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Abstract. This paper concentrates on the forecasting time series with multiple 
seasonal periods using new immune inspired method. Proposed model includes 
two populations of immune memory cells – antibodies, which recognize 
patterns of the time series sequences represented by antigens. The empirical 
probabilities, that the pattern of forecasted sequence is detected by the jth 
antibody from the first population while the corresponding pattern of input 
sequence is detected by the ith antibody from the second population, are 
computed and applied to the forecast construction. The suitability of the 
proposed approach is illustrated through an application to electrical load 
forecasting. 
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1   Introduction 

In general, a time series can be thought of as consisting of four different components: 
trend, seasonal variations, cyclical variations, and irregular component. The specific 
functional relationship between these components can assume different forms. 
Usually they combine in an additive or a multiplicative fashion. 

Seasonality is defined to be the tendency of time series data to exhibit behavior that 
repeats itself every m periods. The difference between a cyclical and a seasonal 
component is that the latter occurs at regular (seasonal) intervals, while cyclical 
factors have usually a longer duration that varies from cycle to cycle. Seasonal 
patterns of time series can be examined via correlograms or periodograms based on a 
Fourier decomposition. 

Many economical, business and industrial time series exhibit seasonal behavior. A 
variety of methods have been proposed for forecasting seasonal time series. These 
include: exponential smoothing, seasonal ARMA, artificial neural networks, dynamic 
harmonic regression, vector autoregression, random effect models, and many others.  

The proposed approach belongs to the class of similarity-based methods [1] and is 
dedicated to forecasting time series with multiple seasonal periods. The forecast here 
is constructed using analogies between sequences of the time series with periodicities. 
An artificial immune system (AIS) is used to detection of similar patterns of 
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sequences. The clusters of patterns are represented by antibodies (AB). Two 
population of ABs are created which recognize two populations of patterns (antigens) 
– input ones and forecasted ones. The empirical probabilities, that the pattern of 
forecasted sequence is detected by the jth AB from the first population while the 
corresponding pattern of input sequence is detected by the ith AB from the second 
population are computed and applied to the forecast construction. Another AIS to 
forecasting of seasonal time series was presented in [2]. 

The merits of AIS lie in its pattern recognition and memorization capabilities. The 
application areas for AIS can be summarized as [3]: learning (clustering, classification, 
recognition, robotic and control applications), anomaly detection (fault detection, 
computer and network security applications), and optimization (continuous and 
combinatorial). Antigen recognition, self-organizing memory, immune response shaping, 
learning from examples, and generalization capability are valuable properties of immune 
systems which can be brought to potential forecasting models. A good introduction to 
AIS are [4] and [5].   

2   Similarity-Based Forecasting Methods 

The similarity-based (SB) methods use analogies between sequences of the time 
series with periodicities. A course of a time series can be deduced from the behavior 
of this time series in similar conditions in the past or from the behavior of other time 
series with similar changes in time. In the first stage of this approach, the time series 
is divided into sequences of length n, which usually contain one period. Fig. 1 shows 
the periodical time series, where we can observe yearly, weekly and daily variations. 
This series represents hourly electrical loads of the Polish power system. Our task is 
to forecast the time series elements in the daily period, so the sequences include 24 
successive elements of daily periods.  

In order to eliminate trend and seasonal variations of periods longer than n (weekly 
and annual variations in our example), the sequence elements are preprocessed to 
obtain their patterns. The pattern is a vector with components that are functions of real 
time series elements. The input and output (forecast) patterns are defined: x = [x1 x2 
… xn]

T and y = [y1 y2 … yn]
T, respectively. The patterns are paired (xi, yi), where yi is 

a pattern of the time series sequence succeeding the sequence represented by xi and 
the interval between these sequences (forecast horizon τ) is constant. The SB methods 
are based on the following assumption: if the process pattern xa in a period preceding 
the forecast moment is similar to the pattern xb from the history of this process, then 
the forecast pattern ya is similar to the forecast pattern yb.  

Patterns xa, xb and yb are determined from the history of the process. Pairs xa–xb 
and ya–yb are defined in the same way and are shifted in time by the same number of 
series elements. The similarity measures are based on the distance or correlation 
measures. 

