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Abstract—Differential evolution (DE) is a simple and efficient
evolutionary algorithm for global optimization. In distributed
differential evolution (DDE), the population is divided into several
sub-populations and each sub-population evolves independently
for enhancing population diversity as well as algorithmic per-
formance. Sub-populations in DDE share their elite individuals
with neighborhood through a predefined migration topology.
However, the construction of traditional migration topologies
does not consider the position information of sub-populations
in the search space. The position information is helpful in
controlling the degree of diversity between the sub-populations
and their migrated individuals. A proper degree of diversity
could promote the balance between exploration and exploitation
for DDE algorithms. To achieve this target, a dynamic space-
driven migration topology is proposed in this paper. The proposed
topology is constructed and updated according to the distances
between sub-populations. Based on this proposed topology, some
sub-populations receive diverse individuals from neighborhood
far away while others communicate with neighborhood nearby.
Numerical experiments have been performed on 13 diverse test
functions. Results verify the advantage of DDE with the proposed
migration topology compared to those with classic topologies.

I. INTRODUCTION

In the past decades, various kinds of evolutionary algorithms

(EAs) such as differential evolution (DE) [1], [2], particle

swarm optimization (PSO) [3], ant colony optimization (ACO)

[4] have been developed. DE was proposed by Storn and Price

[5], and has shown excellent performance on various types

of optimization problems. It is widely acknowledged that a

proper degree of population diversity is crucial for DE [6],

[7]. To enhance the population diversity, distributed differential

evolution (DDE) [8] has become one of the research directions.

In distributed differential evolution (DDE), population is

partitioned into a number of sub-populations and each sub-

population evolves independently toward a solution. With a

given frequency, migration is performed and elite individuals

of sub-populations are shared through a predefined migration
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topology. Due to the major impact on the performance of

DDE [9], [10], [11], migration strategy is deserved to be

sophisticatedly designed. To improve it, four aspects have been

considered, namely, migration topology, migration interval,

selection of migration and replacement. In this paper, we focus

on the migration topology.

Three major types of migration topologies have been pro-

posed in the existing DDE algorithms, namely, ring topology,

random topology and mesh topology. Position information of

sub-population in the search space is ignored in the con-

struction of these traditional migration topologies. Without the

position information, the degree of diversity between connect-

ed sub-populations could not be controlled. In this case, the

search may lose the balance between exploration ability and

exploitation ability. On the one hand, a sub-population is likely

to get trapped into local optima if the incoming individuals

are always from the same search region. On the other hand,

stagnation is likely to occur when incoming individuals stay

diverse.

To effectively control the degree of diversity between the

sub-populations and their migrated individuals, a dynamic

space-driven migration topology for DDE is proposed in this

paper. A contribution-based core is newly defined to exactly

locate the search region of each sub-population. With the

help of these cores, the distance as well as the degree of

diversity between two sub-populations could be measured.

Motivated by the principle “not too similar, not too different”

[12], the migrated individuals should neither too different

from nor too similar to the sub-populations. Therefore, some

sub-populations in the proposed topology are connected to

the neighborhood far away, whose incoming individuals are

diverse. Differently, some other sub-populations communicate

with neighborhood nearby and receive similar individuals.

Diverse individuals could enhance the exploration ability while

similar individuals are helpful in exploitation. Since the search

regions of sub-populations vary during the evolution, the pro-

posed topology is updated with a given frequency according to

the dynamic position information. In this way, a proper degree

of diversity is achieved and contributes to the balance between

exploration and exploitation for DDE algorithms.

The proposed dynamic space-driven migration topology

could be applied to DDE variants for enhancing the per-

formance. To verify the effectiveness of proposed migration

topology, a number of experiments are carried out over 13

benchmark functions with various characteristics. Experimen-

tal results reflect that DDE with proposed migration topology
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Fig. 1. Distributed Differential Evolution.

outperforms traditional migration topologies in terms of solu-

tions, convergence and statistical tests. It is also shown that the

proposed migration topology could enhance the performance

of some well-known DDE variants.

The remainder of this paper is organized as follows. In

Section 2, a review of related work on variants of migra-

tion topology is presented. Subsequently, Section 3 briefly

introduces DDE. Section 4 describes the proposed DDE-SD

algorithm in detail. Extensive experiments with discussion is

provided in Section 5. Finally, Section 6 draws the conclusion.

