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Abstract

This paper presents a method of computing the reliability in-
dices of a composite generation-transmission system by per-
forming Monte Carlo simulation selectively on those regions of
the state space whereloss of |oad statesaremorelikely to occur.
These regions are isolated by performing state space decom-
position to remove coherent acceptable subspaces. It is shown
that this method resultsin a significant reduction in the number
of sampled states, thereby reducing the computational effort re-
quired to compute the system and bus indices. The method as-
sumesaDC flow model, and istested using the |EEE Reliability
Test System. The proposed method is not intended to replace
existing variance reduction techniques; in fact, such techniques
may be used in conjunction with the proposed method to further
improve its efficiency.

Keywords. reliability indices, composite reliability, Monte
Carlo simulation, DC load flow

1 Introduction

Composite system reliability evaluation involves the determi-
nation of reliability indices of a power system, giving due con-
sideration not only to changesin generation levels, but also to
transmission line capacities and outages [1]. Many of the pa-
pers found in the literature have emphasized the calculation of
system indices for composite reliability. In the deregul ated en-
vironment of the future, generation, transmission, and distribu-
tion aspectsmay be owned by separate entities. Inthissituation,
thebusindiceswill becomevery significant. In onesense, how-
ever, the problem will stay similar towhat it istoday, i.e., every
network will have generated power injected at some buses, and
loads tapped from some buses.

Composite reliability methods currently in use employ one
of the following approaches, or combinations thereof [2, 3, 4]:

1. Contingency enumeration
2. State space decomposition
3. Monte Carlo simulation

Contingency enumeration [2, 5] consists of listing all contin-
gencies of upto a given order, usually second, computing their
probabilities, and evaluating the reliability indices from these
probabilities. Thelimitation of thisapproachliesinthefact that
higher order contingencies often have a non-negligible contri-
bution in composite reliability indices. Contingency enumera-
tion has al so been applied together with contingency ranking to
reduce the number of contingenciesto be evaluated [6, 7, 8].

State space decomposition [9, 10, 11, 12] is an analytical
method which recursively decomposes the system state space
into sets of acceptable, unclassified, and loss of load states. The
coherency property, which requires that an acceptable set be
homogeneous to the extent that it should have no loss of load
states, and that a loss of load set should likewise be devoid of
acceptable states, isanecessary condition for thismethod. This
condition restrictstheflexibility of the power flow model which
can be used for composite reliability analysis, because for DC
and AC flow models, changesin transmission line states result
in noncoherency of the state space. The only power flow model
which is robust to transmission state changes is the capacity
flow model, but this model suffers from theinability to accom-
modate Kirchhoff’svoltage law. The capacity flow model has
been frequently used for multi-areareliability studies, but isnot
considered suitable for composite system reliability. Further-
more, for alarge system, the number of loss of load sets gener-
ated can become unmanageably large.

Monte Carlo simulation [13, 14] consists of randomly sam-
pling system states, testing them for acceptability, and aggre-
gating the contribution of loss of load states to the reliability
indicestill the coefficients of variation of these indicesdrop be-
low prespecified tolerances. The advantages of Monte Carlo
simulation in the context of composite reliability analysis are
manifold: virtually any desired power flow model can be ac-
commodated, the problem of noncoherency is circumvented,



and contingencies of all orders are sampled. Indeed, for com-
plex systems, simulation may often bethe only recourse. There
is, however, animportant limitation— the number of statesthat
must be sampled before the indices stabilizeis large, especially
for highly reliable systems, and the more complex the power
flow model used, the more time intensive is the method. Even
though some variance reduction techniques have been shown
to accel erate the convergence of Monte Carlo simulation [14],
the need persists for methods which will alleviate the computa-
tional burden when dealing with composite systems of realistic
dimensions.

This motivates the development of methods to reduce the
number of samples required to achieve convergence, without
compromising theaccuracy of theindices. This paper describes
a method which selectively samples states from those regions
of the state space where the likelihood of occurrence of loss
of load states is higher than in the complete state space. This
is accomplished by pruning the state space by removing co-
herent acceptabl e subspaces, and performing proportional sam-
pling over the residual subspaces. The concept is analogous
to that of importance sampling [16]. An advantage of the pro-
posed method is that it permits the use of variance reduction
techniques[2, 14, 15] to further accelerate the process of simu-
lation over the pruned state space.

