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Abstract— This paper presents a new method for composite
power system reliability analysis. This method is based on an
adaptation of the Particle Swarm Optimization (PSO) technique.
The adaptation consists of applying swarm intelligence not to
search for an optimum, but to search the state space preferentially
for failure states so that system reliability indices can be deter-
mined. Another aspect of the adaptation consists of using multiple
objectives to exercise better control over the particle dynamics.
This new formulation, called Multi-Objective Particle Swarm
(MOPS), is shown to be very effective in its intelligent search
for system loss of load states. This paper develops the MOPS
formulation, describes its implementation and demonstrates it
on the Modified IEEE Reliability Test System.

I. INTRODUCTION

As interconnected power systems continue to grow in size,
diversity of technology, and complexity of operating policies,
tools for planning and analysis must also evolve in sophis-
tication and capability in handling larger and more complex
system models. Considerable research has been conducted for
determining reliability indices for composite (generation and
transmission) systems. Some of the traditional approaches are
based on analytical techniques such as contingency ranking
[1], [2], capacity assistance [3], [4], and decomposition [5]–
[7]; others are based on Monte Carlo simulation. Simulation
techniques provide more flexibility when complex system
conditions have to be taken into consideration. Most of these
techniques are based on the Monte Carlo method. The under-
lying principle of Monte Carlo methods is to sample states
based on the probabilities of their occurrence. However, this
also means that for highly reliable systems, the probability of
encountering failure states is very low. Hence, the simulation
takes a very long time to converge depending on the size of
the system. Much work [8]–[10] has been done on improving
the performance of Monte Carlo simulation.

Although the advances mentioned above have been signifi-
cant, research has continued beyond this to develop intelligent
search methods that selectively seek out failure states as
opposed to the random search that is inherent in Monte Carlo
methods. In the last few years, other techniques for selectively
searching states have been explored and implemented. ‘Evo-
lutionary methods’ such as ‘Genetic Algorithms’ [11], [12],
‘PSO’ [13] have emerged as promising techniques.

In recent years, PSO [14] has found applications in power
system areas [15] like distribution state estimation [16], dy-
namic security assessment [17] and optimization of AGC
[18]. It has also been used as a search tool for identifying
the loss of load states for evaluation of reliability indices
[13]. In their previous work [13], the authors used a single
objective function to control the dynamics of the particles.
This formulation was found to have several deficiencies which
was later addressed by the formulation of a multi-objective
function approach.

Multiple objectives have been used in power systems prob-
lems using PSO [17], [19]. However, the above references
have used PSO as an optimization technique. In our approach,
PSO has been used as a search technique, and therefore our
formulation is significantly different from the above. Multiple-
objectives enhance the performance of the search method.
This paper describes the development and implementation of
the Multi-Objective Particle Swarm (MOPS) method as an
intelligent search technique for composite system reliability
analysis. Intelligent search techniques have been identified as
promising alternatives to Monte Carlo techniques, particularly
for large and complex systems because of their ability to
selectively search for failure states. This paper presents the
formulation and implementation of MOPS method.

II. THE PARTICLE SWARM OPTIMIZATION TECHNIQUE

The particle swarm optimization technique was developed
as a result of simulating the social behavior and the flocking
of birds [14]. Birds flock in search of food on a plot of land.
The location of the food is initially unknown to them. At each
location the birds have a sense of distance from the location of
food. They share this information among themselves and their
motion is governed by this sharing of information. Eventually,
all the birds finally settle down at the location of the food.
In this technique, the birds are represented by a more generic
entity called ‘particles’. These particles search for the optimum
(the location of food) in the problem space (the plot of land).
Each point in the state space has a fitness value (a sense or
measure of distance from the location of food) according to
an objective function defined by the user. Particles move in
the state space in search of the optimal point. In this process



each particle remembers the best position it has ever visited.
The dynamics of the particles is governed by three aspects: (a)
inertia: the particles continue to move in the same direction as
they were previously moving; (b) personal best: the particles
tend to move towards a position which has the best personal
fitness so far; and (c) group best: particles try to move towards
the position which gives the best fitness value in the group.
The combination of the above factors give a new direction
of motion to each particle. The basic equation governing the
dynamics of the particle is:

v[·] ← v[·] + rand() × c1 × (pbestx[·] − presentx[·])
+rand() × c2 × (pbestx[gbest] − presentx[·]) (1)

where,

v[·] is a vector of velocities in each direction in an
N -dimensional space where the particles are free to move.

