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Abstract

Many deep learning approaches have been studied for image classification in computer vision. However, there
are not enough data to generate accurate models in medical fields, and many datasets are not annotated. This
study presents a new method that can use both unlabeled and labeled data. The proposed method is applied to
classify cervix images into normal versus cancerous, and we demonstrate the results. First, we use a patch self-
supervised learning for training the global context of the image using an unlabeled image dataset. Second, we
generate a classifier model by using the transferred knowledge from self-supervised learning. We also apply
attention learning to capture the local features of the image. The combined method provides better performance
than state-of-the-art approaches in accuracy and sensitivity.
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1. Introduction

Deep learning approaches for computer vision are heavily studied. Various neural network models
have been proposed for image analysis problems. For example, convolution-based models were proposed
and applied to many application domains. In particular, deep learning approaches in medical areas were
introduced to mitigate a shortage of data and as an effective feature extraction method from available
data. To further improve the performance, we present a novel approach that uses unlabeled images and
helps the model to focus on the crucial part of an image using a convolution-based model.

We apply the proposed method to a cervix image dataset to evaluate the approach. Cervical cancer is
the fourth most common cancer in women. In 2018, an estimated 570,000 women were diagnosed with
cervical cancer worldwide, and about 311,000 women died from the disease [1]. Cervical intraepithelial
neoplasia (CIN), which represents an abnormal growth of cells which may lead to cervical cancer, can
be diagnosed into three classes: CIN1 (mild), CIN2 (moderate), CIN3 (severe), according to the World
Health Organization. A CIN1 infection needs constant observation, while CIN2 and CIN3 require

treatment. It is necessary to separately classify normal/CIN1 from CIN2+ to detect cervical cancer.
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Current common cervical cancer screening methods are Pap test, human papillomavirus (HPV) test, and
visual examination. Both visual inspection and invasive tests are required to achieve reasonable accuracy
in diagnosing cancer. However, performing the two types of tests (visual screening and invasive tests) is
challenging in many real-world environments.

In addition, an invasive test needs laboratory settings and professional medical devices. Consequently,
a non-invasive visual screening is more cost-effective. For this reason, many previous studies have
classified cervical cancer by using the region of interest (Rol) of a patient’s cervical image. For example,
in [2,3], the authors used a Rol method to detect the cervix from the cervix image, and then the Rol is
used for cancer classification. In [4], they presented a LeNet model that uses the Rol pre-processing
method for cervix images. Although using images for diagnosing cancer is noninvasive, a visual
examination needs skilled physicians to detect the cervix shape, color, texture, and manual annotation for
the Rol of the cervix images. That is why using unlabeled images is difficult in data analysis.

This study presents a new approach by using both labeled and unlabeled images to classify cancer. We
offer a patch self-supervised learning to extract the global context of the unlabeled images by applying a
puzzle pretext task. We also provide a new deep learning model to diagnose cervix cancer with an
attention model of which the weight is transferred from self-supervised learning. By adding the
transferred knowledge and attention to the deep learning model, the results also become interpretable by
presenting which part of the image is used for the diagnosis. These methods neither require additional
EHR data nor manual annotation of the image’s Rol to improve the performance.

Our contributions are three-fold. First, we present a new patch self-supervised learning for pretraining
with unlabeled cervix images. Second, we propose a deep learning model transferred from self-supervised
learning for diagnosing cervical cancer. Third, we propose new attention learning for capturing Rol and
extracting visual features without additional labeled data. The following section discusses related work.
The description of the data used in our experiments is provided in the data section. We also discuss our
method’s details in the method section, while experiments and results are given in the results section.

Finally, we present conclusions and future work in the last section.

