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Abstract In the motor imagery based Brain Computer

Interface (BCI) research, Common Spatial Pattern (CSP)

algorithm is used widely as a spatial filter on multi-channel

electroencephalogram (EEG) recordings. Recently the

overfitting effect of CSP has been gradually noticed, but

what influence the overfitting is still unclear. In this work,

the generalization of CSP is investigated by a simple linear

mixing model. Several factors in this model are discussed,

and the simulation results indicate that channel numbers and

the correlation between signals influence the generalization

of CSP significantly. A larger number of training trials and a

longer time length of the trial would prevent overfitting. The

experiments on real data also verify our conclusion.
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Introduction

Brain Computer Interface (BCI) brings human being direct

ways to communication with computer programs or tech-

nical devices by intend alone [1]. This communicated way

may help the patients with severe motor impairments like

late-stage amyotrophic lateral sclerosis (ALS), severe

cerebral palsy, head trauma, and spinal injuries in the life.

It is well reported that both actual movements and motor

imagery would lead to a short-lasting and circumscribed

attenuation known as event related desynchronization

(ERD) of rhythmic EEG components in the alpha and beta

band [2]. In contrast, foot movement results in an

enhancement or event-related synchronization (ERS) of mu

rhythms over the hand area [3].

Due to the poor spatial resolution of the raw EEG scalp

potentials [4], a better spatial filter could help the BCI

system improve its accuracy and information transform

rate (ITR) effectively. Common spatial pattern (CSP)

algorithm is a good alternative as a kind of spatial filter. By

solving the generalized eigenvalue problem, CSP filter

removes the signal’s strong correlation among the original

axes, and the distributions are maximally dissimilar along

the new axes. In Ref. [5], a 2-D toy example was used to

make a good understanding on CSP. It was reported that

CSP algorithm was used more popular than others such

as standard ear-reference, common average reference

(CAR), small Laplacian (3 cm to set of surrounding

electrodes), large Laplacian (6 cm to set of surrounding

electrodes), Principal Commonents Analysis (PCA) and

Independent Components Analysis (ICA) [6].

The CSP algorithm was firstly proposed by Fukunaga

[7]. And Koles [8] used it to extract the abnormal com-

ponents from EEG. Later, CSP was applied by Ramoser

et al. [9] to create features for classification of ERD in

motor imagery EEG. Based on the CSP algorithm, several

variants have gradually appeared. Common Spectral Spa-

tial Pattern (CSSP) was proposed as a improvement over

CSP firstly [10], which simultaneously embedded a first-

order finite impulse response (FIR) temporal filter into the

CSP procedure. Considering the limitation in flexibility of

first-order FIR filters, Dornhege et al. [11] presented the

Common Sparse Spectral Spatial Pattern (CSSSP) algo-

rithm. To obtain the optimizing spectral filters, some iter-

ative algorithms were also introduced into CSP such as the

SPECtrally Weighted CSP (SPEC-CSP) [12, 13] and Iter-

ative Spatio-Spectral Patterns Learning (ISSPL) [14].
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With the development of CSP algorithm, the issue of

generalization has been gradually noticed [15, 16]. The

generalization of CSP refers to how far the common spatial

filter performs on the testing data from the training data. In

Ref. [15], Hill et al. compared the performance of ICA and

CSP algorithm in EEG, ECoG (electrocorticography) and

MEG (magnetoencephalography) signals, and found that

spatial filtering does not help in MEG, helps a little in

ECoG, and improves performance a great deal in EEG. It

was found that the supervised CSP algorithm suffers from

poor generalization performance due to overfitting in

ECoG and MEG.

Reuderink et al. [16] discussed the generalization of CSP

over the amounts of training data, time and subjects. How-

ever, as Reuderink et al. pointed out, it is still unclear what

influences the overfitting observed with CSP algorithm.