2 Theoretical Justification

In this section, the concepts which congtitute the proposed
methodology will be discussed. The state space will be charac-
terized, the concept of state space pruning will be described us-
ing asimplified model, the method of pruning will bedescribed,
and finally the extraction of reliability indiceswill bediscussed.

2.1 Characterization of State Space

For any given load scenario, the available bus generations and
the transmission line capacities will determine whether or not
the busloads will be satisfied. We can, therefore, define a state
space as the set of all possible combinations of generation lev-
els and transmission line capacities. The treatment of tempo-
ral load variationsand planned outages of generators can be ac-
commodated using clustering concepts [11, 12]. Since cluster-
ing will finally result in amodel which usesasingleload level,
the proposed method will be described in this paper in terms of
amodel using asingleload level. The method can be easily ex-
tended toinclude multipleload level sand planned mai ntenance.

In general, therefore, a system with Ny buses and N; trans-
mission lines will have a discrete state space of dimension
(Np + Ni), each axis consisting of the generation or transmis-
sion capacity levels, zero levelsincluded.

2.2 The Concept of State Space Pruning

Consider a hypothetical two dimensional discrete state space
(FIGURE 1) over which it is desired to perform Monte Carlo
simulation to obtain reliability indices. Using some device,
an arbitrary number of coherent acceptable sets are identified
and removed. This “pruning” resultsin a reduced state space,
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FIGURE 1: PRUNING OF STATE SPACE

wherein the loss of load states are left undisturbed, as in the
original state space, but the likelihood of encountering these
loss of load states in the course of Monte Carlo sampling over
theresidual state spaceis higher than the likelihood of the same
inthe original state space. It isreasonableto assert that simula-
tion over theresidual state spacewould requireasmaller sample
size to meet the same convergence criterion.
Thisassertion isjustified as follows:

Consider calculating the system Loss of Load Probability
(LOLP), p;

Let p bethe estimate of p;

Since failure states are binomially distributed (a sampled state
can be a failure state or a success state), the distribution has
mean p and variance p(1 — p);

Then the coefficient of variation of p is

_ 1 /pd-p
77—6 7N (1)

where N isthe number of sampled states.



If sampling is performed over the residual state space of prob-
ability «, then the estimate of the conditional LOLP is

p="

o

Then the coefficient of variation of p’is
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where N’ isthe number of statessampled from theresidual state
space.

Now if both the estimates p and p’ are required to converge to

the same tolerance, then
No1-F
N~ 0[1— p

3

Note that (3) has been obtained by equating n and 7/, i.e,
the coefficients of variation of p and p’, which are actually es-
timates of different quantities. However, n and n’ are the co-
efficients of variation within their respective state spaces over
which sampling was performed, and it is therefore reasonable
to equate them.

Note also how (3) indicatesan approximateequality between
the fraction N’/N and the residual probability «, since p is
small. In other words, the reduction in sample size is almost
proportional to the extent of pruning the state space.

2.3 Removal of Acceptable Subspaces

Application of the proposed method requires that acceptable
subspaces be identified and pruned, and that the residual sub-
spacesbe properly organized so asto enablefair sampling. This
may be accomplished by using any appropriate device. One
possibility isto use suitably selected partitioning vectorswhich
will partition the state space into acceptable and residual sub-
spaces. Note that the term ‘subspace’ is loosely applied here,
and refersto any set of pointsin the state space.

The method described in this paper uses the concept of par-
titioning vectors, and appliesit in aform which is analogousto
the idea of state space decomposition [9, 10, 12]. The original
state space is first treated as an unclassified set (U -set); based
on the maximum capacity levelsavailableinthisU -set, the sys-
tem load curtailment is minimized; then the combination of the
lowest capacity stateswhich yield zero total curtailment consti-
tutesa partition vector which will be called the u-vector. Theu-
vector has the property that all capacity levels between and in-
cluding theu-vector and the upper boundary of the U -set will be
acceptable states and will constitute an acceptable set (A-set).
Using the u-vector, the original U -set is now decomposed into
an A-set, and Np + N; — n; digoint U-sets, where n; is the
number of single level componentsin the original U -set (i.e.,
the maximum generation or transmission level in the U -set co-
incideswith the corresponding minimum level). If more A-sets
are desired to be removed, more of the undecomposed U -sets

may be decomposed. A large proportion of the sets generated
have very low probabilities; thustheir number can be kept man-
ageable by deleting sets with very low probabilities (e.g., less
than 10~16).

