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Abstract

Studying community discovery algorithms for complex networks is necessary
to determine the origin of opinions, analyze the mechanisms of public opinion
transmission, and control the evolution of public opinion. The problem of
the existing clustering algorithm of the central node having a low quality of
community detection must also be solved. This study proposes a community
detection method based on the two-layer dissimilarity of the central node
(TDCN-CD). First, the algorithm selects the central node through the degree
and distance of the node. Selecting nodes in the same community as the central
node at the same time is avoided. Simultaneously, the algorithm proposes the
dissimilarity index of nodes based on two layers, which can deeply explore the
heterogeneity of nodes and achieve the effect of accurate community division.
The results of using Karate and Dolphins datasets for simulation show that
compared to the Girvan–Newman and Fast–Newman classical community
partitioning algorithms, the TDCN-CD algorithm can effectively detect the
community structure and more accurately divide the community.
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1 Introduction

Complex networks have the characteristics of complexity, being scale-
free [1, 2], and having a small world [3], which can be used to express all types
of complex systems in nature and the real world. Complex networks have a
specific organizational structure, and most of them have community structure
characteristics that show the state of local aggregation, but are dispersed
overall. The community discovery of complex networks has great significance
in the structural analysis and behavioral prediction of complex networks.

At present, the research of complex network community discovery has
many proposed ideas and algorithms, which can be divided into graph seg-
mentation, spectral, modularity-based, dynamic, and hierarchical clustering
methods. Among them, the hierarchical clustering method can effectively
display the network hierarchy and conveniently research on the network
topology. Therefore, the hierarchical clustering method has drawn extensive
attention in the research of community discovery in complex networks.

Hierarchical clustering methods are divided into split and condensed
methods. Divided methods [4, 5] with typical examples of GN algorithms [6, 7]
often fail to achieve accurate results. Community ownership cannot be
achieved because of the isolated nodes in the sparse network and because
time complexity is high. The time complexity of the aggregation method is
generally lower than that of the split method, and has a larger application
prospect in the study of community discovery.

According to the differing selection range of the node, the condensed
method can be divided into three parts, namely the global similarity
method [8–10] represented by the FN algorithm proposed by Newman [11],
the local similarity method [12, 13] represented by the label propagation
algorithm [14, 15], and the cluster method based on the center node represented
by the K-means algorithm [16–18]. The clustering method based on the
central node has the advantages of better accuracy, high quality of community
discovery, wide application scope, etc.

The partitioning results are greatly affected by the starting center node and
the long running time because of the disadvantages of the traditional K-means
algorithm. This study proposes a community- and node-based community
detection method based on two-layer dissimilarity of central node (TDCN-
CD). The basic idea of this algorithm is to regard each node in the network
as an independent community. First, large-degree nodes are selected based on
the node degree. The node’s distance is then used as a criterion for secondary
screening to ensure the accuracy of the center node selection. In solving the
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problem of the same dissimilarity among nodes in the community division, the
TDCN-CD algorithm defines the dissimilarity index of the two-level nodes
and deeply investigates the node dissimilarities to make the algorithm more
accurate and widely applicable. The simulation results show that the TDCN-
CD algorithm can effectively detect the community structure and achieve the
effect of accurately dividing the community.

2 Network Description

2.1 Complex Network Model

Complex networks can be specifically represented as diagrams G = (V,E),
where G is an undirected, unauthorized network, including N nodes
and M edges. V is a set of network nodes that can be represented as
V = {V1, . . . , VN}. E is a collection of network edges that can be represented
as E = {Eα|Eα ∈ V × V, α = 1, . . . , M}. The connection between nodes
is represented by the adjacency matrix A, and the value of A is 0 or 1. If an
edge connection exists between i and j, Aij = 1; otherwise, Aij = 0.

The distance Si,j between nodes i and node j is represented by a global-
based neighbor node metric, as shown in (1).

Si,j =

√√√√ N∑
p�=i,j

(Aip − Ajp)2 (1)

2.2 Single-layer Node Dissimilarity Index

The dissimilarity index of a node can describe the connection between nodes
in a complex network. This measures the probability that two nodes belong
to the same community. In the study of complex networks, the average path
is commonly used as a method for calculating the dissimilarity of nodes. The
average path L from nodes i to j is taken as the dissimilarity index of nodes,
which is proposed in the literature and shown in (2).