The way of how the x and y patterns are defined depends on the time series nature 
(seasonal variations, trend), the forecast period and the forecast horizon. Functions 
transforming series elements into patterns should be defined so that patterns carry 
most information about the process. Moreover, functions transforming forecast 
sequences into patterns y should ensure possibility of calculation of real forecast of 
time series elements.    
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Fig. 1. The load time series of Polish power system in three year (a) and three week (b) 
intervals 

The forecast pattern yi = [yi,1 yi,2 … yi,n] encodes the following real time series 
elements z in the forecast period i+τ: zi+τ = [zi+τ,1 z i+τ,2 … zi+τ,n], and the input pattern 
xi = [xi,1 xi,2 … xi,n] maps the time series elements in the period i preceding the 
forecast period: zi = [zi,1 zi,2 … zi,n]. In general, the input pattern can be defined on the 
basis of a sequence longer than one period, and the time series elements contained in 
this sequence can be selected in order to ensure the best quality of the model. Vectors 
y are encoded using actual process parameters Ψi (from the nearest past), which 
allows to take into consideration current variability of the process and ensures 
possibility of decoding.  

Some functions mapping the original feature space Z into the pattern spaces X and 
Y – fx : Z → X and fy : Z → Y – are presented below. 
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where: i = 1, 2, …, M – the period number, t = 1, 2, …, n – the time series element 
number in the period i, τ – the forecast horizon, zi,t – the tth time series element in the 
period i, iz  – the mean value of elements in period i, z' ∈ { iz , zi-1,t, zi-7,t, zi,t-1}, z" ∈ 

{ iz , zi+τ-1,t, zi+τ-7,t}, Ψi – the set of coding parameters such as iz , z' and z". 

The function fx defined using (1) expresses normalization of the vectors zi. After 
normalization they have the unity length, zero mean and the same variance. When we 
use the standard deviation of the vector zi components in the denominator of equation 
(1), we receive vector xi with the unity variance and zero mean.  

The components of the x-patterns defined using equations (2) and (3) express, 
respectively, indices and differences of time series elements in the following whiles of 
the ith period. 

Forecast patterns are defined using analogous functions to input pattern functions 
fx, but they are encoded using the time series elements determined from the process 
history, what enables decoding of the forecasted vector zi+τ after the forecast of 
pattern y is determined. To calculate the time series element values on the basis of 

their patterns we use the inverse functions: ),( ,
1

itix xf Ψ−  or ),( ,
1

itiy yf Ψ− . 

If for a given time series the statistical analysis confirms the hypothesis that the 
dependence between similarities of input patterns and similarities between forecast 
patterns paired with them, are not caused by random character of the sample, it 
justifies the sense of building and using models based on the similarities of patterns of 
this time series. The statistical analysis of pattern similarities is described in [1]. 

The forecasting procedure in the case of SB methods can be summarized as 
follows: (i) elimination of the trend and seasonal variations of periods longer than n 
using pattern functions fx and fy, (ii) forecasting the pattern y using similarities 
between x-patterns, and (iii) reconstruction the time series elements from the 

forecasted pattern y using the inverse function 1−
yf .        

3   Immune Inspired Forecasting Model 

The proposed AIS contains immune memory consisting of two populations of ABs. 
The population of x-antibodies (ABx) detects antigens representing patterns x = [x1, 
x2, ..., xn]

T: AGx, while the population of y-antibodies (ABy) detects antigens 
representing patterns y = [y1, y2, ..., yn]

T: AGy. The vectors x and y form the epitopes 
of AGs and paratopes of ABs. ABx has the cross-reactivity threshold r defining the 
AB recognition region. This recognition region is represented by the n-dimensional 
hypersphere of radius r with center at the point x. Similarly ABy has the recognition 
region of radius s with center at the point y. The cross-reactivity thresholds are 
adjusted individually during training. The recognition regions contain AGs with 
similar epitopes. 
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AG can be bound to many different ABs of the same type (x or y). The strength of 
binding (affinity) is dependent on the distance between an epitope and a paratope. AB 
represents a cluster of similar AGs in the pattern space X or Y. The clusters are 
overlapped and their sizes depend on the similarity between AGs belonging to them, 
measured in the both pattern spaces X and Y. The kth ABx can be written as a pair {pk, 
rk}, where pk = xk, and the kth ABy as {qk, sk}, where qk = yk.  

