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Abstract:

This paper makes use of the continuous eccentricity transform to perform shape matching. The
eccentricity transform has already been proven useful in a discrete graph-theoretic setting. We
show how these ideas extend naturally to the continuous setting thus bringing a higher geomet-
rical fidelity. The continuous eccentricity transform is used to compute multiscale descriptors
for shapes. These descriptors are defined as histograms of the eccentricity transform of a
scale-space representation of the shape. These multiscale descriptors are naturally invariant
to euclidean motion and bending. They show promising results for shape discrimination.

1 Introduction

Shape recognition is a central topic in computer vision. It requires to set up a signature
that characterizes the properties of interest for the recognition [16]. The invariance of this
signature to local deformations such as articulations is important for the identification of 2D
shapes. Matching can then be carried out over this reduced space of signatures.

Most shape descriptors are computed over a transformed domain that amplifies the important
features of the object while throwing away ambiguities such as translation, rotation or local
deformations. The Fourier transform of the boundary curve [17] is an example of such trans-
formed domain descriptor adapted to smooth shapes. Shape transformations computed with
geodesic distances [2] lead to signatures invariant to isometric deformations such as bending
or articulation. To capture salient features of objects, local quantities such as curvature [9] or
shape contexts [1] can be computed. They can be extended to bending invariant signatures
using geodesic distances [7]. More global features include the Laplace spectra [11] and the
skeleton [15].

Some transformations involve the computation of a 2D function defined on the shape, for
instance the solution to a linear partial differential equation [3] or geometric quantities [10].
One can also use geodesic distance information such as the mean-geodesic transform [4]. In this
paper, we propose to use the eccentricity transform [5], computed using continuous geodesic
distances [13], for shape matching. In Sec. 2 the eccentricity transform is presented. Sec. 3
presents our eccentricity histogram descriptors. Experimental results are shown in Sec. 4.

1 Partially supported by the Austrian Science Fund under grants S9103-N04 and P18716-N13.



2 Eccentricity Transform

A shape is a planar, connected, bounded and closed set S C R? with a piecewise-smooth
boundary 9S. In practice we consider a discretized version of S which can be represented
using an image fg of n pixels where fg is the indicator of the shape: fg(x) =1 for z € S and
fs(z) = 0 otherwise. Such a discretized representation is usually acquired from some digitized
continuous shape.

The geodesic inner distance between two points x,y € S is defined as

1
ds(ey)™ min L)  where  L(y) / o/ (1),
0

YEP(x,y)

where P(x,y) is the set of paths () C S joining = to y: y(0) = x and (1) = y. The
computation of the distance function U(z) = dg(zo, ) to some starting point zo € S can be
computed efficiently as the solution of the non-linear Eikonal equation:

VeelS, |VU(@)|=1 and U(0) = 0. (1)

We note that this resolution is restricted to S, which makes the function U different from the
traditional euclidean distance function « — |z — x| for non-convex shapes. Fig. 1 shows a
comparison of the geodesic and euclidean distances. The Eikonal equation (1) can be solved
in O(nlog(n)) operations for a grid of n points using the Fast Marching algorithm [13].
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Figure 1: (a,c) Two examples of euclidean distance functions |xo — x| restricted to S. (b,d) The
geodesic distances d(xg,x) to some starting point x.

The eccentricity transform of a shape S, assigns to each point p € S the shortest geodesic
distance to the point of S farthest away from it. The eccentricity of the shape S is defined as

def.
ECCs(x) = s ds(z,y) = max ds(x,y). (2)

This is a continuous and piecewise smooth function. A point y that reaches the global max-
imum in (2) is called eccentric. We denote £(S) the set of eccentric points. An important
property due to [5] is that £(S) is included in the boundary of S: £(S) C 0S. The set of
eccentric points allows to define a segmentation of S into eccentric regions

S= |J A  where A, ={y\ECCs(y) =ds(y,2)}.



The eccentricity is computed by performing a Fast Marching propagation from each z € 0S5 in
order to compute the set of distances {d(z, y)}+cas. This method requires O(|0S|nlog(n)) op-
erations where |05/ is the number of pixels on the boundary of S. Fig. 2 shows the eccentricity
transform of two shapes.

The eccentricity transform has already been studied on a discrete graph [5]. The set of values
{ECCg(x)}zes is invariant under rigid motion and isometric transform of S, which includes
bending. It is also nearly-invariant under articulations, see [7, 5].