The complexity of EEG signals has restricted a further

exploring for the overfitting of CSP. The complexity

mainly comes from three aspects, the non-stationarity of

the signals, the unclear internal mechanisms, and the large

variance of the classification results. First, the non-sta-

tionarity of the EEG signals refers to the non-stationary in

the single trial and between trials. Second, in BCI appli-

cation, the EEG signals are often seen as the output of a

black-box. Due to the complexity of the brain, it is still not

very clear how the signals are produced from a well-

defined paradigm (e.g. motor imagery). Third, the classi-

fication results are of high variation. Since the discovery of

ERD, it has been found that the classification accuracy over

subjects is quite different [17]. But what influences the

results is still unknown. To get a thorough understanding

for some methods, a large number of data sets with hun-

dreds of trials from tens of subjects is needed, which

increases the cost of investigation.

In this paper, a simple linear model is employed to

investigate the generalization performance of CSP algo-

rithm. By the method of modeling, all these difficulties

mentioned above can be avoided. The signals produced by

this model are locally stationary. It is not a black box any

more, and we could adjust the parameters and compare the

results as we want. For more convenience, it doesn’t take

us a lot of time and energy on data collection. Although

there still exists a gap between real data and our model,

they share some similar qualitative characteristics. The

simple model can bring us a further understanding on the

generalization of CSP in a controllable way.

In the next section, the CSP algorithm and the linear

mixing model is introduced. In Sect. 3, the overfitting of

CSP is analyzed based on the simulation of artificial data.

The analysis of real data is presented in Sect. 4 and the final

section is the discussion and conclusion.

Methods

CSP Algorithm

CSP algorithm is described as follows: the raw EEG signal

of a single trial k is represented as Xk with its dimensions

ch 9 len, where ch is the number of channels (i.e.

recording electrodes) and len is the time length of the trials.

The normalized spatial covariance of the EEG can be

obtained from

Ck ¼
XkXT

k

trace XkXT
k

� �

where xT denotes the transpose of the matrix x and trace(x)

is the sum of the diagonal elements of the matrix x. Let

Cl ¼
X

k2Il

Ck; Cr ¼
X

k2Ir

Ck;

which mean the spatial covariance of the EEG signals of

each group. Il, Ir are the two index sets of the separated

classes (i.e. the left and right hands motor imagery).

Denote the composite spatial covariance C = Cl ? Cr, and

C is decomposed as

C ¼ UCRUT
C;

where R is the diagonal matrix of the eigenvalues, and UC

is the matrix of the corresponding eigenvectors.

Using whitening transformation

P ¼
ffiffiffiffiffiffiffiffi
R�1

p
UT

C;

the spatial covariances Cl, Cr can be transformed as

Sl ¼ PClP
T ¼ URlU

T ;

Sr ¼ PCrP
T ¼ URrU

T ;

where Sl and Sr share common eigenvectors U, and

Rl þ Rr ¼ I;

I is the identity matrix. Here, the whitening transform are

used for simultaneous diagonalization.

Denote the projection matrix W = UTP, which is named

as spatial filters, and the columns of A = W-1 [ Rch 9 ch

are common spatial patterns. To the k-th trial, the filtered

signal

Zk ¼ WXk

is uncorrelated. By whitening transformation, the two dis-

tributions are maximally dissimilar along the new axes. In

this work, the variance of three first and last rows of Zk are

used as feature vector for classifier Linear Discriminant

Analysis (LDA).
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Linear mixing model

At the interest frequencies (\100Hz), tissue is primarily

treated as a resistive medium governed by Ohm’s law and

the capacitive effects can be neglected. Hence the multiple

channels of EEG signals were usually considered as a

linear model [18],

xðtÞ ¼ AsðtÞ:

This model was also used in Ref. [5] to introduce the CSP

method, where s(t) were assumed to be two different dis-

tributions for two classes respectively.

