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Abstract. This paper presents a novel approach to Automatic Image
Annotation (AIA) which combines both Hidden Markov Model (HMM)
and Support Vector Machine (SVM). Typical image annotation meth-
ods directly map low-level features to high-level concepts and overlook
the importance to mining the contextual information among the anno-
tated keywords. The proposed HMM-SVM based approach comprises
two different kinds of HMMs based on image color and texture features
as the first-stage mapping scheme and an SVM which is based on the
prediction results from the two HMMs as a so-called high-level classi-
fier for final keywording. Our proposed approach assigns 1-5 keywords
to each testing image. Using the Corel image dataset, Our experiments
have shown that the combination of a discriminative classification and a
generative model is beneficial in image annotation

1 Introduction

The modern developments of the Internet make it the most efficient platform
for obtaining and sharing various kinds of information from anywhere. For this
reason the research into search engines for retrieving and managing multimedia
data has become very important and attractive [I]. Existing search engines are
well-developed in the case of textual data. However, more research is still required
for image search and retrieval due to the so-called semantic-gap. At the early
stage of research, image retrieval was performed by relying on manually assigned
keywords. The manual labeling of images however is tedious and difficult for large
image collections. To address these drawbacks, content-based image retrieval
using low-level image features such as color, texture and shape is proposed [2].
These low-level features representing visual content of an image can be used to
measure the similarity between images. This allows images from datasets to be
automatically indexed and searched. To improve the process of retrieval, this
line of research based on low-level features was soon replaced by the use of the
approach of ATA which associates multiple keywords with objects in images.
Some researchers argued that if we can associate multiple keywords with the
identified object in the image, the retrieval of images could become much easier
and more straightforward [3],4}[5,[6].
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For this reason, ATA has become a focus in the area of content-based image
retrieval to bridge the semantic gap [7]. In recent years, the classifier ensem-
bles approach has attracted much more attention. Some results report that it
is more reliable than most one-level classifier in performing automatic image
annotation [8]. Another trend of classification is the fusion with other tech-
niques to enhance the performance [9]. In practice, the intrinsic advantages of
generative model have been widely accepted and used in the area of automatic
image annotation. Recently, one representation of generative models, namely the
Hidden Markov Model has been utilized to resolve automatic image annotation
problems [I0]. However, there are still opportunities to improve the quality of au-
tomatic image annotation for two reasons. First, images which are semantically
similar often contain different low-level features. Therefore the direct mapping
of the low-level features to high-level concepts may lead to errors. Second, most
existing approaches overlook the significance of keyword correlation in image re-
trieval. For instance, ‘boat’ and ‘water’ tend to co-occur much more often in one
image than ‘boat’ and ‘grass’. This suggests the correlation information among
keywords can be of great help to improve the performance of AIA.

In this paper, we present a two-stage mapping AIA technique based on both
Support Vector Machine and Hidden Markov Model. The first stage comprises
two HMMs constructed separately from color and texture features of images for
mapping the low-level features to mid-level features. Co-occurrence based key-
word correlation is also constructed to enhance the mapping precision. In the
second stage we employ support vector machine to map the so-called mid-level
features to high-level concepts. The proposed scheme fuses both a discrimina-
tive classification and a generative model to avoid the two problems discussed
above.

The outline of this paper is as follows: Recent image annotation methods based
on both SVM and HMM are briefly reviewed in Section 2. Our proposed SVM-
HMM based annotation approach is explained in Section 3. Section 4 presents
the experimental results and the performance analysis of the proposed method.
The paper is then concluded in Section 5.

2 Related Work

Automatic image annotation techniques first appeared about two decades ago.
Below is a review of some selected milestones in ATA using SVM and HMM.
Support Vector Machine was first introduced into this area during the last
decade. As a very strong data mining technique, one of the first SVM based im-
age classification system paper is [I1]. However they only use global color features
to solve a small scale classification problem. With the aim to improve the clas-
sification accuracy based on a single classifier, a sophisticated classifier system
called “classifier ensembles” was introduced to further improve AIA precision.
Gao et al. [I2] use a combination of multiple SVM classifiers. These classifiers
are obtained by combining the output of several effective weak classifiers using a
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Boosting technique. Subsequently, Qi and Han [13] also use a combination of two
sets of SVMs which relies on the regional image features found using Multiple
Instance Learning (MIL) and global image features respectively. Tsai et al. [8]
present an image indexing and classification system called CLAIRE. Their sys-
tem is based on a Two Stage Mapping Model (TSMM) [I4]. In their system,
three SVMs are constructed as low-level feature classifiers focusing on classifying
color and texture features respectively. Another SVM called high-level classifier
is constructed based on the outputs of the first low-level classifiers. This system
avoids the direct mapping of the low-level features to high-level concepts, and
the results show a promising way to assign keywords to images.