Another property of ECCg is that it is robust to salt and pepper noise that might create holes
in S, because a hole or a segmentation error of size € only modifies the eccentricity ECCg by
no more than e. It is very different from local descriptors such as the curvature [9] or even
global ones such as the structure of the skeleton [15] which are not robust to this kind of noise.

W

Figure 2: Left: the binary shape indicator function fs for two different shapes. Center: ec-
centricity transform ECCg, the values range from 0 to max, ECCs(z). The eccentric center
C(S) = argmin, Fs(z) is displayed as a point. Right: eccentric points £(S) together with the
segmentation in eccentric regions A, for x € £(S).
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3 Eccentricity Histogram Matching

In order to match two shapes from two binary images we first create a shape descriptor for
each of them and then match these descriptors to obtain a similarity measure. This paper
proposes two approaches based on a single and a multiscale descriptor.

Mono-scale descriptor. The basic building block for our shape descriptor is the histogram
hg of the eccentricity transform ECCg of the shape S. We use m bins to estimate the histogram

and in numerical applications, we use m = 200. The histogram descriptor is then the vector
hs € R™ defined by

. : -1 ECCs(x) — min(ECCyg) i
Vi=l..om hs(i) = |S| {m €5 \ S max(FCCg) — min(ECCy) < mf’




Figure 3: Top: eccentricity transform ECCg for some shapes S used during experiments. Bot-
tom: corresponding histograms hg.

where |S| is the number of pixels in S. Fig. 3 shows examples of histograms for shapes with
different geometric features. We note that the histogram hg is invariant under euclidean
transformations, scaling and isometric bending of S.

Multiscale descriptor. In order to capture more geometric information about a shape S,
we compute a non-linear scale-space of S and extract the histograms of the eccentricity over
a scale-space domain.

In order to smooth the shape, we perform the following mean curvature evolution [13]")

Al
ot
where k;(u) is the curvature of the curve 7;(u) and 7;(u) is the normal vector to the curve.

The curve ~; is thus a smoothed version of the boundary of S after a diffusion during a time
t. Fig. 4, left, shows the process of shape smoothing.

(w) = ke(w) i (w)  with  yo(u) = DS (u),

This curve smoothing allows to define a set of shapes {S*}X_ | where S* is the shape whose

boundary is 9S* <= 1, with dyadic time steps ¢, = 72%. The number of shapes is set to K = 3
in our numerical tests and 7 is of the order of 5 pixels.

Our shape descriptor is composed of the histograms of the eccentricity transform over the
scale space domain
Dg “ {hgi,...,hgr}.

Fig. 4 shows an example of descriptor. During smoothing, elongated parts tend to disappear,
which affects the histograms.

Comparison of histograms. In order to match two descriptors Dg and Dy of two shapes
S and S, we need to compute a meaningful distance between histograms. Let i € R™ and
h € R™ be two histograms. We propose to use the simple Ls-norm defined by

DNote that more elaborate methods, like the one presented in [9], could be used.
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Figure 4: Upper left : smoothed shapes S* for 0 < k < 5. Bottom left : corresponding eccentricity
transform ECCs:. Right : overlay of the histograms hgi.
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One could use more elaborate metrics such as the y? metric, the earth mover distance or
those defined in [10], but we found in numerical experiments that all these metrics give results
similar to 9.

We can compute the distance A(S, S ) between two shapes S, S as the weighted sum of the
distance of their histogram descriptors Dg = {hg1,...,hgx} and Dg = {hg, ..., hgx}

K

k=1

In our experiments we used wy = 2,%1

4 Experiments

For the experiments we have used three shape databases: Kimia 25 [14], Kimia 99 [12] and
MPEG7 CE-Shape-1 [6]. For the Kimia 25 and Kimia 99 databases, the eccentricity ECCg
is computed directly on the images as shown in section 2. For the MPEG 7 database, which
contains 1400 images with varying sizes, we rescale the images to 256 x 256 pixels.

A shape database is composed of ¢ shapes {S;}{_, and each shape S; has a label (i) €
{1,. .., lmax}- Each label value 1 < ¢ < £, defines a class of shapes C; = {S; \ £(i) = ¢}.
The left column of the three blocks of Fig. 5 shows some shapes from the Kimia database,
ordered by classes (such as fish, planes, rabbits, etc.). Any shape matching algorithm « assigns
to each shape S; a vector of best matches ®; where ®;(1) is the shape the more similar to .S;,
®,;(2) is the second hit, and so on.