2.4 Solving the Noncoherency Problem

The method described in section 2.3 can be applied only if the
A-sets generated satisfy the coherency property. Thisisnot a
problem if acapacity flow model isused, but if aDC or ACflow
model is used, then the system remains coherent for generation
level changes, but not for transmission level changes, because
transmission capacity changes are accompanied by line sus-
ceptance changes, which alter the flow profile, and may cause
transmission capacity violations, thereby producing a failure
state in an otherwise acceptable set. It is, however, not re-
alistic to use the capacity flow model in composite reliability
problems. In using DC or AC flow models, therefore, the non-
coherency problem must be addressed. The proposed method
addresses this problem by performing decomposition over the
generation levels, holding the transmission levels at the maxi-
mum capacity states. In other words, every time the u-vector
is determined, the components of the u-vector corresponding
to transmission lines are set at the maximum capacity levels.
It should be noted that the transmission system is generally
far more reliable than the generation system, and therefore the
aboveapproachisableto prunefairly large portionsof the prob-
ability space.

The implementation reported in this paper uses a DC flow
model. In determining the u-vector, the transmission compo-
nents are set at the maximum capacity levels; the generation
components are determined by minimizing the total load cur-
tailment, with the flows constrained by the maximum transmis-
sion capacities. The minimization model is described in detail
in section 3.4.

If for acertain U -set the minimum curtailment is not zero, no
A-set can beformed, and the entire U -set is set aside for Monte
Carlo simulation. Otherwise when the desired level of pruning
has been completed, decomposition is terminated, and the un-
decomposed U -sets are subjected to simulation.

2.5 Proportional Sampling on Residual Subspaces

At termination of decomposition, all the digjoint undecomposed
U -sets form the residual subspaces, and these are subjected to
proportional sampling for determination of the reliability in-
dices. Firgt, the probabilities of all the residual subspaces are
computed. Then each sampled stateis selected as follows.

1. a subspace is randomly selected in such a manner that
the probability of that subspace being selected is propor-
tional to the probability of the subspace

2. if acluster model isused, aload cluster is randomly se-
lected; otherwise the sameload scenario is used

3. within the selected subspace, proportional sampling is
used to select ageneration level at every bus, and atrans-



mission level for every line

The generati on-transmission-load scenario thus sel ected consti-
tutes the sampled state, which is tested for acceptability. If the
state turns out to be afailure state, then the system and busin-
dicesare updated. Thisis continued till the coefficients of vari-
ation of selected indices drop below prespecified tolerances.

Theindices calculated in the work reported in this paper are
the Loss of Load Expectation (LOLE) and Expected Unserved
Energy (EUE) for the system as well asfor every bus.

Noticethat the question of noncoherency doesnot ariseinthe
context of simulation.

3 Model Description

Thissectionwill briefly discuss the modelsused in thework re-
ported in this paper.

3.1 Generation Model

Based on the capacity states and forced outage rates of units
availablein agiven bus, adiscrete probability distribution func-
tionisconstructed, for every bus, using the Unit Addition Algo-
rithm{[1].

3.2 Transmission Line Model

Thetransmission line model can be constructed for every trans-
mission line, in the form of a discrete probability density func-
tion, or a probability distributionfunction, over all the capacity
levels, including zero.

3.3 Load Mod€

Theload model is constructed as a vector of size N, compris-
ing theload levelsat al the buses. If multiple load levelsareto
be accommodated, they are combined into a cluster load model
[10, 12], and the vector of maximum load levelsis used as the
reference load state in the pruning phase.

