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Abstract – In the paper, adaptive modifications of fuzzy 
clustering methods have been proposed for solving the problem of 
data stream mining in online mode. The clustering-segmentation 
task of short time series with unevenly distributed observations (at 
the same time in all samples) is considered. The proposed 
approach for adaptive fuzzy clustering of data stream is 
sufficiently simple in numerical implementation and is 
characterised by a high speed of information processing. The 
computational experiments have confirmed the effectiveness of the 
developed approach. 
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I. INTRODUCTION 

The tasks of clustering and segmentation of time series are 
frequently met in data mining [1]–[4], and a lot of methods, 
including algorithms of online information processing when 
data are fed in sequential mode, have been proposed for their 
solution [5]–[7].  

However, there are situations in many practical applications, 
when “classical” approaches to the analysis of time series are 
not efficient. One of such tasks is fuzzy clustering of short time 
series with experimental observations that are non-uniformly 
distributed in time [8].  

The problem becomes more complicated by the fact that 
small data set size does not allow using standard statistic 
methods because the objects of clusterisation are not individual 
experimental observations but samples as a whole. Observations 
are made in unevenly distributed instants of time (at the same 
time in all samples), and the formed clusters overlap so that 
each series realisation may belong to several classes at a time.  

It is also assumed that all the processed information is given 
in a batch form, and its volume cannot change over time. 

It seems reasonable to spread the approach introduced in [8] 
in a situation where data are fed to processing in online mode 
in the form of the flow of information within the concept of data 
stream mining [9], [10]. 

II. ADAPTIVE PROBABILISTIC FUZZY CLUSTERING  
OF SHORT SEQUENCES 

That’s supposed that the initial information is given in the 
form of a set of samples  ix k  (here 1, 2,...,i n  is a number 
of an individual observation in k-th realisation, 1, 2, ,k N  ), 

which contains  N N n  time series with an uneven 
quantisation of time-step subject to clustering; wherein each 
such instance may be represented in the form of ( 1)n   
vector         1 2, , ..., .

T

nx k x k x k x k  Non-uniformity of 
quantisation means that 

 1 1 1 ,i i i i i it t t t t t           

i.e., const.it   
Figure 1 shows an example of such realisation. It is obvious 

that neither traditional Euclidean metric nor classical stochastic 
criteria can be used to estimate the distance between such 
samples. In this connection, similarity measure of time series 
PS-distance (Piecewise slope distance = PS – distance = STS –
distance = short time series distance) has been introduced in [8], 
based on representing of these series as piecewise linear 
functions 

 ( ) ( ) ( )t t tx k a k b k t   (1) 

where 1i it t t   , 
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where ( )ix k  is truncated notation of ( )
it

x k (value of signal in 

it  moment) and estimating difference of forms (slopes) of 
analysed samples. 

The distance between two sequences  x k  and  x l  can be 
written in the form of expression: 
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satisfying all the conditions that determine the metric. 
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Fig. 1. Time series with non-uniform quantisation tact. 

On the basis of metric (2), the authors [8] have introduced a 
batch (off-line) fuzzy clustering procedure, which is the 
modification (somewhat tedious) of fuzzy c-means (FCM) 
algorithm in the situation of processing time series with 
unevenly distributed observations. 

It is easy to notice that the components of expression (2) are 
nothing more than the first differences of digital signal  ix k  
or tangents of linear function (1) angles, i.e.: 

 1
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However, a sequence formed by the first differences contains 
one point less than the initial sample, i.e.,  1n   observations

     2 3, ,..., nx k x k x k   , or      2 3, ,..., ntg k tg k tg k   . 
As a result of taking series differences from the average value, 
its mean value is removed. To restore the original sampling rate 
by its differences, it is necessary to add a set of these differences 
with any of the observations of initial sequence, for example, 

 nx k . Then, having the sequence of differences  ix k , it is 
not difficult to restore the original sequence using simple 
expressions: 
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Then by taking into consideration  1n –vector of features 
          2 3, , ..., ,