L =
1

N(N − 1)

∑
i,j

d(Vi, Vj) (2)

d(Vi, Vj) represents the shortest path length from nodes i to j. Its physical
meaning is the number of minimum edges that nodes i and j have to walk
through.
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The TDCN-CD algorithm adopts a global neighbor node measurement
method and uses the distance Si,j between nodes as the evaluation index
γ1(Vi, Vj) of the single-layer node dissimilarity, as shown in (3), because of
the high computational complexity of (2).

γ1(Vi, Vj) = Si,j (3)

2.3 Degree of the Node

The degree ki of a node refers to the number of all adjacent nodes of node i,
as shown in (4).

ki =
∑

j∈N,j �=i

Aij (4)

3 Two-layer Node Dissimilarity Index

The single-layer node dissimilarity index is used to divide the community.
The nodes can have the same asymmetry, and the community status of a
node cannot be judged according to the anisotropic nature of the single-layer
nodes. The TDCN-CD algorithm defines the dissimilarity index of the two-
layer node to solve this problem, which further ensures the accuracy of the
final community division.

As shown in Figure 1, two possible connection situations can be observed
between nodes i and j. The first type involves the two-layer adjacency node
q of node i being directly connected to node j. That is, nodes i and j are
connected by two nodes p and q. In this case, the two-layer dissimilarity index

Figure 1 Public node of two nodes.
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of nodes i and j can be expressed as (5).

γ21(Vi, Vj) =

√√√√ N∑
p�=i,j;q �=p,i,j

(AipApq − Ajq)2 (5)

The second type involves the two-layer adjacency node q of node i being
directly connected to one layer of the adjacent nodes s of node j. That is,
nodes i and j are connected by three nodes, namely p, q, and s. In this case,
the two-layer dissimilarity index of nodes i and j can be expressed as (6).

γ22(Vi, Vj) =

√√√√ N∑
p�=i,j;q �=p,i,j

(AipApq − AjsAsq)2 (6)

Comprehensively considering the two situations above, the TDCN-CD
algorithm-defined two-layer node dissimilarity index γ2(Vi, Vj) can be
expressed as (7).

γ(Vi, Vj) = γ1(Vi, Vj) + C ∗ γ2(Vi, Vj) (7)

The above formula (7) comprehensively considers the number of single-
layer neighbor nodes and the number of second-layer neighbor nodes in the
definition of node similarity index, which effectively avoids the problem that
community division cannot be performed because the number of single-layer
neighbor nodes is the same.

For a node i in the network, the clustering coefficient is defined as the ratio
of the number of connected edges between its neighbors to the possible sides.
The mathematical expression is shown in (8).

Ci =
2R(i)

ki(ki − 1)
(8)

R(i) represents the number of connected edges between the ki neighbors of
node i. C̄ is the average clustering coefficient shown in (9).

C̄ =
1
N

N∑
i=1

2R(i)
ki(ki − 1)

(9)

R(i) is the average clustering coefficient shown in (9).
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4 TDCN-CD Algorithm

4.1 TDCN-CD Algorithm

The TDCN-CD algorithm first traverses the entire network G, then calculates
the degree of all nodes in the network according to (4). Next, it sorts the nodes
in a descending order according to their degree and, after sorting, constitutes
a set VH = {V1, . . . , Vi, Vi+1, . . . , VN}, ki > ki+1. The first δ% of the nodes
in the set VH is selected to form a node set Vmax, where Vmax represents a
large number node set, as shown in the following formula (10).{

Vmax = {V1, . . . , VE}
E = ln(δ) (10)

In avoiding the selected multiple central nodes in the same community, we
also need to perform secondary filtering on the needed large numbers of nodes.
As shown in Figure 2, the nodes in the same community are very close. That
is, the dissimilarity of the major nodes in the same community is much smaller
than that of the major nodes in different communities. Therefore, using the
measure of the dissimilarity index of (3), calculating the dissimilarity between
two nodes in the set Vmax, setting threshold D, retaining large dissimilar nodes,
and constituting node set Vcore = {V1, . . . , VF }, F indicates the number of
network center nodes.

4.2 Community Division Based on Two Layers of Dissimilarity
Indicators

After determining the network center node according to the abovementioned
steps, we need to determine the communities to which the remaining nodes

Figure 2 Community relations of network G.
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Figure 3 Public adjacency node with the central node.

belong to. The community to which the node should belong to is calculated
according to the single-node dissimilarity index in (3).