pbestx[·] is the vector of co-ordinates (or the point in
the space) which gives the personal best the particle has
encountered so far.

presentx[·] is the present position of the particle.
pbestx[gbest] is the position which gives the best fitness

value among all the particles in the group. This is also
referred to as group-best.

rand() is a uniformly distributed random number between 0
and 1, which accounts for randomness in the social
behavior or bird flocking.

c1 and c2 are parameters that need to be carefully chosen for
each application. This requires a careful study of the
dynamics of the particle.

In the above equation, the first term in the right hand side
represents the momentum of the particle. This term prevents
the particles from getting stuck in the local optima. The
second term drives the particle towards its personal best. The
third term drives it towards group best. These velocities are
then used for computing the next position of the particles as
follows.

presentx[·] ← presentx[·] + v[·] (2)

III. MULTI-OBJECTIVE PARTICLE SWARM

The classical PSO formulation had a single objective func-
tion [14]. An initial application of this formulation produced
promising results. It was observed that in order to achieve a
good approximation of the reliability indices, the particles had
to visit already visited states repeatedly. Further, many non-
loss of load states were also being visited. This motivated to
devise a mechanism that would enable the particles to visit
as less non-loss of load states as possible and also minimize
multiple visits to already visited states.

In the classical formulation, there was a single objective
point or center of attraction, which was the location that
resulted in the maximum load curtailment, the particles moved
towards the point with maximum curtailment (the origin of
the state space where none of the generators are available). A
major drawback of the above is that the particles are continu-
ally being driven towards the state where all the generators are

unavailable. In this direction, i.e., with increasing loss of load,
the exact state probability is decreasing. So, if a particle, by
chance missed a significantly contributing loss of load state
somewhere away from the objective point, it would never
reverse its direction and possibly visit that state. Therefore
dual-objectives were formulated. In this formulation, we have
two objective functions: one, maximizing the curtailment of
the loss of load state (state with all generators unavailable);
two, maximizing the probability of the loss of load state. In
this case, the particles are acted upon by two opposite forces.
During the movement towards one center of attraction (say,
the point which gives the most load curtailment), even if
the particles miss a state, the velocity vector which points
towards the other center of attraction (the one with a high exact
state probability) will try to pull the particles towards itself,
thereby increasing the chances of encountering the missed
state. Corresponding to each objective we have a personal best
for each particle and one group best. The modified equation
governing the velocity of the particles is now:

v[·] ← v[·] + rand() × c1 × (pbest1x[·] − presentx[·])
+rand() × c2 × (pbest1x[gbest] − presentx[·])

+rand() × c3 × (pbest2x[·] − presentx[·])
+rand() × c4 × (pbest2x[·] − presentx[·]) (3)

where,

v[·] is vector of velocities in different directions in
N- dimensional state space.

pbest1x[·] is vector of coordinates which gives
personal best fitness value for the first
objective function the particle has visited so far.

presentx[·] is present position of the particle.
pbest1x[gbest] is the position which gives the best fitness

value for the first objective function among all the
particles in the group. This is also called as group best1.

pbest2x[·] is vector of coordinates which gives
personal best fitness value for the second objective
function the particle has visited so far.

rand(·) is a uniformly distributed random number between
0 and 1.

c1, c2, c3, c4 are acceleration coefficients which need
to be carefully chosen for each application.

In this model we have denoted pbest1 as PPbest[·] which
is a state which has the maximum probability that particle has
ever encountered. pbest1[gbest] is denoted as PGbest which
is state which has the maximum probability among all the
particles of the group. pbest2 is denoted as CPbest[·] which
is a state which has the maximum curtailment that the particle
has ever encountered. pbest2[gbest] is denoted as CGbest
which is a state which has the maximum curtailment among
all the particles of the group.

