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Abstract— Fuzzy clustering is an important problem which is 
the subject of active research in several real world 
applications. Fuzzy c-means (FCM) algorithm is one of the 
most popular fuzzy clustering techniques because it is efficient, 
straightforward, and easy to implement. However FCM is 
sensitive to initialization and is easily trapped in local optima. 
Particle swarm optimization (PSO) is a stochastic global 
optimization tool which is used in many optimization 
problems. In this paper a hybrid fuzzy clustering method 
based on FCM and fuzzy PSO (FPSO) is proposed which make 
use of the merits of both algorithms. Experimental results show 
that our proposed method is efficient and can reveal 
encouraging results. 

Keywords- fuzzy clustering; particle swarm optimization 

I. INTRODUCTION

Clustering is the process of assigning data objects into a 
set of disjoint groups called clusters so that objects in each 
cluster are more similar to each other than objects from 
different clusters. Clustering techniques are applied in many 
application areas such as pattern recognition [1], data mining 
[2], machine learning [3], etc. Clustering algorithms can be 
broadly classified as Hard, Fuzzy, Possibilistic, and 
Probabilistic [4]. 

K-means is one of the most popular hard clustering 
algorithms which partitions data objects into k clusters where 
the number of clusters, k, is decided in advance according to 
application purposes. This model is inappropriate for real 
data sets in which there are no definite boundaries between 
the clusters.  

After the fuzzy theory introduced by Lotfi Zadeh, the 
researchers put the fuzzy theory into clustering. Fuzzy 
algorithms can assign data object partially to multiple 
clusters. The degree of membership in the fuzzy clusters 
depends on the closeness of the data object to the cluster 
centers. The most popular fuzzy clustering algorithm is fuzzy 
c-means (FCM) which introduced by Bezdek [5] in 1974 and 
now it is widely used. 

Fuzzy c-means clustering is an effective algorithm, but 
the random selection in center points makes iterative process 
falling into the local optimal solution easily. For solving this 
problem, recently evolutionary algorithms such as genetic 
algorithm (GA), simulated annealing (SA), ant colony 

optimization (ACO), and particle swarm optimization (PSO) 
have been successfully applied.  

Particle Swarm Optimization (PSO) is a population-
based optimization tool, which could be implemented and 
applied easily to solve various function optimization 
problems, or the problems that can be transformed to 
function optimization problems [8]. In 2004 Pang et al. [7] 
proposed a version of particle swarm optimization for TSP 
called fuzzy particle swarm optimization (FPSO). In this 
paper, a hybrid fuzzy clustering algorithm based on FCM 
and FPSO called FCM-FPSO is proposed. The experimental 
results over six real-life data sets indicate the FCM-FPSO 
algorithm is superior to the FCM algorithm and FPSO 
algorithm for this problem.  

The rest of the paper is organized in the following 
manner. In Section 2, we investigate the related works and 
section 3 introduces fuzzy c-means clustering, in Section 4 
fuzzy PSO algorithm for clustering is discussed; Section 5 
presents our hybrid clustering method, and section 6 reports 
the experimental results. Finally section 7 concludes this 
work. 

II. RELATED WORKS

Runkler and Katz [9] introduced two new methods for 
minimizing the reformulated objective functions of the 
fuzzy c–means clustering model by particle swarm 
optimization: PSO–V and PSO–U. In PSO–V each particle 
represents a component of a cluster center, and in PSO–U 
each particle represents an unscaled and unnormalized 
membership value. Also they compared the proposed 
methods with alternating optimization and ant colony 
optimization. In [10] authors presented an ant colony 
clustering algorithm for optimally clustering N objects into 
K clusters. The algorithm employs the global pheromone 
updating and the heuristic information to construct 
clustering solutions and uniform crossover operator to 
further improves solutions discovered by ants.  

