetEvent

As market sessionsrun, the demandlessens,supply diminishes,and the POWERGRID getsloadedwith
power. Thesedynamicsare capturedby the attributes of eachof the entities in the simulator. Af-
ter the power sold on the market is spent,a new period of time for which power must be boughtand
sold opensand the attributes of the entities need to be reset. This is the purposeof a resetevent.
Note that, as in the example script above, it is possibleto run multiple sessionsof the samemar-
ket betweenresetcalls. In this case,subsequentsessionsrun before the next resetevent re�ect the
diminisheddemandand supply and increasedload on the POWERGRID causedby previous sessions.

Algorithm RESET

Let ��� � � � � ����� !

�

;
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ForeachBUS � . � in thePOWERGRID,

Let � �1( ��
�� ��� ;

Call RESETCONSUMERS (de®nedbelow);

Call RESETGENERATORS (de®nedbelow).

The total running time of this algorithm is 	 � � ! � ! 
 !�� � , where � is the numberof BUSSES,
� is the numberof GENERATORS, 
 is the numberof CONSUMERS, and � is the numberof INDI-
VIDUALS. The RESETCONSUMERS algorithm is called both by the RESET algorithm and during the
initialization of the simulator. Its main purposeis to determinethe demandCONSUMERS have by
contactingthe UPMOST simulator. Note that the UPMOST simulator is an entirely different sys-
tem from MARKETECTURE; it is not even necessaryfor it to run concurrentlywith a MARKETEC-
TURE simulation,as long as the UPMOST simulatorhaspreviously output the datanecessaryfor the
MARKETECTURE simulator to run. Note also that, becausethe infrastructurefor getting the demand
datais encapsulatedin the UPMOSTINTERFACE entity, the MARKETECTURE simulatorcould easilybe
adapted(by replacingthe UPMOSTINTERFACE entity) to get its demanddatafrom someothersource.

Algorithm RESETCONSUMERS

ForeachINDIVIDUAL � ,

Retrieve from theUPMOSTINTERFACE theattributesof � for thecurrentvalueof � ��� � .

ForeachCONSUMER � ,

Let � bethesetof INDIVIDUALS associatedwith � ;

Let � ���

���
	

� � �
� ���	��
����	� , thatis, � is thesumof theactivity coef®cientsof eachINDIVIDUAL in � ;4

Let # ���
�

����	

� � �
��
�������� , thatis, # is thesumof all theincomeof eachINDIVIDUAL in � multiplied

by asmallconstant5-;�
 
 ; ;

Let ���,�8�

������


�����9� � �"!$#&%'� , where� is theprice;

Let ���1(
� � )+*����

� ��� � 	 #&�

Therunningtimeof thisalgorithmis 	>����! 
 � , where� is thenumberof INDIVIDUALS and 
 is thenumber
of CONSUMERS.

The RESETGENERATORS algorithmis calledboth by the RESET algorithmandduring the initializa-
tion of the simulator. The purposeof RESETGENERATOR is to reseteachGENERATOR 5 's costfunction

5��,����� ���'����� andto determinehow muchpower SELLER 5��,2 will offer in themarkets(i.e., thevalueof 5��1(

�����

).

4Thepower demandata locationis thesumof thepower demandthatis independentof occupancy andthesumof thedemand
functionsfor all individualsat thatlocation.Therefore,

� � ����� type�����������������! 

�"� #%$�&

���%')(�*,+

#.-)#

+0/1�%23�4���

type���
� denotesthelocationthatis usedfor activity type � , �5���
� is thequantityof power thatis requiredat this locationregardless
of thenumberof individualspresent.Thesecondtermshows thedemandthatis a functionof theoccupancy.
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Figure2: Displayof oligopoly ( � ) andcompetitive equilibrium( � ): MC representsthemarginal cost,MR
themarginal revenue,� � and ( � thecompetitivepriceandquantity, � � and ( � theoligopolypriceandquantity
respectively.

Theaskingbehavior of eachSELLER 2 is basedon thestrategy SELLER 2 wantsto adopt.SELLER can
selectoneof thethreestrategiesi.e.,competitor, oligopolistandcompetitive-oligopolist. Figure2showshow

5��1(

�����

is determined.If 2��,2

�����

� ��� � 5�� ����� ��2�� then 5��1(

�����

is setto thepoint at which themarginal revenue
andthemarginal costfunctionsintersect,wheremarginal revenue2�� ��������� is de®nedas � � ( ��2��,�

�

��� (�� � %��-( .5

Notethat,in our model,for some; and � 2��,�

�

������� � ;>=$�@� , 2�� �������9� � ; =��8�@� . If 2��,2

�����

� �	��
 �
�����������

then 5��1(

�����

is setto thepoint wherethepriceequalsthemarginal cost. If 2��1; � � ��
 � � ������������� � � 5�� ����� ��2��

then 5��1(

�����

is uniformly randomlypicked to be betweenthe above two extremes. 2 on behalf of each
GENERATOR 5 . 2���3 offersaquantity, (��� 	 (	� ), somewherebetweenthetwo extremesof whatacompetitive
andanoligopolisticSELLER would offer. Theseextremesarerepresented,respectively, by 57�1(

��� �
( (

�
) and

5��1( � ��
 ( ( � ). Thus 57�1(

�����

.�
 57�1( � ��
 	+5��1( ��� �
� . In contrastto the traditionalCournotoligopolist model,we
assumethat 2 doesnot know the real market demandbut is ableto estimateit via 2 's estimateddemand
function 2��,�

�

������� .6 EachSELLER alsohasanestimateof themarket sharethatit expectsto sell 2�� 


��� � ) �

.