Here, the following linear mixing model with local

stationary sources are considerd:

xl ¼ ½A sI� sl

sn

� �
¼ Asl þ ssn

xr ¼ ½A sI� sr

sn

� �
¼ Asr þ ssn

8
>><

>>:
ð1Þ

where sl, sr are the signal sources corresponding to two

class of imagery movements. sn represents the noise, and s
is the intensity of the noise. sl, sr, sn are assumed to be

uncorrelated Gaussian distributions with their distributions

sl� Nð0;KðlÞÞ
sr � Nð0;KðrÞÞ
sn� Nð0; IÞ

and

KðlÞ ¼ k 0

0 1� k

� �
; KðrÞ ¼ 1� k 0

0 k

� �
:

where k varies from 0 to 0.5, and I is the identity matrix,

which means the noises among channels are independent to

each other. Without loss of generality, the signal sources

are constructed in two-dimensional space for simplicity.

The channel A is defined as follows,

Ai1 ¼ l; Ai2 ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffi
1� l2

p
; i ¼ 1; 3; 5;

Ai1 ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffi
1� l2

p
; Ai2 ¼ l; i ¼ 2; 4; 6;

�

and A2
i1 þ A2

i2 ¼ 1. l varies between 0 and
ffiffiffi
2
p

=2

In the mixing matrix A, l represents the correlation

between signal sources. k is used to define the separability

of the signals. The time length of the signals is measured

by len, which indicates the number of the sampling points.

Take the channel number equal to 2 for instance. The

spatial covariance matrix is represented as

xrx
T
r ¼Asrs

T
r ATþs2snsT

n

¼ A
1�k 0

0 k

� �
ATþs2I

� 	
� len

¼
kþð1�2kÞl2þs2 l

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð1�l2Þ

p

l
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð1�l2Þ

p
ð1�kÞþð1�2kÞl2þs2

" #

� len

where the non-diagonal elements are the function of l.

If l = 0, then l
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð1� l2Þ

p
¼ 0, and the signals between

the two channels are uncorrelated. With increasing of the

value of l, the signals become more correlative. Eventu-

ally the correlation reaches the maximum as l ¼
ffiffiffi
2
p

=2.

If l = 0 and s = 0, the matrix xrxr
T are proportional to

KðrÞ, similarly xlx
T
l are proportional to KðlÞ: If k = 0, the

covariance matrices are maximally dissimilar from each

other. As the value of k is increased to 0.5, the covariance

matrices are just the same and can not be separated any

more.

Remark 1 In fact, there are multiple sources for real EEG

signals. Here, for simplicity, the event related signals in

this model are limited to two-dimensional, so that only

two parameters k and l are used to generate the signals xl

and xr.

Remark 2 In the CSP algorithm, only the second order

statistics are used. The algorithm doesn’t require signals to

be Gaussian or not. In the simulation, the signals are all

assumed to be Gaussian distributed.

Results

In the linear mixing model, the performance of CSP may

be affected by the following factors listed in Table 1.

We expect,

1. as more spatial information is given, a larger number

of channels would lead to a better classification result;

2. with the increasing number of training trials, the

performance should be improved;

3. the longer the time length of trials is, the higher the

accuracy will be achieved;

4. as the noise intensity s is enhanced, the correction rate

would be lower;

5. a small value of k would make the signals from two

classes more separable, so a higher correction rate

would be guaranteed with a smaller k;

6. the CSP algorithm has a perfect ability to make the

signals de-correlated, but it is hard to guess how the

correlation l could influence the performance of CSP.

Table 1 Factors in the linear mixing model

ch The number of channels

n The number of training trials

len The time length of trials

s The noise intensity

k The separability of the signals

l The correlation between signal sources
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For overfitting, it is reported that small training set has

poor generalization [16]. The overfitting effect is worse

when there are a larger number of channels related to the

number of trials [15]. We have no idea about how the other

factors can influence the generalization.

In the following, six groups of simulations are made to

study these factors respectively. In each simulation, one

factor varies with the other factors fixed. The signals are

generated by the linear mixing model (1) with the sampling

rate of 100 Hz. And they are filtered by IIR butterworth

bandpass filter with the band of 8–30 Hz, which is the

frequency of mu-rhythm. All results are averaged by 400

runs in order to make the results smoother.