As shown in Figure 3, we simply consider the single-layer node dissimilar-
ity indicators. Node i and the central node may have two common connected
single-layer neighbor nodes, b and c. The single-layer node dissimilarity
calculated according to (3) is

√
3. Node j and the central node also have

two common connected single-layer neighbor nodes, c and e. The single-
layer node dissimilarity calculated according to (3) is also

√
3. Nodes i and

j have the same anisotropy, and cannot determine which community they
belong to. We need to calculate their two-layer node dissimilarity evaluation
index according to (7) and divide the nodes into the community where the
central node with the least heterogeneity is located.

4.3 Using the Modularity Function to Evaluate the Results of
Division

Newman et al. proposed the network modularity evaluation function [19–22],
which is defined as (11). Its physical meaning is the proportion of edges
connecting two nodes of the same type in the network minus the expected
value of the proportion of the edges arbitrarily connecting the two nodes under
the same community structure. The modularity function is usually expressed
by (11).

Q =
∑

(eij − a2
i ) (11)

eij represents the proportion of the edges of the nodes in the network that
link two different communities in all sides. These two nodes are located in the
ith and jth communities. The sum of the elements in each row (or column) is
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ai =
∑

eij , which represents the proportion of edges connected to the nodes
in the ith community in all sides.

Traversing all nodes in the network and according to the two-layer dis-
similarity index, the nodes are divided into different communities, where the
central nodes are located. The modularity function Q is used as an evaluation
index for the quality of community division.

5 Experimental Analysis and Comparison

This study uses two real network data sets, namely Karate and Dolphins,
to conduct the experimental test and test the performance of the TDCN-CD
algorithm.

5.1 Analysis of Community Division Based on Real Network
Datasets

5.1.1 Community division analysis based on the Karate network
The Karate network is a social network built for members of the American
University Karate Club. The network contains 34 nodes and 78 edges.
The nodes in the network represent club members, while the edges represent
the connections between the members. Figure 4 shows the network topology.

Figure 4 Topology of the Karate network.
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TheTDCN-CD algorithm needs to use the two indicators of degree and average
clustering coefficient in the community division of complex networks. Figure 5
shows the degrees of nodes in the Karate network, while Figure 6 depicts the
clustering coefficients.

The TDCN-CD algorithm is used to divide the community in the Karate
network. Figure 7 shows the results.TheTDCN-CD algorithm proposed herein
is divided into two parts in the central node selection to ensure the accuracy of
the algorithm. First, the TDCN-CD algorithm traverses the entire network and
ranks in a descending order because the number of central nodes is the final
number of community partitions. After repeated verification, when δ = 31,
that is E ≈ 10% · N , the final number of central nodes can be completely
covered. A large proportion of the selection of large-degree node sets only
increases the difficulty of running the algorithm and increases the running
time; hence, the top 10% of the nodes is finally selected to form a large-degree
node set. Second, the TDCN-CD algorithm performs secondary screening on
large nodes to avoid the selected central nodes in the same community. In the
code-debugging process, we find three nodes and the calculated dissimilarity
values of [4.7958, 4.5825, 2.8284].The third dissimilarity value is significantly

Figure 5 Degree of the Karate network.



80 Y. Zhang and Z. Chen

Figure 6 Clustering coefficient of the Karate network.

Figure 7 Community division results of the Karate network based on the TDCN-CD
algorithm.

smaller than the first two, and should be removed. Therefore, in this test,
threshold D is set to 4. Compared with the real network, the node with number
10 is incorrectly divided, and the remaining nodes have the same division result
as the real network.
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5.1.2 Community division analysis based on the Dolphins
network

The Dolphins network is a social network built to study the membership in
the dolphin community. The network includes 62 nodes and 159 edges. The
nodes in the network represent the members of the community, while the
edges represent the links between the members. Figure 8 shows the network
topology. Figure 9 depicts the degree of nodes in the Dolphins network.
Figure 10 shows the clustering coefficients.

The TDCN-CD algorithm is used for community partitioning on the
Dolphins network. Figure 11 illustrates the results. The TDCN-CD algorithm
proposed herein is divided into two parts in the central node selection to ensure
the accuracy of the algorithm. First, take δ = 492, that is E ≈ 10% · N , in
the selection of the large degree node set, and select the top 10% of the nodes
to form a large degree node set. Second, the TDCN-CD algorithm performs
secondary screening on large nodes to avoid the selected central nodes in the
same community. In the code-debugging process, we find six nodes and the
calculated dissimilarity values of [4.3589, 2.4495, 4.2426, 2.4495, 3.1622,
3.6056]. The dissimilarity values of the second, fourth, and fifth nodes are
significantly smaller, and should be removed. The values of the first, third,
and sixth nodes are relatively close. Experiments show that when threshold
D = 4 is taken, the community partitioning effect is the best, that is, the sixth
value should also be removed. Therefore, in this test, threshold D is set to 4.

