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Abstract

In this paper we presentM ARKETECTURE, an agent-basedmicroeconomic,scalablemodel for
studyingderggulatedpower markets. Featureghat distinguishit from previously studiedmodelsin-
clude: the ability to generateindividualistic, demographicdased,elasticdemandpro les; a highly
con gurablesystemthat supportdifferentmatchingalgorithmsfor buyersandsellers differentmarket
clearingmechanismsability to aggreyateindividualsto differentclassesanelectricalgrid to physically
cleartheeconomiccontractsetc. This paperdescribeshemodelandits variousfeaturesn detail. A case
studyis donefor the city of Portland,Oregon,to evaluatethe performanceandef ciency of the market
underdifferentmarket clearingalgorithmsandsellers'stratgies. We analyzethe structuralproperties
of the market underdifferentscenariogo validateour model. Our resultsshav thatif Vickrey auction
clearingmechanisntaninducethe sellersto reveal their true productioncostsandbid at competitve
level, the market performancecan be almostpareto-efcient. The weightedaverageclearingmethod
in the poolcomarket resultsin the lowestmarket clearingprice (MCP). However, the market clearing
quantity(MCQ) is alsolow which resultsin deadweightossto thesociety Our ndings alsoshow that

the differentordersof market execution(bilateralandpoolco) cansigni cantly affect the performance
of themarkets.

1 Intr oduction

California's recent,failed attemptto dergulateits electricalpover market castsa shadav of doubton
the derayulation plansof other states,suchas Nevada, Arkansasand New Mexico. In an effort to gain
a betterunderstandingf what went wrong in California, andhow in the future one can build ef®cient,
reliable markets, a numberof researcher, 3, 8, 26, 30, 34, 33] have studiedthe dergyulatedaspectof
the US electricitymarket. Thesestudieshave greatlyenhanceaur understandingf theissuesnvolvedin
designingandadministeringdergyulatedelectricity markets. However, mostof the studiesin the literature
are restrictedto static situations,markets with too few players,small networks etc. Additionally, mary
of the studiesmake assumptionsuchasperfectrationality symmetricknowvledgebetweerplayers,global
decisionmaking,etc.,in orderfor thestudiegso befeasible.Theadwentof computetbasednodelingallows
us to relax mary of theseconstraintswvhile maintainingthe feasibility of our calculations. A numberof
experimentaktudiesinvestigatevariousforms of tradingthatareor canbe usedby electricalmarkets[7, 8,
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10, 13,14, 18,19, 22, 23, 35]. In particular thesestudiesnvestigateéhe designof, ef®cieng in, andmarlet
power of arestructurectlectricity market underdifferentforms of market clearingandcompetition.

Theexperimentalvork in electricitymarket restructuringeconomicsin generallcanbepartitionednto
two broadclassesOneis the human-basethboratoryexperimentsjn which experimentsareperformedn
a controlledervironmentandthe cash-motiated humansubjectsare usedasagents23].Y Human-based
laboratoriegprovide a naturalervironmentfor individual preferencesandtheir reactionto institutionaland
regulatorychangeso bestudied.However, thereareseverallimitationsonthekindsof experimentghatcan
be performedusinghumansubjects.For example,inability to scaleto a realisticnumberof players,setup
complicatedrulesof thegame',play out collusive andlearningbehaior, simulatethe physicalclearingof
contractsetc.

The other class is the computetbased experimentswhich use agent based computationalmod-
els[22, 34, 27, 5, 6]. Thesemodelscanaddressa numberof comple andinterrelatedssueghatcannotbe
resohed usingcorventionaleconomianodelswhich arecapableof providing solutionsonly in analytically
tractableways. Thesemodelscanbe scaledeasilyto realisticlevels. In this papey we presentM ARKE-
TECTURE, anagent-basedndividualistic, highly scalable computationamodelwhich providesa general
framework to studydifferentmarkets, tradinginstitutionsandagents'stratgies. Our prototypefocuseson
the electricity market and hasseveral uniquefeaturesthat distinguishit from previously-studiedmodels.
() Basedon informationfrom the United StatesCensusand from a microscopicmobility simulator the
MARKETECTURE simulatorgenerate$or eachindividual (in the populationconsideredatime dependent,
spatio-temporalpon-lineay elasticdemandoro®le. (i) Consumerandpower generatorareendaved with
very realisticfeaturessuchaslimited knowledgeaboutothermarket entities the ability to forminto groups
andplacebids andasksasaggregategroups,boundedationality etc. (iii) Parameterizeéndcon®gurable
marlketsthatallow differentclearingmechanismsinatchingalgorithms,tradingstratgies. (iv) The elec-
trical power grid, whosenaturally limited capacityto deliver power from ary generatotto ary consumer
affectsthe clearingprice of power, is partof the model. The detailsof eachof thesefeaturesaredescribed
in latersectionsof this paper

Therestof this paperis organizedasfollows. In Section2, we discussthe overall schematialesign
of our large-scalemicroeconomicsimulator The basicdesignconsistsof four modules.The modulesare
the mobility basedmodelfor creatingindividualizedpower consumptiorpatternsthe supply the marlet,
andthe control modulethat coordinateshe executionof a simulation. Section3 discusseshe algorithmic
aspectof our simulator Sectiond4 describes casestudyfor the city of Portland,Oregon. The studyyields
insightsinto the structuralpropertiesof the market. Section5 describessomeof the computationalssues
involvedin implementinghe simulator Finally section6 concludeghe paper

2 Description of the MARKETECTURE Simulator

Figure1 depictsschematicallythe MARKETECTURE simulator It is madeup of four main modules:con-
trol, supply demandandmarlket. The supply demandandmarket modulescontainentities,e.g.,buyers,
sellers markets,etc.,whoseactionsandinteractiongdrive the model. Eachentity hasa setof attributesthat
determindts individual characterWe now describen greaterdetail eachof thesecomponents.

2.1 DemandModule

The MARKETECTURE simulatoris designedo modelthe runningof multiple market session®ver along
periodof time. Sinceapersons demandor power variesovertime (e.g.,peopletendto consumdesspower
whenthey sleepthanwhenthey are awake) it is importantthat this variationis modeledin asrealistica

YFor humanbasedaboratorystudiesn otherareassee[15, 24, 28].
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Figurel: Theabove diagramusedJML-lik e notationto shaw structureof Marketecture Theitemsin boxes
are classes.Eachclassrepresents type of entity or a collectionof entitiesof a certaintype. Thereare
four modulesin the simulator: SuppLY, DEMAND, MARKET, and CONTROL. SupPpLY, DEMAND, and
MARKET aredepictedby boundarieghat containthe classeghat compriseeach. The CONTROL module
is depictedwithouta border in the centerof the diagram.It containsno entities. Linesrepresentelations
betweerentities.Arrows representhe directionin which communicatiorfrom onerelatedentity to another
is initiated. Thesymbols*1l” and“l..n” indicatethe multiplicity of therelations.ForinstancegachBuYER

is associatedvith at leastone and potentially mary CONSUMERS. Lines not having thesemultiplicity

symbolsindicateone-to-onegelations.



manneraspossible Thedemandnoduleof the M ARKETECTURE simulatoris responsibldor thismodeling
task. This modulehasthreeprimary classesthe UPM OSTINTERFACE, which gathersdemanddatafrom

amobility simulator calledUPMoST[29]; theINDIVIDUALS who move aroundthe simulatoranddemand
power; andthe LOCATIONS thatINDIVIDUALS visit.

