STEM CELL MICROSCOPIC IMAGE SEGMENTATION USING SUPERVISED
NORMALIZED CUTS

Xinyu Huangl, Chen Li*, Minmin Shen?, Kimiaki Shirahama®, Johanna Nyﬁ‘eler?’, Marcel Leist®, Marcin Grzegorzekl, and Oliver Deussen>

! Pattern Recognition Group, University of Siegen, Germany.
2 Interdiscipinary Center for Interative Data Analysis,
Modelling and Visual Exploration (INCIDE), University of Konstanz, Germany.
3 Doerenkamp-Zbinden Chair of in vitro Toxicology and Biomedicine, University of Konstanz, Germany.

ABSTRACT

A vast amount of toxicological data can be obtained from fea-
ture analysis of cells treated in vitro. However, this requires
microscopic image segmentation of cells. To this end, we
propose a new strategy, namely Supervised Normalized Cut
Segmentation (SNCS), to segment cells that partially overlap
and have a large amount of curved edges. SNCS approach
is a machine learning based method, where loosely annotat-
ed images are used first to train and optimise parameters, and
then the optimal parameters are inserted into a Normalized
Cut segmentation process. Furthermore, we compare our seg-
mentation results using SNCS to another four classical and t-
wo state-of-the-art methods. The overall experimental result
shows the usefulness and effectiveness of our method over the
six comparison methods.

Index Terms— Image Segmentation, Stem Cells, Ma-
chine Learning, Supervised Normalized Cut

1. INTRODUCTION

Modern toxicology uses changes in individual cells as end-
point to determine and quantify adverse effects. One ap-
proach is to use human migratory neural crest cells, a tran-
sient fetal stem cell type, to study developmental toxicity by
investigating changes in cellular features observable by mi-
croscopy. In previous experiments, it was observed that these
cells change their morphology upon treatment with chemicals
and different chemicals induce different cell shapes. We hy-
pothesize that if two compounds induce the same cell shape,
they interfere with the same biological process. Therefore,
we segment microscopic images of these cells in a first step,
then analyze cellular features in a later step.

As these cells are grown in relatively dense culture, they
are in contact with each other and have a lot of curved
edges. This makes their segmentation very difficult. Ex-
isting segmentation methods such as edge detection or wa-
tershed transformation could segment the main bodies of
cells well, but lose efficacy when the cells are dense or have
many curved edges. For example, edge detection algorithms
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can localise edges, but when the density of objects is very
high, many adjacent edges link together and lead to a wrong
segmentation result (see Fig. 2(b)). Because watershed usu-
ally merges many unrelated regions and easily results in an
over-segmentation of the image, it cannot exactly capture
the curved edges of cells under biological treatment (see
Fig. 2(c)).

Due to these two problems mentioned above, we estab-
lish a machine learning based segmentation method, the Su-
pervised Normalized Cut Segmentation (SNCS), which builds
a data-driven system using input examples, leading to a more
accurate segmentation result. This method enables us to seg-
ment cells even if they touch each other and have many curved
edges. The SNCS approach is constituted by a training and
segmentation step. In the first step, training images are first
manually segmented, then they are used in a supervised learn-
ing framework for optimising parameters for the segmenta-
tion. In the second step, the trained parameters are inserted
into a Normalized Cut (NC) approach [1] to obtain the seg-
mentation results for test images.

2. RELATED WORK

2.1. Cell Segmentation: Image segmentation methods have
been applied to different kinds of cell images. Segmentation
and classification of cancer cells was discussed in [2] and [3].
In [4] and [5], image segmentation methods are presented for
the blood cell analysis. Other applications include segmena-
tion of muscle cells [6] and brain cells [7]. However, there are
very less work on stem cell segmentation, and the challenges
of stem cell segmentation result from cell overlapping and
their curved edges [8].