2. Related Works

2.1 Self-supervised Learning

A lot of research for learning without requiring manual annotation is currently ongoing to harvest the
vast amount of visual data available today. The study of Gidaris et al. [5] learned image features by
training convolutional nets to recognize rotations applied to images. In the PASCAL VOC 2007 detection
task, their unsupervised pre-trained AlexNet model achieved a state-of-the-art (among unsupervised
methods) mAP of 54.4%, which was only 2.4 points lower than that of the supervised case. The study
presented a rotation classification for a pretext task. However, since the cervix images in our study are
not affected by rotation, the task is not appropriate. Chen et al. [6] proposed data augmentation for
contrastive self-supervised learning algorithms without requiring specialized architectures, a memory
bank, and a linear classifier. The study achieved a 76.5% top-1 accuracy, a 7% relative improvement over

the previous state-of-the-art, matching the performance of a supervised ResNet50. It studied 10 data
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augmentation operators for the pretext task, but the data augmentation required a lot of memory. In [7],
the authors presented Momentum Contrast (MoCo) for unsupervised visual representation learning.
Contrastive learning as a dictionary look-up builds a dynamic dictionary with a queue and a moving-
averaged encoder. In detection/segmentation tasks on PASCAL VOC and COCO, MoCo can be superior
to its supervised pretraining counter-part. They also achieved better memory efficiency than [6], but the
study required a large dictionary which is affected by datasets. For training a global context, we applied
puzzle self-supervised learning for predicting the relative position of the image using the unlabeled
image. We considered only 1,000 combinations out of the 9! cases and used a weight-sharing model for

efficient memory usage.

2.2 Cervical Cancer Analysis

Several deep learning approaches using cervix images have been proposed for cervix cancer analyses.
In [3,8], the authors used the Rol method to detect the cervix in the image. They applied a CNN model
to classify cervix type and cervix cancer, but this method needs manual annotations with skilled expertise,
and the labeled dataset is not publicly available. In [9], the authors manually cropped images and applied
data augmentation using rotation, horizontal flip, and vertical flip to generate a CNN model to classify
cervix cancer. This method could be biased when the annotations are unreliable. Our study presents a
new self-supervised learning using unlabeled images and proposes an attention learning to focus on the
critical part of the image. In [4,10], the authors showed convolution-based models with LeNet and
AlexNet for classifying cervical cancer. Kudva et al. [10] studied transfer learning using pre-trained
AlexNet with labeled images. Most of the previous approaches extracted visual features using labeled
data and subsequently the features were applied for classifying cancer. These methods heavily depend on
the amount of annotated data.

While expanding on previous work for classifying cancer, this paper presents a new patch self-
supervised learning method by extracting global context from unlabeled data. We also propose a weight-
sharing model with an attention learning to focus on local features of the image with a small set of labeled
data.

3. Data

We used a cervix image dataset maintained by the US National Cancer Institute (NCI) from 10,000
women [11]. The patients had multiple visits, and each visit consisted of multiple screening tests. The
total number of images is 45,009. However, the number of labeled images within 1 year from the date of
screening is only 978. Images have a resolution of approximately 2800x1900 pixels, and individual sizes
vary. We used the unlabeled images for self-supervised learning to extract the global features, and the
labelled images were used to classify cancer. The CIN grades (CINO, CIN1, CIN2, CIN3, CIN4) are the
ground truth and used to label the cervix images. CINO and CIN1 grades are labeled as normal, while
CIN2+ are identified as abnormal cases. We divided the classes into positive (CIN2+) and negative
(CINO/CINT). We split the images into two groups to classify cancer: one with labels for training, 80%,
and the other for testing the classifier, 20%. The dataset classified by the presence of a label is shown in
Table 1.
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Table 1. The number of images with and without labels

Type Number of images
Without label 44,031
With label 978
Total 45,009

4. Method

A high image resolution and a high expansion rate can minimize diagnostic errors. However, it is
expensive to use high-resolution images due to the limitations of memory capacity and computational
resources. Thus, we devised effective methods to utilize low-resolution images and introduced self-
supervised learning to extract global features using unlabeled images. The pre-trained visual features
from the self-supervised learning are used to classify cervical cancer. Finally, we present the cancer

classifier that pays attention to the critical parts of the image.

4.1 Patch Self-supervised Learning

This work presents an effective method to extract global features using unlabeled images of low
resolution. The crucial part of the image to diagnose cervix cancer is mostly located around the center.
The irrelevant parts (e.g., instrument components from a speculum) are located near the periphery. As
the model should learn such information, we applied the patch self-supervised learning method.