Number of channels

Training accuracies and testing accuracies are compared in

Fig. 1 with different channel numbers. As the channel

number rises from 10 to 100, the training accuracy con-

tinues to go up from 92 to 100%. In testing, the accuracy

grows rapidly from 10 to 30 channels, and it gradually

declines.

In fact this tendency is also observed in other experi-

ments [19]. Lv and Liu attributed it to the artifacts

imported by part of channels. Due to the different locations

of the electrodes, some researchers also deduced it to that

some channels are more correlated with movement imag-

ery than others.

In this linear mixing model, we use the uniform l for all

channels, and the noise intensity equals to each other.

Hence the channels have the same qualities in the simu-

lation. It is observed that the increasing channel number

would degrade the generalization performance. As the

channel number increases, CSP algorithm will have more

spatial information to do spatial filtering. Meanwhile, a

large number of channels also bring CSP algorithm into a

high-dimensional feature space, which leads to a poor

generalization. Hence the peak in the curve could be seen

as the best trade off between enough spatial information

and overfitting.

In the following simulation, the generalization of CSP is

measured by the accuracies varying with channel numbers.

If the accuracy grows with the channel number, then CSP

under the corresponding parameter set shows good gener-

alization. If the peak occurs with a small channel number,

then CSP has a poor generalization in this condition.

Number of training trials

Figure 2 shows the performance of CSP with different

number of training trials. The same number of trials is used

in test. As we expected, small training set gets a low

accuracy, and tends to overfitting.

Time length of the trials

As mentioned in Ref. [5], shorter segments result in more

responsive but more noisy feedback signal. Longer seg-

ments give a smoother control signal, but the delay from

intention to control becomes longer. In the simulation

(Fig. 3), the data segment varies from 100 ms to 800 ms. It

could be found that longer segments get preferable accu-

racies above 90%, and the performance declines very

slightly or tends to be stable when the channel numbers

grows.
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Fig. 1 Mean training errors and testing errors depending on the

number of channels, where n = 100, len = 400 ms, s = 1, k = 0.46

and l = cos(2p/36)
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Fig. 2 Mean accuracies depending on the number of training trials,

where len = 400 ms, s = 1, k = 0.46 and l = cos(2p/36)
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Noise intensity

In the simulation, as illustrated in Fig. 4, the noise intensity

s varies from 0.2 to 1.6. It is observed that the signals under

less noisy circumstance have high accuracies but poor

generalization. On the other hand, the signals with large s
would need more channels for CSP to get better

performance.

Separability of the signals

As k decreasing from 0.49 to 0.455 in Fig. 5, the signals

are more separable. The correction rates are improved

remarkably, while the generalization is enhanced slightly.

Correlation between signal sources

For correlation, with the increasing of l from cos(8p/36) to

cos(p/36) in Fig. 6, the accuracies are improved signifi-

cantly, while the generalization is weaken.

In summary, the generalization of CSP tends to degrade

as the channel numbers increases. Large number of training

trials and long segments would help CSP algorithm

improving the accuracy greatly and preventing overfitting

slightly. Furthermore, the noise intensity s and the corre-

lation l influence the generalization of CSP severely. In

general, both s and l can be seen as the correlation. s is the

correlation between the signal sources and noises, and l
represents the correlation between two different signal
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Fig. 3 Mean accuracies depending on the time length of the trials,

where n = 100, s = 1, k = 0.46 and l = cos(2p/36)
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Fig. 4 Mean accuracies depending on the intensity of the noise,

where n = 100, len = 400 ms, k = 0.46 and l = cos(2p/36)
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Fig. 5 Mean accuracies depending on the separability of the signals,

where n = 100, len = 400 ms, s = 1 and l = cos(2p/36)
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Fig. 6 Mean accuracies depending on the correlation between

channels, where n = 100, len = 400 ms, s = 1 and k = 0.46
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sources. Under less correlation circumstances, CSP would

get better performance with fewer channels. Finally, if the

signals are more separable in nature, the accuracies would

be higher.