II. RELATED WORK

In this section, a brief overview of traditional migration

topologies is presented. Zaharie and Petcu presented a parallel

distributed self-adaptive DE algorithm in [13], which used a

random topology as the migration topology. Comparing versus

a canonical DE, improvements of convergence have been

obtained in the novel parallel model. Later, to improve both the

speed and the performance in DE, a DDE with unidirectional

ring topology was proposed by Tasoulis et al. in [8]. The

experimental results indicated that the amount of information

exchanged bears a significant impact on the performance of

the algorithm. Based on the unidirectional ring topology in [8],

several distributed methods were investigated. In [14], [15],

the number of islands was studied. Furthermore, distributed

islands in a toroidal mesh topology was used by Falco et al.
in [16], [17], in which a chosen solution is sent to all the

neighborhood. In the static ring and mesh topologies, the con-

nections stay unchanged during the evolution. In the dynamic

random topology, which is updated in every migration interval,

the connections are built by random. The construction of these

traditional migration topologies does not consider the position

information of sub-populations in the search space.

III. DISTRIBUTED DIFFERENTIAL EVOLUTION

In DDE, population is divided into a number of sub-

populations and each sub-population evolves independently

toward a solution. To promote information sharing, elite

individuals of sub-populations are exchanged through the

migration topology with a given frequency. We here take

the procedure in PDE [8] as an example, which is a classic

approach in DDE.

PDE algorithm adopts a DE/rand/1/bin algorithm, a best-

random migration strategy and a unidirectional ring topology.

As shown in Algorithm 1, during the migration, the best

individuals from each sub-population are allowed to migrated

to the next sub-population of the ring. Then these best individ-

uals will take place of a randomly selected individual in the

next sub-population. Fig. 1 shows how individuals are shared

through the ring topology in PDE.

Algorithm 1 PDE Algorithm

1: Set the generation counter gen = 0

2: Generate the initial population P
3: Divide into N sub-populations

4: for i = 1 to N do
5: Evaluate P i and obtain the fitness set f i

6: end for
7: while Terminal condition not reached do
8: for i = 1 to N do
9: Mutate P i

10: Crossover P i

11: Update P i

12: Evaluate P i and obtain fitness set f i

13: end for
14: if gen mod M == 0 then
15: for i = 1 to N do
16: Send best individual to the next sub-population

17: Receive an elite individual from last sub-

population

18: Replace a randomly chosen individual

19: end for
20: end if
21: gen = gen + 1

22: end while

IV. DYNAMIC SPACE-DRIVEN MIGRATION TOPOLOGY

In this section, a dynamic space-driven migration topology

for DDE is proposed, in which the position information of

sub-populations in the search space is effectively utilized. In

what follows, the motivation is presented firstly and then a

contribution-based core is defined to help locate the search

region of each sub-population. Subsequently, the approach

to construct and update proposed topology is introduced in

detail. Finally, an enhanced DDE with proposed space-driven

topology (DDE-SD) is algorithmically illustrated.

A. Motivation

Considering migration has a significant influence on the

performance of DDE, designing an appropriate migration

strategy is helpful as well as challengeable. The focus of

this paper is on the migration topology. In the traditional

migration topologies, position information of sub-populations

in the search space is ignored. Lacking of dynamic position
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Fig. 2. Comparison of weighted core and center.

information means the degree of diversity between the sub-

populations and their migrated individuals is unknown and

uncontrolled.

In the proposed dynamic space-driven migration topology,

a contribution-based core is defined to measure the search

region of each sub-population. Then distance between two sub-

populations could be calculated. The principle “not too similar,

not too different” in [12] points out that somewhat different

individuals are preferred in the natural mate-selection behavior.

Motivated by this principle, in the proposed topology, some

sub-populations communicate with neighborhood far away

and receive diverse individuals. Differently, some other sub-

populations are connected to near neighborhood and incoming

individuals are similar. The former is helpful for exploration

ability while exploitation ability is enhanced in the latter

case. In this way, the degree of diversity as well as the

balance between exploration ability and exploitation ability

are effectively controlled.

B. Contribution-Based Core

In DDE, the search regions of sub-populations vary during

the evolution. To locate the search region of a sub-population,

positions of its individuals are firstly considered. Since the

fitter individuals could always survive during the evolution in

DE, the search direction would be affected by these fitter indi-

viduals. Based on this consideration, the cores to locate these

search regions should also be closer to the fitter individuals. In

the contribution-based core, both positions and fitness values

of individuals are included.