The next positions of the particles are computed using
equation (2).



IV. SYSTEM MODELING

Generators: These are modeled as two state devices de-
scribed by their generating capacities and forced outage rates.
Multiple units at the same bus are replaced by a single
equivalent multi-state unit described by a capacity outage table
at that bus.

Transmission lines: These are treated as two state compo-
nents described by their capacity and probability of failure.
However, multiple circuits between any two buses is replaced
by an equivalent transmission line with multiple capacity
states.

Load: The load is considered to be at the system co-incident
peak.

V. APPLICATION TO RELIABILITY ASSESSMENT

A. The MOPS formulation

The various components of the multi-objective formulation
are described below:

State space: The state space is of dimension (Ng + Nt)
where Ng is the number of generating buses and Nt is
the number of transmission lines (after equivalencing mul-
tiple lines between same pair of nodes). Each point in
the discrete state space can be denoted by the co-ordinates
(g1, g2, . . . , gNg

, t1, t2, . . . , tNt
). Here the component gi de-

notes the generating capacity available at the ith generating
bus. The component ti denotes the capacity state of the ith

transmission line.
Multiple Objectives: As mentioned earlier, the particles

are now subject to conflicting forces from two opposing
objectives. The first objective is to move towards that part of
the state space that maximizes the probability of occurrence of
a system state. The second objective is to move towards that
part of the state space that maximizes the load curtailment.

Database: In order to keep track of the states visited by
the particles, a dynamic array has been used. Whenever
a state is encountered, its decimal equivalent is computed.
Then this number is searched in the array. If the number is
already present, then it means that this state has already been
encountered before. Otherwise, this state is being encountered
for the first time, and therefore the decimal equivalent is stored
in the array.

B. Algorithm

1) Initialize the particles.
2) For each particle compute the exact state probability

for the system state represented by it. If the probability
is less than a threshold, then do not do anything and
proceed to the next particle. Otherwise, go to the next
step.

3) Compute the decimal equivalent and check if it exists in
the database.

4) If the decimal equivalent exists in the database, then
check if that state has already been a personal or group
best (both objectives) for any particle. If so, then reset
the corresponding ‘best value’ to a very small number.
This is necessary to decrease the likelihood of this state

or location being the personal best or the group best.
Then proceed to step (6)
If the decimal equivalent does not exist, then put this
number in the database and go to the next step.

5) For each particle evaluate the objectives: For the first
objective, i.e., for movement towards the state that
gives the maximum load curtailment, the minimum load
curtailment is evaluated for the state or the co-ordinates
the particle is in. This fitness is evaluated using a DC
flow model as shown below.

Loss of Load = Min
Nb∑

i=1

Ci

subject to:

B̂θ + G + C = D

G ≤ Gmax (4)

C ≤ D

bÂθ ≤ Fmax
f

−bÂθ ≤ Fmax
r

G,C ≥ 0
θ unrestricted

where

Nb = number of buses
Nt = number of transmission lines
C = Nb-vector of bus load curtailments
Ci = i-th element of C, i.e., unsatisfied demand at

bus i
D = Nb-vector of bus demands
Gmax = Nb-vector of available generation at buses
Fmax

f = Nt-vector of forward flow capacities of
transmission lines

Fmax
r = Nt-vector of reverse flow capacities of

transmission lines
G = Nb-vector of dispatched generation at buses
θ = Nb-vector of bus voltage angles
b = Nt × Nt primitive (diagonal) matrix of

transmission line susceptances
Â = Nt × Nb element-node incidence matrix
B̂ = Nb × Nb augmented node susceptance matrix

= ÂT bÂ

The fitness for second objective, i.e., movement towards
that part of the state space that maximizes the occurrence
of the state, is nothing but the exact state probability of
that state.
Now, based on these two fitness values, we have two sets
of pbest and gbest. During the simulation the pbest and
gbest locations are updated using the respective fitness
values.

6) Compute velocity and next position.
7) If all particles have been processed, then go to next step,

otherwise go to step (2).