Real data analysis

Data set IVa of the BCI Competition III [6] is used for our

experiment. This data set contains 280 trials for each of the

5 subjects. Cued motor imagery with 2 classes (right hand,

foot) were recorded. The recording was made using

BrainAmp amplifiers and a 128 channel Ag/AgCl electrode

cap from BCI. 118 EEG channels were measured at posi-

tions of the extended international 10/20-system. Signals

were band-pass filtered between 0.05 and 200 Hz and then

digitized at 1,000 Hz with 16 bit (0.1 uV) accuracy. This

data set was selected because it contained enough trials

with large number of channels. In our experiment, the

signals are down-sampled to 100 Hz. The bandpass filter is

made by butterworth IIR-filter from 8 to 30 Hz. The trials

are separated into 3.5 s.

The performance of five subjects is illustrated in Fig. 7.

As the channel numbers is increased, the accuracy rises for

subjects aa, al, aw, ay, but declines for subject av. Fur-

thermore, the covariance matrices C for the five subjects

are plotted in Fig. 8. From the covariance matrices, we find

the signals near the area of POZ (channel 106) are strong

for all subjects except av, and the correlation for this signal

to the other channels decreases by distance. In the area of

left and right primary motor cortex (localized over C3 for

channel 52 and C4 for channel 56) the correlation is still
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Fig. 8 The spatial covariance of the five subjects. a subject aa. b subject al. c subject av. d subject aw. e subject ay

10 20 30 40 50 60 70 80 90 100 110
50

55

60

65

70

75

80

85

90

95

100

the number of channel

ac
cu

ra
cy

(%
)

aa
al
av
aw
ay

Fig. 7 Mean training errors and testing errors depending on the

number of channels. All results are averaged by 400 runs, and in

every run, the channels are selected randomly in the 118 channels
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large, which could be seen as a strong noise. Under the

noisy circumstance, the simulation results in Sect. 3 tell us

that larger channel numbers can help improving the accu-

racies, which may interpret the results in Fig. 7.

Remark 3 In this experiment, the channels are selected

randomly, and all results are averaged by 400 runs. So the

quality of different channels will not affect the analysis.

Here, we focus on the generalization of CSP and channel

selection method is not needed.

Discussion and conclusion

By employing the linear mixing model, we explored the

generalization performance of CSP on different channel

numbers, number of training trials and data length. Some

intrinsic factors like the noise intensity, the separability of

the signals and the correlation between signal sources are

also investigated. From the simulation, we find that larger

number of training trials and longer time length of trials

would improve the accuracies and prevent overfitting.

Furthermore, channel numbers and the correlation between

signals affect the overfitting of CSP significantly. The

generalization performance would degrade when more

channels are used.

Among the six factors studied in this work, s, k and l
are determined by the intrinsic factors of the signals and the

technique for signal acquisition. Some methods like regu-

larization can be used to suppress the effect of noise. The

factors n and len influence the training time and the bit rate

of the BCI applications directly. Hence, channel selection

is the prevailing way to avoid the overfitting problem and

improve the classification results. Some channel selection

methods have been proposed and compared in Meng et al.

[20]. However, a great number of channels unselected

mean that a part of spatial information is not used by CSP

method. A paper extending the current model to make full

use of the spatial information and deal with overfitting of

CSP algorithm is in preparation.

Acknowledgments This work is supported by National High

Technology Research and Development Program of China (No.

2009AA04Z212), Research Fund for the Doctoral Program of Higher

Education of China (No. 20090073120047), and SJTU Interdisci-

plinary Fund in Medicine & Engineering (No. YG2009MS45).

References

1. Freeman W (2007) Definitions of state variables and state space

for brain-computer interface. Cogn Neurodyn 1:3–14

2. Pfurtscheller G, Aranibar A (1979) Evaluation of event-related

desynchronization (ERD) preceding and following voluntary self-

paced movement. Electroencephalogr Clin Neurophysiol 46:138–

46

3. Pfurtscheller G, Neuper C (1994) Event-related synchronization

of mu rhythm in the EEG over the cortical hand area in man.

