
Evolutionary q-Gaussian Radial Basis Functions

for Binary-Classification

F. Fernández-Navarro1, C. Hervás-Mart́ınez1, P.A. Gutiérrez1,
M. Cruz-Ramı́rez1, and M. Carbonero-Ruz2

1 Department of Computer Science and Numerical Analysis, University of Cordoba,
Rabanales Campus, Albert Einstein building 3� floor, 14071, Córdoba, Spain
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Abstract. This paper proposes a Radial Basis Function Neural Network
(RBFNN) which reproduces different Radial Basis Functions (RBFs) by
means a real parameter q, named q-Gaussian RBFNN. The architecture,
weights and node topology are learnt through a Hybrid Algorithm (HA)
with the iRprop+ algorithm as the local improvement procedure. In or-
der to test its overall performance, an experimental study with eleven
datasets, taken from the UCI repository is presented. The RBFNN with
the q-Gaussian is compared to RBFNN with Gaussian, Cauchy and In-
verse Multiquadratic RBFs.

1 Introduction

Different types of neural networks, are being used for classification purposes
[1], including, among others: Multilayer Perceptron Neural Networks (MLPNN)
where the transfer functions are Sigmoidal Unit Basis Functions; Radial Basis
Function Neural Networks (RBFNNs) with kernel functions where the transfer
functions are usually Gaussian [2]; Product Unit Neural Networks (PUNNs)[3]
with multiplicative units, or Neural Network where the hidden layer is composed
by a mixture of basis functions [4].

We focus on RBFNNs which have been succesfully employed in different pat-
tern recognition problems in the last years [5]. There are several common types
of functions used as the transfer functions, for example, the standard Gaussian
(SRBF), φ(z) = e−z, the Multiquadratic (MRBF), φ(z) = (1 + z)

1
2 , the In-

verse Multiquadratic (IMRBF), φ(z) = (1 + z)−
1
2 , and the Cauchy (CRBF),

φ(z) = (1 + z)−1. In the output layer, the activations of the hidden units are
combined in order to produce a classification of the input pattern.

In this study, we investigate the q-Gaussian RBFNN, which can reproduce
different RBFs, by changing a real parameter q. A Hybrid Algorithm (HA) is
employed to select the parameters of the Radial Basis Functions (RBFs): the
number of hidden nodes and the centers, width and the value of the parameter
q of each q-Gaussian RBFNN of the population.

This paper is organized as follows: a brief analysis of some works related with
the models proposed is given in Section 2; Section 3 describes base classifier
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applied to binary-classification problems; In section 4, a methodology to opti-
mize the RBF parameters based on Hybrid Algorithms is presented ; Section
5 explains the experiments carried out; and finally, Section 6 summarizes the
conclusions of our work.

2 Related Works

A RBFNN is a three-layer feed-forward Neural Network. Let the number of
nodes of the input layer, of the hidden layer and of the output layer be p, m and
1 respectively. For any sample x = [x1, x2, . . . , xp], the output of the RBFNN is
f(x). The model of a RBFNN can be described with the following equation:

f(x) = β0 +
m∑

i=1

βi · φi(di(x)) (1)

where φi(di(x)) is a non-linear mapping from the input layer to the hidden layer,
β = (β1, β2, . . . , βm) is the connection weight between the hidden layer and the
output layer, β0 is the bias. The function di(x) can be defined as:

di(x) =
‖x− ci‖2

θ2
i

(2)

where θi is the scalar parameter that defines the width for the i-th radial unit,
‖.‖ represents the Euclidean norm and ci = [c1, c2, . . . , cp] the centers of the
RBFs. The standard RBF (SRBF) is the Gaussian function, which is given by:

φi(di(x)) = e−di(x), (3)

The radial basis function φi(di(x)) can take different forms, including the Cauchy
RBF (CRBF) defined by:

φi(di(x)) =
1

1 + di(x)
(4)

and the Inverse Multiquadratic RBF (IMRBF), given by:

φi(di(x)) =
1

(1 + di(x))
1
2

(5)

Fig. 1 ilustrates the influence of the choice of the RBF in the hidden unit acti-
vation. One can observe that the Gaussian function presents a higher activation
close to the radial unit center than the other two RBFs. In this paper, we pro-
pose the use of the q-Gaussian function as RBF. The q-Gaussian can be defined
as:

φi(di(x)) =
{

(1 − (1 − q)di(x))
1

1−q if (1 − (1 − q)di(x)) ≥ 0
0 Otherwise.