After the two population of immune memory have been created, the empirical 
conditional probabilities P(AByk | ABxj), j, k = 1, 2, …, N, that the ith AGy stimulates 
(is recognized by) the kth ABy, when the corresponding ith AGx stimulates the jth 
ABx, are determined.  These probabilities are calculated for each pair of ABs on the 
basis of recognition of the training population of AGs.  

In the forecasting phase the new AGx, representing pattern x*, is presented to the 
trained immune memory. The forecasted pattern y paired with x* is calculated as the 
mean of PCy paratopes weighted by the conditional probabilities and affinities.    

The detailed algorithm of the immune system to forecasting seasonal time series is 
described below. 
 

Step 1. Loading of the training population of antigens. An AGx represents a single 
x pattern, and AGy represents a single y pattern. Both populations AGx and AGy are 
divided into training and test parts in the same way. Immune memory is trained using 
the training populations, and after learning the model is tested using the test 
populations. 

 
Step 2. Generation of the antibody population. The AB populations are created by 
copying the training populations of AGs (ABs and AGs have the same structure). 
Thus the paratopes take the form: pk = xk, qk = yk, k = 1, 2, …, N. The number of AGs 
and ABs of both types is the same as the number of learning patterns.      

 
Step 3. Calculation of the cross-reactivity thresholds of x-antibodies. The 
recognition region of kth ABx should be as large as possible and cover only the AGx 
that satisfy two conditions: (i) their epitops x are similar to the paratope pk, and (ii) 
the AGy paired with them have epitopes y similar to the kth ABy paratope – qk. 

The measure of similarity of the ith AGx to the kth ABx is the affinity:  
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where: d(pk, xi) is the distance between vectors pk and xi, a(pk, xi) ∈ [0, 1]. 
a(pk, xi) informs about the degree of membership of the ith AGx to the cluster 
represented by the kth ABx.  

The similarity of the ith AGy to the kth ABy mentioned in (ii) is measured using 
the forecast error of the time series elements encoded in the paratope of the kth ABy. 
These elements are forecasted using the epitope of the ith AGy: 
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where:  zk+τ,t – the tth time series element of the period k+τ which is encoded in the 

paratope of the kth ABy: ),( ,, ktkytk zfq Ψ= +τ , ),( ,
1

ktiy yf Ψ−  – the inverse function of 

pattern y returning the forecast of the time series element zk+τ,t using the epitope of the 
ith AGy. 

If the condition δk,i ≤ δy is satisfied, whereδy is the error threshold value, it is 
assumed that the ith AGy is similar to the kth ABy, and ith AGx, paired with this 
AGy, is classified to class 1. When the above condition is not met the ith AGx is 
classified to class 2. Thus class 1 indicates the high similarity between ABy and AGy. 
The classification procedure is performed for each ABx.  

The cross-reactivity threshold of the kth ABx is defined as follows:   
 

)],(),([),( AkBkAkk ddcdr xpxpxp −+= , (6) 

     
where B denotes the nearest AGx of class 2 to the kth ABx, and A denotes the furthest 
AGx of class 1 satisfying the condition d(pk, xA) < d(pk, xB). The parameter c ∈ [0, 1) 
allows to adjust the cross-reactivity threshold value from rkmin =  d(pk, xA) to rkmax =  
d(pk, xB).  
 
Step 4. Calculation of the cross-reactivity thresholds of y-antibodies. The cross-
reactivity threshold of the kth ABy is calculated similarly to the above: 
  

)],(),([),( AkBkAkk ddbds yqyqyq −+= , (7) 

 
where B denotes the nearest AGy of class 2 to the kth ABy, and A denotes the furthest 
AGy of class 1 satisfying the condition d(qk, yA) < d(qk, yB). The parameter b ∈ [0, 1) 
plays the same role as the parameter c. 

The ith AGy is classified to class 1, if for the ith AGx paired with it, there is εk,i ≤ 
εx, where εx is the threshold value and εk,i is the forecast error of the time series 
elements encoded in the paratope of the kth ABx. These elements are forecasted using 
the epitope of the ith AGx: 
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where: zk,t – the tth time series element of the period k which is encoded in the 

paratope of the kth ABx: ),( ,, ktkxtk zfp Ψ= , ),( ,
1

ktix xf Ψ−  – the inverse function of 

pattern x returning the forecast of the time series element zk,t using the epitope of the 
ith AGx. 
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The ith AGy is recognized by the kth ABy if affinity a(qk, yi) > 0, where:   
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a(qk, yi) ∈ [0, 1] expresses the degree of membership of pattern yi to the cluster 
represented by the kth ABy. 