In [11] In order to overcome the shortcomings of Fuzzy 
C-means, a PSO-based fuzzy clustering algorithm is 
discussed. The proposed algorithm uses the capacity of 
global search in PSO algorithm to overcome the 
shortcomings of FCM. Gan et al. [12] proposed the genetic 
fuzzy k-Modes algorithm for clustering categorical data 
sets. They treated the fuzzy k-Modes clustering as an 
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optimization problem and used Genetic algorithm to solve 
the problem in order to obtain globally optimal solution. To 
speed up the convergence process of the algorithm, they 
used the one-step fuzzy k-Modes algorithm in the crossover 
process instead of the traditional crossover operator. 

 In [13] a hybrid data clustering algorithm based on PSO 
and KHM is proposed, which makes use of the merits of 
both algorithms. The proposed method not only helps the 
KHM clustering escape from local optima but also 
overcomes the shortcoming of the slow convergence speed 
of the PSO algorithm. In [14] authors used a Fuzzy C-Mean 
algorithm based on Picard iteration and PSO (PPSO-FCM), 
to overcome the shortcomings of FCM. Also in [15] authors 
hybridized PSO algorithm with FCM algorithm to find more 
appropriate cluster centers. 

III. FUZZY C-MEANS ALGORITHM

Fuzzy c-means partitions set of n objects 
}...,,,{ 21 noooo = in dR dimensional space into c ( nc <<1 ) 

fuzzy clusters with }...,,,{ 21 czzzZ = cluster centers or 
centroids. The fuzzy clustering of objects is described by a 
fuzzy matrix μ with n rows and c columns in which n is the 
number of data objects and c is the number of clusters. ijμ ,

the element in the ith row and jth column in μ , indicates the 
degree of association or membership function of the ith 
object with the jth cluster. The characters of μ are as 
follows: 
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The objective function of FCM algorithm is to minimize 
the Eq. (4): 
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in which, m (m>1) is a scalar termed the weighting exponent 
and controls the fuzziness of the resulting clusters and ijd  is 

the Euclidian distance from object io  to the cluster 

center jz . The jz , centroid of the jth cluster, is obtained 
using Eq. (6). 
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The FCM algorithm is iterative and can be stated as 
follows [5]:  

Algorithm 1. Fuzzy c-means: 

1. Select m (m>1); initialize the membership function 
values ijμ , cjni ,...,2,1;,...,2,1 == .

2. Compute the cluster centers jz , cj ,...,2,1= ,
according to Eq. (6). 
3. Compute Euclidian distance ijd ,

cjni ,...,2,1;,...,2,1 ==
4. Update the membership function ijμ ,

cjni ,...,2,1;,...,2,1 == according to Eq. (7). 
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5. If not converged, go to step 2. 

Several stopping rules can be used. One is to terminate 
the algorithm when the relative change in the centroid values 
becomes small or when the objective function, Eq. (4), can 
not be minimized more. The FCM algorithm is sensitive to 
initial values and it is likely to fall into local optima. 

IV. PARTICLE SWARM OPTIMIZATION

Particle swarm optimization (PSO) is a population based 
stochastic optimization technique inspired by bird flocking 
and fish schooling originally designed and introduced by 
Kennedy and Eberhart [6] in 1995 and is based on 
iterations/generations. The algorithmic flow in PSO starts 
with a population of particles whose positions represent the 
potential solutions for the studied problem, and velocities are 
randomly initialized in the search space. In each iteration, the 
search for optimal position is performed by updating the 
particle velocities and positions. Also in each iteration, the 
fitness value of each particle’s position is determined using a 
fitness function. The velocity of each particle is updated 
using two best positions, personal best position and global 
best position. The personal best position, pbest, is the best 
position the particle has visited and gbest is the best position 
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the swarm has visited since the first time step. A particle’s 
velocity and position are updated as follows. 
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Where X  and V  are position and velocity of particle 
respectively. w is inertia weight, 1c  and 2c  are positive 
constants, called acceleration coefficients which control the 
influence of pbest and gbest on the search process, P is the 
number of particles in the swarm, 1r  and 2r  are random 
values in range ]1,0[ .

A. Fuzzy particle swarm optimization for fuzzy clustering 
Peng et al. [7] proposed a modified particle swarm 

optimization for TSP called fuzzy particle swarm 
optimization (FPSO). In their proposed method the position 
and velocity of particles redefined to represent the fuzzy 
relation between variables. In this sub-section we describe 
this method for fuzzy clustering problem. 

