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ABSTRACT 
On noticing the paradox of visual polysemia and concept poly-
morphism, this paper proposes a new perspective called “Vicept” 
to associate elementary visual features and cognitive concepts. 
Firstly, a carefully prepared large image dataset and associate 
concepts are established. Secondly, we extract local interest 
points as the elementary visual features, cluster them into visual 
words, and use Fuzzy Concept Membership Updating (FCMU) to 
build the link between codebook and concept membership distri-
butions. This bottommost feature is called “Vicept word”. Then, 
the global level Vicept features are established to correlate con-
cepts with (partial) images. Finally, we validate our Vicept ap-
proach and show its effectiveness in concept detection task. Our 
approach is independent of case-specific training data and thus 
can be extended to web-scale scenarios. 

Categories and Subject Descriptors 
I.2.10 [Vision and Scene Understanding]: Vision; I.4.7 [Image 
Processing and Computer Vision]: Feature Measurement, Image 
Representation 

General Terms 
Algorithms, Measurement, Performance, Experimentation 

Keywords 
Image Understanding ， Concept detection, VPCP paradox 
Vicept，FCMU. 

1. INTRODUCTION 
Image processing and analysis is a hot research topic in multime-
dia domain. While how to extract semantic information from im-
ages still remains a big challenge. To deal with this issue, re-
searchers have proposed various approaches from different per-
spectives, such as image classification [1], image annotation [2], 
image retrieval [3], object recognition [4], etc. Most existing 
methods are still far from satisfactory either for limited training 
data or limited concept types. These problems restrict applications 
on web-scale environment. 

To have a deep insight into this issue, there exists the paradox of 
visual polysemia and concept polymorphism (VPCP paradox) in 
image semantic understanding. In Figure 1 (a), v  is apt to appear 
in concept: zebra. However, the visual appearance v  is actually 

shared by the elements in concept collection {zebra, shoes, 
clothes, cup, bag, camera}. In Figure 1 (b), concept “brooch” 
shows the appearance variety according to different examples. 
Every visual appearance contains useful information for 
“brooch” and it is the polymorphism of concept that greatly in-
creases the detection difficulty. 

Traditional global features such as image color and texture only 
capture some aspects of visual characteristics, and they normally 
cannot be directly correlated with image semantics. Recently, 
local feature has been studied extensively. Image local feature 
such as SIFT is robust to affine transformations and illumination 
changes [5], thus it can generate compact and effective image 
representations. However, many unrelated local features may 
degrade the performance of concept detection. On the other hand, 
according to the generation procedure, one visual word may come 
from different concepts. This is often neglected when detecting 
concepts via local descriptors. Therefore, the VPCP paradox 
should be directly investigated to solve the above problems.  

 
Figure 1 (a) Visual polysemia        (b) Concept polymorphism. 
Some researches try to understand images from more generous 
perspective. Liu et al. [6] propose a bi-layer sparse coding formu-
lation operating on the over-segmented images to uncover how 
these segments reconstruct the semantic region, which can be 
used for automatic label to region scheme. Sivic et al. [7] dis-
cusses the problem of visual polysemia, and proposes an LDA-
based method to group codewords in spatial proximity. The same 
codeword found in two different contexts could be differentiated. 
These works provide new insights on image analysis, however, 
most of them are in the primary research stage and they are lim-
ited for wide applications on large dataset. The 80 million large 
image dataset proposed by Torralba et al. [8] is an innovative idea 
by comparing the concept-unknown images with the established 
representative concept-known-small-image-set. This method 
could work well for image global concepts; while many locally 
existed concepts may be neglected yet.  