2.1.1 UPMOSTINTERFACE

The UPMOSTINTERFACE interactswith anurbanpopulationmobility simulatordevelopedat Los Alamos
National Laboratoriescalled UPMoST [29]. The UPMOST simulatorproducesfor eachINDIVIDUAL
in the simulator activity and mobility information. The UPMOST simulator in turn, receves asinput
actualdemographignformationon the populationbeing simulatedaswell asinformationon the physical
infrastructureof the locationbeingsimulated suchasthe geographidocationsof buildings androads. In
short, UPMOST providesuswith

- thepower demandoro®lesof syntheticlNDIVIDUALS whosebehaior is basedn realdemographic
data,and

- the physicallocation of eachsyntheticINDIVIDUAL which allows us to determinethe amountof
power demandat eachphysicallocationover the courseof aday.

We arethusableto computethe powver demandat eachL OCATION in the simulatorat ary giventime asa

functionof thetypeof LOCATION, thenumberof INDIVIDUALS atthatL ocATION, andthetypeof actiities

performedby thoseINDIVIDUALS at that LOCATION at thattime. We usehourly intenals to createthe

demandoro®lesfor eachINDIVIDUAL andLocATION. The UPMOSTINTERFACE hasno attributes. There
is only oneinstanceof the UPM OSTINTERFACE.

2.1.2 LOCATION

A LOCATION representshe placeswherean INDIVIDUAL is atary pointin time, suchas: a house of®ce,
shoppingmall etc. In generala L OCATION hasno attributes.However, whenthe simulatoris usedto model
anactualcity like Chicagoor Portland we associatavith eachL oCATION its UTM [31, 9] coordinates.
2.1.3 INDIVIDUAL

An INDIVIDUAL representa personn thesimulator It hasthreeattributes:

- , theactvity that is engagedn ata particularhour The simulatorrecognizes ®nite setof
actvities, suchas: shop,visit, school,socialrecreationwork, homeetc. Eachactvity hascertain
power requirements,epresentedly theattribute.

- , theincomeof .
- ,thecurrentLoCATION of .

The and attributesof eachINDIVIDUAL areusedto determingheamountof powverdemand
in thesystematary pointin time. Theattribute determineshegeographicatlistribution of the demandat
ary pointin time.

2Syntheticindividualsare peoplefrom a syntheticpopulation. Our syntheticpopulationis animitation of the real population.
Thesyntheticpopulationpreseresthekey featuresof therealpopulationandhasthe samestatisticalpropertiegsuchascorrelation
structurejoint distributionsof thedemographiwariables spatialdistribution of household®tc.) astherealpopulation.



2.2 Mark et Module

The market modulecan simulatea variety of power markets, eachhaving a distinct clearingmechanism.
Currently the MARKETECTURE simulatormodelstwo markets: a POOLCOMARKET anda BILATERAL-
MARKET. In abilateralmarket, a buyer andsellerindependentlysetup the physicaland ®nancialterms
of thetradeandareresponsibldor dispatchingandreceving the physicaldeliveriesof the commodity In
addition,the participantsf the bilateralcontractarealsoresponsibldor informing theindependensystem
operator(ISO) of the size,sourceandsink locationsof the contract.In a poolcomarket model,the buyers
andsellerssubmittheir bids andasksto the power exchange.The power exchangehendispatchef sk in
economicorderuntil all thebidshave beensatis®ed.

Therearetwo classeof tradingagents,BuYERS, who on behalfof CONSUMERS go to the markets
andbuy power, andSELLERS, who on behalfof GENERATORS sell power. Eachmarket hasoneattribute: a
pricecap ,whichisthemaximumpriceperunit of powerfor whichpower maybetradedonthatmarket.
Thereis only asingleinstancegor eachof the POOLCOMARKET andthe BILATERALMARKET.

2.2.1 BUYER

A BUYER represents collection of CONSUMERS (seebelon) and makes all economicdecisions(with
respecto the power markets)onits constituentCoNsUMERS' behalf. For example,a BuyER couldbethe
headof the householdpwner of McDonalds, 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 areessentiallythelocationswhichareownedandrepresentetly Buy ERS. EachCONSUMER
hassix attributes:

, alist of LocaTioNs thatthe Consumerepresents.

, the BUYER who representthe CONSUMER in the POWERM ARKET.

, theBus fromwhich draws power.
- , ademandunctionof theform thatmapsquantitiesto prices.
, the®xedamountof powerthat alwaysneeds.

- , theamountof powerthat wouldlike to buy.

Thevalueof 'sdemandunction atary pointin timeis baseconthenumberof INDIVIDUALS
ateachLOCATION andthequality of thelocation.
2.2.3 SELLER

A SELLER representsa collectionof GENERATORS andmalkesall economicdecisiongwith respecto the
power markets)onits constituentGENERATORS' behalf.EachSELLER hasthefollowing attributes:

- , alist of GENERATORS thatthe SELLER represents.

- , aninvertible estimatednarket demandunctionof theform thatmapsquan-
titiesto prices



- , anaskingstratgy.

We assumehat,for any SELLER , doesnotknow , Where is theaskingstratgy of

2.2.4 Ask (respectvely, BiD)

An Ask (respecirely, a BID) representshe amountand quantity of power thata SELLER (respectrely,
BuYER) wishsto sell (respectiely, buy). EachAsk (respectiely, BiD) hasthreeattributes:

- (respecirely, ), the GENERATOR (respeciiely, CONSUMER) onwhosebehalfit is placed.
-, thequantityof power.

-, thepriceperunit of power.

2.2.5 POOLCOMARKET

In eachbiddingroundin a POOLCOMARKET, all SELLERS andBuUY ERS submitto the markettheirrespec-
tive bidsandasks.Onthe supplyside,eachSELLER submitsfor eachGENERATOR exactly one
Ask. Onthedemandside,eachBUYER submitsademandunctionwhichis ahorizontalsummatiorof all
its constituentCoONSUMERS' demandunctions. |t is the job of the POOLCOMARKET to satisfythe needs
of the BUYERS in ascheaplyandfairly a way aspossible.This is doneby dispatchingA sk s in economic
order i.e., the cheapesAsK is dispatched®rst, followed by the next cheapesbne,andsoon, until all the
BiDs aresened. To ensurefairnessat the endof eachbidding roundthe unit price of all the power dis-
patcheds the same regardlessf the unit pricesasked by eachSELLER. We call this unit pricethe market
clearingprice (MCP). Threedistinctclearing policiesfor settingthe MCP areconsiderednormal Vickrey
auctionandweightedavemage clearing. Theseclearingpolicieshave eitherbeenimplementedyy ISOslike
PJMandCaliforniain the pastor consideredy theoreticianandexperimentalist$l, 20, 21, 25|.

In anormalclearing,the MCP is the price of the maminal Ask, i.e.,the Ask having the greatesunit
price of all the Asks dispatchedy the Poolcomarket. Whenthis clearingmechanisnis used,SELLERS
have anincentie to raisethe unit price of their Ask beyond the competitive level. If the sellersaresuc-
cessfulin in ating the price of the maginal Ask, every sellerpro®tsfrom it However, this incentive is
counteractedby the possibilitythat, in raisingthe unit price asked, a SELLER canbe undersoldoy another
SELLER. Onthe positive side,normal clearinginducesproducergo reducetheir costof production. The
uniform clearingprice allows higherpro®t maiginsto cheapproducers.