8) Test for the convergence of the index. The simulation
stops when the index stabilizes. This is said to be true if
the relative change in the index stays below a threshold
for a consecutive number of iterations:

∑
k ∆LOLP
LOLP

≤ ε (5)

Where,
∑

k ∆LOLP is the total change in the obtained
LOLP estimate over k consecutive iterations, k being a
predetermined integer, and ε a predetermined threshold.

Inclusion of Multiple Load States and Scheduled Maintenance:
In this framework, multiple load states are accommodated

using a cluster load model as described in [21].
Scheduled Maintenance: Planned outages are accommo-

dated as follows. Based on the maintenance schedules, the
study period is divided into intervals such that one or more
components are taken out for maintenance or brought back
from maintenance only at the beginning or end of an interval.
In other words, the only outages that occur within an interval
are forced outages, not planned outages. Based on the relative
durations of the maintenance intervals, a discrete probability
distribution function is constructed over all the maintenance
intervals. Within each interval, appropriate generation and
transmission capacity distributions and cluster load models
are constructed, and reliability indices are determined using
MOPS. After this is done for all the maintenance intervals,
each annualized index is obtained from the weighted sum of
the corresponding index over each maintenance interval, the
weights being the probabilities of the corresponding intervals.

VI. METHOD DEMONSTRATION AND ANALYSIS OF

BEHAVIOR

In this section, the outcome of applying the MOPS method
to a test system is described. The values of the parameters
used in the implementation are also described. Finally, the
convergence behavior of the MOPS algorithm is discussed.

A. Test System, Conditions and Results

The MOPS method described above was applied to the
Modified IEEE Reliability Test System (MRTS) [20]. The
MRTS has 24 buses, 32 generators and 38 transmission lines.
It has a peak load of 5130 MW and generating capacity of
6810 MW.

In applying the MOPS method, the system load was
assumed to remain constant at 5130 MW. The generator
forced outages were taken into account. The transmission
line contingencies along with line capacity constraints were
duly considered. Transmission line capacity constraints were
modeled as described in section V.

In equation (3), there are four constants that affect the
dynamics of the particles, and the selection of these constants
affects the rate of convergence of the algorithm. After some
trials, the following values of these constants were found to
provide satisfactory results: c1 = 0.1, c2 = 0.1, c3 = 0.01 and
c4 = 0.01.
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Fig. 1. Convergence behaviour for the test system.

TABLE I

RELIABILITY INDICES

Location EUE LOLE Location EUE LOLE
(MWh/yr) (hr/yr) (MWh/yr) (hr/yr)

System 87522.01 594.27 Bus 9 2413.85 16.72
Bus 1 10050.34 193.52 Bus 10 1524.92 15.56
Bus 2 2940.46 64.23 Bus 13 62.49 0.39
Bus 3 11121.77 57.98 Bus 14 23603.75 251.98
Bus 4 531.56 6.87 Bus 15 1469.39 12.00
Bus 5 4912.18 63.94 Bus 16 3353.46 30.38
Bus 6 6025.78 91.13 Bus 18 989.38 21.06
Bus 7 470.95 37.78 Bus 19 1004.71 12.07
Bus 8 16993.97 171.67 Bus 20 52.97 0.61

The size of the swarm also plays a role in determining the
convergence behavior. A swarm of 44 particles was found to
perform satisfactorily.

The results are summarized as follows.
The stopping criterion described in equation (5) was applied

with k = 100 and ε = 0.1%. This criterion was met after the
MOPS visited 42001 states. This number compares favorably
with the total size of the state space, which comprises over
1017 states. The number of states visited also compares
favorably with those required by Monte Carlo methods [10].

At convergence, the LOLP as estimated by the MOPS was
0.06784, which corresponds to an LOLE of 594.27 h/y. The
convergence behaviour is shown in Fig. 1. The system EUE
was found to be 87522.01 MWh/yr. The locational indices are
shown in Table I.