In FPSO algorithm X , the position of particle, shows the 
fuzzy relation from set of data objects, }...,,,{ 21 noooo = , to 
set of cluster centers, }...,,,{ 21 czzzZ = . X Can be 
expressed as follows: 
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In which ijμ  is the membership function of the ith object 
with the jth cluster with constraints stated in (1) and (2). 
Therefore we can see that the position matrix of each particle 
is the same as fuzzy matrix μ in FCM algorithm. Also the 
velocity of each particle is stated using a matrix with the size 
n rows and c columns the elements of which are in range [-1, 
1]. We get the equations (11) and (12) for updating the 
positions and velocities of the particles based on matrix 
operations. 
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After updating the position matrix, it may violate the 
constraints given in (1) and (2). So it is necessary to 
normalize the position matrix. First we make all the negative 

elements in matrix to become zero. If all elements in a row 
of the matrix are zero, they need to be re-evaluated using 
series of random numbers within the interval [0, 1] and then 
the matrix undergoes the following transformation without 
violating the constraints: 
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In FPSO algorithm the same as other evolutionary 
algorithms, we need a function for evaluating the generalized 
solutions called fitness function. In this paper Eq. (14) is 
used for evaluating the solutions. 

mJ
KXf =)(                               (14) 

therein K is a constant and mJ is the objective function of 
FCM algorithm (Eq. (4)). The smaller is mJ , the better is the 
clustering effect and the higher is the individual fitness 

)(Xf . The FPSO algorithm for fuzzy clustering problem 
can be stated as follows: 

Algorithm 2. Fuzzy PSO for fuzzy clustering: 

1. Initialize the parameters including population size P,
1c , 2c , w, and the maximum iterative count. 

2. Create a swarm with P particles (X, pbest, gbest and V
are cn×  matrices). 
3. Initialize X, V, pbest for each particle and gbest for 
the swarm. 
4. Calculate the cluster centers for each particle using 
Eq. (6). 
5. Calculate the fitness value of each particle using Eq. 
(14). 
6. Calculate pbest for each particle. 
7. Calculate gbest for the swarm. 
8. Update the velocity matrix for each particle using Eq. 
(11).
9. Update the position matrix for each particle using Eq. 
(12).
10. If terminating condition is not met, go to step 4.

The termination condition in proposed method is the 
maximum number of iterations or no improvement in gbest
in a number of iterations. 

V. HYBRID FUZZY C-MEANS AND FUZZY PARTICLE 
SWARM OPTIMIZATION FOR CLUSTERING PROBLEM

The FCM algorithm is faster than the FPSO algorithm 
because it requires fewer function evaluations, but it usually 
falls into local optima. In this paper the FCM algorithm 
integrated with FPSO algorithm to form a hybrid clustering 
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algorithm called FCM-FPSO which maintains the merits of 
both FCM and PSO algorithms. FCM-FPSO algorithm 
applies FCM to the particles in the swarm every number of 
iterations/generations such that the fitness value of each 
particle is improved. The FCM-FPSO algorithm for fuzzy 
clustering problem can be stated as follows: 

Algorithm 3. Hybrid FCM-PSO for fuzzy clustering: 

1. Initialize the parameters of FPSO and FCM including 
population size P, 1c , 2c , w, and m.
2. Create a swarm with P particles (X, pbest, gbest and V
are cn×  matrices). 
3. Initialize X, V, pbest for each particle and gbest for 
the swarm 
4. FPSO algorithm: 
          4.1 Calculate the cluster centers for each particle 
using Eq. (6). 
          4.2 Calculate the fitness value of each particle 
using Eq. (14). 
          4.3 Calculate pbest for each particle. 
          4.4 Calculate gbest for the swarm. 
          4.5 Update the velocity matrix of each particle 
using Eq. (11). 
          4.6 Update the position matrix of each particle 
using Eq. (12). 
          4.7 If FPSO terminating condition is not met, go 
to step 4. 
5. FCM algorithm 
          5.1 Calculate the cluster centers for each particle 
using Eq. (6). 
          5.2 Compute Euclidian distance ijd ,