(6)
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Fig. 1. Radial unit activation in one-dimensional space with c = 0 and θ = 1 for
different RBFs: (a) SBRF, CRBF and IMRBF and (b) q-Gaussian with different values
of q

The q-Gaussian can reproduce different RBFs for different values of the real
parameter q. As an example, when the q parameter is close to 2, the q-Gaussian
is the CRBF, for q = 3, the activation of a radial unit with an IMRBF for di(x)
turns out to be equal to the activation of a radial unit with a q-Gaussian RBF for
di(x) and, finally, when the value of q converges to 1, the q-Gaussian converges
to the Gaussian function (SRBF). Fig. 1b presents the radial unit activation for
the q-Gaussian RBF for different values of q. As we can see in Fig. 1b, a small
change in the value of q represents a smooth modification on the shape of the
RBF.

3 q-Gaussian RBF for Classification

To apply evolutionary neural network techniques, we consider a RBFNNs with
softmax outputs and the standard structure: an input layer with a node for every
input variable; a hidden layer with several RBFs; and an output layer with 1
node. There are no connections between the nodes of a layer and none between
the input and output layers either. The activation function of the i-th node in
the hidden layer (φi(di(x))) is given by Eq. 6 and the activation function of the
output node (f(x)) is defined in Eq 1. The transfer function of all output nodes
is the identity function.

In this work, the outputs of the neurons are interpreted from the point of view
of probability through the use of the softmax activation function.

g(x) =
exp f(x)

1 + exp f(x)
(7)

where g(x) is the probability that a pattern x belongs to class 1. The probability
a pattern x has of belonging to class 2 is 1 − g(x).

The error surface associated with the model is very convoluted. Thus, the
parameters of the RBFNNs are estimated by means of a HA (detailed in Section
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1: Hybrid Algorithm:
2: Generate a random population of size N
3: repeat
4: Calculate the fitness of every individual in the population
5: Rank the individuals with respect to their fitness
6: The best individual is copied into the new population
7: The best 10% of population individuals are replicated and they substitute the

worst 10% of individuals
8: Apply parametric mutation to the best (pm)% of individuals
9: Apply structural mutation to the remaining (100 − pm)% of individuals

10: until the stopping criterion is fulfilled
11: Apply iRprop+ to the best solution obtained by the EA in the last generation.

Fig. 2. Hybrid Algorithm (HA) framework

4). The HA was developed to optimize the error function given by the negative
log-likelihood for N observations, which is defined for a classifier g:

l(g) = 1
N

∑N
n=1 [−ynf(xn)+

+ log exp f(xn)] .
(8)

where yn is the class that the pattern n belongs to.

4 Hybrid Algorithm

The basic framework of the HA is the following: the search begins with an initial
population of RBFNNs and, in each iteration, the population is updated using
a population-update algorithm which evolves both its structure and weights.
The population is subject to operations of replication and mutation. Figure 2
describes the procedure to select the parameters of the radial units. The main
characteristics of the algorithm are the following:

1. Representation of the Individuals. The algorithm evolves architectures and
connection weights simultaneously, each individual being a fully specified
RBFNN. The neural networks are represented using an object-oriented ap-
proach and the algorithm deals directly with the RBFNN phenotype.

2. Error and Fitness Functions. We consider l(g) (see Eq. 7) as the error func-
tion of an individual g of the population. The fitness measure needed for
evaluating the individuals is a strictly decreasing transformation of the error
function l(g) given by A(g) = 1

1+l(g) , where 0 < A(g) ≤ 1 .
3. Initialization of the Population. The initial population is generated trying

to obtain RBFNNs with the maximun possible fitness. First, 5, 000 random
RBFNNs are generated. The centers of the radial units are firstly defined by
the k-means algorithm for different values of k, where k ∈ [Mmin, Mmax],
being Mmin and Mmax the minimum and maximum number of hidden nodes
allowed for any RBFNN model in the HA. The widths of the RBFNNs
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are initialized to the geometric mean of the distance to the two nearest
neighbourhoods and the q parameter to values near to 1, since when q → 1
the q-Gaussian reduces to the standard Gaussian RBFNN. A random value
in the [−I, I] interval is assigned for the weights between the hidden layer
and the output layer. The obtained individuals are evaluated using the fitness
function and the initial population is finally obtained by selecting the best
500 RBFNNs.

4. Structural Mutation. Structural mutation implies a modification in the struc-
ture of the RBFNNs and allows the exploration of different regions in the
search space, helping to keep the diversity of the population. There are four
different structural mutations: hidden node addition, hidden node deletion,
connection addition and connection deletion. These four mutations are ap-
plied sequentially to each network, each one with a specific probability. If the
structural mutator adds a new node in the RBFNN, the q parameter is as-
signed to a γ value, where γ ∈ [0.75, 1.25], since when q → 1 the q-Gaussian
reproduce to the SRBF.