B. Convergence Behavior

The MOPS algorithm was found to visit higher probability
failure states with much higher frequency in the early part
of the simulation. This is consistent with swarm behavior in
‘intelligently’ identifying the ‘more attractive’ regions of the
search space. Thereafter, the convergence slows down. The
overall convergence pattern is depicted in Fig. 1.

The convergence behavior showed considerable sensitivity
to the size of the swarm and to the values of the constants
c1, c2, c3 and c4. However, the values stated in section VI.A
provided satisfactory results.



It is noteworthy that the convergence behavior of the MOPS
is not, in general, unlike that of another intelligent search
technique that has been applied to both generation system
reliability analysis and composite system reliability analysis
— the Genetic Algorithm (GA) [11]. Both methods (MOPS
and GA) estimate indices by aggregating the contribution
of the failure states visited and hence these estimates are
asymptotically unbiased.

VII. CONCLUSION

This paper described an intelligent search technique for the
estimation of composite system reliability indices. The method
consisted of an adaptation of the Particle Swarm Optimization
technique, which has been found to be extremely effective in
search spaces containing multiple local optima. The adaptation
was effected by defining multiple and conflicting objectives,
so that the particles would never converge upon any one
part of the state space and thereby end the search; rather,
the conflicting objectives force the particles to continue their
selective search for failure states until the estimated indices
converge.

There are several reasons for the high effectiveness of the
MOPS method. One is the simplicity of the representation of
the particle dynamics; this makes it possible to incorporate
the swarm intelligence with very little computational effort.
The second reason is that the small randomness built into the
movement of the particles prevents them from getting stuck
in the neighborhood of dominant states. This feature enabled
the original PSO method to ‘ride out’ of local optima. The
third reason is the multi-objective formulation; if only one
objective (LOLP or EIR) were used, that swarm would settle
at one ‘corner’ of the state space and stop, and this would
invariably occur well before the indices converged.

The MOPS method shows considerable promise as an al-
ternative to Monte Carlo simulation, particularly for large and
complex systems, because of its intelligent search capability.
Further research will attempt to improve the method, as well
as to estimate other indies such as frequency and duration
indices.

ACKNOWLEDGMENTS

The work reported in this paper was supported in part by
the National Science Foundation, under grants ECS-0134598
and ECS-0140092, and by the Electric Utility Management
Program. This support is gratefully acknowledged. The authors
also gratefully acknowledge that they were inspired to explore
the PSO method as a viable intelligent search technique
following a seminar presented on the subject by Dr. David
Robinson of Sandia National Laboratories.

REFERENCES

[1] M. P. Bhavaraju, R. Billinton, “Transmission planning using a reliability
criterion, Part I,” IEEE Transactions on Power Apparatus & Systems,
vol. 89, no. 1, pp. 28–34, January 1970.

[2] Electric Power Research Institute, “Composite system reliability evalu-
ation methods,” Final Report on Research Project 2473-10, EPRI EL-
5178, Electric Power Research Institute, Palo Alto, CA, June 1987.

[3] C. Singh, G. M. Chintaluri, “Reliability evaluation of interconnected
power systems using a multi-parameter gamma distribution,” Electrical
Power & Energy Systems, vol. 17, no. 2, pp. 151–160, April 1995.

[4] J. Mitra, C. Singh, “Capacity assistance distributions for arbitrarily
configured multi-area networks,” IEEE Transactions on Power Systems,
vol. 12, no. 4, pp. 1530–1535, Nov 1997.

[5] P. Doulliez, E. Jamoulle, “Transportation networks with random arc
capacities,” Revue Francaise d’ Automatique, informatique et Recherche
Operationelle, vol. 3, pp. 45–66, 1972.

[6] D. P. Clancy, G. Gross, F. F. Wu, “Probabilistic flows for reliability eval-
uation of multiarea power system interconnections,” Electrical Power &
Energy Systems, vol. 5, no. 2, pp. 101–114, April 1983.

[7] J. Mitra, C. Singh, “Incorporating the DC load flow model in the
decomposition-simulation method of multi-area reliability evaluation,”
IEEE Transactions on Power Systems, vol. 11, no. 3, pp. 1245–1254,
August 1996.