2.2. Segmentation Approaches: Medical image segmenta-
tion methods are mainly categorized into ‘boundary based’,
‘region based’ and ‘model based’ [9]. Boundary based meth-
ods are based on the edges between different regions, which
are fast to compute and do not need priori information about
image contents. For example, many edge detection algorithm-
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s (e.g. Sobel method) are based on the change of the gradi-
ent of gray levels [10]. In [11] a new contour detection and
hierarchical image segmentation method is proposed, where
local and global information is combined to improve the seg-
mentation performance of the basic edge detection methods.
However, a main disadvantage of boundary based methods is
that they have a low efficiency for segmenting dense objects.

Region based segmentation methods are based on the
similarities between regions, including region growing, wa-
tershed and NC methods. The region growing method seg-
ments an image by connecting neighboring pixels based on a
similarity criterion [12]. The watershed algorithm uses image
morphology to segment images, and can recognise differen-
t regions in an image by using a morphological watershed
transformation [7]. The above three methods exhibit two
problems: Images of dense objects are over segmented, and
all methods have a low efficiency for capturing cells with
curved edges. In contrast, the NC method computes a sim-
ilarity matrix based on intervening contours and segments
the image according to a distance criterion [1]. It shows a
promising ability to solve the over-segmentation and curved
edge problems.

Markov Random Field (MRF) based segmentation method
is a model based segmentation approach, which is a natural
way to incorporate spatial correlations into a segmentation
process [13]. The MREF is a stochastic process that specifies
the local characteristics of an image, and it is combined with
the given data to reconstruct the true image.

Among all the methods mentioned above, the NC method
can overcome the over-segmentation and curved edge prob-
lems robustly. However, NC is an unsupervised approach,
which does not use any priori information of cell shapes,
resulting in a high possibility of great deviation within the
segmentation results. To reduce the risk of such deviation,
we propose the SNCS approach within a supervised learning
framework [14], where loosely annotated images are used
for training and optimising parameters of the NC approach.
Hence, this supervised approach further improves the seg-
mentation performance of the NC method, leading to an
efficient method for stem cell segmentation.

3. SEGMENTATION METHOD

3.1. Fundamentals of SNCS: SNCS is a graph based seg-
mentation method which divides an image according to some
criterion. In graph theory, a graph is represented as G =
(V,E), where V denotes nodes and E denotes edges con-
necting the nodes [15]. In image analysis, an image can be
regarded as a graph, where V' represents a set of all pixels as
shown in Fig. 1(a), and E denotes a set of all edges connect-
ing the pixels as shown in Fig. 1(b). G can be divided into
two separate sets A and B, AUB =V, ANB = (), by
simply removing edges connecting the two parts as shown in
Fig. 1(c).
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Fig. 1. SNCS segmentation process (a) Original image. (b)
Bipartite graph. (c) Segmentation results.

In graph theory, the above process is called a ‘cut’:

cAB) =) wuwv) ()

where C'(A, B) represents the cut of A and B, and w(u,v)
denotes the weight of the edge between u and v. The optimal
segmentation of a graph is the one that minimises C(A4, B),
which is called the ‘minimum cut’ of a graph [16].

However, the minimum cut criteria tends to cut small sets
of isolated nodes in the graph [16]. To avoid this unnatural
bias for segmentation, the SNCS criteria is defined follow-
ing [1]:

N(A,B)=C(A,B)/O(A,V)+ C(A,B)/O(B,V) (2)
where O(A, V') and O(B, V) are the total weights of edges
connecting pixels in A and B to all pixels in the graph, re-
spectively. Under this definition, because C'(A, B) is a large
percentage of both O(A4, V) and O(B, V) for the small iso-
lated nodes, the cutting bias problem is effectively solved.

For a given graph G = (V, E), the optimal partition is
computed by [1]:

min N (x) = minly" (P = Q)y]/(y" Py) 3)
(P—Q)y = APy )
P V2P —Q)P V22 =)z (5)

where z is an indicator vector, y is a non-zero vector, P
denotes the total connections of the node, () denotes the
weight matrix of the connections, A is the eigenvalue and
z = p~'/2y. Therefore, computing the optimal partition can
be regarded as a problem of seeking the eigenvectors with the
eigenvalues of Eq. (5).