The Vickrey auctionpolicy wasdesignedo inducetruthful revelationof productioncostsandef®cient
dispatchind32]. In aVickrey auction,the MCP is the price of the cheapesA sk not dispatchedVickrey
suggestedhatif the pricereceved by the SELLER is independenof his Ask, i.e. if thesellers’Ask and
his pay-of canbe decoupledall sellerswould have anincentie to bid at their maginal cost. In sucha
case,a SELLER will be ableto in uence his payof only to the extentthatit affectsthe probability of his
GENERATORS beingcalledinto operation.To maximizethat probability it would askthemaiginal costand
yet be guaranteedo have a positive returnif it is calledinto operation.See[13] for moreon Poolcoand
Vickrey clearingmechanisms.

Undertheweightedaverageclearing, MCP is determinedy theweightedaveragepriceof all the Asks
dispatchedy the Poolcomarket wheretheweightsaresimply the quantitiesofferedby eachof theselected
SELLERS. If SELLERS areknown to exercisemarket power, this clearingmechanisntankeepthe market
clearingpricein check.

3This behaior canalsoleadto economidnef®cieng becausé¢he lessef®cient SELLERS may submitlower asksthanthe more
ef®cient SELLERS resultingin the dispatchof lessef®cientones.



2.2.6 BILATERALMARKET

In a BILATERALMARKET, BUYERS and SELLERS pair off andindependentlynegotiatethe physicaland
economiaermsof thecontracts Eachbilateralcontracthasto besubmittedo thel SO for physicalclearing.
Thel SO determinesf thepower grid hasenoughtransmissiortapacityto supportthe physicaltermsof the
contract.If (andonly if) it doesthecontractclears.

2.3 DemandModule

The demandmoduleconsistsof the physicalPOWERGRID, the independensystemsoperator(l SO), and
GENERATORS. The POWERGRID is madeup of BUSES andL INES.

2.3.1 PoweRGRID

The POWERGRID is thegraph-like physicalinfrastructurehatdeliverspower from onelocationto another
It hastwo parameters:

- , asetof Buses (de®nedbelow).
- , asetof LINES (de®nedbelow).

Thereis only oneinstanceof the POWERGRID.

2.3.2 Bus

A Busis apointatwhich powver maybeinjectedor removedfrom the POWERGRID. A BUS mayalsoroute
power to otherBuses alongdifferentLINES (seebelav). EachBus hastwo attributes:

- , theLINES thatareconnectedo .
- , thequantityof power currentlyinjectedinto .

- ,thephaseangle.

2.3.3 LINE
A LINE transportgpower from oneBus to another EachLINE hasthreeattributes:
- , themaximumamountof powerthatatany moment maycarry
- , theamountof power currently o wing through .
, thereactanc®f theline.

- , thepairof Buses that joins.

234 1SO

Thel SO administerghe POWERGRID. Fromthe perspectie of thesimulator I SO is theinterfacebetween
themarketsandthe POwerRGRID. When,duringamarketsessionnegotiationsfor buyingandsellingpower
reacha point wherethe market needsto validatethat the POWERGRID canphysically deliver the power
being negotiated,the ISO is calledin. The ISO thendetermineghe feasibility of delivering the power
beingnegotiatedby simulatingthe POweERGRID with the negotiatedpower injectedinto the POWERGRID.
Thel SO hasno attributes. Thereis only oneinstanceof the | SO.
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2.3.5 GENERATOR

GENERATORS produceelectricity EachGENERATOR  hassevenattributes:

, the SELLER (de®nedbelon) thatrepresentthe GENERATOR in the markets.

, theBus thatconnects to thepower grid.
- , anaveragetotal costfunctionof theform thatmapsquantityto price.
- , thequantityof powerthatthe 's SELLER (de®nedbelow) plansto sellonthe markets.

- , thefractionof thetotal quantityof power soldonthemarketsthat sells.

2.4 Control Module

The MARKETECTURE simulatorrequiresinputin orderto initialize eachof the attributesof eachentity in
the simulation.As mentionedabore, CONSUMERS areinitialized by datafrom the UPMoSTsimulator All
otherentitiesareinitialized by input®les. Thus,thesimulatoris highly con®gurableatruntime. Thecontrol
modulehasno entities,but rathercontrolsthe behaior of all the otherentitiesin the simulator

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 sequencehosenfrom setof possibleactions. The actualorderin

which the actionsare executedis determinedby the user who, beforethe simulationtakesplace,writes a

controlscript. Actionsmayberepeatednultiple times.We now describezachof theseactionsin detailand
provide their run-timecomplexity.

For mostof thediscussionn this sectionwe adoptthefollowing notation:for anentity having attribute

, we will usethe*®.” operatorto denotethevalueof . Forinstancegiventwo CONSUMERS and

refersto 'sBusand refersto 'sBuUS.
A MARKETECTURE simulationbegins in the control module,which initializes all the entitiesin the

simulatorandthenactuallyrunsthe simulation.

3.1 Initialization

During initialization, the controlmoduleof the simulatoropensuserde®ned®les, which determineall the
attributesof thethe POWERGRID, thenumberof CONSUMERS, SUPPLIERS, GENERATORS, andSELLERS,
andinitializesall of theattributesof theseclassesexceptfor the and of the CONSUMERS,
which aredeterminedy the RESETCONSUMER algorithm(seebelow). The controlmodulesetsthe global
variable to zeroandcallsthe RESETCONSUMERS algorithm. Finally, it opensthe control scriptand
processes.

Forthe POWERGRID andfor eachCONSUMER, BUYER, GENERATOR, andSELLER , we call thevalue
assignediuringinitialization to the eachof theattributes of theinitial valueof

Therunningtime of initializationis , Where isthenumberof CONSUMERS, isthe
numberof GENERATORS, and is thenumberof BUSSES in thesimulation.



3.2 Control Script Processing

The heartof a MARKETECTURE simulationis the processingof the control script. The control scriptis
simply atext ®le having oneline for eachactionthe writer of the scriptwantsthe simulatorto do. Hereis
anexamplecontrolscript:

pricecap 100
bind random .25

runBilateralMar ket
runPoolcoMarket Normal
reset

runPoolcomarket Vickrey
bind random .1
runBilateralMar ket
runPoolcoMarket Witdavg
bind random .2
runBilateralMar ket

reset

As the above exampleshaws, eachline in the control script namesone of four primary events: reset
bind , runBilateralMa rk et , andrunPoolCoMarket . TheeventsrunBilateralMa rke t and
runPoolCoMarket  run a sessiornof the market eachevent namedafter The eventbind determines
which BuYERs interactwith which SELLERS in the BILATERALMARKET. TheeventRESET increments
the simulationto the next bidding period and resetsthe entity attributesthat have beenchangedduring
market sessions. In the remainderof this section,we will describeeachof theseactionsalgorithmi-
cally. The following simple algorithm describeghe processof readingand executingthe control script.

Algorithm PROCESSCONTROL SCRIPT

Foreachline in thecontrolscript,

Call thealgorithmcorrespondingo theeventnamedn .

Therunningof thecontrolscriptdoesnothave a®xedrun-timecompleity becausés runningtime depends
heaily onthecontentof a particularscript.

3.2.1 ResetEvent

As marlet sessionsun, the demandlessenssupply diminishes,and the POWERGRID getsloadedwith
power. Thesedynamicsare capturedby the attributes of eachof the entitiesin 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 needto 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,subsequensessionsun before the next resetevent re ect the
diminished demandand supply and increasedoad on the POWERGRID causedby previous sessions.

