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Abstract: This paperdescribesand comparestwo hybrid
algorithmswhich combinethe advantagesf the statespace
decompositioriechniqueandMonte Carlosimulationto pro-
vide multi-areareliability toolswhich allow improvedsystem
modeling by including DC load flow constraints. The first
methodusesdecomposition-simulationand accommodates
all generatiorcontingenciesnda limited numberof tie-line
contingencies.The secondmethodinvolves pruning of the
statespaceprior to simulation,andacceptsll generatiorand
tie-line contingenciesBothtechniquesandealwith arbitrary
networkconfigurationsandcantreatarbitraryprobabilitydis-
tributions of generatiorand transmissiorsystems. The two
methodsare comparedy usingthemto determinethe relia-
bility indicesof 3-aread-areaand5-areaconfiguration®f the
IEEE Reliability TestSystem.

1 Introduction

Presentday power systemsalmostinvariably operateunder
interconnectecconditions. The evolution of sophisticated
control methodologiehasbeenaccompaniedby anincrease
in the complexityof interconnectiongindexchangeolicies.
Theseand otherdevelopmentforeseeablén the immediate
future, such as competitivemarkets,non-utility generation,
andopentransmissiomccessmustbeaccompanietly thede-
velopmenif morepowerfulmulti-areatoolsfor theplanning
and analysisof large and complexinterconnectedystems.
Theincreasingsizeof systemsandthe increasinghumberof
operationalconstraintdmposeexorbitantdemandon these
toolsin termsof computationakffort. This motivatesdevel-
opmentof improvedtoolsandtechniquesvhich providemore
accuratesystenmmodelingandatthesamdimeenableanalysis
of large and complexsystemswith a reasonableamountof
computationakffort.

Severabpproachebavebeenproposedor reliability anal-
ysis of multi-areasystems. Theseapproache#nclude state
spacedecomposition[1], stochasticand probabilistic load
flows [2, 3], equivalentassistancanethod[4], and Monte
Carlosimulation[5, 6]. Thefirst threeof theseareanalytical
approacheswhile the fourth is a statisticalsimulationtech-
nigue. Therearealso hybrid techniqued7, 8, 9, 10] which
combineanalyticalandMonte Carlomethods.

In developingmulti-areareliability tools,two modelshave
beenpredominantlyusedto representhe inter-areapower
flows: the capacityflow model[1] andthe DC load flow
model[6, 11]. Thoughboth modelsarein use,thereis some
disagreemenamongusersand developergegardingthe ap-
propriatenessf eachmodel. It is, howeverwell knownthat
the capacityflow model fails to accommodateirchhoff’s
voltagelaw, whereasthe DC flow modelsucceedsn doing
so, althoughin a simplified form [8]. To this extent, the
DC flow model may be consideredto be a more accurate
representationMost analyticaland hybrid approachesiave
usedthe capacityflow model[1, 7]. In mostcaseshe DC
flow model hasbeenincorporatedn Monte Carlo methods

[6, 11]. In afew instanceg2, 3, 12, 13], the DC flow model
hasbeenusedin analyticalmethods but thesehavelimited

applicability [8]. However the authorshavedevelopedwo

hybrid methodq8, 9, 10] which successfullyincorporatethe

DC flow modeland are computationallymore efficient than
purely analyticalor purely simulationbasedmethods.These
methodsaredescribedriefly andcomparedn this paper

2 System Modeling
2.1 Generation Model

Basedon the capacitystatesandforced outageratesof units
availablein a given area,a discreteprobability distribution
functionis constructedfor everyareausingtheUnit Addition
Algorithm[14].

2.2 Transmission Line M odel

The transmissionline model can be constructedfor every
transmissiorine, in theform of a probability massfunction,
or adiscreteprobability distributionfunction, overall the ca-
pacitylevels,includingzero.

2.3 Load Moded

Theload modelusedconsistf N (20 in this researchilis-
cretemulti-areaload vectors,eachassociatedvith a proba-
bility. This model may be formed by clusteringthe multi-
areahourlyloadpointsinto N, clustersusingnearest centroid
sorting [14, 15]. Thisrepresentationot only makestheload
modelsmallerand more manageablehut alsopreserveghe
correlationbetweerarealoads.