T

n nx k x k x k x k x k     it is easy to 
rewrite metric (2) in a traditional form: 

          22
STS ,d x k x l x k x l   , (4) 

i.e., to return, in fact, to standard Euclidean distance between 
the differences of the original series. Further, using metric (4) 
and the standard technique of fuzzy probabilistic cluster 
analysis, it is possible to find the saddle point of Lagrangian 
function: 
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where  ju k – the membership level of vector  x k  to j cluster 
with centroid – prototype jc , 1, 2, ,j m  ; m  is a number of  
clusters defined a priori;  k is the undetermined Lagrange 
multiplier, 1   fuzzifier that defines the “blurring” of 
boundaries between clusters. Thus, we come to the standard 
procedure of fuzzy probabilistic clustering: 
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which at 2   coincides with the popular J. Bezdek’s FCM 
algorithm: 
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 (7) 

Since vector jc , 1, 2,...,  j m  of cluster are centroids formed 
by series of differences in order to restore the original data 
prototypes jc  relations (3) can be used. 

Clustering procedures (5) and (6) have been synthesised on 
the assumption that all of the original information is set as a 
fixed data array      1 , 2 ,...x x x N  and it does not change 
during processing. If samples  x k  are sequentially fed to 
processing in the form of a data stream, we can use approaches 
used in data stream mining and dynamic data mining and, first 
of all, adaptive methods. 

Using Arrow-Hurwicz-Uzawa recursive algorithm of 
nonlinear programming for searching of Lagrangian (5) saddle 
point, we obtain the adaptive gradient procedures of fuzzy 
clustering [11]: 
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where  k  is a learning step parameter. 
It is understood that during information processing each 

newly arriving data vector  1x k   by taking the difference is 
converted into  1 ,x k  and the obtained centroids  1jc k   
should be translated into prototypes  1 .jc k   

It is interesting to note that from the point of view of self-
organising Kohonen maps learning [12], the second recurrent 
relation (8) is a self-learning rule based on the principle 
“Winner Takes More” (WTM), and factor  1ju k   
corresponds to a neighbouring function of Cauchyan form 
instead of the traditional Gaussian [13]. It is also clear that at 

0   we come to the standard WTA (“Winner Takes All”) 
self-learning rule: 

 ( 1) ( ) ( )( ( 1) ( )),j j jc k c k k x k c k          

which minimises the objective function: 
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1k k    we come to a stochastic 

approximation procedure: 
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leading to a standard estimation of the arithmetic mean as the 
centroid. 

Thus, to solve the problem of fuzzy clustering of short time 
series with an uneven tact quantisation in online mode, a 
numerically simple adaptive algorithm (8) can be used, which 
is the extension of WTM-rule of Kohonen’s self-learning on the 
problem under consideration. 

III. ADAPTIVE POSSIBILISTIC FUZZY CLUSTERING  
OF SHORT SAMPLES 

Despite their widespread occurrence, algorithms associated 
with the optimisation of Lagrangian (5) also have a major 
drawback as they should perform the constrain:  
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Specifically, due to constraint (9), these procedures are called 
probabilistic. The drawback itself arising from (9) consists in 
the fact that observation vector  x k , equally belonging to all 
clusters, has the same levels of membership as the vector that 
does not belong to any class, but is equidistant from all the 
centroids. Thus, the abnormal outlier will belong to all available 
clusters. 

An alternative of probabilistic clustering algorithms is 
possibilistic methods [14], which are related to the 
minimisation of the objective function:  
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where 0j   determines the distance from ( )x k  to jc  at 
which the membership level takes a value of 0.5, i.e.  

   0,5ju k  , when 
2

( ) j jx k c    .  
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Optimisation (10) on ( ),j ju k c  and j  leads to a result in the 
form: 
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It is interesting to note in this regard that the expressions for 
calculation of centroids in (6) and (11) coincide. 

Adaptive version of possibilistic algorithm (11) can be 
obtained by gradient optimisation of the objective function (10) 
in the form of [13]: 
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where the third relation is also the WTM self-learning, but 
differs from a similar expressive in (7) by the type of 
neighbourhood function. 