Figure 8 Topology of the Dolphins network.
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Figure 9 Degree of the Dolphins network.

Figure 10 Clustering coefficient of the Dolphins network.
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Figure 11 Community division results of the Dolphins network based on the TDCN-CD
algorithm.

Figure 12 Topology of the Football network.

Compared with the real network, the node numbered 31 is incorrectly divided,
and the remaining nodes are all the same as the real network.

5.1.3 Community division analysis based
on the Football network

The Football network is a social network built to study the membership in
the football community. The network includes 115 nodes and 613 edges. The
nodes in the network represent the members of the community, while the
edges represent the links between the members. Figure 12 shows the network
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Figure 13 Degree of the Football network.

topology. Figure 13 depicts the degree of nodes in the Football network.
Figure 14 shows the clustering coefficients.

The TDCN-CD algorithm is used for community partitioning on the
Football network. Figure 15 illustrates the results. The TDCN-CD algorithm
proposed herein is divided into two parts in the central node selection to ensure
the accuracy of the algorithm. First, take δ = 492, that is E ≈ 10% · N , in
the selection of the large degree node set, and select the top 10% of the nodes
to form a large degree node set. Second, the TDCN-CD algorithm performs
secondary screening on large nodes to avoid the selected central nodes in the
same community. In the code-debugging process, when threshold D = 5 is
taken, the community partitioning effect is the best. Therefore, in this test,
threshold D is set to 5.

5.2 Community comparison based on real network datasets

This study uses modularity Q as an indicator to evaluate the quality of
community classification. In real network datasets, it compares the community
quality of the TDCN-CD algorithm and the classical GN and FN algorithms.
Tables 1–3 show the experimental results. The value of Q obtained by
the community division of the Karate network in the TDCN-CD algorithm
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Figure 14 Clustering coefficient of the Football network.

Figure 15 Community division results of the Football network based on the TDCN-CD
algorithm.
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Table 1 Community-divided experimental results on the Karate network
GN FN TDCN-CD

Q 0.6848 0.4970 0.7293

Table 2 Experimental results of community division on the Dolphins network
GN FN TDCN-CD

Q 0.8245 0.5794 0.8356

Table 3 Experimental results of community division on the Football network
GN FN TDCN-CD

Q 0.5894 0.4753 0.6032

is 0.7293, obtained by the community division of the Dolphins network in the
TDCN-CD algorithm is 0.8356, while that obtained after community division
in the Football network is 0.6032. The results are both higher than those of
the two classical algorithms. The results are both higher than those of the two
classical algorithms.

6 Conclusion

This study proposes a TDCN-CD algorithm based on the heterogeneity of
two-layer nodes for the deficiencies of the current node-based dissimilarity
measurement methods. The algorithm uses the degree and distance of the
node as an evaluation index and determines the central node through two
screenings to ensure the correctness of the central node selection. This is done
to solve the problem that the single-layer nodes have the same dissimilarity
index and cannot determine the community to which the node belongs to. This
study introduces the two-layer dissimilarity index to ensure the accuracy of
community division.Through an experimental analysis in real data sets, we can
see that the TDCN-CD algorithm proposed herein is better than the classic
GN and FN algorithms for community division. Therefore, the TDCN-CD
algorithm is an effective community-partitioning algorithm.
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structure in networks: Girvan-Newman algorithm improvement’, 2014
37th International Convention on Information and Communication Tech-
nology, Electronics and Microelectronics (MIPRO), pp. 997–1002, 24
July 2014.

[8] Canh Hao Nguyen, Nicolas Wicker, Hiroshi Mamitsuka, ‘Selecting
Graph Cut Solutions via Global Graph Similarity’, IEEE Transactions on
Neural Networks and Learning Systems, vol. 25, no. 7, pp. 1407–1412,
July 2014.

[9] Biao Jie, Mingxia Liu, Daoqiang Zhang, Dinggang Shen, ‘Sub-Network
Kernels for Measuring Similarity of Brain Connectivity Networks in
Disease Diagnosis’, IEEE Transactions on Image Processing, vol. 27,
no. 5, pp. 2340–2353, May 2018.

[10] Jin Zhou, Long Chen, C. L. Philip Chen, Yingxu Wang, Han-Xiong Li,
‘Uncertain Data Clustering in Distributed Peer-to-Peer Networks’, IEEE
Transactions on Neural Networks and Learning Systems, vol. 29, no. 6,
pp. 2392–2406, June 2018.



