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2 Equipe GALEN, INRIA Saclay-Ile-de-France, Orsay, France

3 General Electric Healthcare, Buc, France

Abstract. Segmentation of surgical devices in fluoroscopic images and
in particular of guide-wires is a valuable element during surgery. In car-
diac angioplasty, the problem is particularly challenging due to the fol-
lowing reasons: (i) low signal to noise ratio, (ii) the use of 2D images that
accumulate information from the whole volume, and (iii) the similarity
between the structure of interest and adjacent anatomical structures.
In this paper we propose a novel approach to address these challenges,
that combines efficiently low-level detection using machine learning tech-
niques, local unsupervised clustering detections and finally high-level
perceptual organization of these segments towards its complete recon-
struction. The latter handles miss-detections and is based on a local
search algorithm. Very promising results were obtained.

1 Introduction

The detection and the segmentation of the guidewires (GW) used in cardiac
angioplasty is a challenging problem in biomedical image analysis. It is often
addressed into two steps: first, interest points are detected and then linked (or
grouped) together into a curvilinear structure corresponding to the GW. Both
steps inherit severe technical challenges.

Detection is required due to the low signal to noise ratio. The aim is either
to improve contrast between the guidewire and the background/other related
anatomical structures or detect feature points corresponding to it. The first sce-
nario is often addressed using low level operators, like dedicated filtering [1] and
coherence enhancing diffusion [2]. State of the art for detection includes dedi-
cated edge-detection methods [1], method based on the Hessian eigenvalues such
in [2] and such as the Vesselness measure [3,4], steerable filters [5], and phase con-
gruency [6]. The second class of methods aims to address detection directly using
either a voting schema [7], or machine learning methods [8]. The central idea is
to use patterns of appearance corresponding to vessels and learn a classifier that
is able to separate them from the background. Pose and scale parameters are
� This work was supported by ANRT (grant 1062/2008) and GE Healthcare. The

authors thank N. Komodakis for providing the clustering method.

T. Jiang et al. (Eds.): MICCAI 2010, Part III, LNCS 6363, pp. 440–448, 2010.
c© Springer-Verlag Berlin Heidelberg 2010



Guide-Wire Extraction through Perceptual Organization 441

the most critical aspects to be handled in this process. Augmenting the training
set towards encoding all possible variations of appearance is not feasible since
it deteriorates the performance. However, compared to filtering methods this
concept is quite promissing.

Chaining of detections towards complete recovery of the guidewire is often
considered afterwards [1,7,4]. The use of snake-splines on the feature images has
also been investigated [2,6]. These methods are very sensitive to the presence of
outliers as well as miss-detections. Such shortcomings can be addressed through
the use of hierarchical grouping guided by a classification [8]. In all cases, sensi-
tivity to the presence of outliers as well as miss-detections are challenging issues
to be addressed.

In this paper we introduce a novel approach combining detection using boost-
ing [9], with a mid-level grouping scheme based on clustering and a complete re-
construction through the minimization of a global criterion that encodes geomet-
ric and detection consistencies - through local search based on an inlier/outlier
permutation model. Contrary to the other methods which can fail due to noise or
low contrast [2,6], or do not recover undetected parts [1] our approach has been
designed to be as robust as possible and to recover the GW as global optimum.

The most closely related work with our approach can be found in [8,10]. The
first approach is purely learning based, is not invariant to the guide-wire pose
parameters and cannot handle well miss-detections. The second approach shares
the feature detection concept (the considered features are less efficient than
the ones considered in this paper). However, [10] does not perform ordering,
and is only able to provide a local grouping of segments into parts using linear
programing. The method is unable to deal well enough with miss-detections as
well as outliers because the final result is not necessarily perceptually meaningful.

The remainder of this paper is organized as follows: in section 2 we discuss the
robust extraction of line segments that we perform and we present our approach
for organizing them in section 3. The next section presents the experimental
validation. Discussion concludes the paper.

2 Robust Local Segments Extraction

Our algorithm consists of two steps: (i) a low-level detection of GW pixels, that
are then grouped towards extracting line segments (ii) an ordering and removal of
erroneous segments. The first task is addressed using boosting and unsupervised
clustering, and the second through local permutation search.