If the information processing detects that a certain 
observation vector has small levels of membership to any of the 
clusters, this indicates that these observations are either 
irregular outlier or it indicates the occurrence of a new cluster, 
which is different from the already existing ones. 

 
 
 
 
 
 

IV. EXPERIMENTAL RESULTS 

For the efficiency confirmation of the proposed approach to 
clustering-segmentation of short time series with unevenly 
distributed observations, the task of clustering-segmentation of 
hourly energy consumption time series was considered. Results 
of the proposed approach allow increasing the quality of 
analysis and prediction of time series. 

Time series consists of 2400 observations. For clustering this 
time series was divided by segments with 8 observations. For 
obtaining unevenly distributed observations in each segment, 
the 3rd and 5th observations were deleted from a data set.  

Hence,  according to (3) we obtain the data set in form of the 
table “object-properties” with 300 observations and  
6 properties. A number of clusters were 3m   (morning, day 
and evening segments of energy consumption). 

All clustering algorithms were tested by the same data set. 
Average mean class error (MCE) was taken as the quality 
criterion of clustering results. 

In the first experiment, we compared the performance of the 
clustering algorithms in the problem of classification when 
instances of all the available classes were present in the data set 
used for clustering, i.e., the number of classes was known a 
priori and equal to 3. The data sets were divided into the training 
and testing sets with 70 % and 3 0% of data, respectively. For 
better performance of the recursive clustering algorithms, the 
data sets were randomly shuffled. The training sets were used 
for the initialisation of the classifier through fuzzy clustering, 
and the testing sets were used for the comparison of the 
classification accuracy. We used the learning rate 0.01   in 
the recursive procedures (8) and (12), and the “fuzzifier” 
parameter was taken 1.1  . Both possibilistic procedures 
(batch and recursive) were initialised from the results of 
probabilistic clustering through the fuzzy c-means algorithm. 
We performed 10 iterations for the batch clustering procedures, 
and 10 runs over the training data for the recursive clustering 
procedures. The experiment was repeated 50 times, and then 
average results were calculated. The results are given in Table I. 
They represent the percentage of the incorrectly classified 
objects from the testing data set. 

TABLE I 

RESULTS OF CLUSTERING-SEGMENTATION OF TIME SERIES 

CLUSTERING PROCEDURES M{MCE} 

Fuzzy probabilistic clustering algorithm 1.6 % (5) 

Adaptive fuzzy probabilistic clustering algorithm 1.3 % (4) 

Possibilistic clustering algorithm 11.1 % (33) 

Adaptive possibilistic clustering algorithm 6.3 % (19) 

 
Figures 2 and 3 show the clustering results, which were 

obtained by the proposed approaches. 
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As it can be seen from the obtained results, the fuzzy 
probabilistic clustering algorithms have the best quality of 
clustering (both batch and adaptive modes). We can also see 
that the results of adaptive modes of clustering algorithms have 
better quality than that of batch mode. 

 

a 

 

b 

Fig. 2. The projection of data set and prototypes of clusters on principal 
components for fuzzy probabilistic clustering algorithms (a – batch mode,  
b – adaptive mode). 

 

а 

 

b 

Fig. 3. The projection of data set and prototypes of clusters on principal 
components for possibilistic clustering algorithms (a – batch mode, b – adaptive 
mode). 

V. CONCLUSION 

The authors of the present research have investigated the 
problem of fuzzy clustering of short time series with unevenly 
distributed observations, where the information analysis is 
implemented sequentially in online mode. Adaptive 
modifications of probabilistic and possibilistic clustering 
methods have been introduced focusing on solving the problem. 
Being essentially a kind of T. Kohonen’s WTM self-learning 
rules, the proposed procedures provide simple numerical 
implementation and high-speed information processing. The 
methods under consideration have shown better performance 
than the conventional algorithms in clustering unevenly 
sampled short time-series data. The computational experiments 
based on both benchmarks and real data sets have confirmed the 
effectiveness of the developed approach. 