Algorithm RESET

Let ;



ForeachBus in the POWERGRID,
Let ;
Call RESETCONSUMERS (de®nedbelaw);

Call RESETGENERATORS (de®nedbelaw).

The total running time of this algorithmis , 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 simulatoris an entirely different sys-
tem from MARKETECTURE; it is not even necessaryfor it to run concurrentlywith a MARKETEC-

TURE simulation, as long asthe UPMOST simulator has previously output the datanecessaryor the
MARKETECTURE simulatorto run. Note also that, becausehe infrastructurefor getting the demand
datais encapsulateth the UPMOSTINTERFACE entity, the MARKETECTURE simulatorcould easilybe
adaptedby replacingthe UPMOSTINTERFACE entity) to getits demanddatafrom someothersource.

Algorithm RESETCONSUMERS
ForeachINDIVIDUAL ,
Retrieve from the UPM OSTINTERFACE theattributesof for the currentvalueof
ForeachCONSUMER ,

Let bethesetof INDIVIDUALS associatedvith ;

Let ,thatis, isthesumof theactvity coef®cientsof eachINDIVIDUAL in £
Let , thatis, isthesumof all theincomeof eachiINDIVIDUAL in  multiplied
by a smallconstant ;
Let , Where istheprice;
Let
Therunningtime of thisalgorithmis , Where isthenumberof INDIVIDUALS and isthenumber

of CONSUMERS.
The RESETGENERATORS algorithmis called both by the RESET algorithm and during the initializa-
tion of the simulator The purposeof RESETGENERATOR is to reseteachGENERATOR 's costfunction
andto determinehow muchpower SELLER  will offerin themarkets(i.e., thevalueof ).

“The power demandat a locationis the sumof the power demandhatis independentf occupang andthe sumof the demand
functionsfor all individualsat thatlocation. Therefore,

type

type denoteghelocationthatis usedfor actvity type , is the quantityof powerthatis requiredatthis locationregardless
of thenumberof individualspresentThe secondermshawvs thedemandhatis a function of the occupang.
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Figure2: Display of oligopoly ( ) andcompetitve equilibrium( ): MC representshe maginal cost, MR
themamginalrevenue, and thecompetitve priceandquantity and theoligopolypriceandquantity
respectiely.

Theaskingbehaior of eachSELLER is basednthestratgy SELLER wantsto adopt. SELLER can
selectoneof thethreestratgiesi.e.,competitoroligopolistandcompetitive-oligopolis Figure2 shavs how
is determined.If then is setto the point at which the maginal revenue
andthe mamginal costfunctionsintersectwheremarginal revenue is de®nedas 5
Notethat,in our model,for some and , f
then is setto the point wherethe price equalsthe maginal cost. If
then is uniformly randomlypicked to be betweenthe abore two extremes. on behalf of each
GENERATOR offersaquantity ( ), somavherebetweerthetwo extremesof whatacompetitive
andanoligopolistic SELLER would offer. Theseextremesarerepresentedespectiely, by ( )and
(). Thus . In contrastto the traditional Cournotoligopolist model,we
assumeahat doesnot know the real market demandbut is ableto estimateit via 's estimateddemand
function 6 EachSELLER alsohasanestimateof themarket sharethatit expectsto sell

Algorithm RESETGENERATORS

Let bethetotal quantityof powertradedon the marketssincethelasttime RESET wascalled;

ForeachGENERATOR
Reset to its initial value;
Let , Where s thequantityof powersoldby sincethelast
time RESET wascalled,;
Let betheuniquequantitysatisfying ;
Let betheuniquequantitysatisfying ;
If , thatis, if 's SELLER'S askingstratgy is oligopolistic,
Let ;

SAlthough we denotemamginal revenuein a way usuallyresered for attributes,  is not an attribute of the SUPPLIER class
becauseve caneasilyderive it from the estimatedlemandunctionattribute

5Giventhatthe attribute of the CONSUMER is nonlineaythelinearestimateghat providesallow for informa-
tion asymmetrybetweerthe SELLERS andthe BUYERS.
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Elseif , thatis, if 's SELLER'sS askingstratgy is competitve,

Let ;
Else
Choose by samplinguniformly from therange
Therunningtime of this algorithmis , Wwhere isthenumberof GENERATORS.

3.2.2 RunPoolcoMarket Event

The POOLCOMARKET was describedin detail in section 2.2.5. Here we describethe process
of running the POOLCOMARKET. In order to make it easierto understand,we break the run-
ning of the POOLCOMARKET into four phases: dispatchingpower, calculatingthe market clearing
price, calculatingthe bids (respectiely, asks)of each CONSUMER (respecitely, GENERATOR). The
following algorithm shavs each of these four phases,which we describebelon in greater detail.

Algorithm RUNPOOLCOMARKET
DISPATCHPOWER;
CALCULATEMCP;
CALCULATEBIDSANDASKS;

CONFIRMCONTRACTS;

Thetotal runningtime of this algorithmis , where isthenumberof CONSUMERS,
is thenumberof GENERATORS, and is thenumberof BUSSES.
In the®rst phasewe determinewvhich GENERATORS arecalledin.

Algorithm DISPATCHPOWER

Let ASKS , Wwhere is the setof all
GENERATORS in the simulation,thatis, is the setof all Asks basedon some GENERATOR'S
askingprice ;

Let bethe Asksin listedin economicorder i.e.,

De ne , Where isthesetof all CONSUMERS in thesimulator thatis,

is the sumof all demandunctions;

Let , thatis, is thesumof all taigetdemands;

Let , Where (respectiely, )
is thequantity(respectiely, price)of Ask

12



Thus,the integer thatis calculatedin the lastline of the abore algorithmis the index of the Ask cor
respondingo the mostexpensve GENERATOR thatis calledin. The sumof the demandfunctionsof the
BuYERS areusedto determinghevalueof .
The runningtime of this algorithmis , Where is the numberof CONSUMERS and
is the numberof GENERATORS. (The termis from the requiredsortingon the Asks of each
GENERATOR thatoccursin step2 of the precedingalgorithm.)

In thenext phasewe determinghe MCP, which depend®nwhethertheclearingis Normal , Vickrey
or Weighted Average .

Algorithm coMPUTEMCP
Let

If

If wearerunningaNormal auction,
Let

Elseif wearerunningaVickrey auction,
Let

Else(i.e.,if wearerunningaWeighted Average auction),

Let

Else

Let

Therunningtime of this algorithmis , Wwhere isthenumberof GENERATORS.

Next, we determinghe BiDs and Ask s thataresentto the 1 SO for apprawal. SinceAsks wereused
in the®rsttwo phaseswe simply assignthe MCP to the price attribute of the A sk s thatwerecalledin. We
may alsoneedto modify the quantity®eld if thereis a surplus.

Algorithm CALCULATEBIDSANDASKS
Let
Let
Foreach

Let

Let
Let

ForeachCONSUMER

13



Let ;

The runningtime of this algorithmis , Where is the numberof GENERATORS and is the
numberof CONSUMERS.

Finally, we sendtheseBiDs andAsk s to thel SO. If thel SO appraes,we updatethedemandrespec-
tively, supply)attributesof the CONSUMERS (respectiely, GENERATORS).