Procedure for determining the threshold sk is thus analogous to the procedure for 
determining the threshold rk. The recognition region of kth ABy is as large as possible 
and covers AGy that satisfy two conditions: (i) their epitops y are similar to the 
paratope qk, and (ii) the AGx paired with them have epitopes x similar to the kth ABx 
paratope pk. 

This way of forming clusters in pattern space X (Y) makes that their sizes are 
dependent on the dispersion of y-patterns (x-patterns) paired with patterns belonging 
to these clusters. Another pattern xi (yi) is appended to the cluster ABxk (AByk) (this is 
achieved by increasing the cross-reactivity threshold of AB representing this cluster), 
if the pattern paired with xi (yi) is sufficiently similar to the paratope of the kth AByk 
(ABxk). The pattern is considered sufficiently similar to the paratope, if it allows to 
forecast the paratope with an error no greater than the threshold value. This ensures 
that the forecast error for the pattern x (y) has a value not greater than εx (δy). Lower 
error thresholds imply smaller clusters, lower bias and greater variance of the model. 

MAPE here is used as an error measure ((5) and (8)) but other error measures can 
be used.  
 
Step 5. Calculation of the empirical conditional probabilities P(AByk|ABxj). After 
the clustering of both spaces is ready, the successive pairs of antigens (AGxi, AGyi), i 
= 1, 2, …, N, are presented to the trained immune memory. The stimulated ABx and 
ABy are counted and the empirical frequencies of AByk given ABxj, estimating 
conditional probabilities P(AByk|ABxj), are determined.        

 
Step 6. Forecast procedure. In the forecast procedure a new AGx, representing the 
pattern x*, is presented to the immune memory. Let Ω be a set of ABx stimulated by 
this AGx. The forecasted pattern y corresponding to x* is estimated as follows: 
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The forecast is calculated as the weighted mean of paratopes qk. Weights w express 
the products of the affinity of stimulated memory cells ABx to the AGx and 

probabilities P(AByk | ABxj). 1
1

=∑
=

N

k
kw . 

The clusters represented by ABs have spherical shapes, they overlap and their sizes 
are limited by cross-reactivity thresholds. The number of clusters is here equal to the 
number of learning patterns, and the means of clusters in the pattern spaces X and Y 
(paratopes ABx and ABy) are fixed – they lie on the learning patterns. 

The cross-reactivity thresholds, determining the cluster sizes, are tuned to the 
training data in the immune memory learning process. In results the clusters in the 
space X correspond to compact clusters in the space Y, and vice versa.  It leads to 
more accurate mapping X → Y. The model has four parameters – error thresholds (δy 
and εx) and parameters tuning the cross-reactivity thresholds (b and c). Increasing the 
values of these parameters imply an increase in size of clusters, an increase of the 
model bias and reduction of its variance.  

The training routine is deterministic, which means fast learning process. The 
immune memory learning needs only one pass of the training data. The runtime 
complexity of the training routine is O(N2n). The most costly operation is the distance 
calculation between each ABs and AGs. The runtime complexity of the forecasting 
procedure is also O(N2n). 

4   Application Example 

The described above AIS was applied to the next day electrical load curve 
forecasting. Short-term load forecasting plays a key role in control and scheduling of 
power systems and is extremely important for energy suppliers, system operators, 
financial institutions, and other participants in electric energy generation, 
transmission, distribution, and markets.  

The series studied in this paper represents the hourly electrical load of the Polish 
power system from the period 2002-2004. This series is shown in Fig. 1. The time 
series was divided into training and test parts. The test set contained 31 pairs of 
patterns from July 2004. The training set contained patterns from the period from 1 
January 2002 to the day preceding the day of forecast.  

For each day from the test part the separate immune memory was created using the 
training subset containing AGy representing days of the same type (Monday, …, 
Sunday) as the day of forecast and paired with them AGx representing the preceding 
days (e.g. for forecasting the Sunday load curve, model learns from AGx representing 
the Saturday patterns and AGy representing the Sunday patterns). This adaptive 
routine of model learning provides fine-tuning its parameters to the changes observed 
in the current behavior of the time series. 

The distance between ABs and AGs was calculated using Euclidean metric. The 
patterns were defined using (1). 