 



Information Technology and Management Science 
 _______________________________________________________________________________________________  2016/19 
 

28 

REFERENCES 
[1] T. W. Liao, “Clustering of time series data-A survey,” Pattern 

Recognition, vol. 38, no. 11, pp. 1857–1874, Nov. 2005. 
https://doi.org/10.1016/j.patcog.2005.01.025 

[2] T. Mitsa, Temporal Data Mining, Boca Raton: CRC Press, 2010. 
https://doi.org/10.1201/9781420089776 

[3] C. C. Aggarwal and C. K. Reddy, Data Clustering. Algorithms, and 
Applications, Boca Raton: CRC Press, 2014. 

[4] C. C. Aggarwal, Data Mining, NY: Springer, 2015. 
https://doi.org/10.1007/978-3-319-14142-8 

[5] Ye. Bodyanskiy, Ye. Gorshkov, I. Kokshenev, V. Kolodyazhniy and 
O. Shilo, “Recursive fuzzy clustering algorithm for segmentation of 
biomedical time series,” in East West Fuzzy Colloquium, Zittau-Görlitz: 
HS, 2006, pp. 130–139. 

[6] Ye. Gorshkov, I. Kokshenev, Ye. Bodyanskiy, V. Kolodyazhniy, and 
O. Shilo, “Robust recursive fuzzy clustering-based segmentation of 
biomedical time series,” in 2006 International Symposium on evolving 
fuzzy systems, Lankaster, UK, 2006, pp. 101–105. 

[7] Ye. Bodyanskiy, Ye. Gorshkov, D. Kokshenev, and V. Kolodyazhniy, 
“Evolving fuzzy classification of non-stationary time series,” in Evolving 
Intelligent Systems: Methodology and Applications, P. Angelov, D. Filev, 
N. Kasabov Ed., NY: John Wiley & Sons, 2008, pp. 446–464. 

[8] C. S. Möller-Levet, F. Klawonn, K.-H. Cho and O. Wolkenhauer, “Fuzzy 
clustering of short time series and unevenly distributed sampling points,” 
in Advances in Intelligent Data Analysis V (Lecture Notes in Computers 
Science), Vol. 2810, Heidelberg: Springer, 2003, pp. 330–340. 
https://doi.org/10.1007/978-3-540-45231-7_31  

[9] A. Bifet, Adaptive Stream Mining: Pattern Learning and Mining from 
Evolving Data Streams, IOS Press, 2010. 

[10] M. M. Gaber, A. Zaslavsky and S. Krishnaswamy, “Data Stream 
Mining,” in Data Mining and Knowledge Discovery Handbook,  
O. Maimon, L. Rokach Ed., Springer US, 2010, pp. 759–787. 

[11] Ye. Bodyanskiy, V. Kolodyazhniy and A. Stephan, “Recursive fuzzy 
clustering, algorithms,” in East West Fuzzy Colloquium, Zittau-Görlitz: 
HS, 2002, pp. 164–172. 

[12] T. Kohonen, Self-Organizing Maps, Berlin: Springer-Verlag, 1995. 
[13] Ye. Gorshkov, Ye. Bodyanskiy and V. Kolodyazhniy, “New recursive 

learning algorithms for fuzzy Kohonen clustering network,” in  
17th Workshop on Nonlinear-Dynamics of Electronic Systems, 
Rapperswil, Switzerland, 2009, pp. 58–61. 