;,...,2,1;,...,2,1 cjni ==  for each particle using Eq. (5) 
          5.3. Update the membership function ijμ ,

;,...,2,1;,...,2,1 cjni ==  for each particle using Eq. (7). 
          5.4. Calculate pbest for each particle. 
          5.5 Calculate gbest for the swarm. 
          5.6. If FCM terminating condition is not met, go 
to step 5. 
6. If FCM-FPSO terminating condition is not met, go to 
step 4.

VI. EXPERIMENTAL RESULTS

A. Parameter settings 
In order to optimize the performance of the FPSO and 

FCM-FPSO, fine tuning has been performed and best values 
for their parameters are selected. Based on experimental 
results these algorithms perform best under the following 
settings: 0.221 == cc , 10=P  , 1.09.0 →=w . The FCM 
terminating condition in Algorithm 1 is when the algorithm 
can not improve the generated solution, the FPSO 
terminating condition in Algorithm 2 is when the algorithm 
can not improve the gbest in 1000 consecutive iterations, the 
FPSO terminating condition in Algorithm 3 is the maximum 
number of iterations 1000 or no changes in gbest in 200 

consecutive iterations, and the FCM terminating condition in 
algorithm 3 is the number of iterations 5. Also the FCM-
FPSO terminating condition in Algorithm 3 is when the 
algorithm can not improve the gbest in 2 consecutive 
iterations. In all of the algorithms m, the weighting exponent, 
is set to 2. 

B. Experimental results 
For evaluating the FCM, FPSO, and FCM-FPSO 

methods, six well-known real-world data sets have been 
considered: 

- Fisher’s iris data set, which consists of three different 
species of iris flower. For each species, 50 samples with four 
features were collected; 

- Glass, which consists of 214 objects and 6 different 
types of glasses. Each type has 9 features; 

- Wisconsin breast cancer data set, which consists of 683 
objects and 2 categories characterized by 9 features; 

- Wine, which consists of 178 objects and 3 different 
types characterized by 13 features; 

- Contraceptive Method Choice (CMC), which consists 
of 1473 objects and 3 different types characterized by 9 
features; 

- Vowel data set, which consists of 871 Indian Telugu 
vowel sounds, the data set has three features and six 
overlapping clusters. 

These data sets cover examples of data of low, medium 
and high dimensions. These algorithms are implemented 
using VC++. The experimental results of over 100 
independent runs for FCM and 10 independent runs for 
FPSO and FCM-FPSO are summarized in Table 1. The 
figures in this Table are the objective function values (Eq. 
(4)). 

As shown in this Table, the hybrid FCM-FPSO obtained 
superior results than others in all of data sets and it can 
escape from local optima. Also the experimental results 
show that when the size of data set (number of objects or 
clusters) is small, the FPSO surpasses FCM but with 
increasing the size of data set, FCM obtains better results 
than FPSO. 

VII. CONCLUSION

The fuzzy c-means algorithm is sensitive to initialization 
and is easily trapped in local optima. On the other hand the 
particle swarm algorithm is a global stochastic tool which 
could be implemented and applied easily to solve various 
function optimization problems, or the problems that can be 
transformed to function optimization problems. In this paper 
in order to overcome the shortcomings of the fuzzy c-means 
we integrate it with fuzzy particle swarm algorithm. 
Experimental results over six well known data sets, Iris, 
Glass, Cancer, Wine, CMC, and Vowel show that the 
proposed hybrid method is efficient and can reveal very 
encouraging results in term of quality of solution found. 
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TABLE 1. RESULTS OF FCM, FPSO AND FCM-FPSO METHODS ON SIX REAL DATA SETS.