3.4 DC Flow Model
The DC power flow model is described by the nodal equation

BO+G=D (4)
and the line flow equation
bAY = F (5)
where

Np = number of buses

N; = number of transmission lines

b = N; x N primitive (diagonal) matrix of transmission
line susceptances

A = N;: x N, element-nodeincidence matrix

B = Np x Np augmented node susceptance matrix

= ATbA

= Np-vector of bus voltage angles

G = Np-vector of bus generation levels

D = Np-vector of busloads

F = N;-vector of transmission line flows

>

This model is used in the simulation and pruning phases as
described below.

34.1 DC Flow Modél in Simulation phase

To improvethe computational efficiency, asampled generation-
transmission-load scenarioistested for acceptability by first us-
ing the following heuristic algorithm:

1. theavailableinjectionsat all busesare calcul ated by sub-
tracting the bus loads from the available generations at
the buses

2. if the sum of the positive injections exceeds the sum of
the negativeinjections, the positiveinjectionsare propor-
tionately scaled down so that their sum equalsthat of the
negative injections; if the sum of negative injections is
larger, al the loads are proportionately curtailed so that
their sum equalsthat of the available generations

3. once power balanceisaccomplished, the G vector result-
ing from the injections determined in step 2 are used in
(4) to solvefor the & vector

4. the 6 vector is substituted in (5) to obtain the line flow
solution

If thelineflowsthus cal cul ated satisfy the flow constraints sam-
pled, then the heuristic is said to havefound afeasible flow, and
if one or more busloads had to be curtailed, the system and bus
LOLPsand EUEs are suitably updated.

If the heuristic failsto find afeasible flow, then thefollowing
linear programming model [2, 12] is solved:

Ny
Lossof Load = Minz Ci
i=1

subject to:
BO+G+C = D
G S Gmax (6)
C <= D
bA9 < Fmax
—bAs < Fmax
G C > 0
0 unrestricted
where
C = Np-vector of busload curtailments
Ci =i-thelementof C,i.e., unsatisfied demand at busi

GM* = Np-vector of maximum available bus generation levels
FMax — N¢-vector of flow capacities of transmission lines

Thevauesof D, G™ and F™ are set equal to the sampled
valuesfor demand, generation, and transmission levels, during
each simulation. Here the bus generation vector G is kept at



or below the sampled generation level, so as to satisfy the con-
straints in (6). In the pruning phase, the values of G™* and
FM2X are defined in a different manner, as explained later.

If (6) yields anon-zero curtailment, then the system and bus
indices are suitably updated.

3.4.2 DC Flow Modéd in Pruning Phase

In the pruning phase, the DC flow model is used to determine
the u-vector. To do this, afeasible solution must be found, sub-
ject to the constraints imposed by the upper boundaries of the
current U-set, such that the bus load curtailments are all zero.
If such asolution doesnot exist, thentheentireU -setisset aside
for simulation.

In attempting to find afeasible solution, first the heuristic de-
scribed in section 3.4.1 is used, with one difference: in step 2,
if the sum of negative injections is larger than that of positive
injections, then afeasible flow with zero curtailment cannot be
determined, so attemptsto isolate an A-set are abandoned. Oth-
erwisg, if the heuristic works, then the generation components
of the u-vector are taken asthe generation levels (the G vector)
obtained from scaling down the positive injections.

If the heuristic fails, then the LP model (6) is solved, with D
astheload level (thereferenceload, if acluster model is used),
and G™M& set at the corresponding upper bounds in the current
U-set. FM@ inthe pruning phase, is always set at the highest
capacity levels of the transmission lines. The generation com-
ponents of the u-vector aretaken asthe solution of the G vector
obtained from (6), whilethe transmission components equal the
corresponding valuesin F™aX,

4 TheAlgorithm
1. Construction of state space:

(a) Build bus generation models.
(b) Build transmission line models.
(c) Buildload model: singleload level, or clusters.

(d) If singleload level isused, go to step 2; else select
reference load level, then modify generation mod-
els for every cluster level and interleave them to
form integrated state space.

2. Pruning:
(8) Defineentire state space asfirst U-set, storeitinan
array Cy.

(b) If Cy isempty, goto step 3; elsepick anU -set from
Cy and compute its probability py.
(c) If py issmaller than a prespecified threshold pg*

set thecurrent U -set aside, inan array Sy, for simu-
lation, and go to step 2(b); el se proceed to step 2(d).