2.4 The State Space

Foranygivenloadscenariotheavailableareagenerationand
thetie-line capacitieswill determinewhetheror not the area
loadswill besatisfied.We canthusdefinea statespaceasthe
setof all possiblecombinationsof generatiorievelsandtie-
line capacities.In generalthereforea systemwith N, areas
and N, tie-lineswill havea discretestatespaceof dimension
(Na + N;), eachaxis consistingof the areageneratioror tie-
line capacitylevels,zerolevelsincluded.

In accommodatindN. multi-areaload vectors,the follow-
ing deviceis employed.An appropriatdoad levelis chosen
for everyarea,to constitutethe referencdoad level vector
Foreveryloadvectorin theload model,the generatiormod-
el in eachareais modified. This modification consistsof
‘shifting’ a generatiormodelby a capacitylevel equalto the
differencebetweenthe load level andthe referencdevel for
thatarea,sothatthe magin betweenany generatiorievel in
the modifiedmodelandthe referencdoad remainsthe same
asthatbetweerthe correspondingapacitylevel in the orig-
inal modelandthe vectorload. Thesemodifiedmodelsare
interleavedtogetherto form what will be referredto asan
integratedgeneratiormodel. Whentheintegratedgeneration
modelis usedo representheareagenerationn the (N, + N;)-
dimensionalstatespacedescribedabove,the resultingstate



spacsds referredto astheintegratedcstatespace.

The operationsof decompositionpruningand simulation
describedn the nextsectionareperformedon theintegrated
statespace.

25 TheDC Flow Model

TheDC flow model[8, 6, 11] useshelinearizeddependence
of therealpowerflows onthenodalvoltageanglesandseeks
to minimize lossof loadin the systemsubjectto this depen-
denceandthe generatingandtransmissiorcapacitylimits. It
is thusformulatedasalinearprogrammingproblem,asgiven
below

Na
Lossof Load= Min Ci Q)
i—1
subjectto:
BO+G+C = D
G < Gmax
C <= D
bAo < Fp
—bAs < F™
GC = 0
0 unrestricted
where
Na = numberof areas
N: = numberof tie-lines
C = N-vectorof areaload curtailments
Ci =i-thelemenbf C,i.e.,unsatisfieddemandn areai
D = Ny-vectorof netnegativeinjectionsfor No Load
LossSharing(NLLS) andactualarealoadsfor
LoadLossSharing(LLS)

GM = Nj,-vectorof maximumavailablenetpositive
injectionsfor NLLS andavailableareageneration
for LLS

F{™® = N-vectorof forwardflow capacitief tie-lines

Fm& = N;-vectorof reverselow capacitieof tie-lines

G = Ny-vectorof netpositiveinjectionsfor NLLS and
actualareageneratiorfor LLS

0 = Ny-vectorof nodevoltageangles

b = Nt x N primitive (diagonal)matrix of tie-line
susceptances

A = Nt x Na element-nodéncidencematrix

B = N, x Ny augmentechodesusceptancmatrix

= ATbA

3 Description of the Methods

3.1 Decomposition-Simulation Including DC Flow
Constraints

Statespacedecompositior{1, 7, 8] is an analyticalmethod
whichrecursivelydecomposethesystenstatespacento dis-
joint setsof acceptableunclassifiedandlossof load states.
This is achievedby meansof partition vectors, which are
determinedusing Eq. (1) and variantsthereof[8, 9]. The
reliability indicesare thendeterminedrom the loss of load
sets.Becausehis methoddealswith setsof stategatherthan
individual statesijt is extremelypowerful. However for the
samereason,it is also necessaryfor the statespaceto be

