
FAST IMAGE SEGMENTATION USING C-MEANS BASED 
FUZZY HOPFIELD NEURAL NETWORK 

 

 
ABSTRACT 

In this paper, we propose a fast C-means based training of 
Fuzzy Hopfield neural network and apply it to image 
segmentation. According to the other ways which usually 
take a long time, we define a fast method for image 
segmentation. We present a new objective function, and its 
minimization by Lyapunov energy function which is based 
on two dimensional fuzzy Hopfield neural network. This 
objective function is the same energy function Hopfield 
neural network which is improved, and includes average 
distance between image pixels and cluster centers. In this 
new method, numbers of iterations are less than the other 
methods it means the proposed method has a faster 
convergence rate in comparison with the other ways. 
Therefore, Fuzzy Hopfield neural network method provides 
image segmentation better than the other methods according 
to experimental results. 
 

Index Terms— segmentation, fuzzy, neural network, 
Hopfield neural network 

1. INTRODUCTION 
 

Image segmentation, a process to divide a given image 
into meaningful regions with homogeneous properties, is an 
important step in image analysis and recognition .A large 
number of algorithms have been proposed in previous years. 
Those conventional image segmentation algorithms can be 
categorized generally into three classes:1) histogram-based 
schemes, where the pixels are segmented into classes based 
on overall gray levels; 2) clustering by which homogeneous 
properties around a given pixel are enlarged; and 3) edge-
based schemes, which detect the pixels with abrupt changes 
in gray levels, and then connects selected pixels to form 
completely enclosed boundaries [1]. 

   Clustering is useful in several exploratory pattern 
analysis, grouping, and machine-learning situations, 
decision-making, data mining, document retrieval, image 
segmentation, and pattern classification. In image 
segmentation techniques, image is segmented to different 
regions separated with contours.Region growing, k-means, 
and split and merge methods are used generally for image 
segmentation. Besides these crisp classical segmentation 

methods, the fuzzy logic methods were also seen very 
effective for segmentation [2,3,4]. In 1982, Hopfield 
proposed the so-called Hopfield network, which possesses 
auto-associative properties. It is a recurrent (fully 
interconnected) network  in which all neurons are connected 
to each other , with the exception that no neuron has any 
connection to itself [5].The Hopfield neural network is a 
well-known technique used for solving optimization 
problems based on Lyapunov energy function. Amatur, 
Piriano and Takefuji used the two dimensional Hopfield 
neural network for segmentation of multi-spectral MR 
images [13].Robust segmentation of medical images using 
competitive Hopfield neural network as a clustering tool 
was proposed by Roozbahani, Ghassemian and Sharafat 
[15].Combination of Fuzzy and Hopfield is a good 
technique for some problems. For example, Lin, Cheng and 
Mao proposed the segmentation of single and multi-spectral 
medical images using a fuzzy Hopfield neural network [6, 
8].Fuzzy Hopfield neural network with fixed weight for 
medical image segmentation was proposed by Chang and 
Ching [1].  

   In this paper, we propose a new method for image 
segmentation using a fuzzy Hopfield neural network. We 
prove that the proposed method has a faster convergent 
speed in comparison with the other ways. In other words, 
number of iteration of new method is less than other 
methods. So it takes a few time to reach the result. Then, 
FHNN method provides image segmentation better than 
other methods according to experimental results. This new 
idea includes new object function, and its minimization by 
Lyapunov energy function. In summary, after applying new 
method from the simulation and the experiment results, the 
proposed algorithm could perform satisfactority. 
 