The model parameters were determined using the grid search method on the 
training subsets in the local version of leave-one-out procedure. In this procedure not 
all patterns are successively removed from the training set but only the k-nearest 
neighbors of the test x-pattern (k was arbitrarily set to 5). As a result, the model is 
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optimized locally in the neighborhood of the test pattern. It leads to a reduction in 
learning time. 

In the grid search procedure the parameters were changed as follows: (i) δy = 1.00, 
1.25, …, 3.00, εx = 1.00, 1.25, …, δy, at the constant values of b = c = 1, and (ii) b = c 
= 0, 0.2, …, 1.0, at the optimal values of δy and εx determined in point (i).  

It was observed that at the lower values of δy and c many validation x-patterns 
remain unrecognized. If δy ≥ 2.25 and c = 1 approximately 99% of the validation x-
patterns are detected by ABx. Increasing δy above 2.25 results in increasing the 
validation error. Minimum error was observed for δy = 2.25, εx = 1.75 and b = c = 1.  

The forecast results are shown in Fig. 2 and 3. MAPE for the test part of time series 
was 0.92 and its standard deviation – 0.72.   
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Fig. 2. Test part of the time series – July 2004 (solid lines) and its forecast (dots) 
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5   Conclusion 

The proposed forecasting method belongs to the class of similarity-based models. 
These models are based on the assumption that, if patterns of the time series 
sequences are similar to each other, then the patterns of sequences following them are 
similar to each other as well. It means that patterns of neighboring sequences are 
staying in a certain relation, which does not change significantly in time. The more 
stable this relation is, the more accurate forecasts are. This relation can be shaped by 
proper pattern definitions and strengthened by elimination of outliers. 

The idea of using AIS as a forecasting model is a very promising one. The immune 
system has some mechanisms useful in the forecasting tasks, such as an ability to 
recognize and to respond to different patterns, an ability to learn, memorize, encode 
and decode information. 

Unlike other clustering methods used in forecasting models [1], [6], the proposed 
AIS forms clusters taking into account the forecast error. The cluster sizes are tuned 
to the data in such a way to minimize the forecast error. Due to the deterministic 
nature of the model results are stable and the learning process is rapid. 

The disadvantage of the proposed immune system is limited ability to 
extrapolation. Regions without the antigens are not represented in the immune 
memory. However, a lot of models, e.g. neural networks, have problems with 
extrapolation. 
 
Acknowledgments. The study was supported by the Research Project N N516 
415338 financed by the Polish Ministry of Science and Higher Education. 

References 

1. Dudek, G.: Similarity-based Approaches to Short-Term Load Forecasting. In: Forecasting 
Models: Methods and Applications, pp. 161–178. iConcept Press (2010),  
http://www.iconceptpress.com/site/download_publishedPaper.php
?paper_id=100917020141 

2. Dudek, G.: Artificial Immune System for Short-term Electric Load Forecasting. In: 
Rutkowski, L., Tadeusiewicz, R., Zadeh, L.A., Zurada, J.M. (eds.) ICAISC 2008. 
LNCS(LNAI), vol. 5097, pp. 1007–1017. Springer, Heidelberg (2008) 

3. Hart, E., Timmis, J.: Application Areas of AIS: The Past, the Present and the Future. 
Applied Soft Computing 8(1), 191–201 (2008) 

4. Perelson, A.S., Weisbuch, G.: Immunology for Physicists. Rev. Modern Phys. 69, 1219–
1267 (1997) 

5. De Castro, L.N., Timmis, J.: Artificial Immune Systems as a Novel Soft Computing 
Paradigm. Soft Computing 7(8), 526–544 (2003) 

6. Lendasse, A., Verleysen, M., de Bodt, E., Cottrell, M., Gregoire, P.: Forecasting Time-
Series by Kohonen Classification. In: Proc. the European Symposium on Artificial Neural 
Networks, Bruges, Belgium, pp. 221–226 (1998) 


	Artificial Immune Clustering Algorithm to Forecasting Seasonal Time Series
	Introduction
	Similarity-Based Forecasting Methods
	Immune Inspired Forecasting Model
	Application Example
	Conclusion
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 149
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /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 149
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /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 599
  /MonoImageMinResolutionPolicy /Warning
  /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 <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /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.)
    /DEU <>
  >>
  /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 [595.276 841.890]
>> setpagedevice