This paper proposes a new perspective to process and represent 
images based on a basic proposition that each local visual appear-
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ance in an image has various possibilities to be related with a 
serious of semantic concepts. In this procedure, a purified image 
dataset is first established based on a concept hierarchy covering 
frequently used concepts. Then SIFT descriptors are extracted and 
representative visual words are clustered accordingly. Thus the 
link between visual word and concept distribution possibilities 
can be built by a proposed Fuzzy Concept Membership Updating 
(FCMU) method. In another word, a visual word can be repre-
sented by a concept histogram. This local representation is called 
“Vicept word”. We can further compute the global level Vicept 
description on the images or part of images. The proposed Vicept 
avoids the traditional “feature extraction-concept learning” 
schema by directly connecting feature and concepts, and forms a 
hierarchical representation of image semantic from local to global. 
Semantic concepts at different areas and scales in an image can be 
represented by Vicept description and thus can directly deal with 
VPCP paradox. For any given image, the proposed scheme 
quickly computes its semantic information without depending on 
specified training model. It can be potentially used for large scale 
applications without relying on any outside information.  

2. VICEPT GENERATION 
2.1 Overview of Image Vicept Feature 
The observation of VPCP paradox motivates us to design Vicept 
with the following details: 
1. Local visual appearance:  We adopt local interest points as 

image local representation. In our approach, SIFT [5] is de-
tected and quantized into visual words [9] by a modified k-
means algorithm.  

2. Concept collection: The concepts in real world are not in-
dependent but closely related. Therefore, we simplify the 
concept modeling with a hierarchical representation [10].  

Having an m-size feature vocabulary and a hierarchical concept 
collection, “Vicept” is proposed to associate visual features and 
cognitive concepts. On each concept layer, there are a series of 
concept membership distributions. In all, the combination of mul-
ti-level representation of these memberships and the original vis-
ual word cluster center is called “Vicept word”. Figure 2 illus-
trates a typical Vicept word. 

2.2 Image Dataset and Concepts 
The concept collection in our dataset is organized by a semantic 
hierarchy which is used by ImageNet [10]. We use ImageNet   

 
Figure 2.  Vicept word.  

as the source of our dataset by searching the concept names and 
downloading the returned images according to their URLs. How-
ever, to ensure enough training images and for the sake of limited 
computation capacity, we manually filter the concepts with less 
than 1k images returned by ImageNet and select a frequently-used 
collection with 217 concepts. In all, there are 267k images in our 
dataset and we use a simple 3-level concept tree structure: 10 
concepts on level-1, 88 on level-2, and 217 on level-3.  
Although ImageNet offers clean image annotation, the generation 
of concept labeled local features is also “unclean”. This is because 
the interest points are generated from both the foreground and 
background. On noticing this fact, we try to “purify” the dataset 
by manually segment the image and eliminate the irrelevant areas. 
Balancing the workload for image matting and the data require-
ment in this task, we prepare a subset of the original 260k image 
dataset with 120 “purified” images in each concept. This subset 
contains 120×217 one-concept-labeled images and it is only used 
for generating Vicept words. Figure 3 illustrates the result for the 
“purification” of images.    

 
Figure 3.  Examples for image matting. 

2.3  Vicept Word with Multi-Level Concept 
Membership Distribution  
We first extract interest points (SIFT) in images and adopt a mod-
ified k-means algorithm to cluster them into visual words. Then 
we use a novel iteration algorithm based on fuzzy theory to dis-
tribute the visual features into the concepts. Finally, the multi-
level concept membership distribution histograms are established 
and further combined with the cluster center into Vicept words.  

2.3.1 Optimizing Initial Cluster Centers by Concept 
Distribution Density for K-means Clustering 
Intuitively, performance and computational costs of the iterative 
k-means clustering depend highly on initial cluster centers. The 
basic idea of us is to pick the points with large concept label dis-
tribution density into the candidate set and select initial cluster 
centers from this set. In the k-means iteration, we employ Ex-
tended Partial Distortion Search (EPDS [11]) to distribute each 
point to its nearest cluster center. EPDS is a fast search algorithm. 
It increases a little number of comparisons and memory space in 
order to save the multiplications and additions. Based on the k-
means clustering, we obtain w visual words. The visual word 
codebook and interest points are used to generate Vicept words. 