2. CLUSTERING ALGORITHMS 
 
Clustering analysis is based on partitioning a collection of 
data points into a number of subgroups, where the objects 
inside a cluster (a subgroup) show a certain degree of 
closeness or similarity. It has been playing an important role 
in solving many problems in pattern recognition and image 
processing. Clustering methods can be considered as either 
hard (crisp) or fuzzy depending on whether a pattern data 
belongs exclusively to a single cluster or to several clusters 
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with different degrees. In hard clustering, a membership 
value of zero or one is assigned to each pattern data (feature 
vector), whereas in fuzzy clustering, a value between zero 
and one is assigned to each pattern by a membership 
function. In general, fuzzy clustering methods can be 
considered to be superior to that of its hard counterparts 
since they can represent the relationship between the input 
pattern data and clusters more naturally [9]. 
Fuzzy partition 
   Fuzzy partition can be seen as a generalization of hard 
partition, it allows  to attain real values in [0,1].A N × c 
matrix ][ ikU ��  represents the fuzzy partitions, its 
conditions are given by [10]:                                                                                                                                

                      )1(

.1,0

,1,1

,1,1],1,0[

1

1

ckN

Ni

ckNi

N

i
ik

c

k
ik

ij

����

���

�����

�

�

�

�

�

�

�

                

2.1. Fuzzy C-means algorithm 
 
The Fuzzy C-means clustering algorithm is based on the 
minimization of an objective function called C-means
functional .It is defined by Dunn as:                                                                                                                                                 
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Where 
n

ic RvvvvV �� ],,...,,[ 21 is a vector of cluster
prototypes (centers).For more information, refer to [10]. 
                        

4. PROPOSED METHOD: FUZZY HOPFIELD 
NEURAL NETWORK 

 
At this part, the new image segmentation method based on 
fuzzy Hopfield neural network is introduced. In this paper 
the fuzzy Hopfield neural network use the fuzzy c-means 
algorithm to eliminate the need for finding weighting factors 
in the energy function. The number of neurons is dependent 
on image size; the larger the image size, the more neurons that 
are required. These neurons are fully interconnected. The 
total input of neuron (i,k) denoted as Neti,k  can be formulated as 
[8] .                                                                               
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        Where N is the number of data points, c is number of 
clusters, Vj,q denotes the binary state of neuron (j,q), Wi,k;j,q is 
interconnection weight between neuron (i,k) and neuron 
(j,q), Ii,k is external bias vector for neuron (i,k). The Hopfield 
neural network consists of N x c neurons that can be conceived 
as a 2-D array for the image-segmentation problem. Lyapunov 
energy function of two dimensional Hopfield neural 

network is also given [8] as                    
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The neural network reaches a stable state, when the 
Lyapunov energy function is minimized. The optimization 
problem can be mapped into a two dimensional fully 
interconnected Hopfield neural network with the fuzzy c-
means algorithm. The total input for neuron (i,k) can be 
modified [8] as                                                           
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and  Lyapunov energy can be changed [8] as           
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the total weighed input received from the neuron ( i,q), kx  
is x. pixel value of image , and membership value ki ,� is the 
output state at neuron ( i,k). A neuron ( i,k) in a maximum 
membership state indicates that kx pixel belongs to class i. 
Each column of this Hopfield neural network represents 
cluster centroids, and each row represents an image pixel in 
a proper class. In order to generate an adequate 
classification with the constraints, we define Lyapunov 
energy function as follows [8]:   
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E is the total intra-class scatter energy that accounts for the 
scattered energies distributed by all pixels in same class. 
   The first term in (7) is the within-class scatter energy, 
which is the Euclidean distance between samples to the 
cluster center over c clusters. The second term, guarantees 
those number of data point N in image can only be 
distributed among these c classes. More specifically, first 
term minimizes the intra-class Euclidean distance from a 
sample to the cluster center in any given cluster and the 
second term, imposes constraints on the objective function 
[8]. 
   The quality of classification result is very sensitive to the 
weighting factors. Searching for optimal values for these 
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weighting factors is expected to be time-consuming and 
laborious. To alleviate this problem, a Hopfield neural 
network with a fuzzy c-means clustering method, called 
FHNN, is proposed. Because each image pixel can only be 
occupied by one class, every row can have at most 1. In 
other words, the summation of states in the same row equals 
1. This also ensures that only N data points will be 
classified into these c clusters [14]. That is, the network 
must match the following constraints  
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  Therefore, the energy function can be further simplified as 
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   The normalization operation guarantees that each image 
pixel will be absorbed on several classes with certain 
probability degrees so there will be N data points assigned 
among c clusters. The minimization of energy E is greatly 
simplified because it contains only one term and hence the 
requirement of having to determine the weighting factors A 
, and B vanishes. 
Comparing Eq. (9) with the modified energy function Eq. 
(6) , the synaptic interconnection weights and the bias input 
can be obtained as                                                            
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   By introducing equations (10) into (5), the input to neuron 
(i,k) can be expressed as                                                                                                           
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The membership function for k-th pixel is given as     
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   This membership function is effective to minimize 
new objective function in iteration. New objective function 
consists of average distance between image pixels and 