Algorithm CONFIRMCONTRACTS
Submit Asks andeachBID to the1SO for approal.
If thelSO approes,

Foreach ,

Let ;

De ne ;
ForeachBID ,

Let ;

De ne ;

Therunningtime of this algorithmis , where isthenumberof GENERATORS, s the
numberof CONSUMERS, and is thenumberof BUSSES.

3.2.3 Bind Event

The bind eventis where SELLERS and BUYERS are matchedfor an upcomingrunBilateralMarlet event.
Therearetwo syntacticaformsthatbind eventcantake. In the®rst casetheformis

bind random num

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

Algorithm BIND
Let
Foreach(BUYER, SELLER) ,

Let bea oating pointnumbersampleduniformly from ;
If :
Let :

Theotherform is

bind
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where is a list of (BUYER, SELLER) pairs. In this casethe algorithmis

Algorithm BIND

Let

In eithercase therunningtime of this algorithmis , Wwhere is thenumberof CONSUMERS and
is thenumberof GENERATORS.

3.2.4 RunBilateralMark et Event

The BILATERALMARKET wasdescribedn detailin section2.2.6. Beforea runBilateralMarlet event oc-
curs,we assumehat a bind eventhasoccurred. The RUNBILATERALMARKET algorithmtakesoneargu-
ment,thesetof matchings createdoy themostrecentbind event.

Algorithm RUNBILATERALMARKET
Foreach ,where isthelatestsetof matchingsreatedoy the BIND algorithm,

Foreach ,
Let betheuniquequantitysatisfying

If sucha exists,

Submit BID andAsk to thel SO for approval;
If thel SO appraoes,

Let ;

De ne ;

Let ;

De ne ;

Note thatthe orderin which the (BUYER, SELLER) pairsare chosento negotiatecontractsis signi®cant.

Becausehe costand demandfunctionsare updatedas soonas a contractis cleared,asa rule of thumb,

contractghatclearearlierwill befor morepower. Therunningtime of thisalgorithmis , Where
is thenumberof CONSUMERS,  isthenumberof GENERATORS, and is the numberof BUSSES.

3.3 Computing Power ow

The power o w problemis to computethe load on eachLINE of a POWERGRID giventhe power injected
into thegrid. We askthereadelto referto a standardext, e.g.,[36], for anintroductionto thetopic.
Let bethePoweRGRID. Recallthat hasattributes ,i.e.,its setof BUSES, and |, its setof

LINES. Oneof the BusEs is designatedherefeence or swing Bus. Let denotethe LINE
betweerBusses and .

In somepower ow models,eachLINE hasan impedance where is the
resistanceand is thereactancef the LINE. Theinputis a power injection vector specifying
the power injectedat eachBus in the POWERGRID; loadsaresimply negatie injections. The outputis a
vector specifyingtheamountof current o wing througheachL INE.
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Our simulatorconsidersonly the“linearized; orthe“DC,” load o w problemsincethelinearizedver
sionscaleaup easily Thepower o w through  fromBus toBus is

where and arethephaseanglesatBusses and [11].
Now, for eachBus , thepower injectedat the Bus mustequalthe power o wing out of the Bus.

Therefore,

This givesus a systemof linearequations , Where is thevectorof power ow at
eachBus, is thevectorof phaseanglesateachBus, and isthematrix LINE susceptances
givenby

Thesolutionto the systemof equationss obtainedoy computingtheinverse of andsubstituting
in tosolefor . Knowing and andgiven ,wecancomputethepowver ow through
LINE . EachLINE hasa maximumpower o w capacity If the actualpowver o w throughthe LINE as
computedabove exceedsthis capacity thenwe saythat the physicalconstraintsof the POWERGRID are
violated.

Inverting  occursonceduring the simulation,during the initialization phase.lt is , Where is
thenumberof BUSSES.

Thebasicalgorithmfor computingpower o w is run by the | SO whencontractsaresubmittedo it for
approval. It updategheloadson the POoweRGRID BUSES with thevaluesspeci®edoy the BiDS andAsk s
(subtractingpower for a BiD, addingpower for anAsk). It thensolvesthe powver o w equationswherethe
power vector is thevectorof the attributesof the BUSES. Note that, eventhoughBIDs andAsks
do notexplicitly have a Bus attribute, the correspondind®@us canbefoundfrom the Bus attribute  of the
BID's CONSUMER or Ask's GENERATOR . If ary of thelinesexceedtheir capacity the | SO removes
the power just loadedonto the POWeRGRID anddisappreoesthe contracts.Otherwise,it appravesthem.
This algorithmtakestwo amguments:alist of the Asks andalist of Bibs thatneedto be appraed.

Algorithm APPROVECONTRACTS
ForeachAsk ,
Let ;
ForeachBID ,
Let ;
Solve thepower ow equations;

ForeachLINE , where isthesetof LINES in the POWERGRID,
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ForeachAsk ,
Let
ForeachBID ,
Let ;
Reject contracts;
Exit algorithm;

Approve contractgnote:if thealgorithmgetsthisfar, i.e.,if it doesnotexit, thennoline constrainthave
beenviolated);

This algorithmis , Where (respectiely, ) isthenumberof Asks (respectiely, BIDS)
and is the numberof BUSSES. is the amountof time it takesto solwe the power ow equations,
assuminghat hasalreadybeencomputed.

Theprecedingliscussiorof themodulesgntitiesandalgorithmsusedin Marketectureaimsto shawv the
level of scaleanddetailthatit cancapture. Thisis a large-scalesystem,capableof handlingtransactions
betweenthousandof buyersand SELLER who further represenmillions of consumersand hundredsof
generatorgiespectiely. Presiously designedarge-scalesystemsitherdo notrepresenindividual behaior
or modelindividualsin sucha way thattheir behaior is unrealistic[12]. Market simulatorsthat model
realistichumanbehaior [24] have modeledit at sucha high level of detail thatthey cannoteasily scale
up to the size of our simulation. Our approachs a compromisebetweenthesetwo kinds of approaches.
We modelindividual behaior by providing market entitieswith parametersTheseparametergllow each
entity anindividual characteibut thesearenot so detailedthatthe simulatordoesnot scale. The goalis to
capturedifferentbehaior of the systemusingdifferentsetsof parametersA parameterizedepresentation
allows ef®cientuseof computationatesourcesSuchrepresentationarealsovaluablefrom the standpoint
of extensibility The desighandarchitectof our systemis setup in sucha mannerthat othercommodity
marketscanbe studiedwith minimal modi®cations.

4 A CaseStudy

We now useMarketectue to performa studythat evaluatesthe performanceand ef®cieng/ of the PooL-
COMARKET and BILATERALMARKET markets underdifferenttrading institutionsand ordersof marlet
execution. This studyanalyzedifferentstratgiesof the SELLER andarangeof differenttradingarrange-
mentsto determinewhich combinationdeadto highermarlket ef®cieng/ and socialwelfare throughtheir
impacton market clearingprice, market clearingquantity buyers'surplus,sellers'surplusanddeadweight
lossto the society
Therehave beenseveral experimentalstudiesdonein the literaturewhich addressimilar issues.[13]

usesa gametheoreticapproacho shav thatif the pool settlemenpriceis modi®edto useVickrey auction
clearing,it would remove the ability of the SELLER to in uence the clearingprice andmake the maiginal
costbidding the dominantbidding stratgy. Work by [22] usesan agentbasedmodelingapproacho un-
derstandheissuesof market power andef®cieng/ in awholesaleelectricity market. [10] comparesesults
of asealedbid offer market mechanisnanda uniform price doubleauctionmechanisnin a spotelectricity
market. Thecomparisorof performances donein termsof market ef®ciengy, buyerandsellerpro®tability
andthe delivery price. Their resultsshaw that the sealedbid offer mechanisnperformsbetterthanthe
uniform price doubleauctionmechanism[23] usescashmotivatedhumanlaboratoryto comparethe two
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alternatve institutionalarrangementfor thetradingof electricpowver. Day-aheadsealedid tradingandthe
continuougdoubleauctiontradingis usedto measureaheef®ciengy, distribution of surplusbetweerBuy ER
andSELLER andtheeffect of locationon pricesandpro®tability. [4] usesanagentbasedsimulationmodel
of thewholesalanarlet for electricityin EnglandandWalesto studytheimpactof uniform versusdiscrim-
inatoryclearingpriceswhichwereimplementedasSMP (SystemMarginal Pricing)andpay-as-biclearing
rulesrespectiely.