2.3.2 Generating Vicept Word Based on FCMU 
The clustering step actually assigns the training interest points 
into w visual words. As mentioned above, the process to link the 
visual features to the concepts requires “soft” classification which 
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resorts to a set of probability distributions. Supposing we have n 
bottom-level concepts, we aim to build the n-bin concept mem-
bership distribution histograms for each of the visual words. Mo-
tivated by the idea of fuzzy objective function [12], we propose 
Fuzzy Concept Distribution Updating (FCMU) as a novel itera-
tive algorithm to extract the concept membership distribution 
histogram. 

Given a visual word cluster center ua∈R  and the interest points 
which are distributed into this visual word, according to the con-
cept labels, these interest points are sorted into n subsets. We then 
define the real distance irDis from a to the i th concept subset iB : 

( , ) / ( )z
i i irDis Dis a b Num=                                     

where ib is the geometrical center for all the interest points in iB  
and ( , )iDis a b computes Euclidean distance. iNum indicates the 
number of points in iB , and z is a decimal ranging from 0 to 1.  

After defining the real distance from cluster center a to the con-
cept subsets in the visual word, we will optimize a minimum in-
tra-cluster real distance to obtain the n-bin fuzzy concept mem-
bership distribution histogram 1 2{ , ,..., }nu u u=U . The optimization 
goal is defined as: 
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If we regard cluster center a  as shiftable and update it to mini-
mize ( , )mJ B U : 
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Based on the solutions in equation 1 and 2, we can iteratively 
update the cluster center a and the n-bin fuzzy concept member-
ship distribution histogram U . 

2.3.3 Establishing Multi-Level Concept Membership 
Distribution   
Vicept words employ hierarchical structure for concept organiza-
tion. Based on FCMU, we obtain the bottom-level concept mem-
bership distribution histogram. To establish the high-level concept 
memberships, rather than simply sum the bins belonging to the 
same bottom-level concept, we assign large weights to the bins 

with large bin value.  In fact, we implement this by adopting sig-
moid function and normalize the sum of high-level histogram into 
1. Equation 3 is the sigmoid function where the weight for the ith 
bin ( )w i is calculated by its bin value ( )v i . 

              ( ) 1 / (1 exp{ ( )}) , ( ) [0,1]w i v i v i= + − ∈                (3) 

3. IMAGE VICEPT REPRESENTATION 
AND SIMILARITY MEASUREMENT  
3.1 Image Vicept Representation 
We aim to represent image (or part of the image for tasks such as 
partial annotation) into a concept membership distribution histo-
gram in which the larger bin value denotes the higher probability 
of concept existence. This can be implemented by:  

                   
1

Pr( | ) Pr( | ) Pr( | )
n

i i j j
j

C I C Vw Vw I
=

= ×∑                       (4) 

jVw (j=1,2,…,n) denotes the n Vicept words generated by algo-
rithm 1 and 2. I is the input image (or partial image) and iC is the 
ith concept. The multiplicand Pr( | )i jC Vw at the right side can be 
directly accessed according to the Vicept word j; the multiplicator 
Pr( | )jVw I can also be solved by counting Vicept words in the 
image. To a certain image, firstly we detect its interest points 
(SIFT), then quantize them into Vicept words according to the 
Vicept vocabulary generated in section 2. Finally, the image is 
represented as multi-level concept membership distribution histo-
grams (equation 4). Note that our approach already embeds se-
mantic information into the Vicept feature. After detecting the 
interest points, the multi-level histograms directly depict the exis-
tence probability for the concepts.  

3.2 Image to Image Distance Based on Vicept 
According to Vicept, Image is represented as multi-level histo-
grams. Intuitively, we cannot concatenate the histograms into one 
and calculate the classical histogram distances (e.g. intersection, 
chi-square, Minkowski-form) because the concepts at different 
levels are incomparable and with different discriminative powers. 
Therefore, we set different weights for histogram distances at 
different levels. 