Since using a high-resolution image is expensive when training a deep learning model, we empirically
resized the images to 512x512 pixels from the original sizes of approximately 2800%1900. Then, we
divided each 512x512 image into nine patches (3x3) of 153x153 pixels with some space to avoid trivial
solution and randomly shuffled the patches. Even though the possible combination of the nine patches is
9!, we randomly chose 1,000 cases from the combinations since similar combinations exist, such as
[1,2,3,4,5,6,7,8,9] and [1,2,3,4,5,6,7,9,8], and the computational resources are limited. The goal is to
learn the patch arrangement with 1,000 cases, like solving a 3x3 puzzle. The patches are passed through
a self-supervised learning model based on ResNet50 that is shown in Fig. 1. The model consists of
residual blocks, convolution blocks, and a pooling layer. There is a skip connection between the residual
blocks.
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Visual feature 1

: Skip connection : Residual block : Convolution : Pooling
block layer

Fig. 1. The self-supervised learning model architecture based on ResNet50.

456 | J Inf Process Syst, Vol.17, No.3, pp.453~461, June 2021



Jinyeong Chae, Roger Zimmermann, Dongho Kim, and Jihie Kim

There is also a skip connection with a 1x1 convolution between the convolution blocks and residual
blocks that increases the channel dimension. One of the nine patches is passed through the convolution
layer, and the size is reduced through a max-pooling of the first pooling layer. Then, the feature is
extracted through the blocks, and the last pooling layer uses an average pooling. Each patch’s extracted
features that passed the fully connected layer from the model is concatenated with the other patch’s

extracted features. From this patch arrangement learning, the model learns the global features.

4.2 Proposed Model

We train the cancer classifier model shown in Fig. 2 using the learned weights from the self-supervised
learning to classify cervical cancer. The proposed model consists of residual blocks, convolution blocks,
and a pooling layer based on ResNet50. Each residual block has two 2D convolution layers with ReLU
and batch normalization, and a skip connection between the residual blocks is added. Each convolution
block has two 2D convolution layers with ReLU and batch normalization. A skip connection is added for
increased channel dimension between a convolution block and a residual block. The parts before the red
boxes in Fig. 2 are the transferred knowledge learned from self-supervised learning. We divide the image
into nine patches and classify cancer using the patches. Each patch is passed through the proposed model
in Fig. 2. The convolution’s weights are shared between the patches. Finally, each patch’s feature,
extracted through a fully connected layer (green rectangles in Fig. 2), is concatenated with other patch's

features for classifying cancer.
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Fig. 2. The proposed model with attention based on ResNet50.

4.3 Attention Learning

To classify cancer, we need to pay attention to the critical parts of an image as is done with a human

expert's diagnosis. The critical parts are usually near the center of an image, but for some images the
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important parts could be off-center. Therefore, all the patches are passed through the model, sharing the
model's weights, and then the extracted features are concatenated.
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Fig. 3. Attention learning in detail. The output dimensions are given in each block.

To identify what patch should be paid attention to, we applied the attention learning method using an
average pooling and a fully connected layer with sigmoid function, as shown in more detail in Fig. 3. The
input patch size for attention learning is H X W X C (H: height, W: width, C: channel). We stack all
patches of size N, X H X W X C, where N,, is the number of patches. We apply a global averaging
pooling to create the initial path weights of size N,,. From the fully connected layer with sigmoid function,
we can learn what patch is important to classify cancer, and the weight of the patch is transformed to the
size N, X 1 X 1 X 1. Thus, W;, the weight of each patch is multiplied to reweight the original patch.
In the learning, the output of the fully connected layer is multiplied by the extracted features, and the
weighted visual features are derived, which are a red block in Fig. 2. The final fully connected layer

reduces the dimension and extracts the final visual features for classifying cancer.

5. Results

The evaluation metrics are Accuracy, Specificity, Sensitivity, and Precision, as shown in Egs. (1)—(4).
In the Egs. (1)~(4), TP and TN mean true positive and true negative, respectively. Also, FP and FN
mean false positive and false negative, respectively.