Our studyusesmultiple market clearingmechanism&nd multiple sellers stratgjiesto determinethe
performanceof the differentmarlets. Several differentcombinationsof markets, stratgies and clearing
mechanismareanalyzedwith a high level of detail,accurag andrealism.

4.1 Mark et Performanceand Ef®ciency

The parametersisedin this studyto measurehe market performanceindef®cieng are(i) buyers'surplus,
(ii) sellers'surplus(iii) paretoef®cieng//socialwelfare/deadweighbss,(iv) market clearingpriceand(v)
market clearingquantity Similar measuresiave alsobeenconsideredy otherresearcheri theelectricity
literature[10], [23], [4].

Buyers'surplusis measure@sthedifferencebetweertheamountof money thata Buy ER actuallypays
for quantity andtheamounthewould bewilling to payfor quantity ratherthando withoutit. Sellers'
surplusis calculatedasthe differencebetweenthe SELLER's total revenueandits variablecosts. Pareto
ef®cieng/ is measuredy the percentagef deadweightlossto the societyor the proportionof maximum
surpluscapturedby the BuYER andSELLER. If theoreticallythe maximumsurplusavailableto thesociety
is 100 andsumof SELLER andbuyers'surplusis only 95 , thenthe deadweightlossto the societyis 5
andtheparetoef®cieng/ is95 . Weusethetotal surplusavailableunderthecompetitivestratgyy andnormal
clearingasthe theoreticallymaximumsurpluspossibleunderthe PooLCOMARKET. All otherstratgies
arecomparedvith the competitivestratgy to determinehe deadweightloss. In the BILATERALMARKET
also,the competitivestratayy is consideredo be paretoef®cient. This de®nitionof ef®cieng is consistent
with the measureausedin [23]. The market clearingalgorithmsusedfor the POOLCOMARKET clearing
arenormal Vickrey auctionandweightedavermage clearing. For the BILATERALMARKET, this studyuses
the randommatchingprobability of 1 to pair the BUuYER and SELLER which meansthatall BUYER and
SELLER have accesdo eachotherand can potentially pair with eachother given their demandand sup-
ply functions. In both BILATERALMARKET and POOLCOMARKET the SELLER canchoosebetweenthe
previously mentionedhreebusinessstratgies; competitor(C), oligopolist (O) and competitive-oligopodit

(B).

4.2 Input Parameters

This studyuseghesynthetigoopulationdataon 1.6 million individualsfor thecity of Portland Oregon. The
previously mentionedJPMoST(UrbanPopulationMobility SimulationTechnology}ool createdaregional
populationimitation of Portlandwith demographicgloselymatchingthereal population[29]. The spatio-
temporaldemandpro®lesfor every hour, total of 24 hours,were constructedor eachof the 1.6 million
individualsusingthetechniquegivenin Section2.1.

The 1.6 million individualsin Portlandaredistributed over 243,000spatiallocations. Theselocations
arerepresentetly theentity Consumein our simulation.Eachof the243,0000ocationsarefurtherassigned
to 400 buyerson arandombasis. On the supplyside,40 generatorsvere assignedo 40 differentsellers.
Basedonthecostfunction,anestimatednarket shareandanestimatedinearmarket demandunction,each
SELLER calculatests pro®t maximizingprice andoutputlevel for thethreestratgiesexplainedabove.

Eachsimulationrunis performedfor 24 hours.In eachhour, the marketis run 4 timesto give multiple
chanceso the BuYER andSELLER to meettheirtamgetsfor thehour TheBuUYER aimis to meetthe sumof

18



thetamgetdemandor all its CONSUMER andthesellers'aimis to sellthepro®t maximizingoutputcalculated
for thehour A pricecapis setat100 perMW for boththe POOLCOMARKET andBILATERALMARKET.

4.3 Summary of Results

Tablel shavs the market clearingprice (MCP), market clearingquantity(MCQ), buyers' surplus,sellers’
surplusandthe deadweightloss(DWL) to the societyfor the POOLCOMARKET andBILATERALMARKET
undereachof threestratgiesof the SELLER. Eachof the numbersshavn in thetablearehourly averages
calculatedover a 24 hour period. The buyer's surplusis calculatedoy summingup all its corresponding
consumerssurplus.Notethatthe surplusfor theinelasticpartof the demandcurve is boundedoy the price
cap.For SELLER, the pro®tsplusthe ®xed costdeterminghe surplus.The®xed costhasbeenaddedo the
surplusto re ect thatthe SELLER considerthe ®xed coststo be sunkcostwhich will beincurredno matter
whetherthe SELLER actually sellsanything or not. A SELLER who doesnot get calledin the market to
sene theloadwill have zerosurplusby this de®nition. The deadweightlossis thatpartof the surplusthat
neithergoesto the BUYER norto the SELLER.

PoolcoModel

1. Theresultsfor the POOLCOMARKET aresummarizedn Tablel. Panell shavs thatthesystem
is pareto-eé®cientundernormalclearingandcompetitivestratgy. The surplusgeneratedhereis
usedasabenchmarko calculatethe DWL in the otherPOOLCOMARKET clearingmechanisms
andstratgjies. The DWL to the societyundercompetitionis zero and quantity clearedis the
highest.

2. If Mickrey auctionclearingmechanisnreally induceshe SELLER to revealtheirtrue production
costsandbid at competitve level, the market performancds almostpareto-e®cient. This is
shawvn in the ®rst row of Panel2 whereVickrey clearingand competitve stratgy is followed.
TheMCPis only maginally higherandthedeadweightlossis almostzero.HigherMCP results
in slightly highersellers'surplusandlower buyers' surplus.

3. Evenif Vickrey clearingdoesnotleadto revelationof truecostsbut induceshe SELLER to move
fromtheoligopolisticstratey to competitive-oligoplist stratey, it reduceshedeadweightloss
to thesocietyby morethan1l andincreaseshebuyers'surplusby 13 .

4. If the POOLCOMARKET clearingalgorithmis Vickrey andyetthe SELLER continueto behae
like oligopolists the market performances worsethanit is undernormalandweightedaverage
clearing.

5. If weightedaverage clearingmethodis usedto clearthe POOLCOMARKET, the MCP is the
lowestresultingin the highestbuyers' surplusandlowestsellers'surplus.Thedeadweightloss
andthe MCQ are only mamginally differentas comparedo other POOLCOMARKET clearing
mechanismsThis holdsfor all threedifferentstratgies.

6. Amongthefour differentPOOLCOMARKET clearingalgorithms theworstoutcomeis realized
whenVickrey auctionwith © ' strat@y is used. The MCP is the highestthe MCQ is thelowest,
thedeadweightlossis the highestandtheconsumesurplusis thelowest.

Bilateral Model

1. IntheBILATERALMARKET, theaveragetotal cost(ATC) curwe s offeredasthesupplycurve no
matterwhatthe stratgy of the SELLER is. Differentbusinessstratgiesareusedto only create
differentupperboundson the quantity offered. If the stratgy is competitve, i.e.

, the SELLER offersthe ATC curve boundedby , if the stratgy is
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oligopolistici.e. , the ATC cune is boundedy , andif the
strategy is competitve-oligopolist,it is boundedby where is sampleduniformly
from therange

2. The averagecontractprice perunit in the BILATERALMARKET is muchlessthanthe average
pricein the PooLCOMARKET. Thereasorbeingthatin the POOLCOMARKET, every SELLER
getspaid the sameprice as bid by the maginal SELLER. This resultsin a more inef®cient
uniform pricing.

3. Theabsolutevalueof thebuyers'andsellers'surplusin the BILATERALMARKET is muchlower

thanin the PooLCOMARKET. Thisis dueto thefactthatindividual contractsarebeingnegoti-
atedin the BILATERALMARKET resultingin moreef®cient pricing of contracts.

4. The relative value of the surplusis much higherfor the BuyEeR thanfor the SELLER in the
BILATERALMARKET ascomparedo the POOLCOMARKET.” Thisis becausghe SELLER are
bidding at the ATC in the BILATERALMARKET. Also, dueto the uniform pricing rule in the
PooLCOMARKET SELLER getpaidmuchhigherthantheirbid priceresultingin ahighersurplus
for the SELLER.

5. Note that the averageclearing price undercompetitivestratgy is higherthan the oligopolist
stratgy. This is becausevhen more quantity is sold, the price capis triggeredmore often
resultingin a higheraverageprice. To con®rmthatthis indeedis the reasonwe removed the
price capandfound thatthe averageprice under®™ ' stratgy is lower thanthe averageprice
under ' stratey.

Tablel

Market PerformancendEf®ciengy Results

Stratgy | MCP  MCQ BuyerSurplus( ) SellerSurplus( ) Deadweightoss( )
Panell: 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 Auction Clearing

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 shawvs the market performancevhen both BILATERALMARKET and POOLCOMARKET are
allowed to run in a certainorder within the hour Eachmarket playeris given a chanceto play in the

"We usethetotal surplusgenerateih the BILATERALMARKETwith ~ stratey to calculateheDWL forthe and stratgjies
in the BILATERALMARKET.
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BILATERALMARKET andPOOLCOMARKET to ful®ll thetargetdemandandsell the desiredoutput. Two
iterationsof BILATERALMARKET andtwo iterationsof POOLCOMARKET arerunin eachhour Different
scenariosrerun usingdifferentordersof market executionto analyzethe effect of orderingon the perfor
manceof themarket. In the®rst scenariofwo iterationsof the BILATERALMARKET arerun beforethetwo
PoOOLCOMARKET iterations. The resultsfrom this scenaricareshavn in the ®rst threepanelsof Table?2.
The only differencein thesepanelsis that different POoLCOMARKET clearingalgorithmsareusedin the
PooLcoMARKET. Normal, Vickrey and weightedavemge clearingresultsareshavn in panelsl, 2 and3
respectrely.

In the secondscenariothe order of executionfor the BILATERALMARKET and POOLCOMARKET is
reversed.Now thetwo POOLCOMARKET iterationsarerun beforethetwo BILATERALMARKET iterations.
Resultsfrom the secondscenaricare shavn in panels4, 5 and6 of Table2. Again, normal, Vickrey and
weightedavermge clearingis usedin the POOLCOMARKET and the resultsare displayedin panels4 ,5
and6 respectiely. The DWL for eachof the panelsin Table2 hasbeencalculatedby usinga benchmark
total surplusgeneratedvhenbothBILATERALMARKET andnormal POOLCOMARKET wererununder '
stratgy. For example,Panelsl-3 usethe benchmarkotal surplusgeneratedvhen BILATERALMARKET
followedby normalPOOLCOMARKET isrunwith a™ ' stratgy. Panels4-6 usethebenchmarkotal surplus
generatedvhennormal PooLCOMARKET followedby BILATERALMARKET isrunwith a™ ' strategy.

Order of Mark et Execution

If BILATERALMARKET is run®rst, morevolumegettradedata cheapepricesincepriceson average
arelowerin the BILATERALMARKET marketthanPOOLCOMARKET.

Thebuyers'surplusis muchhigherwhenBILATERALMARKET isrunbeforePOOLCOMARKET. This
is becausevhen BILATERALMARKET is run ®rst, all the inelasticdemands senedin this market.
Giventhatthe SELLER areonly chaging averagetotal costandthereis no uniform pricing rule like
the POOLCOMARKET, thesellers'surplusis muchlowerin the BILATERALMARKET.

Thetotal volumetradedi.e. is higherwhenPoOLCOMARKET is run beforethe
BILATERALMARKET. Thereasorbeingthatall theinelasticdemandasto be metin the market that
runs®rstevenif it is expensive. Oncetheinelasticdemands senedin the POOLCOMARKET, theBi-
LATERALMARKET is runwhichis usuallymuchcheapethanthe PooLCOMARKET. Thedownward
slopingdemandunctionsallow higherquantitieso be boughtin the BILATERALMARKET. The ip
sideof this behaior is shavn in the ®rst threepanelswherePOOLCOMARKET is run after BILAT-
ERALMARKET. Thevolumetradedin the BILATERALMARKET is high but in the POOLCOMARKET
it is really low. Thisis becausell the inelasticdemandis metin the BILATERALMARKET which
hadrun ®rst. Therestof thedemands price elastic. This, whenofferedin the relatively expensie
PooLCOMARKET, resultsin low volumetradedin the POOLCOMARKET.

The DWL to the society increasesconsistentlyas SELLER move from being competitiveto
competitive-oligopolisto just oligopolistsno matterwhat the orderof executionis. Whenthe Bi-
LATERALMARKET is run®rst, the DWL is higherthanthe DWL whenPOOLCOMARKET is run®rst.
This is true underall threestratgies. This is becausavhen BILATERALMARKET is run ®rst total
volumetradedis muchlower.

Panel6 shavs thatwhenweightedaverage POOLCOMARKET is runbeforethe BILATERALM ARKET

with a® ' stratgy, the DWL is -4.19. This simply meanghatthe benchmarkotal surplusthatwas
choserwith theexpectatiorthatnormalPooLcCOMARKET will alwaysleadto highesiguantitytraded
andhencemostef®cieng is nottrue. The DWL is thelossgeneratedrom boththe markets. When
weightedaverage POOLCOMARKET is run ®rst, the volumetradedin that marlet wasthe lowestin
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comparisorwith the otherPOOLCOMARKET clearingmechanismsinder” ' stratgy. This allowed
more quantityto be tradedunderBILATERALMARKET (afterthe weightedavemlge POOLCOMAR-
KET) resultingin surplushigherthanwhatwasgenerated Panel5 undernormal POOLCOMARKET
witha™ ' strategy.

Table2

Resultsfrom DifferentOrderof Market Execution

Stratgy B.Surplus( ) S.Surplu ) DWL( )

Panell: Bilateral Followed by 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: Bilateral Followedby 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: Bilateral Followedby 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

| Stratgy | 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

0] 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

0] 7.70 870 30.19 666 45.17 30.97 23.85

5 Computational Issues

In this sectionwe describeour experiencesvith the computationalssuesnvolvedin designingandimple-
mentingour simulationtool in orderto performlarge-scalesimulations. The runningtime of eachof the
componentlgorithmswasdiscussedn Section3.

5.1 Computing power demand

We computethe power demandat ary giventime of dayasa functionof the actvities anddemographicsf
approximatelyl.6 million INDIVIDUALS spreadbverroughlyaquartemillion distinctlocations.Thisinput
datais obtainedfrom the micro-simulationperformedoy the UPMOSTINTERFACE for INDIVIDUALS in a
medium-sizedirbanarea.
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For reasonf modularity of the code,we currently performthis stepasa pre-processinghase.The
input to the pre-processinghaseis a setof the actwities and demographidnformationgeneratedy the
UPMOSTINTERFACE. Theoutputis asetof 24 ®les giving the aggrgateddemandpro®le (essentiallythe
coefdcientsof ademandunction)for eachhourof thedayatall locations.In orderto discover thedemand
pro®leatagivenlocationduringagivenhour, onecansimply loadthedemandpro®lesfrom theappropriate
hour.

It is possibleto performthis stepasa separatg@re-processinghasebecauseve have ana priori ®xed
time step(1 hour)which de®neshe smallesigranularityof simulatedtime duringthe courseof the simula-
tion. However, we would like to implementthe moreelegantsolutionof queryinga databasesener for the
demandoro®leatagivenlocationduringanarbitrarywindow of time. In aparallelcomputingervironment,
this databaseould evenbedistributedby partitioningit accordingo thetopologyof thegrid. Thedemand
atagivenlocationchange®vertime only asaresultof achangen theactities performedatthelocationor
the occupang of thelocation. If suchchangesresmall,avery ef®cientcachingstratey canbe developed
to reducethe databaséookuptime.

5.2 DemandFunctions

The aggregationstepdescribedn step3 of algorithmbisPaATCHPOWER computeghe sum of
individual demandfunctions. The implication is that at ary price per unit power , the value of
denoteghe aggrgatedemandat . However, with the introductionof discontinuousonstraintssuchas
the maximumtargetdemandattribute for eachCONSUMER, thisis nolongertrue. Consequentlywe
haveto carefullyconsidethesemantic®f thedisaggrgationstepin algorithmCALCULATEBIDSANDASK S
whenthenetpower clearedn the marletis partitionedamongindividual CONSUMERS.

Considera small examplewith two demandfunctions and
andtamget demands and . Then,the aggrgatetarget demandis
andthe aggrgatedemandunctionis . At , We compute which
doesnot exceedthe aggrgatetaget demand . Hence,we concludethat the aggrgate demandin the
marlet is at least120 units of power. However, we ®nd that and
sothattheactualaggrgatedemands at most . This

exampleillustratesthe casepreciselywhen,for some ,

eventhough . We thenhave a discrepang betweenthe actualaggrgatedemandandthe
aggrgatedemandccomputedy evaluatingthe aggrgatedemandunction.
Anotherissueis thatthe function is the sumof demandf all BUYER at price . However, for

suf®ciently large , someCoNsSUMERS' demandunctionsmay evaluateto a negative value. Wheneer a
CONSUMER' s demandunctionis negatve, it meanghatthe CONSUMER is not willing to buy arny power
atthatprice. Thereforetheactualaggrgatedemandat price is really the sumof thedemand®f only the
CONSUMERS whosedemandatprice is nonnegative.

The problemsarisefrom the fact that the demandfunctionsare only piecavise continuous,but we
representhe demandfunctionasa sumof continuousfunctions. In orderto solve the problemin its full
generalitywe would requireanimplementatiorof functionsthatarepiecavise continuousandanadditional
(horizontalsum)operatiorfor asetof suchfunctions.Theactualaggrgatedemandatagivenprice would
thenbe computedby summingthe actualdemandof eachCoNSUMER (the minimum of the value of the
demandunctionandthetargetdemandf the CONSUMER) andsummingoverthe CONSUMERS. Thiscan
beprohibitively expensve if the numberof CONSUMERS is large.
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5.3 Power ow

Computingthe load on eachLINE in the power grid usingthe “linearized” DC methodinvolvessolving a
systemof linearequations.The coef®cientsin this systemarethe susceptancesf the power LINES, which
do not changeduringthe courseof the simulation.Hence theinverse, , of thematrix of coef®cients
is computednly onceandcachedn aseparat®le. Furtherrunsof the simulationthatusethe samepower
grid simply load the inversematrix, , from this ®le without having to recomputdt. This methodcan
provide substantiabavingsin computatiortime for large grids. We thusavoid the matrix inversion
operatiorvia eitherLU decompositioror Gaussiareliminationat every run of the simulator We still incur
the running time of back substitutionfor computingthe actualload on eachLINE wheneer the
power injectedor power extractedchangest a substation.Therunningtime of the DC power ow codeon
ani86-basedCrunningLinux waslessthanaminute.

In futurework, we would lik e to take advantageof the sparsenatureof the systenof equationgo reduce
thememoryrequirementgandto parallelizethe code.

6 Conclusions

ThispapeilintroducesMarketectue, anddescribedts variousfeaturesn detail. Marketecturas asimulation
basedtool for analyzingelectricity marlkets. It canprovide insightinto the qualitatve dynamicsof the
marketsandverify commonlyheldintuitionsabouthow marketsrespondo changesn thepricing stratgies
andgamingopportunitieswith alot of detail,accurag andrealism.It providesalarge degreeof e xibility
via its ability to vary levels of aggrgation, costfunctions,demandfunctions, market clearingrulesand
matchingalgorithms. Thesecapabilities,combinedwith the useof a simple languagefor con®guringa
simulationrun, enablea wide rangeof market studies.

We performa casestudyfor thecity of Portland,Oregonusingthe BILATERALMARKET andPOOL Co-
MARKET. We evaluatethe ef®cieng/ andperformanceof thesemarketsunderdifferentsellers' stratgies
andmarket clearingalgorithms. Our resultsshav thatthe marketsare paretoef®cientif sellers'bid com-
petitively andnormal clearingis usedin the PooLCcOMARKET. Thesecondestoutcomein the PooLco-
MARKET occurswhen Vickrey auctionclearingmechanisiris ableto induce SELLER to reveal their true
productioncostsandbid at competitve levels. The market clearingprice canbereducedurtherif weighted
average clearingmethods usedto clearthe PooLCOMARKET. However, weightedavelage clearingresults
in lower MCQ andhigherdeadweightlossmakingit anunattractie alternatve.

Theaveragecontracipricein the BILATERALMARKET is signi®cantlylessthanthe averagepricein the
PooLcOMARKET for all threestratgjies. This is dueto the factthatin our model,BILATERALMARKET
SELLER usetheir ATC curvesto neggotiatea price. Also, in the POOLCOMARKET, every SELLER getspaid
the sameprice perunit asbid by the maginal SELLER. This resultsin a moreinef®cientuniform pricing.
Our studyalsoshaws that differentordersof market executioncanbe importantin signi®cantlyaffecting
the performanceof the markets. Basedon two differentexecutionorders,our model®ndsthatthe overall
market performances betterwhenPooLCOMARKET is run beforethe BILATERALMARKET.
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