In Fig. 2, a weighted core and a center of three individuals

are shown. The weighted core considers both positions and

fitness of individuals. The center only considers the positions

of individuals. Unlike the center, the weighted core is closer

to the fitter individuals as well as the search direction of these

individuals.

Algorithm 2 DDE-SD Algorithm

1: Set the generation counter gen = 0

2: Generate the initial population P
3: Divide into N sub-populations

4: for i = 1 to N do
5: Evaluate P i and obtain the fitness set f i

6: Calculate the contribution core Ci

7: end for
8: Init the space-driven topology

9: while Terminal condition not reached do
10: for i = 1 to N do
11: Mutate P i

12: Crossover P i

13: Update P i

14: Evaluate P i and obtain fitness set f i

15: end for
16: if gen mod T == 0 then
17: for i = 1 to N do
18: Calculate the contribution core Ci

19: end for
20: Update the space-driven topology

21: end if
22: if gen mod M == 0 then
23: for i = 1 to N do
24: Send best individual to the neighborhood

25: Receive an elite individual from the neighbor-

hood

26: Replace a randomly chosen individual

27: end for
28: end if
29: gen = gen + 1

30: end while

C. Construction of Dynamic Space-Driven Topology

With the help of contribution-based core, the search region

of a sub-population could be measutred. In this subsection, the

approach to construct and update the proposed topology will

be described in detail.

Firstly, based on the contribution-based cores, the distance

between two sub-populations could be calculated. Subsequent-

ly, the proposed topology is constructed and updated accord-

ing to these distances. The first sub-population is selected

randomly. Then each new linked sub-population i chooses

the farthest and unconnected sub-population j as the neigh-

borhood. Finally, the last sub-population makes a connection

with the first node to form a ring topology. Unlike always

choosing the farthest sub-populations, the migrated individuals

based on this topology are not too different from the sub-

populations. This is because once a sub-population is inserted

in this ring topology, it could not communicate with other sub-

populations. Specifically, when sub-population i chooses sub-

population, its farthest neighborhood might have been chosen
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TABLE I
CHARACTERISTICS OF TEST FUNCTIONS.

Functions Characteristics Dimension MaxNFEs

F1, F6, F7 Unimodal, separable 100 1.00E+06
F2, F3, F4, F5 Unimodal, nonseparable 100 1.00E+06
F9 Multimodal, separable 100 1.00E+06
F8, F10, F11, F12, F13 Multimodal, nonseparable 100 1.00E+06

by others. Considering the search regions of sub-populations

vary during the evolution, the proposed topology is frequently

updated according to the latest position information. In this

way, a proper degree of diversity could be achieved.

To improve the efficiency as well as enhance the stability

of communication, rather than update the topology in every

migration interval M , the proposed topology is updated in

every shuffle interval T , which is longer than M .

D. DDE-SD

The proposed dynamic space-driven migration topology is

embedded in DDE to develop DDE-SD algorithm, which

adopts a DE/rand/1/bin algorithm and a best-random migration

strategy. The pseudo code of DDE-SD is shown in Algorithm

2.

V. EXPERIMENTAL STUDIES

A. Experimental setup

In the experiments, 13 scalable functions in [18] are em-

ployed. Some characteristics of test functions are briefly

summarized in Table I and more properties can be found in

[18].

Three experiments are carries out in this section. The first

experiment is used to verify whether the proposed topology

could outperform the traditional topologies. The second ex-

periment is carried out to reflect the effectiveness of proposed

topology in some well-known DDE variants.

In DDE-SD, the mutation rate F and crossover rate Cr are

set to 0.5 and 0.9 respectively, migration interval M is set

to 20, and the update frequency of migration topology is set

as T = 200. The whole population size NP of all the DDE

algorithms is set as 200. The overall population is divided into

N = 10 sub-populations.

B. Comparisons of classic migration topologies

In order to investigate the effectiveness of proposed migra-

tion topology, experiments are carried out to compare it with

three classic migration topologies. DDE with the proposed

topology is named DDE-SD and described in the last section.

DDE algorithms adopting these three migration topologies are

listed as follows:

1) DDE-random: the migration topology of DDE-SD is

replaced by a randomly generated topology in [13].

2) DDE-ring: the migration topology of DDE-SD is replaced

by a unidirectional ring topology in [8].

3) DDE-mesh: the migration topology of DDE-SD is re-

placed by a toroidal mesh topology in [16], [17].