As one representative work of generative models, HMM has also been adopted
by some researchers to perform AIA. In [I5], a one-dimensional hidden Markov
model (HMM) was trained on vector-quantized color histograms of image blocks.
However, their system can only be used to solve a binary image classification
problem. Li and Wang [I6] proposed a system called ALIP which is based on
a two-dimensional multi-resolution HMM fed by regional image features. Mod-
estino and Zhang [17] use a Markov random field model to capture the spatial
relationships between regions and apply a maximum posteriori rule to inter-
pret images. Ghoshal et al. [I0] use an HMM for image and video annotation
based on two datasets individually, which are COREL and TRECVID. A novel
TSVM-HMM based annotation scheme is proposed in [I8]. Compared with pre-
vious annotation methods, the proposed TSVM-HMM based annotation scheme
can achieve better annotation performance with less labeled training images as
demonstrated.

3 Proposed Approach

In order to overcome the problems discussed above, we propose a Two-Stage
Mapping Model to perform Automatic Image Annotation (AIA). An overview
of the proposed approach is shown in Fig.1. The first module is composed of
two Hidden Markov Models which are responsible for classifying low-level color
and texture features respectively. The second module is an SVM classifier which
serves as a high-level classifier as in the work of [§] to determine the final an-
notation results. Unlike that paper, our approach substitutes the SVM with an
HMM during the first stage aiming at mining keyword correlations. Meanwhile,
we directly use the category names to define the output of the HMMs. This is
to overcome the difficulty of only using twelve colors to describe a large number
of images. Moreover, all the image regions of our training set are used as op-
posed to using only the central region. Therefore the image regions used in our
approach may contain different objects. This change also adds difficulty to the
process of describing image regions with only twelve color names. Once these
two stages are completed, five keywords corresponding to the five sub-blocks can
automatically be assigned to a test image. Below is a description of each module
of our approach in Fig. 1.
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3.1 Image Sub-blocking and Feature Extraction

It is well known that automatic image segmentation is a hard task and no ap-
proach can achieve perfect results. Moreover, some results show that those mod-
els using a sub-blocking scheme perform better than those using object-based
segmentation [19]. We use a tilt scheme which was proposed in [8] to divide
images into five regions. The original image size in our dataset has 384 x 256
pixel resolution, and the region size is 192 x 128 as shown in Fig.2. The regions
include four quadrants. The one in the center is used to increase the weight of
the object of interest.

We extract color features and texture features as image descriptors. We do
not consider other features such as shape for two reasons. First it is well known
that image shape feature extraction is difficult to achieve and computationally
expensive. In addition it should be noted that image regions whether contain-
ing homogeneous objects or not is not a focus in our approach. Therefore it is
meaningless even if image shape feature extraction is applied.

The color features include the mean and standard deviation of every region in
the RGB and Lab color spaces. It has been proved that Garbor filter performs
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well on extracting image texture features. Therefore we apply a set of Garbor fil-
ters with 12 orientations (i.e. 0°, 30°, 60°,..., 270°) on the luminance component
of image regions. We then extract the mean and standard deviation values of
the 12 filtered images and use them as texture features. This results in a feature
vector of length 36 for each region (i.e. 12 color features and 24 texture features).

3.2 Hidden Markov Model for Low-Level Annotation

Hidden Markov Model for ATA. According to HMM’s definition, it is easy
to provide a density function to model image features of image regions which
belong to the same keyword. By introducing keyword correlation, the context-
dependent HMM can improve its accuracy for image annotation.