1 po isused to control the extent of pruning; asmall po resultsin alarge part
of the state space being pruned, while pp = 1.0 resultsin the entire state space
being subjected to simulation.

(d) Decompose current U-set into an A-set and Ny +
N; —ny U-sets. First try heuristic; if heuristic fails,
use LP If no A-set can be formed, store entire cur-
rentU-setinarray S;; elsestoreall N, + Ny — ng
U-setsin Cy. Usereference load levels, if cluster
loads are used. Maintaintransmission linelevelsat
maximum capacity.

(e) Goto step 2(b).
3. Simulation:

(8) Using proportional sampling, randomly select an
U-set from §;.

(b) If acluster model is used, randomly select a load
level; else use specified load level as demand vec-
tor.

(c) For al buses and transmission lines, randomly se-
lect generation and transmission levels.

(d) Test selected scenario for acceptability. First try
heuristic; if heuristic fails, use LP. If loss of load
is unavoidable, update LOLE and EUE for system
and affected buses.

(e) Continuetill coefficient of variation of selected in-
dex converges to prespecified tolerance.

5 CaseStudiesand Results

The proposed method was tested using the Modified Reliabil-
ity Test System (MRTS) [2, 4]. The MRTSisidentical in topol-
ogy and component outage ratesto the IEEE-RTS[17], and dif-
fersfrom the latter in that all the generation levels are doubled
and the loads are multiplied by afactor of 1.8, while the trans-
mission line capacities are the same. This system has been de-
scribed in references[2] and [4], and is used in this work with-
out alteration. The MRTSwas preferred over the RTS for test-
ing composite reliability techniques because it was found [2]
that the transmission network of the RTS was too strong, and
that transmission line capacities had little effect on the reliabil -
ity indices. Indeed, when the proposed method was tested on
the RTS, using a 10-cluster load model, the system indices de-
termined were almost identical to the generation reliability in-
dices of the RTS, as obtained from a direct convolution of the
generation and load distribution functions.

The MRTS consists of 24 buses and 38 transmission lines.
10 of the buses are generator buses, there being 32 generators
in all. 17 of the buses have loads connected to them. The to-
tal generation is 6810 MW, and the total load is 5130 MW. For
the studiesreported in this paper, only the peak load levelswere
used.

The performance of the method, in terms of sample size re-
duction and computation time, is reported in TABLE I, for five
different levels of pruning. The system and bus reliability in-
dices of the MRTS, as determined by the proposed method, are
shownin TABLE Il. Theresults obtained by sampling from the
entire state space, corresponding to the first case in TABLE I,



TABLE |: VARIATION OF SAMPLE SIZE AND COMPUTATION TIME WITH PRUNING LEVEL

RESIDUAL || SAMPLE COMPUTATION TIME? (hours)
PROBABILITY || SIZE? N | « 22 || Pruning | Simulation | Total
o N’ time time time
1.0000 37345 | 1000 | 1.000 || 0.000 | 54.276 | 54.276
0.6019 21168 | 0.567 | 0585 | 0013 | 31043 | 31056
0.2738 8584 | 0.230 | 0243 || 0879 | 12797 | 13.676
0.1475 3956 | 0106 | 0.111 | 5.272 6.025 11.297
0.1069 2457 | 0.066 | 0.069 || 14.078 | 3.835 17.913

and those obtained from the other four cases did not differ sig-
nificantly from each other.
The datain TABLE | pertains to the sample sizes and com- . 207

putation times required to converge on the LOLE at bus 6, with @ 01

a 2.5% tolerance on the coefficient of variation. The value of §

p used in column 4 corresponds to the bus 6 L OL P; the values o 301

in columns 3 and 4 are shown with the intent to demonstrate E 20

the compliance of the results with equation (3). The data in ._total time /

columnsb5, 6 and 7 are shown graphically in FIGURE 2; thisplot 10 | simulation timé“x\

also shows that thereis an optimal mix of pruning and simula- pruning timg_,,,,,!"‘*