2.1 Low-Level Detection

Boosting [9] refers to a powerful classification method that combines weak clas-
sifiers towards the creation of a strong one. This classification process is guided
from the miss-detection/miss-classification error. Samples are weighted accord-
ing to the classification error and these weights are continuously updated. Since
in our data set, one expects important discrepancy between positive and negative
samples (GW pixels represent less than 0.15% of whole image) as well as impor-
tant presence of outliers, we adopt the variant called Gentle AdaBoost [11] and
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we replaced its re-weighting formula driving the choice of the next weak classifier
with the following (where wj is the weight of a data xj of label yj ∈ {−1, +1}
and hm is the weak classifier chosen during the current AdaBoost step) in order
to make it asymmetric like [12]:

wj ← wje
−yjhm(xj)eyj(asymmetry)

When training classifiers, we have considered around 500 000 samples, almost
87% of them being negative ones, and chosen an asymmetry of 0.1. The input to
the classification process was features derived from the image after appropriate
filtering and in particular with separable steerable filters [5] that are optimal in
the sense of Canny criteria.

In addition to the steerable ridge detectors of fourth order of [5] for μ = 0.25
and scales σ = {0.8, 1.2, 1.6, 2.0, 3.0} and to the edge detector of third order of
scale 5.0, we introduced three features specific to our problem: (i) Difference
of Gaussian (DoG) computed with the raw, the log and the next images, (ii)
variances of these features around the pixel considered (in a square of size 7),
both for the couples of scales: {(0.8, 1.2)(1.4, 1.8)(2.0, 3.0)(3.0, 4.0)(4.0, 5.0)} ;
and (iii) variances computed on the ’subtraction image’ (the current image minus
the next one) in squares of size 5 and 9.

Log images have indeed a physical meaning and allow to better discriminate
the structures from their background, but their level of noise has been locally
modified, which produces numerous false detections. Considering both images al-
lows to combine both advantages to avoid more false detections , and considering
the next frame allows to better reject the confusing structures, because they are
most of the time static (and variances provides a second order description).

Clustering these points towards extracting line segments both allows to reject
remaining false detections due to noise (because most of them are isolated)
and provides primitives we just need to link together (with a proper handling of
outliers) to delineate the GW. The fact that clustering provides a global optimum
guarantees far more robustness with respect to noise. The main challenge is that
neither the number of segments/clusters nor the membership function for every
detected point are known in advance.

2.2 Grouping

Let us consider the N candidate pixels pi = (xi, yi).
Clustering of these pixels can be formulated as follows: find a set of cluster

centers cj = (cxj , cyj) (the unknown cardinality of this set is denoted as |C|)
and an individual membership function L (labels in {1, . . . |C|}) such that all
detected points pi with the same label form a local line segment with minimal
dispersion. We can express this problem within an optimization framework as
follows:

min{cj ,|C|,L}

|C|∑

j=1

f(cj) + β
N∑

i=1

δ(L(i)− j)g(cj , pi)

where f is the penalty for a cluster center, L(i) is the label indicating the cluster
for the point i and g(cj , pi) is the cost of attributing pi to the cluster cj . δ(L(i)−j)
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Fig. 1. 1) input 2) classification scores 3) detected points and clusters 4) detected
segments (colors help to differenciate clusters in 3)

measures only the cluster cost with respect to the optimal attribution label. The
definition of the functions f and g, as well as the optimization of the objective
function are the main challenges to be addressed.

We consider f to be a constant (in our experiments, around 90000.0) and no-
particular preference is given among the set of detected points. The definition of
g is more challenging and for simplicity and clarity, let us introduce the following
geometric elements: (i) (cj , pi) form a line segment lcp, (ii) cj and the axis of
orientation given by the optimal steerable filter computed in cj form a line lc,
and (iii) pi and the optimal steerable filter axis computed in pi also form a line
lp. In the ideal case, if point pi is a member of cj , then the three line segments
will coincide.