Suppose there are l levels histogram (level = 1,2,…,l). The weight 
for level i is defined as:  

                              
intra inter 2

intra int

( )
( )

i i
i er

i i

m mw
v v

−
=

+
                                (5) 

where int int int int, , ,ra er ra er
i i i im m v v stand for Intra-Concept Mean, Inter-

Concept Mean, Intra-Concept Variance, Inter-Concept Variance 
for the ith level respectively. And we find the best projection 
direction to fuse multi-level histogram distances.  

4. EXPERIMENTS 
4.1 Dataset 
Although there are a lot of preeminent publicly available datasets 
such as NUS-WIDE [13], Pascal VOC [14], we do not use them 
simply because of the differences in concept coverage. To be 
more specific, we choose 10 bottom-level concepts which are 
intersected with Flickr’s all time most popular tags [15]. Then the 
noises in the returned searching results (Google Images) are re-

713



moved and we prepare 500 images for each concept. This pro-
vides a 5000-image dataset categorized into 10 concepts: “bike”, 
“bird”, “building”, “butterfly”, “cat”, “dog”, “housing”, “mush-
room”, “rose”, and “tomato”. 

4.2 Baseline Approaches 
Two basic approaches are implemented as baseline for concept 
detection. (1) Binary SVM; (2) KNN based voting. Following 
[6]’s solution, we prepare 217 binary SVM classifiers with an 
output of classification probability. For the KNN approach, we 
replicate the experiment described in [8].  

4.3 Evaluation Metric 
For every query image, three 217-dimension concept membership 
vectors are obtained based on BSVM, KNN, and the bottom-level 
concept membership distribution histogram in Vicept approach. 
Then, Complete-Length (CL, [16]) is adopted as the performance 
measurement. Complete-Length is defined as the average mini-
mum length of returned concepts which contain the correct label 
for query. We implement CL by sorting the 217-dimension vec-
tors in descending order and traverse the concept labels. Figure 4 
shows the experimental results.  

 
Figure 4.  Complete-Lengths for experiment.   

Table 1 illustrates the average CLs for three approaches. Accord-
ing to Figure 4, Vicept provides a comparatively better concept 
detection result. The proposed Vicept achieves small CLs (less 
than 20) on half of the total concepts (“bike”, “building”, “butter-
fly”, “housing”, “rose”), which seems to be satisfactory in this 
task. Besides, the fluctuations on concept “cat” and “tomato” are 
likely to be influenced by small number of test data and insuffi-
cient available data for Vicept word generation.  

Table 1.  Average Complete-Lengths 

 

5. CONCLUSION 
There is a saying “a picture is worth a thousand words”. In this 
paper, we propose a new method to “interpret” an image into its 
“semantic words” (concept). On noticing the VPCP paradox, the 
local visual appearances are represented as multi-level concept 
membership distribution histograms. Then Vicept representation 
is constructed to correlate concepts with images. The Vicept ap-
proach provides fast computation, compact expression and local-
to-global description, thus can be implemented for generic large 
scale web applications. In the future, we will enlarge the initial 
processing image dataset and concept types to generate more 

powerful Vicept descriptors. The co-occurrence of concepts in the 
same image will also be taken into account.  

6. ACKNOWLEDGEMENT 
This work was supported in part by National Natural Science 
Foundation of China: 60833006 and 60702035, in part by Na-
tional Basic Research Program of China (973 Program): 
2009CB320906, and in part by Beijing Natural Science Founda-
tion: 4092042. 

7. REFERENCES 
[1] J. Wang, J. Yang, K. Yu, F. Lv, T.S. Huang, and Y. Gong. 

Learning Locality-constrained Linear Coding for Image Classifi-
cation, Proc. CVPR, 2010. 