Instances 
(n, c, d)

FCM  FPSO  FCM-FPSO 

Worst Average Best  Worst Average Best  Worst Average Best 

Iris 
(150, 3, 4) 71.58 70.43 67.92 69.72 67.39 66.26  62.96 62.55 62.19 

Glass 
(214, 6, 9) 73.37 72.87 72.26 87.37 86.97 86.26  73.11 72.64 72.23 

Cancer 
 (683, 2, 9) 2235.8 2213.3 2196.8 2750.1 2724.4 2704.6  2218.7 2190.5 2181.9 

Wine 
(178, 3, 13) 12192.5 11989.7 11682.7 12250.1 11528.8 11173.2  11218.0 10603.9 10411.7 

CMC 
(1473, 3, 9) 3548.5 3534.7 3517.1 4190.1 4095.6 4025.2  3531.2 3485.6 3416.5 

Vowel 
(871, 6, 3) 73390.8 71504.7 69069.1 100021.5 99394.0 98834.2  68332.5 67872.6 67411.3 

REFERENCES

[1] A. Webb, Statistical pattern recognition, New Jersey, John Wiley & 
Sons, (2002). 

[2] P. N. Tan, M. Steinbach, V. Kumar, Introduction to data mining, 
Boston, Addison-Wesley, (2005). 

[3] E. Alpaydin, Introduction to Machine Learning, Cambridge, the MIT 
Press, (2004). 

[4] R.J Hathway, and J.C. Bezdek, Optimization of clustering criteria by 
reformulation, IEEE transactions on Fuzzy Systems, pp. 241-245, 
1995. 

[5] J. Bezdek, Fuzzy mathematics in pattern classification, Ph.D. thesis, 
Ithaca, NY: Cornell University, (1974). 

[6] J. Kennedy, R. C. Eberhart, Particle Swarm Optimization, In: 
Proceedings of the IEEE International Conference on Neural 
Networks, pp. 1942–1948 (1995). 

[7] W. Pang, K. Wang, C. Zhou, L. Dong, Fuzzy Discrete Particle Swarm 
Optimization for Solving Traveling Salesman Problem, In: 
Proceedings of the Fourth International Conference on Computer and 
Information Technology, IEEE CS Press, pp. 796–800, (2004). 

[8] J. Kennedy, R. Eberhart, Swarm Intelligence, Morgan Kaufmann 
(2001) 

[9] T. A. Runkler, C. Katz, Fuzzy Clustering by Particle Swarm 
Optimization, 2006 IEEE International Conference on Fuzzy 
Systems, Canada, pp. 601-608, (2006). 

[10] B. ZHAO, An Ant Colony Clustering Algorithm, In Proceedings of 
the Sixth International Conference on Machine Learning and 
Cybernetics, Hong Kong, pp. 3933-3938, (2007). 

[11] L. Li, X. Liu, M. Xu, A Novel Fuzzy Clustering Based on Particle 
Swarm Optimization, First IEEE International Symposium on 
Information Technologies and Applications in Education, pp. 88-90, 
(2007). 

[12] G. Gan, J. Wu, Z. Yang, A genetic fuzzy k-Modes algorithm for 
clustering categorical data, Expert Systems with Applications (36), 
pp. 1615-1620, (2009). 

[13] F. Yang, T. Sun, C. Zhang, An efficient hybrid data clustering 
method based on K-harmonic means, and Particle Swarm 
Optimization, Expert Systems with Applications (36), pp. 9847–9852, 
(2009). 

[14] H.C. Liu, J.M. Yih, D. B. Wu, S.W. Liu, Fuzzy C-Mean Clustering 
Algorithms Based on Picard Iteration and Particle Swarm  
Optimization, 2008 International Workshop on Education echnology 
and Training & 2008 International Workshop on Geoscience and 
Remote Sensing, pp. 838-842, (2008). 

[15] E. mehdizeded, S. Sadinezhad, R. Tavakkolimoghaddam, 
Optimization of Fuzzy Criteria by a Hybrid PSO and Fuzzy C-Means 
Clustering Algorithm, Iranian Journal of Fuzzy Systems, pp. 1-14, 
(2008)

1694 2009 World Congress on Nature & Biologically Inspired Computing (NaBIC 2009)



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.6
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Times-Italic
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /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 150
  /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 1200
  /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

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /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 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /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 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Recommended"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