In order to quantify this hypothesis, we consider two criteria: (i) The
actual geometric distance between the two points, d(ci, pj) since we would
expect capturing local straight line segments of curvilinear structures. (ii)
The distances d1(ci, pj) = d(ci, pj)min(tan(θ1), tmax) and d2(ci, pj) =
d(ci, pj)min(tan(θ2), tmax) where θ1 and θ2 are the angles between the lines
being formed from the two points and the ones given by steerable filters orienta-
tions, and tmax allows to avoid infinite distances when directions are orthogonal.
These distances are combined to a single metric as follows (in our experiments,
we took α = 0.3):

g(ci, pj) = αd2(ci, pj) + (1− α)(d2
1(ci, pj) + d2

2(ci, pj))

The optimization of this objective function is done using [13], that finds the
number of clusters and the pixels memberships simultaneously. Some clustering
results are shown in: [Fig. (1)]. In order to extract the local line segments, we used
a variant of RANSAC called MSAC [14] that is less sensitive to the geometric
error introduced from the presence of outliers. There remains only to link these
segments properly to delineate the GW - with handling outliers. Once again,
we performed this task through a global optimization process, which guarantees
robustness with respect to local minima created by noise.
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Fig. 2. Minimal geodesic costs determined using the fast marching algorithm. Colors
help to differentiate and visualize costs (the brighter the color the higher the cost).

3 Perceptual Organization of Segments

Once we have obtained the line segments, we need to find which ones have to be
linked and in which order for delineating the GW.

Let |S| be the number of line segments and let us consider for every segment si

a label {θi, ωi, φi} ∈ {1 · · · |S|}×{0, 1}×{0, 1}. θi denotes the rank of the segment
si, ωi accounts for the orientation of this segment (the conventional one assumes
that the first extremity corresponds to the small horizontal coordinate) with the
0 label corresponding to the conventional one and the 1 to the extremities being
reversed. Introducing such a variable is a necessity since it modifies the cost of
linking two successive segments. Last, let φi be the state, that is either part of
the guide-wire (1) or an outlier (0). Given such notation, one can now proceed
to the definition of the local cost C(a, b) corresponding to the price to be paid
towards linking two segments tips a, b.

3.1 Local Ordering Cost

In order to define the cost C(a, b) we consider a linear combination of the scale
invariant Elastica criterion defined in [15] and a linking cost equal to the minus
log-likelihood of the most likely path linking a and b. The idea is that a and b
should both be linked by a path of low curvature (i.e. low Elastica) and linked by
a likely path. If we assume that pixels along the path are independent, then the
last criterion can be computed as a sum over the pixels of the better path, and
can therefore be computed by fast marching. Denoting with h(x) the detection
score at location x and using a sigmoid function to compute pixel likelihood, we
finally used the following cost map c(x) as fast marching input:

c(x) = −h(x) + log
(
eh(x) + e−h(x)

)

Linking costs above an arbitrary threshold were not computed and approximated
with the product between the Euclidean distance between the tips and the max-
imal linking cost normalized according to the euclidian distance between tips
found by fast marching. [Fig. (2)] shows several cost maps computed with the
algorithm presented in [16].
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3.2 Global Ordering

Finding the optimal sequence of segments can be considered as an optimization
problem. In simple words one would like to minimize:

min
θi,ωi,φi

|S|∑

m=1

|S|∑

n=1

φmφnδ(θn − θm − 1)Cωm,ωn (m, n) + β

|S|∑

m=1

(1− φm)

where product φmφn guarantees that both sm, sn segments are retained and the
term δ(θn − θm − 1) guarantees that the segment sn succeeds sm. The second
term penalizes the attribution of the outlier label to a segment. Last, the cost
for connecting two (conventionally oriented) segments sm = (am, bm) and sn =
(an, bn), denoted with Cωm,ωn (m, n), is derived from the one earlier presented:

Cωm,ωn (m,n) =

⎧
⎪⎪⎨

⎪⎪⎩

C(bm, an) if ωm = 0 and ωn = 0
C(bm, bn) if ωm = 0 and ωn = 1
C(am, an) if ωm = 1 and ωn = 0
C(am, bn) if ωm = 1 and ωn = 1

Starting from a configuration where all the segments are considered to be
inliers and have been linked greedily (one segment has been arbitrary chosen
to be the first one, and for all n, the segment chosen to be at place n + 1 is
the nearest from the segment at place n that had not been chosen previously)
our algorithm reduces the objective function iteratively until convergence. At
each step, inliers and outliers are ordered, and all the possible permutations of
a subsequence of inliers with a subsequence of outliers that reduce the objective
function are applied.