[2]  Y. Xiang, X. Zhou, T. Chua, and C. Ngo. A Revisit of Genera-
tive Model for Automatic Image Annotation using Markov Ran-
dom Fields. Proc. CVPR, pp. 1153-1160, 2009. 

[3] R. Datta, D. Joshi, J. Li, and J. Z. Wang. Image Retrieval: Ideas, 
Influences, and Trends of the New Age. ACM Computing Sur-
veys, Vol.40, No.2, pp.51-60, 2008. 

[4] P. Duygulu, K. Barnard, N. de Freitas, and D. Forsyth. Object 
recognition as machine translation: Learning a lexicon for a 
fixed image vocabulary. Proc. ECCV, pp.349-354, 2002. 

[5] D. G. Lowe. Distinctive image features from scale invariant 
keypoints. International Journal of Computer Vision, 60 (2): 91-
110, 2004. 

[6] X. Liu, B. Cheng, S. Yan, J. Tang, T. Chua, and H. Jin. Label to 
region by bi-layer sparsity priors. Proc. ACM Multimedia, 
pp.115-124, 2009. 

[7] J. Sivic, B. C. Russell, A. A. Efros, A. Zisserman, and W. T. 
Freeman. Discovering Objects and their Location in Images. 
Proc.  ICCV, pp.370-377, 2005. 

[8] A. Torralba, R. Fergus, and W. T. Freeman. 80 million tiny 
images: a large dataset for non-parametric object and scene rec-
ognition. IEEE Transactions on Pattern Analysis and Machine 
Intelligence, 30 (11):1958-1970, 2008. 

[9] J. Sivic, and A. Zisserman, Video Google: A text retrieval ap-
proach to object matching in videos. Proc. ICCV, pp.1470-1477, 
2003. 

[10]  J. Deng, W. Dong, R. Socher, L.-J. Li, K. Li, and L. Fei-Fei. 
ImageNet: A large-scale hierarchical image database. Proc. 
CVPR, pp.248-255, 2009. 

[11] S. H. Chen and J. S. Pan. Fast search algorithm for VQ-based 
recognition of isolated words. Communications, Speech and Vi-
sion, IEEE Proceedings I, 136 (6), 391-396.  

[12] J. C. Bezdek. Pattern Recognition with Fuzzy Objective Func-
tion Algorithms. Kluwer Academic Publishers, 1981. 

[13] T. Chua, J. Tang, R. Hong, H. Li, Z. Luo, and Y. Zheng. Nus-
wide: A real-world web image database from national university 
of Singapore.  ACM International Conference on Image and 
Video Retrieval, No.48, 2009.  

[14] M. Everingham, L.Van Gool, C. K. I. Williams, J. Winn, and A. 
Zisserman. The Pascal Visual Object Classes (VOC) Challenge.  
International Journal of Computer Vision, Vol.88, pp.303-338, 
2010. 

[15]  Flickr all time most popular tags. www.flickr.com/photos/tags/ 
[16]  R. Zhang, Z. M. Zhang, M. Li, W.-Y. Ma and H.-J. Zhang.  A 

probabilistic semantic model for image annotation and multi-
modal image retrieval. Proc. ICCV, pp.846–851, 2005. 