Algorithm RESETGENERATORS

Let � bethetotalquantityof power tradedon themarketssincethelasttime RESET wascalled;

ForeachGENERATOR 5 ,

Reset5��,��������� ����� to its initial value;

Let 5�� 


� � �') �

� � 5�� 


��� �') �

!��
*

%
� � %�� , where �
* is thequantityof power soldby 5 sincethelast

time RESET wascalled;

Let 5��1(
����� betheuniquequantitysatisfying5��,2��,�

�

��� (�� ��� � 5��,�
��� ���

����� � %���( ;

Let 5��1(
����


betheuniquequantitysatisfying� � ( �
2��,�

�

��� (�� � %���( ���7� 5��,�
�������

����� � %���( ;

If 5��,2��,2

�����

� ��� � 5�� ����� ��2�� , thatis, if 5 's SELLER' S askingstrategy is oligopolistic,

Let 5��1(

�����

� (
����
 ;

5Although we denotemarginal revenuein a way usuallyreserved for attributes, ��� is not an attributeof the SUPPLIER class
becausewe caneasilyderive it from theestimateddemandfunctionattribute ����� .

6Giventhatthe �
�����

(��
�

�,� � attributeof theCONSUMER is nonlinear, thelinearestimatesthat �
���

�,� � providesallow for informa-
tion asymmetrybetweentheSELLERSandtheBUYERS.
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Elseif 5��,2��,2

�����

� �	��
 �
����������� , thatis, if 5 's SELLER' S askingstrategy is competitive,

Let 5��1(

�����

� ( ����� ;

Else

Choose5��1(

�����

by samplinguniformly from therange 
 ( � ��
 	 ( ��� � � .

Therunningtimeof thisalgorithmis 	 ��� � , where� is thenumberof GENERATORS.

3.2.2 RunPoolcoMarket Event

The POOLCOMARKET was describedin detail in section 2.2.5. Here we describe the process
of running the POOLCOMARKET. In order to make it easier to understand,we break the run-
ning of the POOLCOMARKET into four phases: dispatchingpower, calculating the market clearing
price, calculating the bids (respectively, asks)of eachCONSUMER (respectively, GENERATOR). The
following algorithm shows each of these four phases,which we describebelow in greater detail.

Algorithm RUNPOOLCOMARKET

DISPATCHPOWER;

CALCULATEMCP;

CALCULATEBIDSANDASKS;

CONFIRMCONTRACTS;

Thetotal runningtime of this algorithmis 	>��
?! ������� � ! �




� , where 
 is thenumberof CONSUMERS,
� is thenumberof GENERATORS, and � is thenumberof BUSSES.

In the®rst phase,we determinewhich GENERATORS arecalledin.

Algorithm DISPATCHPOWER

Let � � � ASKS ;�� � ;7� 5 . 3 �
	 � ;��1( � 5��1(

�����

��	 � ;7� � � 5��,�
��� ���

� ;7�1(�� �
�
, where 3 is the setof all

GENERATORS in the simulation,that is, � is the set of all ASKS basedon someGENERATOR' S

askingprice �

�����

;

Let � ;���	 ; 
�	������
	 ;



� be the ASKS in � listed in economicorder, i.e., �
� � 	��$. �5� 	���	������0	 �
�

� 
 � � ;
�

	 ;
�

� .

� ��	 � ������� ;
�

� ��� ;
�

� �9� � ;

De�ne �&�

������


�����9� �
�

�����

�0�,���

������


�����9� , where � is thesetof all CONSUMERS in thesimulator, thatis,
�&�

������


������� is thesumof all demandfunctions;

Let �
� � )+*����

�

�

� ���

�0�1(
� � )+*����

, thatis, �
� �')+*����

is thesumof all targetdemands;

Let �:����� � � �
�6� �!� � �"	 �
�

�

�$#
�

; � �1(%�&�('*) �+� �

������


�-� ; � � �9� 	�� � �')+*����
�

�
�
, where ; � �1( (respectively, ; � � � )

is thequantity(respectively, price)of ASK ; � ;
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Thus, the integer � that is calculatedin the last line of the above algorithmis the index of the ASK cor-
respondingto themostexpensive GENERATOR that is calledin. Thesumof thedemandfunctionsof the
BUYERS areusedto determinethevalueof � .

The runningtime of this algorithmis 	>��
 ! � ����� � � , where 
 is the numberof CONSUMERS and
� is the numberof GENERATORS. (The ������� � term is from the requiredsortingon the ASKS of each
GENERATOR thatoccursin step2 of theprecedingalgorithm.)

In thenext phase,wedeterminetheMCP, whichdependsonwhethertheclearingis Normal , Vickrey
or Weighted Average .

Algorithm COMPUTEMCP

Let �

�

�

� �

�

�

� �

�

� # �

; � �1(

If �
� � ,

If we arerunningaNormal auction,

Let �

���

� ;
�

� � ;

Elseif wearerunningaVickrey auction,

Let �

���

� ;
���

�
� � ;

Else(i.e., if we arerunninga Weighted Average auction),

Let �

���

�

�

�

�

#
�

� ;
�

� ��� � ;
�

�1(8� % �

�

�

�

#
�

;
�

�1(�� ;

Else

Let �

���

� �('*) � �
���@�

	 ���

�

�

������


�

� �

�

�

�'�

�

�

�
� ;

Therunningtimeof thisalgorithmis 	 ��� � , where� is thenumberof GENERATORS.
Next, we determinethe BIDS andASKS thataresentto the ISO for approval. SinceASKS wereused

in the®rst two phases,we simplyassigntheMCP to thepriceattributeof theASKS thatwerecalledin. We
mayalsoneedto modify thequantity®eld if thereis asurplus.

Algorithm CALCULATEBIDSANDASKS

Let � �

������


� � ��'*) �+�&�

������


�-� �

�	�

� 	��
� �')�* ��� � ;

Let �

� ) �

�

�

� ��'
)���� �

������


��	��

�

�

� �

�

�
�
;

Foreach �/. � ��	�������	 �
�

Let ; � � � � �

�	�

;

Let ; � �1( � ; � �1( � �

� ) �

�

�

%
�

�

�

� �

�

�

;

Let 
 ��� ;

ForeachCONSUMER � ,
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Let 
 � 


�

�-� �0	��0�,���

������


�6� �

�	�

� ���

� ) �

�

�

%
� �

������


�8	 �

���

� � ;

The runningtime of this algorithmis 	 ����! 
 � , where � is the numberof GENERATORS and 
 is the
numberof CONSUMERS.

Finally, wesendtheseBIDS andASKS to theISO. If theISO approves,weupdatethedemand(respec-
tively, supply)attributesof theCONSUMERS (respectively, GENERATORS).