3.2. Initialisation of SNCS: When segmenting an image, the
SNCS algorithm is initialised by an unsupervised clustering
process, consisting of the following five steps [1]: (I) Given
a weighted graph and a set of features to measure similarity,
then we define the weight on each edge and summarize the
information into ) and P. The weight on the edge should
reflect the similarity between each two pixels. For a gray-
scale image of a cell, we use the brightness value of the pixels



K and their spatial location R to define the graph edge weight
connecting two nodes ¢ and 5 as [1]:
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0 , otherwise

where o1 and o9 are empirically set constants in an unsuper-
vised NC system, and r is a predefined threshold. (II) Solve
(P—Q)x = APz for eigenvectors with the smallest eigenval-
ues. (IIT) Use the eigenvector with the second smallest eigen-
value to bipartition the image by finding the splitting point, so
that N(A, B) is minimised. (IV) Decide whether the current
segmentation should be subdivided by checking the stability
of the cut according to an empirical value o3 which is pre-
specified by Eq. (7). (V) Repartition the segmented parts if it
is necessary.

o3 =min(H(\))/ max(H (X)) @)

where H represents the histogram of the eigenvector values
and o3 is the ratio between the minimum and maximum val-
ues.

3.3. Training and Optimisation of SNCS: In the above ini-
tialisation step, SNCS relies on an unsupervised segmentation
process, where the parameters o and o2 in Eq. (6), and o3
in step (IV) are predefined empirically. There tuning is key to
achieve high-quality partitions. Thus, the SNCS approach op-
timise the parameters using training images. Although metic-
ulously manual annotation is a difficult and time-consuming
work, we only use training images which are loosely annotat-
ed, so the total effort involved in the training process is rea-
sonable (each cell costs about one minute to segment). Notic-
ing that the proposed approach is an improved NC which is
implemented in semi-supervised fashion rather than in a ful-
ly supervised fashion, the annotation work is relatively sim-
ple. First, training images are manually annotated by biol-
ogists according to their professional knowledge. Then, the
parameters are optimised using the training images in a su-
pervised learning framework as follows: First, we define an
object function as follows

S(Aa B) = argmaXA,B[iN(Aa B) + M(Aa B)] (8)

where A and B are the corresponding optimal pixel sets for A
and B, S(A, B) denotes the final segmentation result of the
image, N (A, B) is the SNCS criteriain Eq. (2), and M (A, B)
is the similarity between A and B, which is defined as the Eu-
clidean distance between their pixel brightness values. Sec-
ond, we initialise the parameters o1, o2 and o3 with priori
knowledge. Thirdly, we implement the SNCS segmentation
over all the training images using the initial parameters. Fi-
nally, we calculate the object function S (/i, B ) with respect
to parameters, where a global convergence approach is used

to guarantee that iterations converge to an optimal solution.
IfS (1217 B) is not convergent, then the parameters returns to
the previous step. We execute this process recursively until
S(A, B) gets to a maximal value.

4. EXPERIMENTAL RESULTS

4.1. Experimental Setting: We use 81 microscopic images
for test, including approximately 6000 cells. Additional 81
corresponding nucleus images are used to count the actual
segments of the image. In order to implement the proposed
SNCS method, we use 28 ground truth images including
about 1000 cells to train the system for optimising the param-
eters. The parameters of SNCS are initialised according to the
setting of NC in [1]. Furthermore, to compare the segmenta-
tion performance of SNCS, we tested six other segmentation
approaches, including four classical methods: Sobel edge
detection [10], watershed transformation [7], MRF [13] and
region growing [12], and two state-of-the-art methods: con-
tour detection [11] and NC [1] methods. Finally, two visible
and four numerical comparisons are provided for evaluating
the segmentation performance of SNCS using the ground
truth images. In our experiments, the number of the training
and testing cell images is relatively small. As the proposed
method is a supervised method, the performance is closely
related to the number and the variety of the training data.
When performing the method in a large scale setting with few
hundreds to thousands of cells with vastly varying morpholo-
gy, a large number of ground truth images including various
cells are required.