coherenf12]. A systemis saidto be coherentf the failure
or degradatiorof a componentcannotin any way resultin
an improvementin systemperformanceand, likewise, the
restorationof a failed componentcannotin any way dete-
riorate the systemperformance. The capacityflow model
doesnot affect the systemcoherencesincethe flow profile
doesnot dependon theline susceptancesndanincreasdan
the capacityof any line canonly resultin anincreasen the
throughputcapability of the entire network. The DC flow
modeldisturbsthe coherenceof the statespacewith respect
to tie-line capacitychanges. This meansthat if the system
is in an acceptablestateand sometie-lines move to states
with highercapacitiespne or more partsof the systemmay
havelossof load. Similarly if the systemis in systemloss
of load stateandsomelineschangeo lower capacitiessome
partswhich hadloss of load may meettheir load demands.
This is becausechangedn capacitiescausechangesn line
impedances;ausingthe networkto redistributeloads.

In ordertoincludethe DC flow modelin thedecomposition
framework,therefore,coherencymustbe preserved.This is
achievedby assuminghatthetie-line statesdo notfail. This
is in somecasegegardedasa reasonabl@ssumptionsince
studieson somerealsystemg11] haveindicatedthatbecause
of the relatively low failure ratesof tie-lines, it is the tie-
line capacitiesratherthantheir failure rates,which havea
significanteffect on the systemreliability. Moreover such
animplementationj.e., one assumingperfectly reliable tie-
lines, is not entirely restrictivein termsof tie-line failures;
a limited numberof tie-line contingenciesanbe considered
by using the methodto computeindicesfor the individual
contingenciesweighingeachindex by the probability of the
correspondingontingencyandthenaggregatinghe weight-
edindices.

Oneotherproblemrequiresto be dealtwith. It hasbeen
found, aswill be shownin the section,that decomposition
tendgobecomenefficientafterapoint,andgrowsincreasing-
ly time consumingt is thereforeprudentto stopdecomposi-
tion at a suitablestageandsubjectthe restof the statespace
to Monte Carlosimulation. Thisinvolvesrandomlysampling
systemstates,testing them for acceptabilityusing Eq. (1),
andaddingtheir contributionto thereliability indices.Monte
Carlo simulationis alsoan extremelypowerful method,be-
causeit affords tremendousnodelingflexibility. However
simulationby itself canalsobe quite time consumingjn this
casethough,it convegesquiterapidly, sinceit is performed
overareducedstatespace.This hybrid of decompositiorand
simulationprovesto bequiteeffective,andhasbeendescribed
andvalidatedin [8, 9].

In generaliit is difficult to accuratelydeterminean ‘opti-
malmix’ of decompositiomndsimulation sincethis ‘optimal
mix’ is dependenbn suchparameterassystensize,configu-
ration,reservanamin, andloaddiversity. In practiceathresh-
old probability pg is defined suchthatall setswith probability
largerthan pgy aresubjectedo decompositionyhile the rest
are subjectedto simulation. A small value of pg therefore
resultsin alarge degreeof decompositionandvice versa.

3.2 Pruning and Simulation

This methodconsistsof pruning the statespacebeforeper
forming Monte Carlo simulation. ‘Pruning’ refersto cutting
awayarbitrarily large partsof the statespacesuchthatthese
partsdo notcontainanyfailure state.Thisis alsoachievedy
meansof partition vectorsdeterminedusing Eq. (1). Monte



Carlo simulationis then performedover the remainingstate
spacethesimulationnowconvegesrapidly, notonly because
thesamplespaces reducedput alsobecausé now contains
ahigherproportionof failure states.Thereliability indicesare
estimatecentirely from simulation.

Sincepruningalsodealswith setsof statescoherencynust
bepreservediuringthis phase Thisis doneby forcingthetie-
lines to remainat their maximumcapacitiesduring pruning.
They areallowedto assumeall statesduring the simulation
phase. It hasbeenshown|[8, 10| that this hybrid method
provesto be extremelyeffective, especiallybecauseie-lines
aregenerallyhighly reliable. Sinceall tie-line statesarecon-
sideredduringthe simulationphasethis methodis inherent-
ly capableof including all tie-line contingencies.lIt is also
relevantto remarkthat since pruning doesnot removeany
failure state all failure statesareretainedfor simulation,and
thereis nolossof accuracyaccompanyinghe accelerationn
convegence.Themethodis describedn detailin [8, 10].

Here,too, the mix of pruningandsimulationcanbe con-
trolled by defininga thresholdprobability pp, suchthatonly
setsof probability larger than po are subjectedto pruning,
while therestaresetasidefor simulation.

4 Test Cases and Results

In thissectionthetwo methodsarecomparedin termsof both
speedandaccuracy

It is conveniento first defineall the testcasesvhich will
be usedfor both validationand comparisorof the methods.
Threeconfigurationsare defined,asshownin Fig. 1. Every
areain theseconfigurationss identicalto the|[EEE-RTS[16],
with areageneratiorcapacity3405MW andareapeakload
3000MW. Everyinter-aredie consist®f adoublecircuitline,
eachline havingsusceptance 60 per unit, capacity]l 50MW,
andfailure probability 0.04. Eachtie-line thereforehasthree
statesasshownin TABLE |. Six testcasesareconsideredas
shownin TABLE Il. Thefirst threecasedgnorethe tie-line
failure probabilities andassumehemto beperfectlyreliable.
The remainingcasesconsiderall the lie-line statesgivenin
TABLEI.

In constructingall models for both methodsgcapacityand
load statesvereroundedoff to 50 MW steps.20-clustedoad
modelswereused. In all casesthe No Load Loss Sharing
(NLLS) policy wasassumedin the eventof lossof load, the
curtailmentsvereallocatedamongthe areassuffering lossof
load in sucha mannerasto minimize the total curtailment,
while ensuringthat the assistingareasfirst met their entire
areademandsAlso, for thesetestcaseso plannedoutagels
consideredi.e., the entireyearis treatedasa singleinterval
with full generatioravailability, exceptfor forcedoutages.

Casedl, 2 and 3 areusedsolely to exhibit the sensitivity
of thedecomposition-simulatiomethodo differentthreshold

/®

©) (5)

configuration 1 configuration 2 configuration 3

Fig. 1. Configurationof TestCases

TABLE |. TIE-LINE STATES

CAPACITY SUSCEPTANCE PROBABILITY
300MW —120pu 0.9216
150 MW —60pu 0.0768

0 MW Opu 0.0016

probabilities,andto showthat thereare ‘optimal’ valuesof
Po (in the neighborhoodf 10~7 for thesecases)or which
the methodperformsmost efficiently. The resultsof these
testsareshownin TABLE I11. It is clearfrom column6 (cor
respondingo completedecompositionjhatit is a goodidea
to switchfrom decompositiorio simulationata certainstage,
especiallyfor largesystems.

Casedl, 5and6 areusedto compareghetwo methods.The
comparisoris providedin TABLE V. Now casest, 5 and6
considermultiple tie-line contingencies.While the pruning
and simulationmethodis inherently capableof considering
all contingencieshedecomposition-simulatiomethodmust
be usedon selectedtie-line contingencies.Observethat in
cased, sincethereare3 tie-lineswith 3 stateseach thereare
altogethe3® = 27tie-line contingenciesCases has3* = 81
contingenciesandcase6 has3® = 243contingencieslt was
thereforenecessaryo selectie-line contingencieor case$
and6. Forcaseb, contingenciegor uptothird orderwerese-
lected,.e.,failureof 0, 1,2 or 3circuitswereconsideredeach
tie-line consistof 2 circuits). These(31 contingenciesyvere
foundto spar99.98%of theprobabilityspaceof all thetie-line
contingenciesFor cases, contingenciesf uptosecondrder
wereselectedi.e.,failureof 0,1 or 2 circuitswereconsidered.
These(21 contingenciesere found to span99.38%of the
probability spaceof all thetie-line contingenciesFor cased,
all 27 contingenciesspanningl00%of the probabilityspace,
wereconsidered.

Sincecompletedecompositiorof the 3-areasystenis rela-
tively fast, pp = 0 wasusedwhenapplyingthefirst method
on case4. Sothis resultrepresentsa completelyanalytical
solution. In casess and6, pp = 10~/ wasused.In applying
the pruningandsimulationmethod,py = 10~/ wasusedon
all cases.

It is evidentfrom TABLE IV that the pruning and sim-
ulation methodis not only capableof dealing with many
more transmissioncontingenciesthan the decomposition-
simulationmethod,butis alsoconsiderablyfaster However
it mustberealizedthatthe decomposition-simulatiomethod
providesthe optionof determiningheindicescompletelyan-
alytically (albeitunderincreasedime and memoryrequire-
ments)andis thereforecapableof greateraccuracywhile the
pruningandsimulationmethod,beingessentiallyan estima-
tion method necessarilyesultsin someamountof uncertain-
ty. In thefuture,ascomputerdecomdasterandmemorygets
cheaperand more abundantjt may be possibleto apply the
decomposition-simulatiomethodto largersystemsandatthe
sametime includelargernumbersof transmissiorcontingen-

TABLE Il. TEST CASES

CASE  CONFIGURATION  TIE-LINE STATES
CASE1 configurationl  all tiesperfectlyreliable
CASE2 configuration2  all tiesperfectlyreliable
CASE3 configuration3  all tiesperfectlyreliable
CASE4  configurationl  tie-linesasin TABLE |
CASE5  configuration?  tie-linesasin TABLE |
CASE6  configuration3  tie-linesasin TABLE |




TABLE I11. SENSITIVITY OF DECOMPOSITION-SIMULATION TO THRESHOLD PROBABILITY

CASE CPUtime! (h:mm:ssor differentthresholdprobabilities( po) Optimal
Pp=10°] pp=10° | pp=10"] pp=10°] po=0.0 Po
CASE1 | 0:00:25 | 0:00:25 | 0:00:15| 0:00:20 | 0:00:20 1077
CASE2 | 0:01:20 | 0:00:45 | 0:01:10 | 0:03:10 | 0:41:35 10°©
CASE3 | 0:04:25 | 0:02:45 | 0:02:40 | 0:05:35 | 23:47:00 1077

TABLE IV. COMPARISON OF THE TWO METHODS

Decomposition-Simulation Pruning& Simulation
CASE LOLE (h/year) | EUE (MWh/year) | CPUtime! LOLE (h/year) | EUE (MWh/year) | CPUtime!
SYSTEM | AREA | SYSTEM | AREA | (h:mm:SS) || SYSTEM | AREA | SYSTEM | AREA | (h:mm:ss)
CASE4 1869 | 0.743] 321.4 | 107.1| 0:03:00 1816 | 0.736| 3195 | 106.5| 0:00:04
CASES 1574 | 0.441] 242.2 60.6 | 0:48:23 1548 | 0.434] 234.1 585 | 0:00:20
CASE®6 1.731 | 0.372] 233.9 46.8 | 1:00:26 1.750 | 0.384| 243.6 48.7 | 0:00:45

cies.Both methodghereforehavetheir relativemerits.

5 Conclusion

This paperhaspresentecandcomparedwo hybrid methods
for reliability evaluationof multi-areasystems— thedecom-
position simulationmethodand the pruning and simulation
method.Thesemethodsncorporateémprovednetworkmod-

eling by including DC flow constraintsandat the sametime

effectively solvethe problemof noncoherenceshichaccom-
paniesthe inclusionof theseconstraintdn analyticalframe-
workswhich dealwith setsof systemstates.Thesemethods
areextremelyeffective,andpossesshefollowing features.

1. Both methodscan handlearbitrary network configura-
tionsandarbitraryprobability distributionsof generation
andtransmissiorsystems.

2. Both methodsconsidergenerationcontingenciesof all
orders. Thefirst methodcan considera limited number
of transmissiorcontingencieswhile thesecondonsiders
all transmissiortontingencies.

3. Both methodsprovide improved network modeling by
includingDC flow constraints.

4. Both methodsare computationallymore efficient than
purelyanalyticalor purely Monte Carlosimulation.

Acknowledgment

TheworkreportecherewassupportedinderNationalScience
FoundatiorGrantECS-9412712andEnegy Resource&rant
95-20.

References

[1] D. P. Clancy G. Gross,F. F. Wu, “Probabilistic flows
for reliability evaluationof multiareapowersystemin-
terconnections, Electrical Power& Enegy Systems
vol. 5,n0.2, pp.101-114, Apr 1983.

A. P. Meliopoulos,A. G. Bakirtzis, R. Kovacs,“Pow-
er systemreliability evaluationusing stochasticload
flows,” IEEE Trans.PAS, vol. 103, no. 5, pp. 1084—
1091,May 1984.

T. S.KaratsanisN. D. Hatziagyriou,“Probabilisticcon-
strainedload flow basedon sensitivityanalysis,”|[EEE
Trans.PWRS vol. 9, no.4, pp.1853—-1860Nov 1994,

C. Singh, G. M. Chintaluri, “Reliability evaluationof
interconnectegower systemsusing a multi-parameter

(2]

3]

[4]

1onaDEC Alpha2100-4/275

gammadistribution,” Electrical Power& Enegy Sys-
tems vol. 17,n0.2, pp. 151-160Apr 1995.

C. Singh,T. P. ChanderJ. Feng,“Convemgencecharac-
teristicsof two MonteCarlomodelsfor reliability evalu-
ationof interconnectegowersystems,’Electric Power
SystemsResearchvol. 28, pp. 1-9,1993.

C. Singh, A. D. Patton, N-Area Reliability Program
(NARP): ProgramDescriptionandUserGuide College
Station,TX: Associated®?owerAnalysts,Inc., 1994,

Z. Deng, C. Singh, “A new approachto reliabili-
ty evaluationof interconnectegower systemsnclud-
ing plannedoutagesandfrequencycalculations,”|EEE
Trans.PWRS vol. 7,n0.2, pp. 734—743May 1992.
J.Mitra, “Modelsfor reliability evaluatiorof multi-area
andcompositesystems,’Ph.D.dissertationTexasA&M
University, CollegeStation,TX, 1997.

J. Mitra, C. Singh, “Incorporating the DC load flow
modelin thedecomposition-simulatiomethodof multi-
areareliability evaluation,”lEEE Trans.PWRS vol. 11,
no. 3, pp.1245-1254Aug 1996.

J.Mitra, C. Singh,“A hybridapproacho addressinghe
problemof noncoherencyn multi-areareliability mod-
els,” in Proc.PowerSystemComputationConf., (Dres-
den,Germany)pp.1011-1017 Aug 1996.
Report,“Bulk powerreliability study” Reliability Task
Force Report for the Electric Reliability Council of
Texas,Jun1993.

[12] K. Moslehi, F. Wu, “A methodfor bulk power system
reliability evaluatiorbasednlocalcoherency Electric
PowerSystemdResearchvol. 7, pp.307-319,1984.

H. K. CheongT. S.Dillon, “Extensiongo thebounded-
settheoreticalapproacho reliability modelingandcal-
culationdfor compositegeneration-transmissi@ystem-
susinga DC load-flowmodel,” ElectricalPower& En-
emgy Systemsvol. 2,no0.4, pp.169-1800ct 1980.

C. Singh,Q. Chen,“Generationsystemreliability eval-
uationusinga clusterbasedoad model,” IEEE Trans.
PWRS vol. 4,n0.1, pp.102-107 Feb1989.

C. Singh,Y. Kim, “An efficient techniquefor reliabili-
ty analysisof powersystemsncluding time dependent
sources,”lEEE Trans.PWRS vol. 3, no. 3, pp. 1090—
1096,Aug 1988.

IEEE Committee Report, “IEEE reliability test sys-
tem,” IEEE Trans.PAS, vol. 98, no. 6, pp.2047-2054,
Nov/Dec1979.

5]

[6]

[7]

(8]

9]

(10]

[11]

(13]

(14]

(15]

[16]