For the Kimia 99 database, /,.x = 9 and ¢ = 99. We measure the efficiency of various
matching algorithms on Kimia databases by the number of correct matches for each ranking
position k

q
Matche(®) = ) Li—@.m) < ¢-
Tables 1 and 2 give the value of Match,, for various shape matching algorithms.

In the case of the MPEGT database, which contains £,,,, = 70 classes with 20 images each, so
q = 70 x 20, the efficiency of matching algorithms is computed using the standard Bullseye



| Algorithm « |k:1| 2 | 3 |

Sharvit et. al 23 | 211 20
ECC-Hist 25 | 20| 16
ECC-M.-Hist 25 | 21| 15
Gdalyahu and Weinshall | 25 | 21 | 19
Belongie et. al 25 | 24| 22
ID-Shape Context [1] 25 | 24|25

Table 1: The value of Matchy(®) for various algorithms on the Kimia 25 database. See [7] for a
description of these algorithms.

| Algorithm « | k=1 | 2 | 3 | 4 | 5 | 6 | 7 | 8 | 9 | 10 |
ECC-Hist 99 | 87 | 74|67 |64 |49 | 52|45 |38 | 33
ECC-M.-Hist 99 |83 | 79|68 | 72|60 | 55|44 |43 | 40
Shape Context 97 |91 | 88 | 8 |84 | 77 | 75| 66 | 56 | 37
Gen. Model 99 |97 199 |98 | 96 | 96 | 94 | 83 | 75 | 48
Shock Edit 99 199199 |98 |98 |97 |96 | 95 | 93 | 82
ID-Shape Context [1] | 99 |99 [ 99 | 98 | 98 | 97 | 97 | 98 | 94 | 79

Table 2: The value of Match,(®) for various algorithms on the Kimia 99 database. See [7] for a
description of these algorithms

test. This test counts the number of correct hits (same class) in the first 40 hits

o 1 : 1
Bullseye(®) = 25- > > Lugy=umon) = 35, 2, Matchy(®) <1

k<40 i=1 k<40

For each image there can be at most 20 correct hits i.e. a maximum of 20 x 1400 hits can
be obtained and thus Bullseye(®) < 1. Table 3 gives the value of Bullseye for various shape
matching algorithms.

The overall results over both Kimia 25 and Kimia 99, and over MPEG 7 are slightly bellow
the state of the art. It is important to consider that the proposed methods are simple since
they only require the computation of geodesic distances and histograms. In contrast, the
most efficient shape matching algorithms [1, 7] are more complicated and require extraction
of salient features and local signatures that need to be aligned or registered.

Case Study - Kimia 25 Fig. 5 shows the retrieval results for Kimia 25 using the single
scale descriptor. The first column shows the 25 shapes S;. The following set of shapes forms
an array where the shape at row i and column k is ®;(k), the rank-k shape associated to S;.

The Kimia 25 database has shapes from 6 classes: 5 classes with 4 images each, and one
(hands) with 5 images (1 simulating a segmentation error). As one can see looking at the

first 5 columns, the class with the best results are rabbits, followed by tools, hands, fishes,
| Algorithm o | Bullseye(®) |

ECC-Hist 44.28%
ECC-M.-Hist 45.90%
Shape Context 64.59%

ID-Shape Context 68.83%

Table 3: The value of Bullseye(®) for various algorithms on the MPEG 7 databases.
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Figure 5: Retrieval results for the single scale descriptor on the Kimia 25 database.
airplanes and greebles (the shapes that do not look like anything we know). Two questions
immediately rise when looking at these results:

1. Why are the greebles considered to be more similar to the hands than to other greebles?
2. Why does a rabbit appear in so many cases when the matching has failed?

For the first question, look at the histograms of the greebles and the unoccluded hands (see
Fig. 6.a). The histograms are very similar even though the shapes are different, e.g. the
histogram of the first greeble (Fig. 6.a top-left) looks more similar to the hands, than the
second and third greeble. This is due to the abstraction of a 2D shape to a 1D histogram,
which disregards the structure of distances/paths.

For the second question, we consider the shapes in Fig. 6.b (a rabbit - Sjg, and two tools
- So5 and Ssy), and the results, ®o5, in the bottom row of Fig. 5. When matching Sas, the
rabbit has a better score than Sy, even though one might say that the histograms of So; and
Sao reveal more similar distance characteristics than the histogram of Sig (see Fig. 6.b) i.e.
both So5 and Sy have more long distances than medium, and short, while Sig has a peak
in the medium. This is due to histogram matching methods, inherently low level, failing to
capture the high level context of the task. Besides the Lo-norm we have also looked at the x?
statistic [7] and diffusion distance [8] and both produce similar results.