The mean and standard deviations of the errors over 25

independent runs for all test functions are presented in Table

II, where the best results are highlighted in boldface. Overall,

DDE-SD achieves the best results in 9 functions, which is

much higher than the figures 0, 3 and 1 of DDE-random, DDE-

ring and DDE-mesh, respectively. We can conclude that our

proposed migration topology comprehensively outperforms the

traditional topologies.
To show the advantage of proposed migration topology in

a statistical sense, single-problem Wilcoxon signed-rank test

at a significance level 0.05 is performed. The errors for each

function over 25 independent runs are used to conduct the test.

As shown in Table II, where data in each cell is represented

in a “−/ ≈ /+” manner, “−” “≈” and “+” denote that the

corresponding algorithm is significantly worse than, equivalent

to and better than DDE-SD algorithm, respectively. It is clear

that DDE-SD is able to obtain significantly better results than

the other three approaches on the majority of functions.
In addition, the convergence curves of four approaches

are plotted in Fig. 3. Namely, F1, F2 and F7 are unimodal

while the others are multimodal. Convergence curves of these

six functions clearly show that DDE-SD converges fastest to

achieve the highest solution accuracy among four approaches.

On the one side, for unimodal functions, the proposed algorith-

m shows best exploitation ability. On the other side, in opti-

mizing multimodal functions, DDE-SD exhibits much stronger

global search ability than the other three algorithms. This is

mainly because the balance between exploration ability and

exploitation ability is effectively controlled in the proposed

DDE-SD.

C. Cooperation with other DDE variants

In this subsection, experiments are carried out to verify

the effectiveness of the proposed migration topology on well-

known DDE variants, namely, PDE and DDEM. Four ap-

proaches are developed and listed as follows.

1) PDE: a classic DDE adopts a DE/rand/1/bin algorithm, a

best-random migration strategy and a unidirectional ring

topology.

2) PDE-SD: the unidirectional ring topology in PDE is

replaced by the proposed space-driven topology.

3) DDEM: a competitive DDE utilizes novel migration

selection and replacement strategies [10].

4) DDEM-SD: space-driven topology is embedded in D-

DEM algorithm to replace the migration topology.

For each approach, 25 independent runs are carried out.

Table III shows the results and the better results are marked in
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TABLE II
COMPARISONS OF VARIOUS MIGRATION TOPOLOGIES.

Approaches DDE-SD DDE-random DDE-ring DDE-mesh

Mean Std Mean Std Mean Std Mean Std
F1 1.57E-36 1.33E-36 2.51E-29 1.40E-29 − 1.28E-28 7.05E-29 − 1.39E-24 1.22E-24 −
F2 1.40E-27 8.49E-28 2.27E-23 8.87E-24 − 1.12E-22 3.35E-23 − 9.01E-20 1.28E-19 −
F3 4.67E+01 1.70E+01 8.25E+01 1.75E+01 − 9.13E+01 2.49E+01 − 1.93E+02 4.18E+01 −
F4 2.12E+01 3.30E+00 2.07E+01 2.64E+00 ≈ 1.76E+01 2.94E+00 + 2.86E+01 3.52E+00 −
F5 1.79E+02 4.82E+01 2.08E+02 5.95E+01 − 1.84E+02 4.42E+01 ≈ 2.03E+02 4.59E+01 ≈
F6 6.40E+00 3.45E+00 3.72E+00 2.22E+00 + 8.80E-01 7.11E-01 + 2.06E+01 9.53E+00 −
F7 1.57E-02 3.28E-03 3.64E-02 7.96E-03 − 6.10E-02 1.12E-02 − 6.49E-02 9.45E-03 −
F8 1.72E+04 9.57E+02 1.81E+04 1.56E+03 − 2.08E+04 2.53E+03 − 1.74E+04 1.19E+03 ≈
F9 8.71E+01 1.16E+01 8.82E+01 1.59E+01 ≈ 9.38E+01 2.79E+01 − 9.57E+01 1.23E+01 −
F10 7.26E-01 5.17E-01 7.09E-01 4.97E-01 ≈ 3.52E-02 1.72E-01 + 1.89E+00 3.16E-01 −
F11 1.58E-03 3.19E-03 1.58E-03 3.68E-03 ≈ 1.58E-03 3.81E-03 ≈ 2.96E-04 1.45E-03 ≈
F12 4.98E-03 1.14E-02 3.02E-02 7.56E-02 − 3.24E-02 4.78E-02 − 2.49E-02 9.78E-02 −
F13 7.80E-02 3.14E-01 1.04E-01 4.02E-01 − 1.53E-01 7.04E-01 − 1.13E-01 3.35E-01 −

−/ ≈ /+ 8/4/1 8/2/3 10/3/0

��� �� ��� ��� �	� ��


��� �� ��� �� �� �


Fig. 3. Convergence curves of DDE with various migration topologies.

bolt. It can be observed that, with the help of proposed space-

driven migration topology, the performance of both PDE and

DDEM algorithms is enhanced. Comparing PDE and PDE-

SD, we can see that the latter performs better in 9 functions.