714



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /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 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 false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Academy
    /AgencyFB-Bold
    /AgencyFB-Reg
    /Alba
    /AlbaMatter
    /AlbaSuper
    /Algerian
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialRoundedMTBold
    /ArialUnicodeMS
    /BabyKruffy
    /BaskOldFace
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BlackadderITC-Regular
    /BodoniMT
    /BodoniMTBlack
    /BodoniMTBlack-Italic
    /BodoniMT-Bold
    /BodoniMT-BoldItalic
    /BodoniMTCondensed
    /BodoniMTCondensed-Bold
    /BodoniMTCondensed-BoldItalic
    /BodoniMTCondensed-Italic
    /BodoniMT-Italic
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BradleyHandITC
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /CalisMTBol
    /CalistoMT
    /CalistoMT-BoldItalic
    /CalistoMT-Italic
    /Castellar
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chick
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CopperplateGothic-Bold
    /CopperplateGothic-Light
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /Croobie
    /CurlzMT
    /EdwardianScriptITC
    /Elephant-Italic
    /Elephant-Regular
    /EngraversMT
    /ErasITC-Bold
    /ErasITC-Demi
    /ErasITC-Light
    /ErasITC-Medium
    /EstrangeloEdessa
    /Fat
    /FelixTitlingMT
    /FootlightMTLight
    /ForteMT
    /FranklinGothic-Book
    /FranklinGothic-BookItalic
    /FranklinGothic-Demi
    /FranklinGothic-DemiCond
    /FranklinGothic-DemiItalic
    /FranklinGothic-Heavy
    /FranklinGothic-HeavyItalic
    /FranklinGothic-Medium
    /FranklinGothic-MediumCond
    /FranklinGothic-MediumItalic
    /FreestyleScript-Regular
    /FrenchScriptMT
    /Freshbot
    /Frosty
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Gigi-Regular
    /GillSansMT
    /GillSansMT-Bold
    /GillSansMT-BoldItalic
    /GillSansMT-Condensed
    /GillSansMT-ExtraCondensedBold
    /GillSansMT-Italic
    /GillSans-UltraBold
    /GillSans-UltraBoldCondensed
    /GlooGun
    /GloucesterMT-ExtraCondensed
    /GoudyOldStyleT-Bold
    /GoudyOldStyleT-Italic
    /GoudyOldStyleT-Regular
    /GoudyStout
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /ImprintMT-Shadow
    /InformalRoman-Regular
    /Jenkinsv20
    /Jenkinsv20Thik
    /Jokerman-Regular
    /Jokewood
    /JuiceITC-Regular
    /Karat
    /Kartika
    /KristenITC-Regular
    /KunstlerScript
    /Latha
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSans-Typewriter
    /LucidaSans-TypewriterBold
    /LucidaSans-TypewriterBoldOblique
    /LucidaSans-TypewriterOblique
    /LucidaSansUnicode
    /Magneto-Bold
    /MaiandraGD-Regular
    /Mangal-Regular
    /MaturaMTScriptCapitals
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MSOutlook
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /OCRAExtended
    /OldEnglishTextMT
    /Onyx
    /PalaceScriptMT
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Papyrus-Regular
    /Parchment-Regular
    /Perpetua
    /Perpetua-Bold
    /Perpetua-BoldItalic
    /Perpetua-Italic
    /PerpetuaTitlingMT-Bold
    /PerpetuaTitlingMT-Light
    /Playbill
    /Poornut
    /PoorRichard-Regular
    /Porkys
    /PorkysHeavy
    /Pristina-Regular
    /PussycatSassy
    /PussycatSnickers
    /Raavi
    /RageItalic
    /Ravie
    /Rockwell
    /Rockwell-Bold
    /Rockwell-BoldItalic
    /Rockwell-Condensed
    /Rockwell-CondensedBold
    /Rockwell-ExtraBold
    /Rockwell-Italic
    /ScriptMTBold
    /ShowcardGothic-Reg
    /Shruti
    /SnapITC-Regular
    /Square721BT-Roman
    /Stencil
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /TwCenMT-Bold
    /TwCenMT-BoldItalic
    /TwCenMT-Condensed
    /TwCenMT-CondensedBold
    /TwCenMT-CondensedExtraBold
    /TwCenMT-Italic
    /TwCenMT-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Vrinda
    /Webdings
    /WeltronUrban
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /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 true
  /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 true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /PDFX1a:2003
  ]
  /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 <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /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 <>
    /PTB <>
    /SUO <>
    /SVE <>
    /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.)
  >>
  /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 [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