tion, since the efficiency of pruning deteriorates as the residual 0 0s 08 07 06 05 04 03 02 oa

probability approachesthe system LOLP. RESIDUAL PROBABILITY @

TABLE |1: COMPOSITE RELIABILITY INDICES OF MRTS FIGURE 2: VARIATION OF COMPUTATION TIME WITH
RELIABILITY INDICES PRUNING LEVEL
LOCATION | LOLE EUE
(Wyear) | (MWhiyear) 6 Discussion and Conclusion

system 600.001 91169.9 ) _ )
bus 1 1173 20.6 Thispaper hasintroduced the concept of pruning the state space
bus 2 1.642 235 and then performing Monte Carlo sampling on the conditional
bus 3 97811 10935.1 state space. Further, atechnique isintroduced for circumvent-
bus 4 75528 1838.8 ing the problem of noncoherency during the process of pruning.
bus 5 36.357 13423 Thisis achieved by keeping the transmission lines at their max-
bus 6 360.048 299159 imum capacity during pruning, but allowing themto fail during
bus 7 36.357 0591 sampling. For the sake of computational efficiency, state eval-
bus 8 311.728 19766.4 uation is donein two steps, first using a heuristic to seek afea
bus 9 44.097 2533.9 sible solution, failing which linear programming is used.
bus 10 54.652 3578.3 Probabilities of generation failures are much higher than
bus 11 0.235 77 those of transmission lines, and this allows a large portion of
bus 12 0.235 5.0 probability space to be pruned. However, as the probability of
bus 13 2111 105.5 the residual state space approaches the system LOLP, pruning
bus 14 270.446 21409.2 becomes inefficient. This can be seen from TABLE | and FIG-
bus 15 2.346 209.2 URE 2.
bus 16 32838 4392.1 Therole of the heuristic versus linear programming depends
bus 17 0.000 0.0 on whether the system is dominated by generation or trans-
bus 18 21.110 1347.7 mission. The IEEE-RTS is generation dominant, whereas the
bus 19 7971 407.9 MRTS is relatively more transmission dominant. As a result,
bus 20 2346 71.8 studiesrevealed that while computing the indices of the MRTS,
bus 21 0.000 0.0 theLPwasinvokedfar morefrequently thanit wasin the case of
bus 22 0.000 0.0 the RTS. That the RT Sisgeneration dominant wasevidenced by
bus 23 0.000 0.0 2Converging on bus 6 LOLE, coefficient of variation 2.5%.
bus 24 0.000 0.0 3CPU time on aDEC Alpha.




the fact that the composite indices obtained using a 10-cluster
load model (system LOLE 9.505 h/y and EUE 1198.2 MWh/y)
were almost equal to those obtained by convolving the gener-
ation model with the hourly load model (LOLE 9.394 h/y and
EUE 1175.9 MWhly) [18].

It should be noted that variance reduction techniques, such as
the correlated control variable method, proposed by several au-
thors, can be used on the pruned state spaceto further accelerate
convergence. The purpose of this paper, however, isto demon-
stratethefeasibility and the useful ness of the pruning technique.
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Discussion

A.M. LEITE DA SILVA (EFE], Itajuba, Brazil),
J.C.0. MELLO and A.C.G. MELO (CEPEL,
Rio de Janeiro, Brazil): The discussers would like
to compliment the authors for their interesting
paper. The idea of reducing or pruning the state
space by removing coherent acceptable subspaces
is welcome.

The authors have used a DC flow and linear
programming models in both pruning and
simulation phases. The evaluation of frequency
and duration (F&D) indices were not considered
in the paper. Therefore, the obvious doubts are
concerned with the extension of the proposed
method to include a nonlinear AC flow model
and the assessment of F&D indices. Concerning
F&D indices one interesting technique which
could be tried with the authors' method is the
conditional probability approach, as proposed in
ref. [A].

The results shown on Tables I and II were
obtained considering only the peak load. Even
though, the algorithm spent a total of 11 hours on
a DEC Alpha, considering a coefficient of
variation of 2.5% applied to bus 6 for index
LOLE. This seems to be a very high figure in
terms of IEEE Modified RTS. In order to better
compare with previously proposed techniques,
for instance as in refs. [A] and [B] which also
have used DC load flow, what would be the
computation time to converge the authors’
algorithm considering a coefficient of variation
of 5% applied to system level indices LOLE and
EUE ?