5. Parametric Mutation. Different weight mutations are applied:
– Centre, Radii and q Mutation. These parameters are modified in the

following way:
• Centre creep. The value of each centre is modified by adding a Gaus-

sian noise, cji(t + 1) = cji(t) + ξ(t), where ξ(t) ∈ N(cji, ri) and
N(cji, ri) represents a one-dimensional normally distributed random
variable with mean cji and with variance the radius of the RBF
hidden node.

• Radius creep. The value of each radii is modified by adding another
Gaussian noise, ri(t + 1) = ri(t) + ξ(t), where ξ(t) ∈ N(ri, d) and
N(ri, d) represents a one-dimensional normally distributed random
variable with mean ri and with variance the width of the range of
each dimension (d).

• Mutation of the q parameter. The q parameter is updated by adding
an ε value, where ε ∈ [−0.25, 0.25], since the modification of the q-
Gaussian RBFNN is very sensible to q variation (as we can see in
Fig. 1b).

– Output-to-Hidden Node Connection Mutations [3]. These connections are
modified by adding another Gaussian noise, w(t+1) = w(t)+ξ(t), where
ξ(t) ∈ N(0, T (g)) and N(0, T (g)) represents a one-dimensional normally
distributed random variable with mean 0 and variance the network tem-
perature (T (g) = 1 − A(g)).

6. iRprop+ Local Optimizer. The local optimization algorithm used in our pa-
per is the iRprop+ [6] optimization method. The iRprop+ is believed to be
a fast and robust learning algorithm. This algorithm applies a backtracking
strategy (i.e. it decides whether to take a step back along a weight direction
or not by means of a heuristic). In the proposed methodology, we run the
EA and then apply the local optimization algorithm to the best solution
obtained by the EA in the last generation.



Evolutionary q-Gaussian Radial Basis Functions for Binary-Classification 285

Table 1. Characteristics of the eleven datasets used for the experiments: number of
instances (Size), number of Real (R), Binary (B) and Nominal (N) input variables,
total number of inputs (#In.), number of classes (#Out.), per-class distribution of the
instances (Distribution), minimum and maximum number of hidden nodes used for
each dataset ([Mmin, Mmax]) and the number of generations (#Gen.)

Dataset Size R B N In Out Distribution [Mmin, Mmax] Gen

Labor 57 8 3 5 29 2 (30, 27) [2, 5] 20
Promoters 106 − − 57 114 2 (53, 53) [2, 5] 100
Hepatitis 155 6 13 − 19 2 (32, 123) [2, 5] 20

Sonar 208 60 − − 60 2 (98, 110) [2, 5] 40
Heart 270 13 − − 13 2 (150, 120) [2, 5] 100

BreastC 286 4 3 2 15 2 (201, 85) [2, 5] 40
Heart-C 302 6 3 4 26 2 (164, 138) [2, 5] 100
Liver 345 6 − − 6 2 (145, 200) [2, 5] 40
Vote 435 − 16 − 16 2 (267, 168) [2, 5] 20
Card 690 6 4 5 51 2 (307, 308) [4, 7] 40

German 1000 6 3 11 61 2 (700, 300) [1, 3] 200

All nominal variables are transformed to binary variables.
BreastC: Breast-Cancer; Heart-C: Heart-disease (Cleveland).

5 Experiments

5.1 Experimental Design

The proposed methodologies are applied to eleven datasets taken from the UCI
repository [7], to test its overall performance when compared to other radial
basis functions (SRBF, CRBF and the Inverse Multiquadratic RBF (IMRBF)).
The selected datasets present different numbers of instances and features (see
Table 1).

The experimental design was conducted using a 10-fold cross validation, with
10 repetitions per each fold. The performance of each method has been evaluated
using the correct classification rate in the generalization set (CG).

All the parameters used in the evolutionary algorithm except the maximun
and minimun number of RBFs in the hidden layer and the number of generations
have the same values in all problems analyzed below (see Table 1). We have done
a simple linear rescaling of the input variables in the interval [−2, 2], X∗

i being
the transformed variables. The connections between hidden and output layer are
initialized in the [−5, 5] interval (i.e. [−I, I] = [−5, 5]). The size of the population
is N = 500. For the structural mutation, the number of nodes that can be added
or removed is within the [1, 2] interval, and the number of connections to add or
delete in the hidden and the output layer during structural mutations is within
the [1, 7] interval.
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Table 2. Comparison of the proposed basis functions to other basis functions: Mean
and Standard Deviation (SD) of the accuracy results (CG(%)) from 100 executions,

mean accuracy (CG(%)), mean ranking (R), p-Value and α
′

for the Hommel post-hoc
non-parametric tests in CG with α = 0.1 (q-Gaussian is the control method)