[8] M. Mazumdar, “Importance sampling in reliability estimation,” in Reli-
ability and Fault Tree Analysis (R. E. Barlow, J. B. Fussell and N. D.
Singpurwalla, editors), ch. 7, pp. 153–163. Philadelphia, PA: Society for
Industrial and Applied Mathematics, 1975.

[9] G. J. Anders, Probability Concepts in Electric Power Systems. New
York, NY: John Wiley & Sons, 1990.

[10] J. Mitra, C. Singh, “Pruning and simulation for determination of
frequency and duration indices,” IEEE Transactions on Power Systems,
vol. 14, no. 3, pp. 899–905, August 1999.

[11] N. Samaan, C. Singh, “Adequacy assessment of power system generation
using a modified simple genetic algorithm,” IEEE Transactions on Power
Systems, vol. 17, no. 4, pp. 974–981, November 2002.

[12] N. Samaan, C. Singh, “Assessment of the annual frequency and duration
indices in composite system reliability using genetic algorithms,” in
Proceedings of the IEEE Power Engineering Society General Meeting,
2003, vol. 2, July 2003.

[13] R. Earla, J. Mitra, S. B. Patra, “A particle swarm based method for com-
posite system reliability analysis”, North American Power Symposium,
Aug 2004.

[14] J. Kennedy and R. Eberhart, “Particle swarm optimization”, Proceedings
of IEEE International Conference on Neural Networks, 27 Nov.-1 Dec.
1995 pp 1942-1948.

[15] V. Miranda, N. Fonseca, “EPSO-evolutionary particle swarm optimiza-
tion, a new algorithm with applications in power systems,” in Pro-
ceedings of IEEE/PES Transmission and Distribution Conference and
Exhibition 2002: Asia Pacific, vol. 2, pp. 745–750, October 2002.

[16] S. Naka, T. Genji, T. Yura, Y. Fukuyama, “A hybrid particle swarm
optimization for distribution state estimation,” IEEE Transactions on
Power Systems, vol. 18, no. 1, pp. 60–68, February 2003.

[17] I. N. Kassabalidis, M. A. El-Sharkawi, R. J. Marks II, L. S. Moulin, A. P.
Alves da Silva, “Dynamic security border identification using enhanced
particle swarm optimization,” IEEE Transactions on Power Systems, vol.
17, no. 3, pp. 723–729, August 2002.

[18] Y. L. Abdel-Magid, M. A. Abido, “AGC tuning of interconnected reheat
thermal systems with particle swarm optimization,” in Proceedings of
the 10th IEEE International Conference on Electronics, Circuits and
Systems, 2003, vol. 1, pp. 376–379, December 2003.

[19] C. A. Coello, G. T. Pulido and M. S. Lechuga, “Handling multiple
objectives with particle swarm optimization”,IEEE Transactions on
Evolutionary Computation, vol. 8, no. 3, Jun 2004.

[20] IEEE Committee Report, “IEEE Reliability test system”, IEEE Trans-
actions on power apparatus and systems, Vol. PAS-98, No. 6 Nov/Dec.
1979.

[21] C. Singh and Q. Chen, “Generation system reliability evaluation using
a cluster based load model,” IEEE Transactions on Power Systems, vol.
4, no. 1, pp. 102–107, February 1989.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (None)
  /CalRGBProfile (None)
  /CalCMYKProfile (None)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveEPSInfo false
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 1.00333
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 1.00333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00167
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /False

  /Description <<
    /JPN <FEFF3053306e8a2d5b9a306f300130d330b830cd30b9658766f8306e8868793a304a3088307353705237306b90693057305f00200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e30593002>
    /DEU <>
    /FRA <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
    /ENU <FEFF005500730065002000740068006500730065002000730065007400740069006e0067007300200074006f0020006300720065006100740065002000500044004600200064006f00630075006d0065006e007400730020007300750069007400610062006c006500200066006f007200200049004500450045002000580070006c006f00720065002e0020004300720065006100740065006400200031003500200044006500630065006d00620065007200200032003000300033002e>
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