cluster centroids for separate and compact clustering. New 
objective function is given as                                            
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FHNN Algorithm 
1) Given the data set X, choose the number of clusters  1 < c < N, the 
weighting exponent m > 1( Membership functions for large value m are 
fuzzier than those for small value m, but the interconnection weights are 
updated slowly.) , the termination tolerance � > 0 (is used as a criterion to 
determine the performance of the objective function. The larger the 
threshold value �, the less the number of iterations will , however, be the 
optimal membership function can not be found.) and the norm-inducing 
matrix A.  
2) Normalization, (gray levels of image) 
3) Calculate of primary centroids v0. 
4) Compute the distances 

 
5) Compute the initial membership value                                   
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7) Calculate the input to each neuron (i,k)                                                     
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8) Compute new membership value (Fuzzy c-means)                                                         
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9) Compute 
tJ                                        (13) 
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10) If ��	
 || 1 tt JJ �go to step 6, otherwise stop. 

 
5. EXPERIMENTAL RESULTS 

 
To see the capability of the proposed FHNN algorithm ,for 
image segmentation, Three  images with 256*256 pixels 
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and 256 gray levels are tested with FHNN (Fuzzy hopfield 
neural network) ,FCM(Fuzzy c-means) [10] , Gk ) 
Gustafson-Kessel ) [11],GG (Gath-Geva) [12] and k means 
[10] techniques. We also, compare this new idea (for 
cameraman , lena and phantom images) with FHNN which 
is proposed by J.S.Lin [8].Parameters are fixed to the 
following values: m = 2, � = 0.001, c � [2 10].  For more 
information refer to Table 1.In this new method, number of 
iteration is less than other methods and it provides separate 
clustering by cluster validity measures. As , It is difficult to 
compare different image segmentation methods visually , 
Only Original and segmented images by FHNN method are 
presented according to different number of clusters (figures 
1 , 2, 3).So, FHNN method provides a faster speed on image 
segmentation in comparison with other methods. 
 

 
 
 
 
 

 

 

(a) (b) 
 
 
 
 
 
 
 

 

(c) (d) 
Figure 1 Cameraman image:a)original image ;b)segmented image c=3; 
c)segmented image c=5; d)segmented image c=7 

 
 
 
 
 
 
 

 

(a) (b) 
 
 
 
 
 
 
 

 

(c) (d) 
Figure 2 Lena image:a)original image ;b)segmented image c=3; 
c)segmented image c=5; d)segmented image c=7 

 

 
 
 
 

 

(a) (b) 
 
 
 
 
 
 
 

 

(c) (d) 
Figure 3 Phantom image:a)original image; b)segmented image  c=2; 
c)segmented image c=5; d)segmented image c=7 

 
Table 1.Experimental result: number of iteration of algorithms 
 Number of iteration 
C: 
number 
of 
cluster 

