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Abstract: This paperdescribesand comparestwo hybrid
algorithmswhich combinethe advantagesof the statespace
decompositiontechniqueandMonteCarlosimulationto pro-
videmulti-areareliability toolswhichallow improvedsystem
modelingby including DC load flow constraints. The first
methodusesdecomposition-simulation,and accommodates
all generationcontingenciesanda limited numberof tie-line
contingencies.The secondmethodinvolvespruningof the
statespaceprior to simulation,andacceptsall generationand
tie-linecontingencies.Bothtechniquescandealwith arbitrary
networkconfigurations,andcantreatarbitraryprobabilitydis-
tributionsof generationandtransmissionsystems.The two
methodsarecomparedby usingthemto determinetherelia-
bility indicesof 3-area,4-areaand5-areaconfigurationsof the
IEEE Reliability TestSystem.

1 Introduction

Presentday powersystemsalmostinvariably operateunder
interconnectedconditions. The evolution of sophisticated
controlmethodologieshasbeenaccompaniedby an increase
in thecomplexityof interconnectionsandexchangepolicies.
Theseandotherdevelopmentsforeseeablein the immediate
future, suchas competitivemarkets,non-utility generation,
andopentransmissionaccess,mustbeaccompaniedbythede-
velopmentof morepowerfulmulti-areatoolsfor theplanning
and analysisof large and complex interconnectedsystems.
The increasingsizeof systemsandthe increasingnumberof
operationalconstraintsimposeexorbitantdemandson these
tools in termsof computationaleffort. This motivatesdevel-
opmentof improvedtoolsandtechniqueswhichprovidemore
accuratesystemmodelingandatthesametimeenableanalysis
of large andcomplexsystemswith a reasonableamountof
computationaleffort.

Severalapproacheshavebeenproposedfor reliability anal-
ysis of multi-areasystems. Theseapproachesinclude state
spacedecomposition[1], stochasticand probabilistic load
flows [2, 3], equivalentassistancemethod[4], and Monte
Carlosimulation[5, 6]. Thefirst threeof theseareanalytical
approaches,while the fourth is a statisticalsimulationtech-
nique. Therearealsohybrid techniques[7, 8, 9, 10] which
combineanalyticalandMonteCarlomethods.

In developingmulti-areareliability tools,two modelshave
beenpredominantlyusedto representthe inter-areapower
flows: the capacityflow model [1] and the DC load flow
model[6, 11]. Thoughbothmodelsarein use,thereis some
disagreementamongusersanddevelopersregardingthe ap-
propriatenessof eachmodel. It is, however, well knownthat
the capacityflow model fails to accommodateKirchhoff ’s
voltagelaw, whereasthe DC flow modelsucceedsin doing
so, althoughin a simplified form [8]. To this extent, the
DC flow model may be consideredto be a more accurate
representation.Most analyticalandhybrid approacheshave
usedthe capacityflow model [1, 7]. In mostcasesthe DC
flow model hasbeenincorporatedin Monte Carlo methods

[6, 11]. In a few instances[2, 3, 12, 13], theDC flow model
hasbeenusedin analyticalmethods,but thesehavelimited
applicability [8]. However, the authorshavedevelopedtwo
hybrid methods[8, 9, 10] which successfullyincorporatethe
DC flow modelandarecomputationallymoreefficient than
purelyanalyticalor purelysimulationbasedmethods.These
methodsaredescribedbriefly andcomparedin thispaper.

2 System Modeling
2.1 Generation Model

Basedon thecapacitystatesandforcedoutageratesof units
availablein a given area,a discreteprobability distribution
functionisconstructed,for everyarea,usingtheUnit Addition
Algorithm [14].

2.2 Transmission Line Model

The transmissionline model can be constructedfor every
transmissionline, in theform of a probabilitymassfunction,
or a discreteprobabilitydistributionfunction,overall theca-
pacitylevels,includingzero.