Similarly, DDEM-SD could achieve higher performance than

the original approach in most functions. To sum up, our

proposed space-driven migration topology is efficient when

cooperating with other DDE variants.

VI. CONCLUSION

Considering migration has a major impact on the perfor-

mance of DDE, a dynamic space-driven migration topology

is proposed to enhance DDE in this paper. In the traditional

migration topologies, position information of sub-populations

in the search space is ignored, which causes the degree

of diversity between the sub-populations and their migrated

individuals uncontrolled. In the proposed migration topology,

a contribution-based core is newly defined to locate the search

region of each sub-population. With the help of these cores, the

distance as well as the diversity between two sub-populations

could be calculated. The proposed topology is constructed and

updated according to the distances between sub-populations.

Based on the proposed topology, some sub-populations receive

diverse individuals while others communicate with neigh-

borhood nearby. The degree of population diversity as well

as the balance between exploration ability and exploitation

ability are effectively controlled. A number of experiments are

carried out to verify the effectiveness of proposed topology.

Experimental results show that the DDE with the proposed

migration topology outperforms those with classic migration

topologies.
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[9] M. Ruciński, D. Izzo, and F. Biscani, “On the impact of the migration
topology on the island model,” Parallel Computing, vol. 36, no. 10, pp.
555–571, 2010.

[10] J. Cheng, G. Zhang, and F. Neri, “Enhancing distributed differential evo-
lution with multicultural migration for global numerical optimization,”
Information Sciences, 2013.

[11] B. Dorronsoro and P. Bouvry, “Improving classical and decentralized
differential evolution with new mutation operator and population topolo-
gies,” IEEE Transactions on Evolutionary Computation, vol. 15, no. 1,
pp. 67–98, 2011.

[12] L. Araujo and J. J. Merelo, “Diversity through multiculturality: Assess-
ing migrant choice policies in an island model,” IEEE Transactions on
Evolutionary Computation, vol. 15, no. 4, pp. 456–469, 2011.

[13] D. Zaharie and D. Petcu, “Parallel implementation of multi-population
differential evolution,” Concurrent information processing and comput-
ing, pp. 223–232, 2005.

[14] L. Singh and S. Kumar, “Parallel evolutionary asymmetric subsethood
product fuzzy-neural inference system: an island model approach,” in
Proceedings of the international conference on computing: theory and
applications, 2007.

[15] J. Apolloni, J. Garcła-Nieto, G. Leguizamn, and E. Alba, “Island
based distributed differential evolution: an experimental study on hybrid
testbeds,” in Eighth International Conference on Hybrid Intelligent
Systems. IEEE, 2008, pp. 696–701.

[16] I. De Falco, A. Della Cioppa, D. Maisto, U. Scafuri, and E. Tarantino,
“Satellite image registration by distributed differential evolution,” in
Applications of evolutionary computing. Springer, 2007, pp. 251–260.

[17] I. De Falco, U. Scafuri, E. Tarantino, and A. Cioppa, “A distributed
differential evolution approach for mapping in a grid environment,” in

International Conference on Parallel, Distributed and Network-Based
Processing. IEEE, 2007, pp. 442–449.

[18] X. Yao, Y. Liu, and G. Lin, “Evolutionary programming made faster,”
IEEE Transactions on Evolutionary Computation, vol. 3, no. 2, pp. 82–
102, 1999.

2016 IEEE Congress on Evolutionary Computation (CEC) 4095
Authorized licensed use limited to: Hanyang University. Downloaded on November 21,2023 at 07:05:08 UTC from IEEE Xplore.  Restrictions apply. 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (None)
  /CalCMYKProfile (None)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.7
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments 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
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /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
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /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
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /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)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<


    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>



    /HUN <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 6.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200036002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 6.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>


    /SKY <>

    /SUO <>
    /SVE <>
    /TUR <>

    /ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 6.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