4.2. Experimental Results and Evaluation: Some segment-
ed cells with dense nucleus are shown in Fig. 2. When a seg-
mented region (in colours) contains a nucleus (in black), it has
a higher possibility to be correctly segmented. From Fig. 2 we
can find that watershed method has the best performance to
detect the regions of different cell types. Flowing watershed
transformation, SNCS, NC, region growing and contour de-
tection have similar results. MRF based segmentation meth-
ods obtain the worst results. This comparison shows that S-
NCS is robust to segment stem cells when the microscopic
images show densely distributed cells.

Fig. 3 shows the comparison of segmented regions (in
blue outlines) and the original cells by coincident areas. If the
segmentation is more accurate, the outlines are more close to
the actual curved edges of the cells.

From Fig. 3, we can find that SNCS and NC obtain the
best performance to describe the complicated and curved
edges of cells. Sobel edge detection and contour detection
have the second best performance. Lastly, watershed and
region growing have similar worse results. MRF based seg-
mentation method obtains the worst results, but the details of
the cell images are most similar to the ground truth image.
This comparison proves the usefulness of SNCS for solv-

4142



(h)

Fig. 2. Coloured results with nucleus of seven different seg-
ment methods. (a) Original stem cell image. (b) Ground truth.
(c) Sobel Edge Detection. (d) Watershed. (e) MRF. (f) Con-
tour Detection. (g) Region Growing. (h) NC. (i) SNCS.

ing the segmentation problem for cells with curved edges.
Furthermore, we use four numerical measures, similarity,
sensitivity, specificity [17] and RA (see below), to evaluate
the segmentation results. Similarity indicates the overall con-
sistency between segmented and ground truth images. It is a
value in [0, 1]. If the similarity is close to one, segmentation
is very similar to the ground truth. Sensitivity and specificity
represent the consistency of foreground and background, re-
spectively. RA is the ration between obtained segmentation
results and the existing number of cells, and it is defined as

number of the segments

RA = x 100% 9)

number of the actual nucleus
The segmentation result is more accurate, if RA is close to
100%. The segmentation method is under-segmentation, if
RA < 100%, and over-segmentation, if RA > 100%. A
numerical comparison is shown in Table 1.

Table 1 shows that SNCS obtains the highest similarity,
the third highest sensitivity, the best specificity, and the best
RA. The RA of SNCS is closest to 100%, demonstrating that
the proposed method can detect cells accurately in an image
with dense cells. Furthermore, the overall result of these four
measures shows that the SNCS outperforms other methods.
Thus, we prove that SNCS outperforms traditional NC due to
its machine learning approach.

Fig. 3. Outline results of seven different segment method-
s. (a) Original stem cell image. (b) Ground truth. (c) Sobel
Edge Detection. (d) Watershed. (e) MRF. (f) Contour Detec-
tion. (g) Region Growing. (h) NC. (i) SNCS. For a detailed
observation, a part of (a) in a blue boundingbox is zoomed in.

Table 1. Numerical comparison of segmentation results (in
[%]). The best results are in bold.

[ Methods H Similarity [ Sensitivity [ Specificity [ RA
Sobel Edge Detection 90.8 97.6 66.7 49.8
Watershed 92.3 333 81.0 140.6

MRF 85.1 42.7 73.5 25.9

Contour Detection 92.4 40.0 89.3 128.8
Region Growing 92.4 21.2 95.2 121.7

NC 92.3 52.1 95.2 118.3

SNCS 92.4 50.3 96.0 107.8

5. CONCLUSION AND FUTURE WORK

In this paper we propose a SNCS method for segmenting in-
dividual stem cells from an image, which takes advantage of
the justice of clustering criterion in NC algorithm and the ro-
bustness of supervised learning processes. The experimental
results show a good performance of our method. In the future,
we will use the segmentation results of SNCS in a clustering
process to aid taxonomic tasks in relation to stem cells [18].
Additionally, we will deal with annotating ground truth im-
ages and segmenting cells in a large scale setting.