The computational time when multiple load
levels are considered could be relatively
accelerated due to the reduction on loss of load
events. Did the authors apply their algorithm for
multiple load levels ? Finally, what is the impact
of pruning on the computer memory usage ?

Once again we congratulated the authors for their
interesting paper.
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C. Singh, J. Mitra, (Texas A & M University, College Station,
TX): We thank the discussers for their insightful comments and
queries. They have highlighted some important and interesting
issues which were not directly addressed by the paper.

The discussers’ concern regarding the applicability of the
pruning and simulation technique to AC flow models and to the
determination of F&D indices basically involves the state space
coherence issue. In addressing this.concern, we would first like
to construct a premise, based on the following propositions.

Proposition 1: Dispatcher action precludes occurrence of
those events whereby the restoration of a failed component re-
sults in deterioration of system performance.

Proposition 2: In a power system model rendered noncoher-
ent solely by inclusion of DC or AC flow constraints, the ag-
gregated probability of states contributing to noncoherence is
negligibly small. ' k

Proposition 1 simply means that the dispatcher can choose
not to bring a repaired generator or tranmission line back into
service, if such restoration is deemed detrimental to system per-
formance. We claim that proposition 1 is justifiable from an
engineering standpoint, and as such does not represent an ap-
proximation or inaccuracy. However, it excludes those events
whereby the degradation or failure of a component improves
system performance, since these are random events beyond the
dispatcher’s control. Ignoring these states constitutes an ap-
proximation which, we claim via proposition 2, may be accept-
able. This is in fact supported by [C]. Besides, when pruning
is performed, these states always reside in the:residual space,
so if the indices are estimated only from sampled failure states,
these states are appropriately identified as success states, and
contribute no error at all. - =~ - :

Nevertheless, the above premise represents' a mathematical
imperfection, and its acceptance or otherwise is esséntially a
matter of engineering judgement. If, however, we choose to ac-
cept it, then we have several interesting consequences. To name
afew:

1. “In the pruning and simulation method described in the pa-
per, we can drop the requirement of holding the transmis-
sion states at their highest capacity levels during pruning,
thereby increasing the efficiency of pruning.

2. The method can be extended to include AC flow constraints
as well. N ’

3. The method described in [A] can be applied in toto to
the pruning and simulation method, regardless of the flow



model used, since the method of [A] computes the F&D in-
dices from the sampled failure states, and pruning the state
space leaves all failure states for simulation. (We empha-
size the word all, since we have chosen to accept proposi-
tion 1.) The only additional requirement in such an imple-
mentation would be that of scaling the calculated indices by
the residual probability.

We also wish to point ouit that the method of [A] implicitly

accepts the proposed premise.

Regarding the run time of the pruning and simulation
method, our program took 1.32 hours to converge on system
LOLE with 5% coefficient of variation. (The results thus ob-
tained gave zero LOLEs for buses 1, 2, 11, 12, 13, 15 and 20;
TABLE II shows that a more stringent convergence criterion
produces nonzero indices for these buses.) We concede that our
run times can be considerably reduced by using more efficient
LP algorithims, since it is the LP module which accounts for the
bulk of the computation time. However, the main purpose of
our work was to evolve a method which accelerates the conver-

gence of Monte Carlo simulation, and to demonstrate the rela-

tive efficiency of the technique.
We did not experiment with multiple load levels, for the
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MRTS. But the use of multiple load levels would result in longer
computation times than would the use of peak load levels. This
is explained as follows. When multiple load levels are used to
approximate the actual load distributions, the proportion of loss
of load states decreases. Sampling a sufficient number of these
failure states to achieve the same degree of convergence would
therefore necessitate testing a larger number of samples.

Since pruning necessitates storage of information describing
the residual state space, it does increase the computer memory
usage. It will be evident from the algorithm given in section 4
that a larger degree of pruning increases the size requirements
of arrays Cy and Sy.

We once again thank the discussers for their illuminating
comments and for their interest in our paper.
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