[14] R. Krishnapuram and J. Keller, “A possibilistic approach to clustering,” 
IEEE Transactions on Fuzzy Systems, vol. 1, no. 2, pp. 98–110, May 1993. 
https://doi.org/10.1109/91.227387 

 
Yevgeniy Bodyanskiy. In 1971, he graduated with honour from Kharkiv 
National University of Radio Electronics. In 1980, he defended the Doctoral 
Thesis. In 1984, he was awarded the academic title of Senior Researcher. In 
1990, he was awarded Dr. habil. sc. ing. degree. In 1994, he was awarded the 
academic title of Professor. His major fields of research are evolving hybrid 
systems of computational intelligence, data stream mining, data science, and 
big data. 
Since 1974 he has been working at Kharkiv National University of Radio 
Electronics. In 1974–1976, he was a Researcher; in 1977–1983, he was a Senior 
Researcher; in 1986–1991, he was a Scientific Head of Control Systems 
Research Laboratory; in 1991–1992, he was a Research Fellow. Since 1992 he 
has been a Professor of Artificial Intelligence Department at KhNURE, 

Scientific Head of Control Systems Research Laboratory at KhNURE. He has 
more than 660 scientific publications, including 42 inventions and  
16 monographs. Research interests include hybrid systems of computational 
intelligence: adaptive, neuro-, wavelet-, neo-fuzzy-, real-time systems, 
including problems connected with control, identification, forecasting, 
clustering, diagnostics, fault detection in technical, economic, medical and 
ecological objects. 
He is the IEEE senior member, member of 4 scientific and 7 editorial boards. 
Address: Office 511, Nauky Ave., 14, Kharkiv, 61166, Ukraine. 
E-mail: yevgeniy.bodyanskiy@nure.ua 
 
Olena Vynokurova. In 2002, she graduated with honour from Kharkiv 
National University of Radio Electronics. From 2002 to 2005, she undertook 
the postgraduate study at the Department of Artificial Intelligence. In 2005, she 
defended the Doctoral Thesis. In 2007, she was awarded the academic title of 
Senior Researcher. In 2012, she was awarded Dr. habil. sc. ing. In 2014, she 
was awarded the academic title of Professor. Her major fields of research are 
evolving hybrid neuro-fuzzy systems for dynamic data mining, data stream 
mining. 
Since 2002 she has been working at Kharkiv National University of Radio 
Electronics. In 2002–2005, she was a Researcher; in 2005–2010, she was a 
Senior Researcher; in 2010–2014, she was a Leading Researcher. Since 2014 
she has been a Leading Researcher of Control Systems Research Laboratory; 
since 2013 she has been a Professor of Information Technology Security 
Department at Kharkiv National University of Radio Electronics. She has more 
than 150 scientific publications, including 6 monographs. Research interests 
include evolving hybrid systems of computational intelligence: wavelet neural 
networks, hybrid wavelet neuro-fuzzy systems, identification, forecasting, 
clustering, diagnostics, fault detection in technical, economic, medical and 
ecological objects. 
Address: Office 517, Nauky Ave., 14, Kharkiv, 61166, Ukraine. 
E-mail: vynokurova@gmail.com  
 
Ilya Kobylin. In 2015, he graduated with honour from Kharkiv National 
University of Radio Electronics. Нe is a Doctoral student at Kharkiv National 
University of Radio Electronics. His major fields of research are hybrid neuro-
fuzzy systems for data mining problems. 
He has 5 scientific publications. Research interests include hybrid neuro-fuzzy 
systems, clustering. 
Address: Office 517, Nauky Ave., 14, Kharkiv, 61166, Ukraine. 
E-mail: ilya.kobylin@nure.ua 
 
Oleg Kobylin. In 1995, he graduated from Kharkiv State Technical University 
of Radio Electronics, the School of Computer Engineering. 
In 2007, he completed the postgraduate studies. In 2007 he defended the 
Doctoral Thesis.   
Since 2000 he has been working at Kharkiv National University of Radio 
Electronics.  
Since 2010 he has been an Associate Professor at the Department of Informatics 
of Kharkiv National University of Radio Electronics.  
He has more than 40 scientific publications. Research interests include evolving 
hybrid systems of computational intelligence:  
image segmentation, spectral image analysis, identification, forecasting, 
clustering, and diagnostics. 
Address: Office 288, Nauky Ave., 14, Kharkiv, 61166, Ukraine. 
E-mail: oleg.kobylin@gmail.com  

 
 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /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 ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