For the sake of brevity, let T; = {I;1, Iia..., Iin} be the feature set of image
regions obtained from our training set for the ith keyword, where n is the total
number of image regions. The keyword set K = {kq, ka..., k;} represents all the
keywords appearing in the whole training set. Given an image, it will be divided
into five regions as described above, where the regions are ordered according
to the quadrants as shown in Fig. 2. The upper-left one is considered as the
first while the center one as the last. Meanwhile, we use I, = {1, Iy2..., I;5}
to denote its region feature set and I. = {Ix1, Ii2..., Ix5 } to denote its keyword
set. We propose to model the AIA task as a Hidden Markov process. Thus, by
combining I, and I, the joint likelihood function can be formulated as

5
FUa Loy Iis, Ity Inz oy s ko) = Y [T £ (Telke)p(eele 1) (1)

ki€l t=1

According to Eq. (1), an HMM model is mainly affected by the emission density
function f. This function corresponds to the image region feature distribution
of one keyword. The transition probability function p on the other hand reflects
the keyword correlations. The problem then becomes how can we formulate the
emission density function and transition probability function.

Low-level Feature Distribution. As discussed in the last subsection, we
should establish a useful emission density function for each keyword [10]. Gaus-
sian Mixture Model (GMM) is one of the most statistically mature methods
for density estimation [I8]. GMM is the weighted average of Gaussians, and
each Gaussian has its own mean and covariance matrix which has to be esti-
mated separately. In the proposed approach, we use GMM to model the low-
level image features via relevant image regions. Let T, = {I.1, I.2..., I} and
T; = {It1, I1a..., Itn} denote the extracted color and texture features of image
regions assigned with keyword k. We then employ a Gaussian mixture model
with three components to construct the color and texture feature distribution
functions f.(T¢|c) and fi(Tt|c) as follow,
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where a, g, as represent the weight of each Gaussian component respectively,
and a1 + ag + a3 = 1. u and X denote the mean and covariance matrix re-
spectively. d denotes the dimension of an image region feature. Here d. = 12 for
color features and d; = 24 for texture features.

Keyword Correlation. The transition probability p(k:|k:—1) reflects the corre-
lation between the keywords k; and k;_. Here we use k; and k; to replace k; and
k¢_1 respectively. The keyword correlation p(k;|k;) is measured by counting the
frequency of paired words assigned to each image. We can estimate conditional
and joint probabilities of p if we take: p(k;|k;) = p;k(’kf)]) ;and p(k;, kj) = N(lkglkj) ,
where N (k;, k;) indicates the number of times k; and k; appear together in one
image, and |D| is the total number of image regions in the training set. If we
repeat this process for each pair of words in the keyword set we can obtain an
1 X 1 conditional probability matrix P, which reflects the keyword correlation.

A problem with the Pj; matrix is that some of the keywords never appear
in the same image. Thus some p(k;, k;) may take a value of zero. We apply a
widely used smoothing technique known as “interpolation smoothing” to solve
this problem. It can be summarized by Eq. 4.

N (ki, k)
N(k;)

plkiliy) = 3+ r-pa ) ()

where [ is an interpolation parameter and |D| is the number of words in the col-
N (ki,k;

J&I (kj)])
and the empirical distribution of the term k;. Therefore even if two keywords
never appear together, we will not have a zero value in Pjs. It should be noted
that both the color and texture HMMs share the same Pjs. It is easy to un-
derstand that although the feature sets are different, they should have the same
keyword correlation.

lection. This formula is an interpolation between the empirical estimate

Predictions of HMM. The objective of AIA is to find the optimal hidden
keyword sequence for regions with learnt HMM. Once the density estimation of
fet(Tetlk) for color and texture features of all keywords and transition prob-
abilities have been estimated, given a test image, we perform the Balm-Welch
algorithm to compute the posterior probability of each prediction as the first-
stage annotation. The posterior probability d;(I;) of being predicted with k; is
iteratively achieved using:

M

dj (1) = f(Lilk;) Y di(Li—1)p(kilky) ()

i=1
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In Eq. 5, the posterior probabilities of M keywords, i.e. d;(I;),j =1,..., M, are
acquired through the association with a visible region I;. The color and texture
predictions j;,t of the hidden keyword for the region I; can be gained based on
the following criterion:

’