TP +TN

Accuracy = TP +TN + FP + FN (1)
Specificity = TNT-:-VFP 2)
Sensitivity = TPT:’FN 3)
Precision = TPT:)FP “4)
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The experiments were carried out on the dataset with labels split into 80% training and 20% testing.
We compared with three baseline results of state-of-the-art methods. The previous approaches have used
specific manual annotations to use the Rol of an image, and those labels are not publicly available. Since
the crucial region for diagnosing cancer is around the center of the image, to compare them with our
study, we cropped the center of each image to 1000x1000 pixels and then applied the previous state-of-
the-art works’ methods. Table 2 shows a comparison of our results with previous works and baseline
models. Overall, the results with self-supervised learning and attention learning show around 6% better
performance than those without it. Compared with state-of-the-art results, our combined method shows
0.01% and 5.5% better performance in accuracy and sensitivity, respectively. In particular, sensitivity is
an important measure in medical diagnosis. In Fig. 4(a), we show the feature visualization by the 2D T-
SNE algorithm. The points of each class are clustered, but some points overlap. We show the impact of
attention learning by visualizing each patch with higher weight than average in an image with a red border
in Fig. 4(b) and an important patch is paid attention to. While the previous approaches require manual
annotation to extract the Rol of the image, our method does not require such annotation and can use
unlabeled data. Overall, our approach, which combines self-supervised learning and attention learning,
achieves relatively good performance without needing a lot of annotated data.

Table 2. Experiment results comparison with state-of-the-art works (unit: %)

Experiment alll\;[l?):l:t?(lm unlaE:leegf data Accuracy Specificity Sensitivity Precision
Xu et al. [2], 2017 v x 73.84 85.41 62.62 81.57
Vasudha & Juneja [4], 2018 v x 65.64 75.52 55.05 64.47
Alyafeai & Ghouti [3], 2020 v x 72.82 76.19 66.66 60.53
ResNet50 x X 67.18 74.34 57.32 61.84
VGG16 x x 62.56 65.33 53.33 31.58
ResNet50 + SSL + AL x v 73.85 76.95 68.12 61.84
VGG16 + SSL+ AL x v 68.72 76.36 58.82 65.79

SSL=self-supervised learning, AL=attention learning.

%e oy e negative class
*23e% itive cl
0 ' 2% + positive class

(a) (b)

Fig. 4. (a) Feature visualization and (b) attentive patch (red) in the image.
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6. Conclusion & Future Work

This study proposes an approach in which self-supervised and supervised learning with attention using
both unlabeled data and labeled data are combined. We improved performance over existing approaches
by applying this method to a cervix image dataset. As many image analysis problems have limited
annotated data, we expect the approach can be useful for similar problems. As future work, we plan to
study an extension of the attention method to increase the accuracy and use external domain knowledge.

Acknowledgement

This research was supported by the MSIT (Ministry of Science, ICT), Korea (No. 2019-0-01599, High-
Potential Individuals Global Training Program) supervised by the Institute for Information and
Communications Technology Planning and Evaluation. We would like to express our gratitude to Dr. Mark
Schiffman, Division of Cancer Epidemiology & Genetics, US National Cancer Institute, for allowing us to
use one of the NCI datasets.

References

[1] M. Arbyn, E. Weiderpass, L. Bruni, S. de Sanjose, M. Saraiya, J. Ferlay, and F. Bray, “Estimates of incidence
and mortality of cervical cancer in 2018: a worldwide analysis,” The Lancet Global Health, vol. 8, no. 2, pp.
¢191-203, 2020.

[2] T. Xu, H. Zhang, C. Xin, E. Kim, L. R. Long, Z. Xue, S. Antani, and X. Huang, “Multi-feature based
benchmark for cervical dysplasia classification evaluation,” Pattern Recognition, vol. 63, pp. 468-475,2017.

[3] Z. Alyafeai and L. Ghouti, “A fully-automated deep learning pipeline for cervical cancer classification,”
Expert Systems with Applications, vol. 141, article no. 112951, 2020. https://doi.org/10.1016/j.eswa.2019.
112951

[4] A. M. Vasudha and M. Juneja, “Cervix cancer classification using colposcopy images by deep learning
method,” International Journal of Engineering Technology Science and Research, vol. 5, pp. 426-432, 2018.