Neurosci Lett 174:93–96

4. Nunez P, Srinivasan R, Westdorp A, Wijesinghe R, Tucker D,

Silberstein R, Cadusch P (1997) EEG coherency I: statistics,

reference electrode, volume conduction, Laplacians, cortical

imaging, and interpretation at multiple scales. Electroencephalogr

Clin Neurophysiol 103:499–515

5. Blankertz B, Tomioka R, Lemm S, Kawanabe M, Muller K

(2008) Optimizing spatial filters for robust EEG single-trial

analysis. Signal Process Mag IEEE 25:41–56

6. http://ida.first.fraunhofer.de/projects/bci/competitions

7. Fukunaga K (1990) Introduction to statistical pattern recognition.

Academic Press, London

8. Koles Z (1991) The quantitative extraction and topographic

mapping of the abnormal components in the clinical EEG.

Electroencephalogr Clin Neurophysiol 79:440–447

9. Ramoser H, Muller-Gerking J, Pfurtscheller G (2000) Optimal

spatial filtering of single trial EEG during imagined handmove-

ment. IEEE Trans Rehabil Eng 8:441–446

10. Lemm S, Blankertz B, Curio G, Muller K (2005) Spatio-spectral

filters for improving the classification of single trial EEG. IEEE

Trans Biomed Eng 52:1541

11. Dornhege G, Blankertz B, Krauledat M, Losch F, Curio G,

Muller K (2006) Combined optimization of spatial and temporal

filters for improving brain-computer interfacing. IEEE Trans

Biomed Eng 53:2274

12. Tomioka R, Dornhege G, Nolte G, Aihara K, Muller K (2006)

Optimizing spectral filters for single trial EEG classification. Lect

Notes Comput Sci 4174:414

13. Tomioka R, Dornhege G, Nolte G, Blankertz B, Aihara K, Müller

K (2006) Spectrally weighted common spatial pattern algorithm

for single trial eeg classification. Dept. Math. Eng., Univ. Tokyo,

Tokyo, Japan, Tech. Rep, 40

14. Wu W, Gao X, Hong B, Gao S (2008) Classifying single-trial

EEG during motor imagery by iterative spatio-spectral patterns

learning (ISSPL). IEEE Trans Biomed Eng 55:1733–1743

15. Hill N, Lal T, Schroder M, Hinterberger T, Widman G, Elger C,

Scholkopf B, Birbaumer N (2006) Classifying event-related

desynchronization in EEG, ECoG and MEG signals. Lect Notes

Comput Sci 4174:404

16. Reuderink B, Poel M (2008) Robustness of the common spatial

patterns algorithm in the BCI-pipeline

17. Guger C, Edlinger G, Harkam W, Niedermayer I, Pfurtscheller G,

OEG G, Graz A (2003) How many people are able to operate an

EEG-based brain-computer interface (BCI)?. IEEE Trans Neural

Syst Rehabil Eng 11:145–147

18. Parra L, Spence C, Gerson A, Sajda P (2005) Recipes for the

linear analysis of EEG. NeuroImage 28:326–341

19. Lv J, Liu M (2008) Common spatial pattern and particle swarm

optimization for channel selection in BCI. In: Innovative com-

puting information and control, 2008. ICICIC’08. 3rd interna-

tional conference on, pp 457–457

20. Meng J, Liu G, Huang G, Zhu X (2009) Automated selecting

subset of channels based on CSP in motor imagery brain-com-

puter interface system. In: 2009 IEEE International conference on

robotics and biomimetics (ROBIO), pp 2290–2294

Cogn Neurodyn (2010) 4:217–223 223

123

http://ida.first.fraunhofer.de/projects/bci/competitions

	Model based generalization analysis of common spatial pattern in brain computer interfaces
	Abstract
	Introduction
	Methods
	CSP Algorithm
	Linear mixing model

	Results
	Number of channels
	Number of training trials
	Time length of the trials
	Noise intensity
	Separability of the signals
	Correlation between signal sources

	Real data analysis
	Discussion and conclusion
	Acknowledgments
	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