Jj =argmaz;(d;(I)) (6)

3.3 High-Level Concept Classifier

Training Set for High-level concept classifier. Unlike [§], our approach
directly extracts the predictions from the colour and texture Hidden Markov
Model. Let T; = {11, Lia, ..., Iin } be all the feature set of one keyword. We then
apply the constructed color HMMs and textures HMMs to the set and collect
the color and texture predictions. After this process, we collect the prediction
set T; = {(ci1, tin), (ci2, ti2), ooy (Cins tin) }-

Let us take the concept ‘grass’ as an example. After applying the HMMs to
the training set, we collect all predictions belonging to the image regions which
are labelled ‘grass’. Let Tyrass = {Igrassi, Lgrass2s - Lgrassn } be all the image
regions under the keyword ‘grass’. We assume the color and texture predic-
tions for Igrqss1 as (tree — color, grass — texture) and for Iy,qss2 as (grass-color,
sky-texture). If we repeat the application of the HMMs for all the image re-
gions belonging to the keyword ‘grass’, we can collect all the predictions for
that keyword. Then we use this kind of predictions as mid-level features for each
keyword. Let Mgpqss denotes the output of the HMM for the keyword
‘grass’, and My,qss = {(tree — color, grass — texture), (grass — color, sky —
texture),...}.

In fact, every image region for all the keywords is mapped into a space that
we call the HMM prediction space. This space maps color feature predictions
on the X-axis and texture feature predictions on Y-axis. According to the total
number of keywords over all the training set, which is 120, both the X- and
Y-axis will take values ranging from 1 to 120. Fig. 3 shows an example of an
HMM prediction space.

Texture Feature Predictins

Colour Feature Predicting.

Fig. 3. An example of HMM prediction space to illustrate the use of SVMs for learning
predictions based on different keywords
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High-level concept SVM. For classifier design, support vector machines
(SVMs) are chosen for the image classification task because of their general-
ization performance superiority. For the selection of the kernel function for the
nonlinear mapping, a degree-2 polynomial kernel is used. We use the predictions
of HMMs as input to the SVM, and when the number of keywords is ¢, therefore
this method constructs ¢ SVM classifiers. Similar to the multi class classifica-
tion employed in this paper, the one-against-all method is used. Each input is
classified into one positive (+1) and C' — 1 negative (—1) classes.

3.4 Summary of the Training Procedure

— Step 1. Given training set image regions for all keywords. These training sets
are composed of 12 color features and 24 texture features.

— Step 2. Use the extracted color and texture features to construct the color
and texture feature distribution functions f. and f; used as density estimates
for HMMs as shown in Equations 2 and 3.

— Step 3. Investigate the keyword correlation based on the labelled regions to
obtain the co-occurrence matrix Pp; as transition probability function as
described in Equation 4.

— Step 4. Return to the training sets in Step 1. Use the constructed HMMs
to collect the color and texture predictions of all the image regions. By this
time, the training set belonging to each keyword would have been mapped to
the prediction space. At the end of this step, the first mapping stage would
have been generated.

— Step 5. Use the prediction space of each keyword to obtain the high-level
concept SVMs. At the end of this step, the second mapping stage would
have been generated.

4 Experiments

4.1 Dataset

We tested the proposed ATA approach on the Corel dataset with 5600 images. A
selection of 3456 images in the dataset was initially divided into five regions, and
all regions were grouped into 120 keywords. Since a region may contain different
objects, if one object occupies more than half in the region, the object name will
be assigned to this region. We also discarded some regions which are difficult to
label. During the training process, every keyword contained around 54 to 810
regions, with a total of 13754 training regions. Next, another 635 images which
had no regions appeared in the training set. They were randomly chosen from the
dataset and used as testing images. The proposed approach comprises one color,
one texture HMMs and 120 SVMs. The color and texture names are the same
as the 120 keywords predicted using our HMMs. During the testing process, 5
keywords were automatically assigned by the proposed approach to the testing
images.
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Fig. 4. Some region samples of four keywords used for training

Table 1. Performance comparison with other methods in terms of average precision
and recall for all keywords

HMM CLARIE HMM-SVM
Words with recall > 0 59 0.76 102
Average words recall 0.21 0.34 0.47
Average word precision 0.19 0.32 0.45