FHNN 
by 
own 

FCM Gk        GG k-
means     

FHNN 
by [8] 

lena's picture 
C=2 10 21 21 No-converge 16 23 
C=3 6 13 15 No-converge 7 14 
C=4 5 36 36 No-converge 7 32 
C=5 7 58 58 No-converge 8 47 
c=6 5 103 105 No-converge 45 91 
C=7 5 146 146 No-converge 15 121 
C=8 5 251 250 No-converge 12 147 
C=9 5 212 200 No-converge 21 175 

C=10 6 224 221 No-converge 7 125 
Cameraman's picture 

C=2 7 9 8 No-converge 4 11 
C=3 9 20 20 No-converge 8 20 
C=4 6 95 90 No-converge 8 62 
C=5 6 104 104 No-converge 27 103 
C=6 5 150 145 No-converge 10 138 
C=7 6 78 78 No-converge 24 67 
C=8 5 71 70 No-converge 19 50 
C=9 5 220 230 No-converge 12 167 

C=10 6 373 370 No-converge 24 315 
Phantom's picture 

C=2   6 6   3 No-converge    3     5 
C=3   5 5   3 No-converge    3     4 
C=4   5 5   5 No-converge    3     4 
C=5   5 5   5 No-converge    7     4 
C=6   5 5   5 No-converge    4     4 
C=7   5 5   5 No-converge    4    4 
C=8   4 4   4 No-converge    5     6 
C=9   4 4   4 No-converge    5     6 

001858



C=10   4 4   5 No-converge    9     6 
 
Table 2.Experimental result: cpu time of algorithms 
 cpu time (second) 
C: 
number 
of 
cluster 

FHNN 
by own 

FCM Gk        GG k-means      FHNN 
by [8] 

lena's picture 

C=2 0.1475 0.1875 0.51563 No-
converge 

0.20313 0.45313 

C=3 0.11063 0.14063 0.46875 No-
converge 

0.26563 0.4375 

C=4 0.10188 0.15625   1.6719 No-
converge 

0.26563 1.4219 

C=5 0.1125 0.28125   3.2656 No-
converge 

1.3281 2.5938 

C=6   0.15 0.23438  6.8906 No-
converge 

  3.1094 6.0156 

C=7 0.18125 0.28125 11.313 No-
converge 

0.79688 9.4531 

C=8 0.1125 0.3125 24.219 No-
converge 

  2.2344 13.281 

C=9 0.15938 0.35938  23.406 No-
converge 

2.7031  17.813 

C=10 0.28438 0.48438 27.281 No-
converge 

1.3438 14.188 

Cameraman's picture 
C=2 0.10063 0.125 0.25 No-

converge 
0.26563 0.25 

C=3 0.01875 0.20313 0.67188 No-
converge 

0.40625 0.57813 

C=4 0.00313 0.17188 4.6406 No-
converge 

0.6875 2.5781 

C=5 0.05 0.21875 6.3281 No-
converge 

0.98438 5.875 

C=6    0.15 0.23438 10.891 No-
converge 

    
1.3125 

8.9531 

C=7 0.14375 0.32813 6.6563 No-
converge 

    
3.1094 

5.2188 

C=8 0.12813 0.32813 6.9531 No-
converge 

1.6875 4.4531 

C=9 0.175 0.35938 24.234 No-
converge 

1.7344 17.047 

C=10 0.28438 0.48438 44.906 No-
converge 

5.0781 35.453 

Phantom 
C=2 0.025 0.10938 0.10938 No-

converge 
0.15625 0.10938 

C=3 0.025 0.125 0.17188 No-
converge 

0.15625 0.10938 

C=4 0.07188 0.15625 0.3125 No-
converge 

0.17188 0.15625 

C=5 0.01875 0.20313 0.39063 No-
converge 

0.46875 0.20313 

C=6 0.06563 0.23438 0.46875 No-
converge 

0.35938 0.21875 

C=7 0.06563 0.28125 0.54688 No-
converge 

0.40625 0.26563 

C=8 0.15 0.25 0.53125 No-
converge 

0.54688 0.48438 

C=9 0.19688 0.29688 0.64063 No-
converge 

0.625 0.54688 

C=10  0.1125 0.32813 0.79688 No-
converge 

1.2344 0.59375 

 
 

6. CONCLUSIONS 
 
In this paper, a new objective function for image 
segmentation is proposed. This new method is based on 

FHNN and provides a faster speed by comparison with 
other ways. 
 