[S] S. Gidaris, P. Singh, and N. Komodakis, “Unsupervised representation learning by predicting image
rotations,” in Proceedings of the 6th International Conference on Learning Representations (ICLR),
Vancouver, Canada, 2018.

[6] T. Chen, S. Kornblith, M. Norouzi, and G. Hinton, “A simple framework for contrastive learning of visual
representations,” in Proceedings of the 37th International Conference on Machine Learning (ICML), 2020,
pp. 1597-1607.

[7]1 K. He, H. Fan, Y. Wy, S. Xie, and R. Girshick, “Momentum contrast for unsupervised visual representation
learning,” in Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, Seattle,
WA, 2020, pp. 9729-9738.

[8] R.Gorantla, R. K. Singh, R. Pandey, and M. Jain, “Cervical cancer diagnosis using cervixnet: a deep learning
approach,” in Proceedings of 2019 [EEE 19th International Conference on Bioinformatics and
Bioengineering (BIBE), Athens, Greece, 2019, pp. 397-404.

[9] S.Mustafa and M. Dauda, “Evaluating convolution neural network optimization algorithms for classification
of cervical cancer macro images,” in Proceedings of 2019 15th International Conference on Electronics,
Computer and Computation (ICECCO), Abuja, Nigeria, 2019, pp. 1-5.

460 | J Inf Process Syst, Vol.17, No.3, pp.453~461, June 2021



Jinyeong Chae, Roger Zimmermann, Dongho Kim, and Jihie Kim

[10] V. Kudva, K. Prasad, and S. Guruvare, “Transfer learning for classification of uterine cervix images for

cervical cancer screening,” in Advances in Communication, Signal Processing, VLSI, and Embedded Systems.

Singapore: Springer, 2020, pp. 299-312.

[11] ClinicalTrials.gov, “An innovative treatment for cervical precancer (UH3),” 2017 [Online]. Available:
https://www.clinicaltrials.gov/ct2/show/NCT03084081.

Jinyeong Chae https://orcid.org/0000-0002-4769-9889

She received a B.S. degree in statistics and convergence software from Dongguk
University in 2020. Since 2020, she is currently a M.S. student at the Department of
Artificial Intelligence, Dongguk University, Korea. Her current research interests
include computer vision, and knowledge-based reasoning.

Roger Zimmermann https:/orcid.org/0000-0002-7410-2590

He received his B.S. degree in Informatik from the University of Applied Sciences and
Arts, Northwestern Switzerland in 1986 and his M.S. and Ph.D. degrees in Computer
Science from the University of Southern California, Los Angeles, California, USA, in
1994 and 1998, respectively. He is now a professor at the School of Computing at the
National University of Singapore. His research interests include multimedia, networks
and spatio-temporal data management.

Dongho Kim https://orcid.org/0000-0003-3349-103X

He received his B.S. degree in Computer Engineering from Seoul National University,
Korea, in 1990 and his M.S. and Ph.D. degrees in Computer Science from the
University of Southern California, Los Angeles, California, USA, in 1992 and 2002,
respectively. He is now a professor at the Dongguk Institute of Convergence Educa-
tion, Dongguk University, Korea. His research interests include artificial intelligence,
distributed systems, networks, and security.

Jihie Kim https://orcid.org/0000-0003-2358-4021

She received a B.S. degree in computer science and statistics from Seoul National
University in 1988, an M.S. degree in computer science and statistics from Seoul
National University in 1990, and a Ph.D. degree in computer science from the
University of Southern California in 1996. She is currently a professor at the Depart-
ment of Artificial Intelligence in Dongguk University, Seoul, Korea. Her research
interests include machine learning, NLP and knowledge-based reasoning.

J Inf Process Syst, Vol.17, No.3, pp.453~461, June 2021 | 461




<<
  /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 /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /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 true
  /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 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 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

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /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.)
  >>
  /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 [612.000 792.000]
>> setpagedevice