4.2 Comparison with Other Methods

The contribution of the proposed HMM-SVM based annotation scheme is to
integrate both the discriminative classification and the generative model so
as to take full advantage of their combined merits. To evaluate its effective-
ness, we compared our HMM-SVM based approach with other two related ap-
proaches, namely CLAIRE [8] and HMM-based image annotation [I0]. For each
method, we assess the annotation performance using the average precision and
recall, over all testing images. The precision and recall values are defined in

Eq. (7):

. num,
precision(c) = i recall(c) =
NUMcq nuMem

nume

(7)

where num,. denotes the number of image correctly annotated with keyword
¢, nume, denotes the number of images automatically annotated with keyword ¢
and nume, denotes the number of images manually annotated with
keyword c.

Table 1 shows the average annotation precision and recall over the total 120
keywords. Clearly, we can see that the proposed HMM-SVM based annotation
method achieves a significant improvement on our experimental dataset. Com-
pared to the other two methods, it shows an improvement of about 26% and
0.13% in recall and 26% and 13% in precision. Moreover, the number of key-
words with positive recalls has increased by 43 and 26. Fig. 5 presents some
examples of the annotations produced by the proposed approach. The potential
reasons for this improvement can be associated to the following: (1) with the
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Ground truth HMM-SVM
Annotation Annotation

Sky. sky, grass people |  Sky, sky, grass,
church temple, people

Sky ., mountain, grass, Sky. sky. grass,
grass, elephant grass, elephant

Cloud, cloud. water, |Cloud, cloud, water,
water. castle water, castle

Fig. 5. Examples of image annotation

two-stage mapping scheme involved, it is believed that HMM-SVM can outper-
form those use only single-mapping approaches such as HMM method; (2) the
enhanced keyword correlation is also introduced into the proposed AIA approach
and hence keyword semantics is capable of being modelled well compared to other
methods that do not consider such correlation (e.g. CLAIRE). More details are
provided in the next section.

4.3 Effectiveness of the Proposed Approach

To construct a reliable generative model, i.e. HMM, our approach employs a
keyword correlation with an interpolation smoothing technique and further pro-
motes the performance of HMM. Three schemes are used to obtain the keyword
correlation, i.e. the co-occurrence based keyword correlation, the co-occurrence
based keyword correlation without interpolation smoothing, and without key-
word correlation which is set to be uniform. As shown in Fig. 6, the performance
of annotation is greatly improved when taking into consideration keyword cor-
relations, a concept not used in previous annotation approaches. By combining

Number of Keywords Number of Training Samples

Fig. 6. Evaluation of the effectiveness Fig.7. The annotation precision of eight
of keyword correlation based on three keywords which contain different number of
schemes described in section 4.3 training region samples
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co-occurrence correlation measurements and the interpolation smoothing tech-
nique, it can provide more reliable keyword correlation to avoid zero values.

We further examine the relationship between the precision results and the
number of training samples. The ten keyword samples randomly selected from
the training set, as in Fig. 7, shows an approximately linear relationship between
the number of training samples and the annotation precision. We see that a larger
number of training samples is a major factor for a better annotation. Therefore,
performance should be heavily dependent on the low-level feature representations
which employ visual feature distribution functions.

5 Conclusion

In this paper, we proposed an approach for Automatic Image Annotation based
on the concept of two-stage mapping. Unlike existing two-stage mapping mod-
els, the proposed approach combines the advantages of two-stage mapping and
keyword correlation. This two-stage mapping scheme avoids the direct mapping
of low-level features to high-level concepts. The keyword correlation mechanism
is able to capture to a certain extent the meaning of words to improve the per-
formance of ATA. Our experimental results using the Corel image dataset show
that, in the case of annotating images with few words, the combination of the
discriminative classification and the generative model can improve annotation
performance. Thus, the combination of HMM and SVM provides a promising
way to perform and improve automatic annotation of images.
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ship Council Joint Scholarship.