2.3 Load Model

Theloadmodelusedconsistsof Nc (20 in this research)dis-
cretemulti-areaload vectors,eachassociatedwith a proba-
bility. This model may be formed by clusteringthe multi-
areahourlyloadpointsinto Nc clustersusingnearest centroid
sorting [14, 15]. This representationnot only makestheload
modelsmallerandmoremanageable,but alsopreservesthe
correlationbetweenarealoads.

2.4 The State Space

Foranygivenloadscenario,theavailableareagenerationsand
the tie-line capacitieswill determinewhetheror not thearea
loadswill besatisfied.Wecanthusdefineastatespaceasthe
setof all possiblecombinationsof generationlevelsandtie-
line capacities.In general,therefore,a systemwith Na areas
andNt tie-lineswill havea discretestatespaceof dimension�
Na � Nt � , eachaxisconsistingof theareagenerationor tie-

line capacitylevels,zerolevelsincluded.
In accommodatingNc multi-arealoadvectors,thefollow-

ing deviceis employed.An appropriateload level is chosen
for everyarea,to constitutethe referenceload level vector.
For everyloadvectorin theloadmodel,thegenerationmod-
el in eachareais modified. This modification consistsof
‘shifting’ a generationmodelby a capacitylevel equalto the
differencebetweenthe load level andthe referencelevel for
thatarea,so that themargin betweenanygenerationlevel in
themodifiedmodelandthereferenceload remainsthesame
asthatbetweenthecorrespondingcapacitylevel in theorig-
inal modelandthe vector load. Thesemodifiedmodelsare
interleavedtogetherto form what will be referredto as an
integratedgenerationmodel.Whentheintegratedgeneration
modelisusedto representtheareagenerationin the(Na � Nt )-
dimensionalstatespacedescribedabove,the resultingstate
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spaceis referredto astheintegratedstatespace.
The operationsof decomposition,pruningandsimulation

describedin thenextsectionareperformedon theintegrated
statespace.

2.5 The DC Flow Model

TheDC flow model[8, 6, 11] usesthelinearizeddependence
of therealpowerflowsonthenodalvoltageangles,andseeks
to minimize lossof load in thesystemsubjectto this depen-
denceandthegeneratingandtransmissioncapacitylimits. It
is thusformulatedasa linearprogrammingproblem,asgiven
below.

Lossof Load � Min
Na�

i � 1 Ci (1)

subjectto: �
B �	� G � C � D

G 
 Gmax

C 
 D

b

�
A ��
 Fmax

f� b
�
A ��
 Fmax

r

G 
 C � 0� unrestricted

where

Na � numberof areas
Nt � numberof tie-lines
C � Na-vectorof arealoadcurtailments
Ci � i -th elementof C, i.e.,unsatisfieddemandin areai
D � Na-vectorof netnegativeinjectionsfor No Load

LossSharing(NLLS) andactualarealoadsfor
LoadLossSharing(LLS)

Gmax � Na-vectorof maximumavailablenetpositive
injectionsfor NLLS andavailableareageneration
for LLS

Fmax
f � Nt -vectorof forwardflow capacitiesof tie-lines

Fmax
r � Nt -vectorof reverseflow capacitiesof tie-lines

G � Na-vectorof netpositiveinjectionsfor NLLS and
actualareagenerationfor LLS��� Na-vectorof nodevoltageangles

b � Nt � Nt primitive (diagonal)matrixof tie-line
susceptances

�
A � Nt � Na element-nodeincidencematrix
�
B � Na � Na augmentednodesusceptancematrix�

�
AT b

�
A

3 Description of the Methods
3.1 Decomposition-Simulation Including DC Flow

Constraints

Statespacedecomposition[1, 7, 8] is an analyticalmethod
whichrecursivelydecomposesthesystemstatespaceintodis-
joint setsof acceptable,unclassified,andlossof load states.
This is achievedby meansof partition vectors,which are
determinedusing Eq. (1) and variantsthereof [8, 9]. The
reliability indicesare thendeterminedfrom the lossof load
sets.Becausethismethoddealswith setsof statesratherthan
individual states,it is extremelypowerful. However, for the
samereason,it is also necessaryfor the statespaceto be

coherent[12]. A systemis saidto be coherentif the failure
or degradationof a componentcannotin any way result in
an improvementin systemperformance,and, likewise, the
restorationof a failed componentcannotin any way dete-
riorate the systemperformance. The capacityflow model
doesnot affect the systemcoherence,sincethe flow profile
doesnot dependon the line susceptances,andan increasein
the capacityof any line canonly result in an increasein 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 highercapacities,oneor morepartsof the systemmay
havelossof load. Similarly if the systemis in systemloss
of loadstateandsomelineschangeto lower capacities,some
partswhich had lossof load may meettheir load demands.
This is becausechangesin capacitiescausechangesin line
impedances,causingthenetworkto redistributeloads.

In orderto includetheDC flow modelin thedecomposition
framework,therefore,coherencymustbe preserved.This is
achievedby assumingthatthetie-line statesdo not fail. This
is in somecasesregardedasa reasonableassumption,since
studiesonsomerealsystems[11] haveindicatedthatbecause
of the relatively low failure ratesof tie-lines, it is the tie-
line capacities,ratherthan their failure rates,which havea
significanteffect on the systemreliability. Moreover, such
an implementation,i.e., oneassumingperfectly reliable tie-
lines, is not entirely restrictivein termsof tie-line failures;
a limited numberof tie-line contingenciescanbeconsidered
by using the methodto computeindicesfor the individual
contingencies,weighingeachindexby theprobabilityof the
correspondingcontingency, andthenaggregatingtheweight-
edindices.

Oneotherproblemrequiresto be dealtwith. It hasbeen
found, as will be shownin the section,that decomposition
tendstobecomeinefficientafterapoint,andgrowsincreasing-
ly timeconsuming.It is thereforeprudentto stopdecomposi-
tion at a suitablestageandsubjectthe restof thestatespace
to MonteCarlosimulation.This involvesrandomlysampling
systemstates,testing them for acceptabilityusing Eq. (1),
andaddingtheircontributionto thereliability indices.Monte
Carlo simulationis alsoan extremelypowerful method,be-
causeit affords tremendousmodelingflexibility. However,
simulationby itself canalsobequitetime consuming;in this
case,though,it convergesquiterapidly, sinceit is performed
overa reducedstatespace.Thishybridof decompositionand
simulationprovestobequiteeffective,andhasbeendescribed
andvalidatedin [8, 9].

In general,it is difficult to accuratelydeterminean ‘opti-
malmix’ of decompositionandsimulation,sincethis‘optimal
mix’ is dependentonsuchparametersassystemsize,configu-
ration,reservemargin,andloaddiversity. In practiceathresh-
oldprobability p0 is defined,suchthatall setswith probability
larger than p0 aresubjectedto decomposition,while therest
are subjectedto simulation. A small value of p0 therefore
resultsin a largedegreeof decomposition,andvice versa.

3.2 Pruning and Simulation

This methodconsistsof pruning the statespacebeforeper-
forming MonteCarlosimulation. ‘Pruning’ refersto cutting
awayarbitrarily largepartsof thestatespace,suchthat these
partsdonotcontainanyfailurestate.This is alsoachievedby
meansof partition vectorsdeterminedusingEq. (1). Monte
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Carlo simulationis thenperformedover the remainingstate
space;thesimulationnowconvergesrapidly, notonlybecause
thesamplespaceis reduced,butalsobecauseit nowcontains
ahigherproportionof failurestates.Thereliability indicesare
estimatedentirelyfrom simulation.

Sincepruningalsodealswith setsof states,coherencymust
bepreservedduringthisphase.Thisisdoneby forcingthetie-
lines to remainat their maximumcapacitiesduring pruning.
They areallowedto assumeall statesduring the simulation
phase. It hasbeenshown [8, 10] that this hybrid method
provesto beextremelyeffective,especiallybecausetie-lines
aregenerallyhighly reliable.Sinceall tie-line statesarecon-
sideredduringthesimulationphase,this methodis inherent-
ly capableof including all tie-line contingencies.It is also
relevantto remarkthat sincepruning doesnot removeany
failure state,all failure statesareretainedfor simulation,and
thereis no lossof accuracyaccompanyingtheaccelerationin
convergence.Themethodis describedin detail in [8, 10].

Here,too, the mix of pruningandsimulationcanbe con-
trolled by defininga thresholdprobability p0, suchthatonly
setsof probability larger than p0 are subjectedto pruning,
while therestaresetasidefor simulation.

4 Test Cases and Results
In thissectionthetwo methodsarecompared,in termsof both
speedandaccuracy.

It is convenientto first defineall the testcaseswhich will
be usedfor both validationandcomparisonof the methods.
Threeconfigurationsaredefined,asshownin Fig. 1. Every
areain theseconfigurationsis identicalto theIEEE-RTS[16],
with areagenerationcapacity3405MW andareapeakload
3000MW. Everyinter-areatieconsistsof adoublecircuit line,
eachline havingsusceptance� 60per unit, capacity150MW,
andfailure probability0.04. Eachtie-line thereforehasthree
states,asshownin TABLE I . Six testcasesareconsidered,as
shownin TABLE I I . The first threecasesignorethe tie-line
failureprobabilities,andassumethemto beperfectlyreliable.
The remainingcasesconsiderall the lie-line statesgiven in
TABLE I .

In constructingall models,for bothmethods,capacityand
loadstateswereroundedoff to 50MW steps.20-clusterload
modelswereused. In all cases,the No Load Loss Sharing
(NLLS) policy wasassumed:in theeventof lossof load,the
curtailmentswereallocatedamongtheareassuffering lossof
load in sucha manneras to minimize the total curtailment,
while ensuringthat the assistingareasfirst met their entire
areademands.Also, for thesetestcasesno plannedoutageis
considered,i.e., the entireyearis treatedasa singleinterval
with full generationavailability, exceptfor forcedoutages.

Cases1, 2 and3 areusedsolely to exhibit the sensitivity
of thedecomposition-simulationmethodtodifferentthreshold

2 3

1

32

1 4 1
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configuration 1 configuration 2 configuration 3

Fig. 1. Configurationof TestCases

TABLE I . TIE-L INE STATES

CAPACITY SUSCEPTANCE PROBABIL ITY

300MW � 120pu 0.9216
150MW � 60pu 0.0768

0 MW 0pu 0.0016

probabilities,andto showthat thereare ‘optimal’ valuesof
p0 (in the neighborhoodof 10� 7 for thesecases)for which
the methodperformsmost efficiently. The resultsof these
testsareshownin TABLE I I I . It is clearfrom column6 (cor-
respondingto completedecomposition)that it is a goodidea
to switchfrom decompositionto simulationatacertainstage,
especiallyfor largesystems.

Cases4, 5 and6 areusedto comparethetwo methods.The
comparisonis providedin TABLE IV. Now cases4, 5 and6
considermultiple tie-line contingencies.While the pruning
andsimulationmethodis inherentlycapableof considering
all contingencies,thedecomposition-simulationmethodmust
be usedon selectedtie-line contingencies.Observethat in
case4, sincethereare3 tie-lineswith 3 stateseach,thereare
altogether33 � 27tie-linecontingencies.Case5 has34 � 81
contingencies,andcase6 has35 � 243contingencies.It was
thereforenecessaryto selecttie-linecontingenciesfor cases5
and6. Forcase5, contingenciesfor uptothird orderwerese-
lected,i.e.,failureof 0,1,2or3circuitswereconsidered(each
tie-lineconsistsof 2 circuits). These(31 contingencies)were
foundtospan99.98%of theprobabilityspaceof all thetie-line
contingencies.Forcase6, contingenciesof uptosecondorder
wereselected,i.e.,failureof 0,1or2circuitswereconsidered.
These(21 contingencies)werefound to span99.38%of the
probabilityspaceof all thetie-linecontingencies.Forcase4,
all 27contingencies,spanning100%of theprobabilityspace,
wereconsidered.