88 Y. Zhang and Z. Chen

[11] Pravin Chopade, Justin Zhan, ‘AFramework for Community Detection in
Large Networks Using Game-Theoretic Modeling’, IEEE Transactions
on Big Data, vol. 3, no. 3, pp. 276–288, 01 September 2017.

[12] Liang Zhao, Zhikui Chen, Zhennan Yang, Yueming Hu, Mohammad
S. Obaidat, ‘Local Similarity Imputation Based on Fast Clustering for
Incomplete Data in Cyber-Physical Systems’, IEEE Systems Journal,
vol. 12, no. 2, pp. 1610–1620, June 2018.

[13] Zhong Li, Cheng Wang, Siqian Yang, Changjun Jiang, Xiangyang Li,
‘LASS: Local-Activity and Social-Similarity Based Data Forwarding in
Mobile Social Networks’, IEEE Transactions on Parallel and Distributed
Systems, vol. 26, no. 1, pp. 174–184, 01 Jan 2015.

[14] Qian Shi, Bo Du, Liangpei Zhang, ‘Domain Adaptation for Remote
Sensing Image Classification: A Low-Rank Reconstruction and Instance
Weighting Label Propagation InspiredAlgorithm’, IEEE Transactions on
Geoscience and Remote Sensing, vol. 53, no. 10, pp. 5677–5689, October
2015.

[15] Pengcheng Zhang, Xuewu Zhou, Patrizio Pelliccione, Hareton
Leung, ‘RBF-MLMR: A Multi-Label Metamorphic Relation Predic-
tion Approach Using RBF Neural Network’, IEEE Access, vol. 5,
pp. 21791–21805, 02 October 2017.

[16] Xiaojun Chen, Xiaofei Xu, Joshua Zhexue Huang, Yunming Ye, ‘TW-k-
means: Automated two-level variable weighting clustering algorithm for
multiview data’, IEEE Transactions on Knowledge and Data Engineer-
ing, vol. 25, no. 4, pp. 932–944, April 2013.

[17] Fasahat Ullah Siddiqui, NorAshidi Mat Isa, ‘Enhanced moving K-means
(EMKM) algorithm for image segmentation’, IEEE Transactions on
Consumer Electronics, vol. 57, no. 2, pp. 833–841, May 2011.

[18] Vethamuthu Nesamony Manju, Alfred Lenin Fred, ‘AC coefficient and
K-means cuckoo optimisation algorithm-based segmentation and com-
pression of compound images’, IET Image Processing, vol. 12, no. 2,
pp. 218–225, January 2018.

[19] Mingming Chen, Konstantin Kuzmin, Boleslaw K. Szymanski, ‘Com-
munity Detection via Maximization of Modularity and Its Variants’, IEEE
Transactions on Computational Social Systems, vol. 1, no. 1, pp. 46–65,
March 2014.



Community Detection Method Based on Two-layer Dissimilarity of Central Node 89

[20] Zhangtao Li, Jing Liu, Kai Wu, ‘A Multiobjective Evolutionary Algo-
rithm Based on Structural and Attribute Similarities for Community
Detection in Attributed Networks’, IEEE Transactions on Cybernetics,
vol. 48, no. 7, pp. 1963–1976, July 2018.

[21] G. Agarwal, D. Kempe, ‘Modularity-maximizing graph communities via
mathematical programming’, European Physical Journal B, vol. 66, no. 3,
pp. 409–418, December 2008.

[22] M. E. J. Newman. ‘Modularity and community structure in networks’,
pp. 8577–8582, 2006.

Biographies

Yuexia Zhang (1978–), female, born inAnyang, Henan Province, received her
master’s and doctoral degrees in Information and Communication Engineering
from Beijing University of Posts and Telecommunications in 2008. She has
been an assistant professor at the School of Information and Communica-
tion Engineering of Beijing Information Science and Technology University
since 2008. Her research interests include wireless cooperative commu-
nication technology, ultra-wideband technology and wireless positioning
technology.



90 Y. Zhang and Z. Chen

Ziyang Chen (1995–), female, born in Beijing, received a bachelor’s degree
in Information and Communication Engineering from Beijing Information
Science and Technology University in 2017. She is currently pursuing a
master’s degree at Beijing University of Information Science and Technology.
Her research direction is complex network public opinion communication
analysis.



<<
  /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 /CMYK
  /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 -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /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 -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /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 ()
  /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 <>
    /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 [612.000 792.000]
>> setpagedevice