The ordering algorithm we use for the first task tries to find by local search
the order minimizing the sum of the links made between successive segments. In
other words, it tries to find the ’Shortest Spanning Path’ among the segments.
The ordering of the outliers provides in this manner interesting subsequences
for the permutation step without affecting the objective function, whereas the
ordering of the inliers reduces the objective function. Given that all tasks reduce
the objective function, convergence is guaranteed.

We remind that local search is a heuristic that minimizes an energy depending
on a configuration by passing from the current configuration to a neighbouring
one while it allows reducing the energy. Particular attention is to be paid when
chosing the neighborhood definition. We chose the neighborhood defined by all
the configurations reached (from the current one) when applying one of the
following operations: (i) reversion of a subsequence of segments (ii) shift of a
subsequence (iii) reversion followed by a shift of a subsequence.

Because local search is a meta heuristic, we cannot claim getting the global
optimum, but the great size of neighborhood for both the orderings (O

(
n3

)
if n

is the number of inliers) and the subsequence exchanges (O
(
n2m2

)
if m is the

number of outliers) substantially increases the probability of finding the global
optimum. In practice this was very frequently observed.

The last step of the method consists of fitting a B-spline approximation to
the retained ordered segmentations towards completing the missing content.
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Fig. 3. Detection performances (for 5 mil-
lion points from the 45 test images; dashed
lines: for 1 million)

stages MD FD

detection 15.4% 53.2%

segments extraction 19.3% 53.0%

segments linking 23.8% 14.3%

splines fitting 25.8% 13.2%

Fig. 4. missed detections(MD) and false
detections(FD) after each step. The state
of the art [8] reports 22 ± 3% MD and
10± 3% FD.

4 Experimental Validation

Experiments were carried out on a database of 15 sequences of 10 images
1000x1000 acquired during interventions on 13 patients with a frame rate of
15 images per second, where clinical experts have manually marked GW. We
performed a cross-validation: we built 15 classifiers using 75 images from 14
sequences only and tested each classifier using 3 images from the remaining se-
quence, using the same features and parameters for training and testing (a scale
of 3 for MSAC and β = 20.0 for the ordering, in addition to constants given in
preceding sections).

[Fig. (3)] compares the ROC curves of one of the classifiers with the ROC
curves for three of the features that it uses: DoG of scales (1.4, 1.8) computed
on raw or on log images and the ridge detector for μ = 0.25, σ = 1.6 of [5].

Given that even features designed for curvilinear structure detection perform
poorly, machine learning methods like ours are necessary. Our method produces
for example 4 times less false detections than the better single feature when
detector is thresholded to recover 60% of GW.

We validated our algorithm with the same metrics as in [8]: we measured
the proportion of pixels of GW at more than 5 pixels (1.0 mm) of the detected
structures (missed detections,MD) and the proportion of pixels of the detected
structures at more than 5 pixels of the GW (false detections,FD). Because GW
parts lying in catheters are difficult to detect and not always of interest, but
often help delineating the other parts, we decided not to take these parts into
account for the computation of missed detection ratio.

[Fig. (4)] presents our results. Most of the MD are due to long parts of GW
hardly visible producing prohibitive linking costs. There finally remains few FD,
either due to rib borders or due to linking of line segments after the GW tip.
A GW tip detector like the one used in [8] could therefore helps removing even
more FD. This point is however out of the scope of this article.
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Fig. 5. Several final results (from 10 different sequences)

5 Discussion

In this paper, we have presented a global approach for GW segmentation de-
signed to achieve high robustness. We used classifiers built by a variant of Boost-
ing [9] and combining rotation invariant features such as improved steerable fil-
ters [5] to detect GW pixels and clustering to group them towards extracting
line segments. We finally performed the delineation of the GW from the set of
segments by solving an ordering problem with outlier rejection. Future work
will focus on tracking the GW. Knowing the GW movement is indeed of great
interest for many applications, such as cardiac motion monitoring.

References

1. Palti-Wasserman, D., Bruckstein, A.M., Beyar, R.P.: Identifying and tracking a
guide wire in the coronary arteries during angioplasty from x-ray images. IEEE
Tr. on Bio. Eng. 44(2), 152–164 (1997)

2. Baert, S.A.M., Viergever, M.A., Niessen, W.J.: Guide-wire tracking during en-
dovascular interventions. IEEE Tr. on Medical Imaging 22(8), 965–972 (2003)

3. Frangi, A.F., Niessen, W.J., Vincken, K.L., Viergever, M.A.: Muliscale vessel en-
hancement filtering. In: Wells, W.M., Colchester, A.C.F., Delp, S.L. (eds.) MICCAI
1998. LNCS, vol. 1496, pp. 130–137. Springer, Heidelberg (1998)

4. Hauke Heibel, T., Glocker, B., Groher, M., Paragios, N., Komodakis, N., Navab,
N.: Discrete tracking of parametrized curves. In: CVPR, pp. 1754–1761 (2009)

5. Jacob, M., Unser, M.: Design of steerable filters for feature detection using canny-
like criteria. IEEE PAMI 26(8), 1007–1019 (2004)

6. Slabaugh, G., Kong, K., Unal, G., Fang, T.: Variational guidewire tracking using
phase congruency. In: Ayache, N., Ourselin, S., Maeder, A. (eds.) MICCAI 2007,
Part II. LNCS, vol. 4792, pp. 612–619. Springer, Heidelberg (2007)

7. Franken, E., Rongen, P., van Almsick, M., ter Haar Romeny, B.M.: Detection of
electrophysiology catheters in noisy fluoroscopy images. In: Larsen, R., Nielsen, M.,
Sporring, J. (eds.) MICCAI 2006. LNCS, vol. 4191, pp. 25–32. Springer, Heidelberg
(2006)



448 N. Honnorat, R. Vaillant, and N. Paragios

8. Barbu, A., Athitsos, V., Georgescu, B., Boehm, S., Durlak, P., Comaniciu, D.:
Hierarchical learning of curves application to guidewire localization in fluoroscopy.
In: CVPR, pp. 1–8 (2007)

9. Freund, Y., Shapire, R.: A decision-theoretic generalization of on-line learning and
an application to boosting. In: ICML (1996)

10. Honnorat, N., Vaillant, R., Paragios, N.: Robust guidewire segmentation through
boosting, clustering and linear programming. In: ISBI, pp. 924–927 (2010)

11. Friedman, J., Hastie, T., Tibshirani, R.: Additive logistic regression: a statistical
view of boosting. The annals of statistics 28(2), 337–407 (1998)

12. Viola, P., Jones, M.: Fast and robust classification using asymmetric adaboost and
a detector cascade. In: NIPS (2001)

13. Komodakis, N., Paragios, N., Tziritas, G.: Clustering via lp-based stabilities. In:
NIPS (2008)

14. Torr, P., Zisserman, A.: Robust computation and parametrization of multiple view
relations. In: ICCV, pp. 727–732 (1998)

15. Sharon, E., Brandt, A., Basri, R.: Completion energies and scale. IEEE
PAMI 22(10), 1117–1131 (2000)

16. Yatziv, L., Bartesaghi, A., Sapiro, G.: O(n) implementation of the fast marching
algorithm. Journal of Computational Physics 212, 393–399 (2006)


	Guide-Wire Extraction through Perceptual Organization of Local Segments in Fluoroscopic Images
	Introduction
	Robust Local Segments Extraction
	Low-Level Detection
	Grouping

	Perceptual Organization of Segments
	Local Ordering Cost
	Global Ordering

	Experimental Validation
	Discussion
	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