Geometrical properties of the shapes are well captured by our low-dimensional descriptors.
For instance, elongated shapes are well separated from more compact shapes. However, more

advanced geometrical features, such as intricate structural properties are thrown away by our
signature extraction. This is for instance why the class “greebles” is not separated enough

from the class “hands”.
A A & A @ N N
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Figure 6: (a) Histograms for: top: greebles, and bottom: unoccluded hands. (b) top: Three
shapes from the Kimia 25 database, and bottom: their eccentricity histograms.
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Conclusion

In this paper we have presented the continuous eccentricity transform. We studied it’s applica-
tion to shape matching using descriptors computed with the continuous eccentricity transform.
These descriptors are defined as histograms of the eccentricity transform of a scale-space rep-
resentation of the shape. Results of the proposed method on three well known databases are
presented and compared with the state of the art methods. We plan to study decomposition
of articulated shapes using the eccentricity transform and extend the current approach to part
based shape matching.

References

1]
2]

3]
[4]
[5]
(6]

S. Belongie, J. Malik, and J. Puzicha. Shape matching and object recognition using shape contexts. IEEE
Trans. Pattern Anal. Mach. Intell., 24(4):509-522, 2002.

A. M. Bronstein, M. M. Bronstein, A. M. Bruckstein, and R. Kimmel. Matching two-dimensional ar-
ticulated shapes using generalized multidimensional scaling. In Proc. Conf. on Articulated Motion and
Deformable Objects, pages 48-57, 2006.

L. Gorelick, M. Galun, E. Sharon, R. Basri, and A. Brandt. Shape representation and classification using
the poisson equation. In CVPR (2), pages 61-67, 2004.

A. Ben Hamza and H. Krim. Geodesic object representation and recognition. In DGCI: International
Workshop on Discrete Geometry for Computer Imagery, 2003.

W. G. Kropatsch, A. Ton, Y. Haxhimusa, and T. Flanitzer. The eccentricity transform (of a digital shape).
In 13th DGCI, pages 437-448, Hungary, October 2006. Springer.

L. J. Latecki, R. Lakdmper, and U. Eckhardt. Shape descriptors for non-rigid shapes with a single closed
contour. In CVPR 2000, 13-15 June 2000, Hilton Head, SC, USA, pages 1424-1429. IEEE Computer
Society, 2000.

H. Ling and D. W. Jacobs. Using the inner-distance for classification of articulated shapes. In CVPR
2005, 20-26 June 2005, San Diego, CA, USA, pages 719-726, 2005.

H. Ling and K. Okada. Diffusion distance for histogram comparison. In CVPR 2006, 17-22 June 2006,
New York, NY, USA, pages 246253, 2006.

F. Mokhtarian and A. K. Mackworth. A theory of multiscale, curvature-based shape representation for
planar curves. IEEFE Trans. Pattern Analysis and Machine Intelligence, 14(8):789-805, August 1992.

R. Osada, T. Funkhouser, B. Chazelle, and D. Dobkin. Shape distributions. ACM Trans. Graph.,
21(4):807-832, 2002.

M. Reuter, F-E. Wolter, and N. Peinecke. Laplace-spectra as fingerprints for shape matching. In
L. Kobbelt and V. Shapiro, editors, Symp. on Solid and Physical Modeling, pages 101-106. ACM, 2005.

Thomas B. Sebastian, Philip N. Klein, and Benjamin B. Kimia. Recognition of shapes by editing their
shock graphs. IEEE Trans. Pattern Anal. Mach. Intell., 26(5):550-571, 2004.

J.A. Sethian. Level Sets Methods and Fast Marching Methods. Cambridge Univ. Press, 2nd edition, 1999.
D. Sharvit, J. Chan, H. Tek, and B. Kimia. symmetry-based indexing of image databases, 1998.

K. Siddiqi, A. Shokoufandeh, S. Dickinson, and S. W. Zucker. Shock graphs and shape matching. Inter-
national Journal of Computer Vision, 30:1-24, 1999.

R. C. Veltkamp and L.J. Latecki. Properties and performance of shape similarity measures. In Proc. of
IFCS 2006, 2006.

C. T. Zahn and R. Z. Roskies. Fourier descriptors for plane closed curves. IEEE Trans. Computer,
21(3):269-281, March 1972.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /DEA ()
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