4143



(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

[9]

(10]

(11]

[12]

6. REFERENCES

J. Shi and J. Malik, “Normalized cuts and image seg-
mentation,” IEEE Transactions on Pattern Analysis and
Machine Intelligence, vol. 22, no. 8, pp. 888-905, 2000.

X. Chen, X. Zhou, and S. Wong, “Automated segmenta-
tion, classification, and tracking of cancer cell nuclei in
time-lapse microscopy,” IEEE Transactions on Biomed-
ical Engineering, vol. 53, no. 4, pp. 762-766, 2006.

F. Yang, M. A. Mackey, and F. Lanzini, “Cell segmen-
tation, tracking, and mitosis detection using temporal
context,” in Medical Image Computing and Computer-
Assisted Intervention, 2005, pp. 302-309.

K. Jiang, Q. Liao, and S. Dai, “A novel white blood cell
segmentation scheme using scale-space filtering and wa-
tershed clustering,” in International Conference on Ma-
chine Learning and Cybernetics, 2003, pp. 2820-2825.

S. Farnoosh and S. Zainina, “A framework for white
blood cell segmentation in microscopic blood images
using digital image processing,” Biological Procedures
Online, vol. 11, no. 1, pp. 196-206, 2009.

A. K. Jain, S. P. Smith, and E. Backer, “Segmentation of
muscle cell pictures: a preliminary study,” IEEE Trans-

actions on Pattern Analysis and Machine Intelligence,
vol. 12, no. 3, pp. 232-242, 1980.

G. Lin, U. Adiga, and K. Olson, “A hybrid 3D water-
shed algorithm incorporating gradient cues and object
models for automatic segmentation of nuclei in confo-
cal image stacks,” Cytometry Part A, vol. 56, no. 1, pp.
23-36, 2003.

M. Shen, B. Zimmer, M. Leist, and D. Merhof, “Auto-
mated image processing to quantify cell migration,” in
Bildverarbeitung fuer die Medizin 2013, 2013, pp. 152—
157.

K. Fu and JK. Mui, “A survey on image segmentation,”’
Pattern Recognition, vol. 13, no. 1, pp. 3—16, 1981.

L. Sobel, “History and definition of the Sobel operator,”
2014.

P. Arbelaez, M. Maire, C. Fowlkes, and J. Malik, “Con-
tour detection and hierarchical image segmentation,”
IEEE Transactions on Pattern Analysis and Machine In-
telligence, vol. 33, no. 5, pp. 898-916, 2011.

J.Fan, D. K. Y. Yau, A. K. Elmagarmid, and W. G. Aref,
“Automatic image segmentation by integrating colour-
edge extraction and seeded region growing,” [EEE

Transactions On Image Processing, vol. 10, pp. 1454—
1466, 2001.

4144

[13]

(14]

[15]

[16]

[17]

(18]

Huawu Deng and David A Clausi, “Unsupervised im-
age segmentation using a simple mrf model with a new
implementation scheme,” Pattern recognition, vol. 37,
no. 12, pp. 2323-2335, 2004.

Y. T. Yang, B. Fishbain, D. S. Hochbaum, E. B. Nor-
man, and E. Swanberg, “The supervised normalised cut
method for detecting, classifying, and identifying spe-
cial nuclear materials,” Informs Journal on Computing,
pp. 1-14,2013.

J. A. Bondy and U. S. R. Murty,
Springer, Berlin, 2008.

Graph Theory,

Z. Wu and R. Leahy, “An optimal graph theoretic ap-
proach to data clustering: theory and its application to
image segmentation,” [EEE Transactions on Pattern
Analysis and Machine Intelligence, vol. 15, no. 11, p-
p. 1101-1113, 1993.

C. Li, K. Shirahama, and M. Grzegorzek, “Environmen-
tal microbiology aided by content-based image analy-
sis,” Pattern Analysis and Applications, vol. 19, no. 2,
pp- 531-547, 2016.

J. B. MacQueen, “Some methods for classification and
analysis of multivariate observations,” in Proceedings
of 5-th Berkeley Symposium on Mathematical Statistics
and Probability, 1967, pp. 281-297.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /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 true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /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 <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Required"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