Algorithm CONFIRMCONTRACTS

Submit ASKS ;��
	������
	 ; � andeachBID � . 
 to theISO for approval.

If theISO approves,

Foreach �/. � ��	������
	 � � ,

Let ; � � 5��1(

�����

� ; � � 5��1(

�����

= ; � �1( ;
De�ne ; � � 5��,�

��� ���
� (�� � ; � � 5��,�

��� ���
� ( ! ;��1(�� ;

ForeachBID � . 
 ,

Let �
� �0�1(
� � )+*����

� ��� �0�1(
� � )+*����

= ���1( ;
De�ne �
� �0�,�8�

������


�-����� � ��� ���,���

������


�-���9�/= �
�1( ;

Therunningtime of this algorithmis 	>��� ! 
$!
�




� , where � is thenumberof GENERATORS, 
 is the
numberof CONSUMERS, and � is thenumberof BUSSES.

3.2.3 Bind Event

The bind event is whereSELLERS andBUYERS arematchedfor an upcomingrunBilateralMarket event.
Therearetwo syntacticalformsthatbind eventcantake. In the®rst case,theform is

bind random num

where num is a �oating point number in 
 � 	���� . In this case the algorithm is

Algorithm BIND

Let � � � .

Foreach(BUYER, SELLER) � ��	'20� ,

Let � bea �oating pointnumbersampleduniformly from 
 � 	���� ;

If � �
��� 
 ,

Let � ���

�

�-� ��	'2��
�
;

Theotherform is

bind � ���
	'28� � 	
� � 
8	'2 
�� 	�������	
� �



	'2



�
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where � �
�
	'2�� � 	
� � 
8	'2�

� 	�������	
� � 
 	'2 
 � is a list of (BUYER, SELLER) pairs. In this casethe algorithm is

Algorithm BIND

Let � ���-� �
�
	'2�� � 	
� � 
�	'2�

� 	�������	
� � 
 	'2 
 � � .

In eithercase,therunningtime of this algorithmis 	>��
 � � � , where 
 is thenumberof CONSUMERS and
� is thenumberof GENERATORS.

3.2.4 RunBilateralMark et Event

The BILATERALMARKET wasdescribedin detail in section2.2.6. Beforea runBilateralMarket eventoc-
curs,we assumethata bind eventhasoccurred.The RUNBILATERALMARKET algorithmtakesoneargu-
ment,thesetof matchings� createdby themostrecentbindevent.

Algorithm RUNBILATERALMARKET

Foreach � ��	'2�� . � , where � is thelatestsetof matchingscreatedby theBIND algorithm,

Foreach � �0	+5 � . �����

�

2���3 ,

Let � be theuniquequantitysatisfying � � � ���,�-�

������


��� 5��,�
�������

� � � � 	$� �
��� ���

� � ��� �
�����

� 	

� � � ��'*) � �0�1( � �')�* ��� 	+5��1(

�����
�

� 	 � ��'*) ���>	+5��,����� ���'� � �
���

��� � ;
If sucha � exists,

Submit BID � �0	�� 	+57�,�
�������

� � � � andASK � 57	�� 	+5��,�
��� ���

� � � � to theISO for approval;
If theISO approves,

Let 5��1(

�����

� 5��1(

�����

=�� ;
De�ne 5��,�

�������
� (���� 5��,�

��� ���
� ( ! � � ;

Let ���1(
� � )+*����

� �0�1(
� �')+*����

=�� ;
De�ne ���,�8�

������


�6���9��� �0�,���

������


� =�� ;

Note that the order in which the (BUYER, SELLER) pairsarechosento negotiatecontractsis signi®cant.
Becausethe costanddemandfunctionsareupdatedassoonasa contractis cleared,asa rule of thumb,
contractsthatclearearlierwill befor morepower. Therunningtimeof thisalgorithmis 	>��
 ��� � �




� , where

 is thenumberof CONSUMERS, � is thenumberof GENERATORS, and � is thenumberof BUSSES.

3.3 Computing Power �o w

Thepower �o w problemis to computethe loadon eachL INE of a POWERGRID given thepower injected
into thegrid. Weaskthereaderto referto astandardtext, e.g.,[36], for anintroductionto thetopic.

Let 3 bethePOWERGRID. Recallthat 3 hasattributes � , i.e., its setof � BUSES, and � , its setof 


L INES. Oneof theBUSES ��� . � is designatedthereference, or swing, BUS. Let �
��� �

. � denotetheL INE

betweenBUSSES � and � .
In somepower �o w models,eachL INE �

��� � hasan impedance�
��� �

� �
��� �

!

�

� �
��� � where �

��� � is the
resistanceand �

��� �
is the reactanceof the L INE. The input is a power injectionvector 	 .�



 specifying
thepower injectedat eachBUS in the POWERGRID; loadsaresimply negative injections.Theoutputis a
vector � .�


� specifyingtheamountof current�o wing througheachL INE.

15



Our simulatorconsidersonly the“linearized,” or the“DC,” load�o w problemsincethelinearizedver-
sionscalesup easily. Thepower �o w through� ��� �

from BUS � to BUS � is

	 ��� � �

� � = � �

� ��� �

where� � and � � arethephaseanglesat BUSSES � and � [11].
Now, for eachBUS � , thepower 	 � injectedat the BUS mustequalthepower �o wing out of the BUS.

Therefore,

	 ���

�

�

� � = � �

� ��� �

�

This givesusa systemof linearequations	 � 
�� , where 	 � 
 	 � �����
	 	 
 � is thevectorof power �o w at
eachBUS, � � 
 ���
	������
	�� 
 � is thevectorof phaseanglesateachBUS, and
 is thematrixL INE susceptances
givenby



��� � = =

�

�

#�� �

� 	�� �� �



��� � = �

���

#

�

�

�

#�� �

� ����



���

� = � � ����


 �
� �

= � � ����


 �
�

� = �

Thesolutionto thesystemof equationsis obtainedby computingtheinverse


�

� of 
 andsubstituting
in � � 


�

�

	 to solve for � . Knowing ��� and � � andgiven � ��� � , we cancomputethepower �o w through
L INE �

��� � . EachL INE hasa maximumpower �o w capacity. If theactualpower �o w throughthe L INE as
computedabove exceedsthis capacity, thenwe saythat the physicalconstraintsof the POWERGRID are
violated.

Inverting 
 occursonceduring thesimulation,during the initialization phase.It is 	>� � ��� , where � is
thenumberof BUSSES.

Thebasicalgorithmfor computingpower �o w is run by theISO whencontractsaresubmittedto it for
approval. It updatestheloadson thePOWERGRID BUSES with thevaluesspeci®edby theBIDS andASKS

(subtractingpower for a BID, addingpower for anASK). It thensolvesthepower �o w equations,wherethe
power vector 	 is thevectorof the (

��
��
attributesof the BUSES. Note that,even thoughBIDS andASKS

do notexplicitly have a BUS attribute,thecorrespondingBUS canbefoundfrom theBUS attribute � of the
BID' S CONSUMER � or ASK ' S GENERATOR 5 . If any of thelinesexceedtheir capacity, the ISO removes
the power just loadedonto the POWERGRID anddisapproves the contracts.Otherwise,it approvesthem.
This algorithmtakestwo arguments:a list of the ASKS � anda list of BIDS 
 thatneedto beapproved.

Algorithm APPROVECONTRACTS

ForeachASK ; . � ,

Let ;�� 5�� � �1(
��
��

� ;�� 5�� � �1(
��
 �

! ;7�1( ;

ForeachBID � . 
 ,

Let �
� �0� � �1(
��
��

� ��� �0� � �1(
��
��

= �
�1( ;

Solve thepower�ow equations;

ForeachL INE �&. � , where� is thesetof L INES in thePOWERGRID,
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If ���1( ���

��
 � ���1( ��� �

ForeachASK ; . � ,
Let ;�� 5�� � �1( ��
�� � ;�� 5�� � �1( ��
 � = ;7�1( ;

ForeachBID � . 
 ,
Let �
� �0� � � ��� �0� � �1( ��
�� ! �
�1( ;

Rejectcontracts;

Exit algorithm;

Approvecontracts(note:if thealgorithmgetsthis far, i.e., if it doesnotexit, thenno line constraintshave
beenviolated);

This algorithmis 	 ��� !�� ! �




� , where � (respectively, � ) is thenumberof ASKS (respectively, BIDS)
and � is the numberof BUSSES. 	>� �




� is the amountof time it takesto solve the power�ow equations,
assumingthat 


�

� hasalreadybeencomputed.
Theprecedingdiscussionof themodules,entitiesandalgorithmsusedin Marketectureaimsto show the

level of scaleanddetail that it cancapture.This is a large-scalesystem,capableof handlingtransactions
betweenthousandsof buyersand SELLER who further representmillions of consumersandhundredsof
generators,respectively. Previouslydesignedlarge-scalesystemseitherdonotrepresentindividualbehavior
or model individuals in sucha way that their behavior is unrealistic[12]. Market simulatorsthat model
realistichumanbehavior [24] have modeledit at sucha high level of detail that they cannoteasilyscale
up to the sizeof our simulation. Our approachis a compromisebetweenthesetwo kinds of approaches.
We modelindividual behavior by providing market entitieswith parameters.Theseparametersallow each
entity an individual characterbut thesearenot sodetailedthat thesimulatordoesnot scale.Thegoal is to
capturedifferentbehavior of thesystemusingdifferentsetsof parameters.A parameterizedrepresentation
allows ef®cientuseof computationalresources.Suchrepresentationsarealsovaluablefrom thestandpoint
of extensibility. The designandarchitectof our systemis setup in sucha mannerthat othercommodity
marketscanbestudiedwith minimalmodi®cations.

4 A CaseStudy

We now useMarketecture to performa studythatevaluatesthe performanceandef®ciency of the POOL-
COMARKET and BILATERALMARKET marketsunderdifferent trading institutionsandordersof market
execution.This studyanalyzesdifferentstrategiesof theSELLER anda rangeof differenttradingarrange-
mentsto determinewhich combinationsleadto highermarket ef®ciency andsocialwelfarethroughtheir
impacton market clearingprice,market clearingquantity, buyers'surplus,sellers'surplusanddeadweight
lossto thesociety.

Therehave beenseveral experimentalstudiesdonein the literaturewhich addresssimilar issues.[13]
usesa gametheoreticapproachto show that if thepool settlementpriceis modi®edto useVickrey auction
clearing,it would remove theability of the SELLER to in�uence theclearingpriceandmake themarginal
costbidding the dominantbidding strategy. Work by [22] usesan agentbasedmodelingapproachto un-
derstandtheissuesof market power andef®ciency in a wholesaleelectricitymarket. [10] comparesresults
of a sealedbid offer market mechanismanda uniformpricedoubleauctionmechanismin a spotelectricity
market. Thecomparisonof performanceis donein termsof market ef®ciency, buyerandsellerpro®tability
and the delivery price. Their resultsshow that the sealedbid offer mechanismperformsbetterthan the
uniform pricedoubleauctionmechanism.[23] usescashmotivatedhumanlaboratoryto comparethe two

17



alternative institutionalarrangementsfor thetradingof electricpower. Day-aheadsealedbid tradingandthe
continuousdoubleauctiontradingis usedto measuretheef®ciency, distribution of surplusbetweenBUYER

andSELLER andtheeffect of locationon pricesandpro®tability. [4] usesanagentbasedsimulationmodel
of thewholesalemarket for electricityin EnglandandWalesto studytheimpactof uniformversusdiscrim-
inatoryclearingpriceswhichwereimplementedasSMP(SystemMarginalPricing)andpay-as-bidclearing
rulesrespectively.

Our studyusesmultiple market clearingmechanismsandmultiple seller's strategies to determinethe
performanceof the differentmarkets. Several differentcombinationsof markets, strategies andclearing
mechanismsareanalyzedwith ahigh level of detail,accuracy andrealism.

4.1 Mark et Performanceand Ef®ciency

Theparametersusedin thisstudyto measurethemarket performanceandef®ciency are(i) buyers'surplus,
(ii) sellers'surplus,(iii) paretoef®ciency/socialwelfare/deadweightloss,(iv) market clearingpriceand(v)
market clearingquantity. Similarmeasureshave alsobeenconsideredby otherresearchersin theelectricity
literature[10], [23], [4].