Method(CG(%))
SRBF CRBF IMRBF q-Gaussian

Labor 91.33 ± 12.09 95.00 ± 11.24 91.66 ± 8.78 93 .33 ± 11 .65
Promoters 75.54 ± 13.56 80.18 ± 6.66 81 .09 ± 8 .69 84.00 ± 6.15
Hepatitis 86.33 ± 8.09 83.16 ± 7.15 85.12 ± 7.52 85 .30 ± 7 .54

Sonar 78.38 ± 9.03 74.09 ± 10.20 76.02 ± 11.16 76 .04 ± 13 .56
Heart 81.85 ± 8.97 83.70 ± 8.76 84.81 ± 8.45 84 .07 ± 7 .20

BreastC 72.04 ± 6.39 71.35 ± 8.00 73.10 ± 6.39 73 .06 ± 6 .77
Heart-C 85.44 ± 3.83 85.45 ± 5.59 85 .77 ± 3 .05 85.79 ± 5.20
Liver 68 .41 ± 5 .15 65.23 ± 8.23 65.52 ± 6.31 71.30 ± 6.50
Vote 96.32 ± 3.97 95.39 ± 3.59 94.94 ± 2.36 96 .08 ± 3 .45
Card 86.08 ± 3.14 86 .52 ± 3 .55 85.94 ± 3.80 87.87 ± 0.37

German 74.80 ± 3.82 74 .90 ± 3 .17 74.40 ± 2.50 75.25 ± 2.98

CG(%) 81.50 81.36 81.67 82.91

R 2.72 2.99 2.72 1.54

p-Value 0.03 0.00 0.03 -

α
′
Hommel 0.10 0.03 0.05 -

The best result is in bold face and the second best result in italics.

5.2 Comparison to Other Radial Basis Functions

In Table 2, the mean and the standard deviation of the correct classification
rate in the generalization set (CG) is shown for each dataset and a total of 100
executions. From the analysis of the results, it can be concluded, from a purely
descriptive point of view, that the q-Gaussian model obtained the best results
for five datasets, the SRBF achieved the best performace for three dataset and
the CRBF and IMRBF methods yield the higher performance for one and two
datasets respectively.

To determine the statistical significance of the rank differences observed for
each method in the different datasets, we have carried out a non-parametric
Friedman test [8] with the ranking of CG of the best models as the test variable
(since a previous evaluation of the CG values results in rejecting the normality
and the equality of variances’ hypothesis). The test shows that the effect of the
method used for classification is statistically significant at a significance level of
10%, as the confidence interval is C0 = (0, F0.10 = 2.89) and the F-distribution
statistical values are F ∗ = 8.34 /∈ C0 for CG. Consequently, we reject the null-
hypothesis stating that all algorithms perform equally in mean ranking.

Based on this rejection, the Hommel post-hoc test is used to compare all
classifier to each other. The Hommel test was applied with the best performing
model (q-Gaussian) as the control method. The results of the Hommel tests for
α = 0.10 can be seen in Table 2, using the corresponding p and α

′
Hommel values.
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From the results of these tests, it can be concluded that the q-Gaussian model
obtains a significantly higher ranking of CG when compared to the remaining of
RBFs, which justifies the proposal.

6 Conclusions

In this paper, we have proposed a new approach to determine the optimized
parameters for the q-Gaussian RBF applied to multi classification problems.
These models have been designed with a HA constructed specifically to take
into account the characteristics of this kernel model. The evaluation of the model
and the algorithm for the eleven datasets considered, showed that the q-Gaussian
RBF obtained a higher accuracy when compared to the remaining RBFs. Finally,
some suggestions for future research are the following: to study other radial basis
functions and to adapt the algorithm to deal with multi-class problems.
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6. Igel, C., Hüsken, M.: Empirical evaluation of the improved rprop learning algo-
rithms. Neurocomputing 50(6), 105–123 (2003)

7. Asuncion, A., Newman, D.: UCI machine learning repository (2007)
8. Friedman, M.: A comparison of alternative tests of significance for the problem of

m rankings. Annals of Mathematical Statistics 11(1), 86–92 (1940)


	Evolutionary $q$-Gaussian Radial Basis Functions for Binary-Classification
	Introduction
	Related Works
	$q$-Gaussian RBF for Classification
	Hybrid Algorithm
	Experiments
	Experimental Design
	Comparison to Other Radial Basis Functions

	Conclusions
	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