Sincecompletedecompositionof the3-areasystemis rela-
tively fast, p0

� 0 wasusedwhenapplyingthefirst method
on case4. So this result representsa completelyanalytical
solution. In cases5 and6, p0

� 10� 7 wasused.In applying
thepruningandsimulationmethod,p0

� 10� 7 wasusedon
all cases.

It is evident from TABLE IV that the pruning and sim-
ulation method is not only capableof dealing with many
more transmissioncontingenciesthan the decomposition-
simulationmethod,but is alsoconsiderablyfaster. However,
it mustberealizedthatthedecomposition-simulationmethod
providestheoptionof determiningtheindicescompletelyan-
alytically (albeit underincreasedtime andmemoryrequire-
ments)andis thereforecapableof greateraccuracy, while the
pruningandsimulationmethod,beingessentiallyanestima-
tion method,necessarilyresultsin someamountof uncertain-
ty. In thefuture,ascomputersbecomefasterandmemorygets
cheaperandmoreabundant,it may be possibleto apply the
decomposition-simulationmethodto largersystemsandatthe
sametime includelargernumbersof transmissioncontingen-

TABLE I I . TEST CASES

CASE CONFIGURATION TIE-LINE STATES

CASE1 configuration1 all tiesperfectlyreliable
CASE2 configuration2 all tiesperfectlyreliable
CASE3 configuration3 all tiesperfectlyreliable
CASE4 configuration1 tie-linesasin TABLE I
CASE5 configuration2 tie-linesasin TABLE I
CASE6 configuration3 tie-linesasin TABLE I
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TABLE I I I . SENSITIVITY OF DECOMPOSITION-SIMULATION TO THRESHOLD PROBABIL ITY

CASE CPUtime1 (h:mm:ss)for differentthresholdprobabilities(p0) Optimal
p0 � 10� 5 p0 � 10� 6 p0 � 10� 7 p0 � 10� 8 p0 � 0 � 0 p �0

CASE1 0 : 00 : 25 0 : 00 : 25 0 : 00 : 15 0 : 00 : 20 0 : 00 : 20 10� 7
CASE2 0 : 01 : 20 0 : 00 : 45 0 : 01 : 10 0 : 03 : 10 0 : 41 : 35 10� 6
CASE3 0 : 04 : 25 0 : 02 : 45 0 : 02 : 40 0 : 05 : 35 23 : 47 : 00 10� 7

TABLE IV. COMPARISON OF THE TWO METHODS

Decomposition-Simulation Pruning& Simulation
CASE LOLE (h/year) EUE(MWh/year) CPUtime1 LOLE (h/year) EUE(MWh/year) CPUtime1

SYSTEM AREA SYSTEM AREA (h:mm:ss) SYSTEM AREA SYSTEM AREA (h:mm:ss)
CASE4 1.869 0.743 321.4 107.1 0 : 03 : 00 1.816 0.736 319.5 106.5 0 : 00 : 04
CASE5 1.574 0.441 242.2 60.6 0 : 48 : 23 1.548 0.434 234.1 58.5 0 : 00 : 20
CASE6 1.731 0.372 233.9 46.8 1 : 00 : 26 1.750 0.384 243.6 48.7 0 : 00 : 45

cies.Bothmethodsthereforehavetheir relativemerits.

5 Conclusion
This paperhaspresentedandcomparedtwo hybrid methods
for reliability evaluationof multi-areasystems— thedecom-
position simulationmethodand the pruning andsimulation
method.Thesemethodsincorporateimprovednetworkmod-
eling by includingDC flow constraints,andat thesametime
effectivelysolvetheproblemof noncoherencewhich accom-
paniesthe inclusionof theseconstraintsin analyticalframe-
workswhich dealwith setsof systemstates.Thesemethods
areextremelyeffective,andpossessthefollowing features.

1. Both methodscan handlearbitrary network configura-
tionsandarbitraryprobabilitydistributionsof generation
andtransmissionsystems.

2. Both methodsconsidergenerationcontingenciesof all
orders. The first methodcanconsidera limited number
of transmissioncontingencies,while thesecondconsiders
all transmissioncontingencies.

3. Both methodsprovide improvednetwork modelingby
includingDC flow constraints.

4. Both methodsare computationallymore efficient than
purelyanalyticalor purelyMonteCarlosimulation.

Acknowledgment
Thework reportedherewassupportedunderNationalScience
FoundationGrantECS-9412712andEnergyResourcesGrant
95-20.

References
[1] D. P. Clancy, G. Gross,F. F. Wu, “Probabilisticflows

for reliability evaluationof multiareapowersystemin-
terconnections,”Electrical Power& Energy Systems,
vol. 5, no.2, pp.101–114,Apr 1983.

[2] 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.

[3] T. S.Karatsanis,N. D. Hatziargyriou,“Probabilisticcon-
strainedloadflow basedon sensitivityanalysis,”IEEE
Trans.PWRS, vol. 9, no.4, pp.1853–1860,Nov 1994.

[4] C. Singh, G. M. Chintaluri, “Reliability evaluationof
interconnectedpowersystemsusinga multi-parameter

1On aDECAlpha2100– 4/275

gammadistribution,” Electrical Power& Energy Sys-
tems, vol. 17,no.2, pp.151–160,Apr 1995.

[5] C. Singh,T. P. Chander, J.Feng,“Convergencecharac-
teristicsof two MonteCarlomodelsfor reliability evalu-
ationof interconnectedpowersystems,”ElectricPower
SystemsResearch, vol. 28,pp.1–9,1993.

[6] C. Singh, A. D. Patton, N-Area Reliability Program
(NARP):ProgramDescriptionandUserGuide. College
Station,TX: AssociatedPowerAnalysts,Inc., 1994.

[7] Z. Deng, C. Singh, “A new approachto reliabili-
ty evaluationof interconnectedpower systemsinclud-
ing plannedoutagesandfrequencycalculations,”IEEE
Trans.PWRS, vol. 7, no.2, pp.734–743,May 1992.

[8] J.Mitra, “Modelsfor reliability evaluationof multi-area
andcompositesystems,”Ph.D.dissertation,TexasA&M
University, CollegeStation,TX, 1997.

[9] J. Mitra, C. Singh, “Incorporating the DC load flow
modelin thedecomposition-simulationmethodof multi-
areareliability evaluation,”IEEETrans.PWRS, vol. 11,
no.3, pp.1245–1254,Aug 1996.

[10] J.Mitra, C.Singh,“A hybridapproachto addressingthe
problemof noncoherencyin multi-areareliability mod-
els,” in Proc.PowerSystemComputationConf., (Dres-
den,Germany),pp.1011–1017,Aug 1996.

[11] Report,“Bulk powerreliability study,” Reliability Task
Force Report for the Electric Reliability Council of
Texas,Jun1993.

[12] K. Moslehi, F. Wu, “A methodfor bulk powersystem
reliability evaluationbasedonlocalcoherency,” Electric
PowerSystemsResearch, vol. 7, pp.307–319,1984.

[13] H. K. Cheong,T. S.Dillon, “Extensionsto thebounded-
settheoreticalapproachto reliability modelingandcal-
culationsfor compositegeneration-transmissionsystem-
susinga DC load-flowmodel,”ElectricalPower& En-
ergy Systems, vol. 2, no.4, pp.169–180,Oct1980.

[14] C. Singh,Q. Chen,“Generationsystemreliability eval-
uationusinga clusterbasedload model,” IEEE Trans.
PWRS, vol. 4, no.1, pp.102–107,Feb1989.

[15] C. Singh,Y. Kim, “An efficient techniquefor reliabili-
ty analysisof powersystemsincluding time dependent
sources,”IEEE Trans.PWRS, vol. 3, no. 3, pp. 1090–
1096,Aug 1988.

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

4