Buyers'surplusis measuredasthedifferencebetweentheamountof money thataBUYER actuallypays
for quantity � andtheamounthewould bewilling to payfor quantity � ratherthando without it. Sellers'
surplusis calculatedasthe differencebetweenthe SELLER's total revenueandits variablecosts. Pareto
ef®ciency is measuredby thepercentageof deadweight lossto thesocietyor theproportionof maximum
surpluscapturedby theBUYER andSELLER. If theoretically, themaximumsurplusavailableto thesociety
is 100� andsumof SELLER andbuyers'surplusis only 95� , thenthedeadweight lossto thesocietyis 5�

andtheparetoef®ciency is95� . Weusethetotalsurplusavailableunderthecompetitivestrategy andnormal
clearingasthe theoreticallymaximumsurpluspossibleunderthe POOLCOMARKET. All otherstrategies
arecomparedwith thecompetitivestrategy to determinethedeadweightloss.In theBILATERALMARKET

also,thecompetitivestrategy is consideredto beparetoef®cient. This de®nitionof ef®ciency is consistent
with the measureusedin [23]. The market clearingalgorithmsusedfor the POOLCOMARKET clearing
arenormal, Vickrey auctionandweightedaverage clearing.For theBILATERALMARKET, this studyuses
the randommatchingprobability of 1 to pair the BUYER andSELLER which meansthat all BUYER and
SELLER have accessto eachotherandcanpotentiallypair with eachothergiven their demandandsup-
ply functions. In both BILATERALMARKET andPOOLCOMARKET the SELLER canchoosebetweenthe
previously mentionedthreebusinessstrategies;competitor(C), oligopolist(O) andcompetitive-oligopolist
(B).

4.2 Input Parameters

Thisstudyusesthesyntheticpopulationdataon1.6million individualsfor thecity of Portland,Oregon.The
previouslymentionedUPMoST(UrbanPopulationMobility SimulationTechnology)tool createdaregional
populationimitation of Portlandwith demographicscloselymatchingtherealpopulation[29]. Thespatio-
temporaldemandpro®lesfor every hour, total of 24 hours,wereconstructedfor eachof the 1.6 million
individualsusingthetechniquegivenin Section2.1.

The1.6 million individualsin Portlandaredistributedover 243,000spatiallocations.Theselocations
arerepresentedby theentityConsumerin oursimulation.Eachof the243,000locationsarefurtherassigned
to 400buyerson a randombasis.On thesupplyside,40 generatorswereassignedto 40 differentsellers.
Basedonthecostfunction,anestimatedmarketshareandanestimatedlinearmarketdemandfunction,each
SELLER calculatesits pro®t maximizingpriceandoutputlevel for thethreestrategiesexplainedabove.

Eachsimulationrun is performedfor 24 hours.In eachhour, themarket is run 4 timesto give multiple
chancesto theBUYER andSELLER to meettheir targetsfor thehour. TheBUYER aimis to meetthesumof
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thetargetdemandfor all its CONSUMER andthesellers'aimis tosellthepro®tmaximizingoutputcalculated
for thehour. A pricecapis setat 100� perMW for boththePOOLCOMARKET andBILATERALMARKET.

4.3 Summary of Results

Table1 shows themarket clearingprice(MCP), market clearingquantity(MCQ), buyers' surplus,sellers'
surplusandthedeadweightloss(DWL) to thesocietyfor thePOOLCOMARKET andBILATERALMARKET

undereachof threestrategiesof theSELLER. Eachof thenumbersshown in thetablearehourly averages
calculatedover a 24 hour period. The buyer's surplusis calculatedby summingup all its corresponding
consumers'surplus.Notethatthesurplusfor theinelasticpartof thedemandcurve is boundedby theprice
cap.For SELLER, thepro®tsplusthe®xedcostdeterminethesurplus.The®xedcosthasbeenaddedto the
surplusto re�ect thattheSELLER considerthe®xedcoststo besunkcostwhich will beincurredno matter
whetherthe SELLER actuallysellsanything or not. A SELLER who doesnot get called in the market to
serve theloadwill have zerosurplusby this de®nition.Thedeadweight lossis thatpartof thesurplusthat
neithergoesto theBUYER nor to theSELLER.

� PoolcoModel

1. Theresultsfor thePOOLCOMARKET aresummarizedin Table1. Panel1 shows thatthesystem
is pareto-ef®cientundernormalclearingandcompetitivestrategy. Thesurplusgeneratedhereis
usedasabenchmarkto calculatetheDWL in theotherPOOLCOMARKET clearingmechanisms
andstrategies. The DWL to the societyundercompetitionis zeroandquantityclearedis the
highest.

2. If Vickrey auctionclearingmechanismreally inducestheSELLER to revealtheir trueproduction
costsandbid at competitive level, the market performanceis almostpareto-ef®cient. This is
shown in the ®rst row of Panel2 whereVickrey clearingandcompetitive strategy is followed.
TheMCPis only marginally higherandthedeadweightlossis almostzero.HigherMCPresults
in slightly highersellers'surplusandlower buyers'surplus.

3. Evenif Vickrey clearingdoesnot leadto revelationof truecostsbut inducestheSELLER to move
from theoligopolisticstrategy to competitive-oligopolist strategy, it reducesthedeadweightloss
to thesocietyby morethan11� andincreasesthebuyers'surplusby 13� .

4. If the POOLCOMARKET clearingalgorithmis Vickrey andyet the SELLER continueto behave
likeoligopolists,themarketperformanceis worsethanit is undernormalandweightedaverage
clearing.

5. If weightedaverage clearingmethodis usedto clear the POOLCOMARKET, the MCP is the
lowestresultingin thehighestbuyers'surplusandlowestsellers'surplus.Thedeadweightloss
andthe MCQ areonly marginally differentascomparedto other POOLCOMARKET clearing
mechanisms.Thisholdsfor all threedifferentstrategies.

6. Amongthefour differentPOOLCOMARKET clearingalgorithms,theworstoutcomeis realized
whenVickrey auctionwith ` � ' strategy is used.TheMCPis thehighest,theMCQ is thelowest,
thedeadweightlossis thehighestandtheconsumersurplusis thelowest.

� Bilateral Model

1. In theBILATERALMARKET, theaveragetotalcost(ATC) curve is offeredasthesupplycurveno
matterwhat thestrategy of theSELLER is. Differentbusinessstrategiesareusedto only create
differentupperboundson the quantityoffered. If the strategy is competitive, i.e. 5��,2��,2

�����

�

�	��
 �
� ����������� , the SELLER offers the ATC curve boundedby 5��1(

�����

� ( ����� , if the strategy is
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oligopolistici.e. 5��,2��,2

�����

� ��� � 5�� ����� ��2�� , theATC curve is boundedby 5��1(

�����

� ( ����
 , andif the
strategy is competitive-oligopolist,it is boundedby 5��1(

�����

where 57�1(

�����

is sampleduniformly
from therange
 ( � ��
 	 ( ��� � � .

2. Theaveragecontractpriceperunit in the BILATERALMARKET is muchlessthantheaverage
pricein thePOOLCOMARKET. Thereasonbeingthat in thePOOLCOMARKET, every SELLER

getspaid the sameprice as bid by the marginal SELLER. This resultsin a more inef®cient
uniformpricing.

3. Theabsolutevalueof thebuyers'andsellers'surplusin theBILATERALMARKET is muchlower
thanin thePOOLCOMARKET. This is dueto thefactthatindividual contractsarebeingnegoti-
atedin theBILATERALMARKET resultingin moreef®cientpricingof contracts.

4. The relative value of the surplusis muchhigher for the BUYER than for the SELLER in the
BILATERALMARKET ascomparedto thePOOLCOMARKET.7 This is becausetheSELLER are
bidding at the ATC in the BILATERALMARKET. Also, dueto the uniform pricing rule in the
POOLCOMARKET SELLER getpaidmuchhigherthantheirbidpriceresultingin ahighersurplus
for theSELLER.

5. Note that the averageclearingprice undercompetitivestrategy is higher than the oligopolist
strategy. This is becausewhen more quantity is sold, the price cap is triggeredmore often
resultingin a higheraverageprice. To con®rmthat this indeedis the reason,we removed the
price capandfound that the averageprice under` � ' strategy is lower thanthe averageprice
under` � ' strategy.

Table1

MarketPerformanceandEf®ciency Results

Strategy MCP MCQ BuyerSurplus(� ) SellerSurplus(� ) DeadweightLoss(� )
Panel1: PoolcoModel - NormalClearing

C 12.53 1800 78.03 21.97 0
B 22.83 998 55.61 31.67 12.71
O 32.01 715 42.96 33.12 23.90

Panel2: PoolcoModel - Vickrey AuctionClearing
C 12.76 1791 77.33 22.57 0.09
B 22.59 1011 55.92 31.69 12.38
O 32.15 714 42.79 33.25 23.94

Panel3: PoolcoModel - WeightedAverageClearing
C 5.94 1769 92.70 5.12 2.17
B 13.75 1034 70.50 18.32 11.17
O 28.48 715 47.09 28.99 23.91

Panel5: BilateralModel
C 7.18 1806 95.17 4.83 0
B 7.22 1354 71.49 4.23 24.27
O 6.94 903 47.36 3.20 49.42

Table 2 shows the market performancewhen both BILATERALMARKET and POOLCOMARKET are
allowed to run in a certainorder within the hour. Eachmarket player is given a chanceto play in the

7Weusethetotalsurplusgeneratedin theBILATERALMARKET with
�

strategy to calculatetheDWL for the � and � strategies
in theBILATERALMARKET.
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BILATERALMARKET andPOOLCOMARKET to ful®ll the target demandandsell thedesiredoutput. Two
iterationsof BILATERALMARKET andtwo iterationsof POOLCOMARKET arerun in eachhour. Different
scenariosarerun usingdifferentordersof market executionto analyzetheeffect of orderingon theperfor-
manceof themarket. In the®rst scenario,two iterationsof theBILATERALMARKET arerunbeforethetwo
POOLCOMARKET iterations.Theresultsfrom this scenarioareshown in the®rst threepanelsof Table2.
Theonly differencein thesepanelsis thatdifferentPOOLCOMARKET clearingalgorithmsareusedin the
POOLCOMARKET. Normal,Vickrey andweightedaverage clearingresultsareshown in panels1, 2 and3
respectively.

In the secondscenariothe orderof executionfor the BILATERALMARKET and POOLCOMARKET is
reversed.Now thetwo POOLCOMARKET iterationsarerunbeforethetwo BILATERALMARKET iterations.
Resultsfrom the secondscenarioareshown in panels4, 5 and6 of Table2. Again, normal,Vickrey and
weightedaverage clearingis usedin the POOLCOMARKET and the resultsare displayedin panels4 ,5
and6 respectively. TheDWL for eachof thepanelsin Table2 hasbeencalculatedby usinga benchmark
totalsurplusgeneratedwhenbothBILATERALMARKET andnormalPOOLCOMARKET wererununder̀ � '
strategy. For example,Panels1-3 usethe benchmarktotal surplusgeneratedwhenBILATERALMARKET

followedby normalPOOLCOMARKET is runwith a` � ' strategy. Panels4-6usethebenchmarktotalsurplus
generatedwhennormalPOOLCOMARKET followedby BILATERALMARKET is runwith a ` � ' strategy.

Order of Mark et Execution

� If BILATERALMARKET is run®rst,morevolumegettradedatacheaperpricesincepricesonaverage
arelower in theBILATERALMARKET market thanPOOLCOMARKET.

� Thebuyers'surplusis muchhigherwhenBILATERALMARKET is runbeforePOOLCOMARKET. This
is becausewhenBILATERALMARKET is run ®rst, all the inelasticdemandis served in this market.
Giventhat theSELLER areonly charging averagetotal costandthereis no uniform pricing rule like
thePOOLCOMARKET, thesellers'surplusis muchlower in theBILATERALMARKET.

� Thetotalvolumetradedi.e. � � � � �

�

! � � � � � � is higherwhenPOOLCOMARKET is runbeforethe
BILATERALMARKET. Thereasonbeingthatall theinelasticdemandhasto bemetin themarket that
runs®rstevenif it is expensive. Oncetheinelasticdemandis servedin thePOOLCOMARKET, theBI-
LATERALMARKET is runwhich is usuallymuchcheaperthanthePOOLCOMARKET. Thedownward
slopingdemandfunctionsallow higherquantitiesto beboughtin theBILATERALMARKET. The�ip
sideof this behavior is shown in the ®rst threepanelswherePOOLCOMARKET is run after BILAT-
ERALMARKET. Thevolumetradedin theBILATERALMARKET is highbut in thePOOLCOMARKET

it is really low. This is becauseall the inelasticdemandis met in the BILATERALMARKET which
hadrun ®rst. Therestof thedemandis priceelastic.This, whenofferedin therelatively expensive
POOLCOMARKET, resultsin low volumetradedin thePOOLCOMARKET.

� The DWL to the society increasesconsistentlyas SELLER move from being competitive to
competitive-oligopolist to just oligopolistsno matterwhat the orderof executionis. Whenthe BI-
LATERALMARKET is run®rst, theDWL is higherthantheDWL whenPOOLCOMARKET is run®rst.
This is true underall threestrategies. This is becausewhenBILATERALMARKET is run ®rst total
volumetradedis muchlower.

� Panel6 shows thatwhenweightedaverage POOLCOMARKET is runbeforetheBILATERALMARKET

with a ` � ' strategy, theDWL is -4.19. This simply meansthat thebenchmarktotal surplusthatwas
chosenwith theexpectationthatnormalPOOLCOMARKET will alwaysleadto highestquantitytraded
andhencemostef®ciency is not true. TheDWL is the lossgeneratedfrom both themarkets. When
weightedaverage POOLCOMARKET is run ®rst, thevolumetradedin thatmarket wasthe lowestin
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comparisonwith theotherPOOLCOMARKET clearingmechanismsunder` � ' strategy. This allowed
morequantityto be tradedunderBILATERALMARKET (after the weightedaverage POOLCOMAR-
KET) resultingin surplushigherthanwhatwasgeneratedin Panel5 undernormalPOOLCOMARKET

with a ` � ' strategy.

Table2

Resultsfrom DifferentOrderof MarketExecution

Strategy � � 	 �

�

� � � �

�

� � 	 � � � � � � � B.Surplus(� ) S.Surplus( � ) DWL( � )
Panel1: BilateralFollowedby NormalPoolco

C 7.17 1799 12.91 70 83.60 16.40 0
B 6.97 1359 16.48 67 71.07 4.53 24.39
O 6.97 901 29.23 18 46.83 3.41 49.75

Panel2: BilateralFollowedby Vickrey Poolco
C 7.18 1806 13.77 0 92.30 4.69 3.00
B 7.28 1353 19.75 0 73.38 3.77 22.84
O 6.96 902 34.20 4 46.16 3.17 50.66

Panel3: BilateralFollowedby WeightedAveragePoolco
C 7.16 1799 1 68 94.18 4.68 1.13
B 6.92 1363 8.54 21 70.30 3.86 25.83
O 6.97 901 26.04 18 46.86 3.38 49.75

Strategy � � 	 �

�

� � � �

�

� � 	
� �

� � �
� � B.Surplus S.Surplus DWL

Panel5: NormalPoolcoFollowedby Bilateral
C 5.42 1776 12.41 1819 76.97 23.02 0
B 5.96 1365 22.85 997 55.85 31.81 12.33
O 7.70 870 34.39 667 40.78 35.37 23.84

Panel6: Vickrey PoolcoFollowedby Bilateral
C 5.43 1778 12.68 1803 76.22 23.55 0.22
B 6.25 1361 23.41 977 54.96 32.32 12.70
O 7.71 870 34.49 666 40.78 35.37 23.87

Panel7: WeightedAveragePoolcoFollowedby Bilateral
C 4.28 1880 3.82 1561 98.24 5.95 -4.19
B 7.00 1301 14.49 935 68.23 17.02 14.74
O 7.70 870 30.19 666 45.17 30.97 23.85

5 Computational Issues

In thissection,wedescribeourexperienceswith thecomputationalissuesinvolvedin designingandimple-
mentingour simulationtool in orderto performlarge-scalesimulations.The runningtime of eachof the
componentalgorithmswasdiscussedin Section3.

5.1 Computing power demand

Wecomputethepowerdemandatany giventime of dayasa functionof theactivities anddemographicsof
approximately1.6million INDIVIDUALS spreadoverroughlyaquartermillion distinctlocations.Thisinput
datais obtainedfrom themicro-simulationperformedby theUPMOSTINTERFACE for INDIVIDUALS in a
medium-sizedurbanarea.
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For reasonsof modularityof the code,we currentlyperformthis stepasa pre-processingphase.The
input to the pre-processingphaseis a setof the activities anddemographicinformationgeneratedby the
UPMOSTINTERFACE. Theoutputis a setof 24 ®lesgiving theaggregateddemandpro®le(essentially, the
coef®cientsof a demandfunction)for eachhourof thedayat all locations.In orderto discover thedemand
pro®leatagivenlocationduringagivenhour, onecansimply loadthedemandpro®lesfrom theappropriate
hour.

It is possibleto performthis stepasa separatepre-processingphasebecausewe have ana priori ®xed
time step(1 hour)whichde®nesthesmallestgranularityof simulatedtime duringthecourseof thesimula-
tion. However, we would like to implementthemoreelegantsolutionof queryinga databaseserver for the
demandpro®leatagivenlocationduringanarbitrarywindow of time. In aparallelcomputingenvironment,
this databasecouldevenbedistributedby partitioningit accordingto thetopologyof thegrid. Thedemand
atagivenlocationchangesovertimeonly asaresultof achangein theactivitiesperformedatthelocationor
theoccupancy of thelocation.If suchchangesaresmall,averyef®cientcachingstrategy canbedeveloped
to reducethedatabaselookuptime.

5.2 DemandFunctions

Theaggregationstepdescribedin step3 of algorithmDISPATCHPOWER computesthesum � �

������


�6����� of
individual demandfunctions. The implication is that at any price per unit power � , the value of � ���9�

denotesthe aggregatedemandat � . However, with the introductionof discontinuousconstraints,suchas
themaximumtargetdemandattribute (

� � )+*���� for eachCONSUMER, this is no longertrue.Consequently, we
haveto carefullyconsiderthesemanticsof thedisaggregationstepin algorithmCALCULATEBIDSANDASKS

whenthenetpowerclearedin themarket is partitionedamongindividual CONSUMERS.
Considera smallexamplewith two demandfunctions � �
���9� � ��� !���� ��%'� and � 
8���9� ����� !���� ��%'�

and target demands�
�

����� and �



���
� . Then, the aggregatetarget demandis � � �
�

! �



� �	���

andtheaggregatedemandfunction is � ���9� �	��� !��
� ��%'� . At � � � � , we compute� � � ��� � �	��� which
doesnot exceedthe aggregatetarget demand� . Hence,we concludethat the aggregatedemandin the
market is at least120 units of power. However, we ®nd that ��'*) �����
� � ��� 	 � �

�
� ��'*)7��
�� 	����

�
�
��� and

��'*) ��� 
8� � ��� 	 ��

�

� ��'*)7��
�� 	��
�
�

��
�� sothattheactualaggregatedemandis at most ��� !�
��>� ��� � . This
exampleillustratesthecasepreciselywhen,for some� ,

�

�

�('*) ���
�

����� 	 �
�����

��'
)

�

�

�

�
�

���9� 	

�

�
���

even though �
�

�
���9� �

�
�

� . We thenhave a discrepancy betweentheactualaggregatedemandandthe
aggregatedemandcomputedby evaluatingtheaggregatedemandfunction.

Anotherissueis that the function � ���9� is thesumof demandsof all BUYER at price � . However, for
suf®ciently large � , someCONSUMERS' demandfunctionsmayevaluateto a negative value. Whenever a
CONSUMER' S demandfunction is negative, it meansthat theCONSUMER is not willing to buy any power
at thatprice.Therefore,theactualaggregatedemandat price � is really thesumof thedemandsof only the
CONSUMERS whosedemandatprice � is nonnegative.

The problemsarisefrom the fact that the demandfunctionsare only piecewise continuous,but we
representthe demandfunction asa sumof continuousfunctions. In orderto solve the problemin its full
generality, wewouldrequireanimplementationof functionsthatarepiecewisecontinuousandanadditional
(horizontalsum)operationfor asetof suchfunctions.Theactualaggregatedemandatagivenprice � would
thenbe computedby summingthe actualdemandof eachCONSUMER (the minimum of the valueof the
demandfunctionandthetargetdemandof theCONSUMER) andsummingover theCONSUMERS. This can
beprohibitively expensive if thenumberof CONSUMERS is large.
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5.3 Power �o w

Computingthe loadon eachL INE in thepower grid usingthe“linearized” DC methodinvolvessolvinga
systemof linearequations.Thecoef®cientsin this systemarethesusceptancesof thepower L INES, which
do notchangeduringthecourseof thesimulation.Hence,theinverse,


�

� , of thematrix 
 of coef®cients
is computedonly onceandcachedin a separate®le. Furtherrunsof thesimulationthatusethesamepower
grid simply load the inversematrix, 


�

� , from this ®le without having to recomputeit. This methodcan
provide substantialsavings in computationtime for largegrids. We thusavoid the 	 � � �
� matrix inversion
operationvia eitherLU decompositionor Gaussianeliminationat every runof thesimulator. We still incur
the 	>� �




� running time of back substitutionfor computingthe actual load on eachL INE whenever the
power injectedor power extractedchangesat a substation.Therunningtime of theDC power�ow codeon
ani86-basedPCrunningLinux waslessthanaminute.

In futurework,wewould like to takeadvantageof thesparsenatureof thesystemof equationsto reduce
thememoryrequirementsandto parallelizethecode.

6 Conclusions

ThispaperintroducesMarketecture, anddescribesits variousfeaturesin detail.Marketectureis asimulation
basedtool for analyzingelectricity markets. It can provide insight into the qualitative dynamicsof the
marketsandverify commonlyheldintuitionsabouthow marketsrespondto changesin thepricingstrategies
andgamingopportunitieswith a lot of detail,accuracy andrealism.It providesa largedegreeof �e xibility
via its ability to vary levels of aggregation, cost functions,demandfunctions,market clearingrulesand
matchingalgorithms. Thesecapabilities,combinedwith the useof a simple languagefor con®guringa
simulationrun,enableawide rangeof market studies.

Weperformacasestudyfor thecity of Portland,OregonusingtheBILATERALMARKET andPOOLCO-
MARKET. We evaluatetheef®ciency andperformanceof thesemarketsunderdifferentsellers'strategies
andmarket clearingalgorithms.Our resultsshow that themarketsareparetoef®cient if sellers'bid com-
petitively andnormalclearingis usedin thePOOLCOMARKET. Thesecondbestoutcomein thePOOLCO-
MARKET occurswhenVickrey auctionclearingmechanismis ableto induceSELLER to reveal their true
productioncostsandbid atcompetitive levels.Themarket clearingpricecanbereducedfurtherif weighted
averageclearingmethodis usedto clearthePOOLCOMARKET. However, weightedaverageclearingresults
in lowerMCQ andhigherdeadweightlossmakingit anunattractive alternative.

Theaveragecontractpricein theBILATERALMARKET is signi®cantlylessthantheaveragepricein the
POOLCOMARKET for all threestrategies. This is dueto the fact that in our model,BILATERALMARKET

SELLER usetheirATC curvesto negotiateaprice.Also, in thePOOLCOMARKET, every SELLER getspaid
thesamepriceperunit asbid by themarginal SELLER. This resultsin a moreinef®cient uniform pricing.
Our studyalsoshows that differentordersof market executioncanbe importantin signi®cantlyaffecting
theperformanceof themarkets. Basedon two differentexecutionorders,our model®ndsthat theoverall
market performanceis betterwhenPOOLCOMARKET is runbeforetheBILATERALMARKET.
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