7. REFERENCES 
 
[1] C.L. Chang and Y.T. Ching, “ Fuzzy Hopfield neural network 
with fixed weight for medical image segmentation ” Optical 
Engineering, vol. 41, pp. 351-358, 2002. 
[2] L. A. Zadeh, “Fuzzy sets,” Information and Control, vol. 8, 
pp.338-353, 1965. 
[3] James C. Bezdek, “A convergence theorem for the fuzzy 
ISODATA clustering algorithms,” IEEE Transactions on Pattern 
Analysis and Machine Intelligence, vol. pami-2 (1), pp. 1-8, 1980. 
[4] Seong-Gon Kong and Bart Kosko, “Image coding with fuzzy 
image segmentation,” IEEE International Conference on Fuzzy 
Systems, SanDiego - USA, pp. 213-220, 1992. 
[5] J. J. Hopfield, “Neural networks and physical systems with 
emergent collective computational abilities,” in Proc. Nat. Acad. 
Sci., vol. 79, 1982, pp. 2554-2558. 
[6] J. E. Steck and S. N. Balakrishnan, “Use of Hopfield neural 
networks in optimal guidance,” IEEE Trans. Aerosp. Electron. 
Syst, vol. 30, no.1, pp. 287-293, Jan. 1994 . 
[7] Shouhong Wang. Classification with incomplete survey data: a 
Hopfield neural network approach. Computers & Operations 
Research (Elsevier), Volume 32, Issue 10, October 2005, Pages 
2583-2594. 
[8] J. S. Lin, K. S. Cheng and C. W. Mao, “A fuzzy Hopfield 
neural network for medical image segmentation,” IEEE 
Transactions on Nucl. Science 43, pp. 2389-2398, 1996.  
[9] A.M. Bensaid, L.O. Hall, J.C. Bezdek, L.P. Clarke, M.L. 
Silbiger, J.A. Arrington, and R.F. Murtagh. Validity-guided (Re) 
Clustering with applications to imige segmentation . IEEE 
Transactions on Fuzzy Systems, 4:112-123, 1996. 
[10] J. C. Bezdek, Pattern Recognition with Fuzzy Objective 
Function Algorithms, Plenum Press, 1981. 
[11] R. Babuska, P.J. van der Veen, and U. Kaymak. Improved 
covariance estimation for GustafsonKessel clustering. In 
Proceedings of 2002 IEEE International Conference on Fuzzy 
Systems, pages 10811085, Honolulu, Hawaii, May 2002. 
[12] I. Gath and A.B. Geva, Unsupervised Optimal Fuzzy 
Clustering, IEEE Transactions on Pattern Analysis and Machine 
Intelligence, 7:773-781, 1989 
[13] S. C. Amatur, D. Piriano and Y. Takefuji, “Optimization 
neural network for the segmentation of magnetic resonance 
images,” IEEE Transactions on Medical Imaging ,11, pp. 215-220, 
1992. 
 [14] Jzau-Seng Li, “Image vector quantization using an annealed 
Hopfield neural network,” Optical Engineering, 38 (4), pp. 599-
605, 1999. 
[15] R.G. Roozbahani, M.H. Ghassemian, A.R. Sharafat, “Robust 
segmentation of medical images using competitive Hopfield neural 
network as a clustering tool,” Iranian Journal of science and 
technology , vol. 25, pp. 427-439, 2001. 

 
 
 
 
 

001859



Intentional Blank Page

001860



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /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 /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 false
  /OPM 1
  /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
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /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 <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 "Required"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