References

1. Li, J., Wang, J.: Real-time computerized annotation of pictures. In: Proceedings
of the ACM Multimedia Conference, pp. 911-920 (2006)

2. Smeulders, A., Worring, M., Santini, S., Gupta, A., Jain, R.: Content-based image
retrieval at the end of the early years. IEEE Transactions on Pattern Analysis and
Machine Intelligence 22, 1349-1380 (2000)

3. Duygulu, P., Barnard, K., de Freitas, N., Forsyth, D.: Object recognition as ma-
chine translation: Learning a lexicon for a fixed image vocabulary. In: Heyden,
A., Sparr, G., Nielsen, M., Johansen, P. (eds.) ECCV 2002. LNCS, vol. 2353, pp.
97-112. Springer, Heidelberg (2002)

4. Barnard, K., Duygulu, P., Forsyth, D., de Freitas, N., Blei, D., Jordan, M.: Match-
ing words and pictures. Journal of Machine Learning Research 3, 1107-1135 (2003)

5. Blei, D., Jordan, D.: Modeling annotated data. In: 26th Annual International ACM
SIGIR Conference, pp. 127-134 (2003)

6. Jeon, J., Lavrenko, V., Manmatha, R.: Automatic image annotation and retrieval
using cross-media relevance models. In: 26th Annual International ACM SIGIR
Conference, pp. 119-126 (2003)



126

7.

8.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

Y. Lei et al.

Rui, Y., Huang, T., Chang, S.: Image retrieval current techniques, promising direc-
tions and open issues. J. Visual Commun. Image Representation 10, 39-62 (1999)
Tsai, C., McGarry, K., Tait, J.: Claire: A modular support vector image indexing
and classification system. ACM Transactions on Information Systems 24, 353-379
(2006)

Wong, W., Hsu, S.: Application of svm and ann for image retrieval. European
Journal of Operational Research 173, 938-950 (2006)

Ghoshal, A., Ircing, P., Khudanpur, S.: Hidden markov models for automatic an-
notation and contentbased retrieval of images and video. In: ACM Conference on
Special Interest Group on Information Retrieval (SIGIR), Brazil (2005)

Chapelle, O., Haffner, P., Vapnik, V.: Support vector machines for histogram-based
image classification. IEEE Transactions on Neural Networks 10, 1055-1064 (1999)
Gao, Y., Fan, J., Xue, X., Jain, R.: Automatic image annotation by incorporating
feature hierarchy and boosting to scale up svm classifiers. In: Proceedings of the
14th Annual ACM International Conference on Multimedia, MULTIMEDIA 2006,
New York, NY, USA, pp. 901-910 (2006)

Qi, X., Han, Y.: Incorporating multiple svms for automatic image annotation.
Pattern Recognition 40, 728-741 (2007)

Tsai, C.: Stacked generalization: A novel solution to bridge the semantic gap for
contentbased image retrieval. Online Inf. Rev. 27, 442445 (2003)

Yu, H., Wolf, W.: Scenic classification methods for image and video database. In:
Proceedings of the SPIE International Conference on Digital Image Storage and
Archiving Systems, pp. 363-371 (1995)

Li, J., Wang, J.: Automatic linguistic indexing of pictures by a statistical modeling
approach. IEEE Transactions on Pattern Analysis and Machine Intelligence 25,
1075-1088 (2003)

Modestino, J., Zhang, J.: A markov random field model-based approach to im-
age interpretation. IEEE Transactions on Pattern Analysis and Machine Intelli-
gence 14, 606-615 (1992)

Zhao, Y., Zhao, Y., Zhu, Z.: Tsvm-hmm: Transductive svm based hidden markov
model for automatic image annotation. Expert Systems with Applications 36,
9813-9818 (2009)

Feng, S., Manmatha, R., Lavrenko, V.: Multiple bernoulli relevance models for
image and video annotation. In: Proc. IEEE Conf. on Computer Vision and Pattern
Recognition, vol. 2, pp. 1002-1009 (2004)



	An HMM-SVM-Based Automatic Image Annotation Approach
	Introduction
	Related Work
	Proposed Approach
	Image Sub-blocking and Feature Extraction
	Hidden Markov Model for Low-Level Annotation
	High-Level Concept Classifier
	Summary of the Training Procedure

	Experiments
	Dataset
	Comparison with Other Methods
	Effectiveness of the Proposed Approach

	Conclusion
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 149
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 149
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 599
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /DEU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice




