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ABSTRACT

Bag-of-visual Words (BoW) image representation is getting
popular in computer vision and multimedia communities.
However, experiments show that the traditional BoW
representation is not as effective as it is desired. One of the
most important reasons for its ineffectiveness is that, the
traditional BoW representation lost the spatial information
in images. To overcome this problem, we propose the pair-
wise visual word tree, within which each visual word keeps
both the appearance and spatial information between two
interest points in image. Thus, the corresponding novel
BoW representation preserves the spatial structure in image.
Based on the pair-wise visual word tree, we propose an
efficient topic word selection algorithm, which utilizes the
Latent Semantic Analysis to discover the most expressive
visual words for different image categories. An efficient
strategy is then utilized to combine the selected topic words
for image re-ranking. Massive experiments show that the
novel BoW representation shows promising performance.
Meanwhile, the proposed image re-ranking strategy shows
the state-of-the-art precision and promising efficiency.

Index Terms—Image Analysis, Image Processing
1. INTRODUCTION

Bag-of-visual Words (BoW) representation is popular in
multimedia and vision tasks, including video event detection
[1, 2], object recognition [3, 4], large-scale image retrieval
[5, 6], etc. Traditionally, a visual word vocabulary is trained
by clustering a large number of local feature descriptors.
The exemplar descriptor of each cluster is called a visual
word. In previous works, various numbers of visual words
are generated for BoW representation. There are two
observations [3-5]: 1) more visual words generally results in
better performance; 2) the performance will be saturated
when the number of visual words reaches certain levels.
Intuitively, larger number of visual words indicates more
fine-grained partitioning of the descriptor space. Hence the
visual words become more distinctive. However, the second
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Fig. 1. Traditional BoW representation lost the spatial clues

observation strongly implies that the descriptive ability of a
visual word is limited, no matter how fine-grained it is.

One shortcoming exists in the traditional visual words,
which might be an important reason for their limited
descriptive power. The traditional visual words only keep
the appearance information in the small local image patches
around the interest points [7]. Thus, the corresponding BoW
representation lost most of the spatial information in images.
A toy example showing this shortcoming is illustrated in
Fig.1. In the figure, the two images show different
semantics. Unfortunately, since the visual word lost the
spatial information, their BoW representations (i.e., the
visual word histogram) are nearly identical.
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Fig. 2. The illustration of the magnified quantization error

Aiming at this problem, lots of works have been
conducted to capture the spatial information between visual
words [3, 4, 6, 8, 9]. In general, this is achieved by
identifying visual word combinations sharing stable spatial
relationships. E.g., in [3] the authors select the most
discriminative visual word pairs for object recognition;
visual word correlogram and correlation are utilized for
object recognition in [4]. However, since quantization error
exists in visual words, such error could be magnified when
combining several visual words together. This results in the
low repeatability of the generated combinations. As shown



in Fig.2, because of the quantization error, the similar image
patches can be assigned with different visual words. In the
visual word combinations, such errors are magnified,
making these combinations ineffective in representing the
similarity between the two images. Several works are
reported trying to suppress the quantization error and
improve the repeatability of visual word combinations. E.g.,
Visual Phrase is proposed in [8] by grouping semantically
similar visual word pairs together; Visual Synset is
proposed as semantically similar visual phrases in [9].
These methods, although show promising performance in
specific tasks, are expensive to compute and are not scalable.
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To generate visual words preserving both appearance
and spatial information, pair-wise visual word tree is
proposed in this paper. As illustrated in Fig. 3(a), pair-wise
visual word tree is built by clustering a large number of
Spatially Stable Interest Point Pairs (SSIPPs), which are
defined as the co-occurred interest points within a
constrained spatial distance. Since each interest point pair
contains the appearance (i.e., the feature descriptors of the
interest points) and spatial clues (i.e., the scale and
orientation relationships between the two interest points),
the generated visual word is designed to be more descriptive.
Topic words are defined as the visual words most related
with the semantics of certain image category. As illustrated
in Fig. 3(b), with the pair-wise visual word tree, the images
returned from the image search engines are represented as
BoW representations. Then, the words most related with the
query (i.e., the topic words) are identified. Finally, the rank
of each image is computed with their contained topic words.

The contributions of our work can be summarized as: 1)
the pair-wise visual word tree is proposed. The BoW image
representation preserving both the appearance and spatial

information can be efficiently achieved with it. 2) The
proposed topic word based image re-ranking shows the
state-of-the-art precision with promising efficiency.

The rest of the paper is organized as follows. Section 2
introduces the pair-wise visual word tree generation. Topic
word based image re-ranking is presented in Section 3.
Section 4 discuses our experiments. The paper is finally
concluded in Section 5.

2. PAIR-WISE VISUAL WORD TREE GENERATION

As illustrated in Fig. 3(a), before the pair-wise visual word
tree generation, we use the DoG (Difference of Gaussian) [7]
to detect interest points. More details about the interest point
detection and local feature extraction can be found in [7].
From each interest point, we extract the information shown
in Fig. 4. Each interest point is denoted as P(S, D, O). Based
on the interest points, we proceed to introduce the SSIPP
detection and pair-wise visual word tree generation.
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Fig. 5. The spati;iiy stable interest point pair detector

We utilize the detector illustrated in Fig. 5 to identify the
SSIPPs. In the figure, a circle with radius Dis is centered at
an interest point. Each interest point within the circle
composes a SSIPP with the centered interest point. The
detected SSIPP is denoted as: (P, Pj), where P, and P,
stand for the corresponding two interest points. The Dis is
computed with Eq. 1 to achieve scale-invariance.
Dis=S_,,..°A (1)
where S.....r 1 the scale of the centered interest point, 4 is a
parameter controlling the constraint of co-occurrence.
Larger A is necessary for identifying stable spatial relations
and overcoming the sparseness of the interest point pairs.
However, large A also increases the computational cost and
the occurrence of noise. We experimentally set A as 6, a
good trade-off between efficiency and performance.

By scanning each interest point with the detector, a
collection of SSIPPs can be generated. Because of the
limited visual word number in each image and the properly
selected A4 , this process can be finished efficiently.

2.2. Pair-wise Visual Word Tree Generation

With the collected SSIPPs, the pair-wise visual word tree is
generated with two steps: appearance based clustering and
pair-wise spatial relationship quantization.



2.2.1. Clustering based on appearance similarity

To cluster the SSIPPs with their appearance clues, we first
define the appearance similarity between two SSIPPs with
Eq. 2.

Sim(7,./) = Min ((M(D;, D}) + M(D}, D)) ),(M(D;, D)) + M(D}, D5) ) ) (2)

where Sim(Z, J) denotes the similarity between SSIPP 7 and
J. Dy is the SIFT descriptor of the interest point P, in 1.
M(, ) is the distance metric between SIFT descriptors.

We utilize the cosine distance as the M( , ). Hierarchical
K-means is employed to implement the clustering task for
its high efficiency. Note that, during the clustering, two
match orders between SSIPP [ and the cluster center C can
be produced, i.e., Ol;c: D) ~ D¢, D} ~ D¢ and 02;¢: Df
~ Db, D ~ D& According to the match order, the SIFT

descriptors of the new cluster centers are updated with Eq. 3:
01/,(‘ 02l.(

A N 01l.( 021;(‘
D¢ =Mean[z D+ Y. D,”j D? =Mean[z DI+ D,"] 3)
1 1 1 1

where p2, D! are the descriptors of the new center of cluster

C. I stands for a SSIPP in C. Ol;¢, O2;¢ are the two match
orders between / and the old cluster center of C.

The result of hierarchical K-means clustering is the
appearance based tree, where each node preserves the
appearance information. Spatial information will then be
assigned to each leaf node in the next section.

2.2.2. Pair-wise spatial relationship quantization
The spatial relationship in each SSIPP is defined as: the
scale ratio (i.e., scale relationship) and the included angel
(i.e., orientation relationship) between the contained two
interest points. We quantize the spatial information
hierarchically. Suppose the scale ratio and the included
angel are quantized into o and f scales, respectively. Then,
each leaf node in the appearance based tree is divided into a
new nodes, representing different scale relationships.
Similarly, each new node is divided into § visual words. For
an appearance based tree with K leaf nodes, the final pair-
wise visual word tree contains K « a « f§ visual words.
Suppose 7/ is a SSIPP falling in leaf node L by
searching its nearest nodes in the tree hierarchically. Its
scale ratio and included angel R, R,° are computed in Eq. 4.
2 _{logw,“/s,b) 0L, Lo {N(O,“ ~0)) if:01,, (4
log(S7/S}) if:02,, " [N©O]-0]) if:02,,
where S and Of are the scale and orientation of interest
point P, in I. Ol;;, O2;; stand for the match orders between
I and L. N(6) normalizes the angle 6 into [- 7, 7 |. Based on
RS and R, I can be assigned with corresponding visual
word, which keeps its appearance and spatial information.

3. TOPIC WORD BASED IMAGE RE-RANKING

Image re-ranking is a research topic catching more and
more attentions [10, 11] in recent years. The goal is to resort
the images returned by text-based search engines according
to their visual appearances to make the top-ranked images
more relevant to the query. In our algorithm, the returned

images are first represented as BoW representation with the
pair-wise visual word tree. Then, the visual words most
related with the query are identified for image re-ranking.

3.1. Topic Word Selection

For the images retrieved with a query O, we utilize the
Latent Semantic Analysis (LSA) [12] to compute the
importance of each visual word to Q. The most important
ones are identified as topic words. Proposed in natural
language processing, LSA analyzes the relationships
between a set of documents and the terms they contain by
producing a set of concepts related to the documents.
Similarly, we treat each image as a document and each
visual word as a term. Then, for the image set, we build a
mxn sized term-document matrix M, where n is the
number of documents, and each m-dimensional vector is a
visual word histogram. According to LSA, M can be
decomposed with Singular Value Decomposition in Eq. 5.

M=UXV" 3)
where U and V are orthonormal matrices and X is akxk
sized diagonal matrix. Each diagonal element in X
represents a latent topic found in M. We keep the largest ¢
elements and set the rest to zero, resulting in a new matrix
2. Intuitively, since many returned images are related with
the query O and show similar appearances (i.e., similar
visual topics), it is reasonable to keep the most dominant
latent topics and filter the noisy ones. In the paper, ¢ is
experimentally set as 0.1 « k. By replacing >, with 2" in Eq.
5, we get the new matrix M, with which, the importance of
each visual word to query Q is computed in Eq. (6).

W= ©)

where w; denotes the importance of visual word i to query Q.
Consequently, the visual words with high importance can be
selected as the topic words for Q.

3.2. Topic Word based Image Re-ranking

Based on topic words, we utilize the strategy illustrated in

Eq. 7 to compute the rank value of each image.
T

Rank™ =" tfidf "+w, (7)
J

where Rank” denotes the rank value of image i. T is the
total number of the topic words, which is experimentally set
as 200. tﬁdﬁ(i) stands for the TF-IDF (i.e., Term Frequency «
Inverse Document Frequency) [5] of the topic word j in
image i. With Eq. 7, the image re-ranking task can be
finished by sorting the images according to their rank values.

4. EXPERIMENTS

4.1. Dataset Collection

To implement convincing experiments, we collect a dataset
with ground truth. We first download images form Google
Image with keywords of location such as “Great Wall”,
“Eiffel Tower”, etc. From the downloaded images, we



selected 40 categories, within which we keep 250 relevant
images and 100 irrelevant ones. Finally, we build a dataset
containing 14000 images, all of which are annotated with
positive or negative tags. In addition, with the downloaded
image dataset, we extracted about 5 million SSIPPs. The
SSIPP collection is utilized for pair-wise visual word tree
generation in the experiments.

4.2. Comparisons and Evaluations
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We first run image re-ranking with different visual word
numbers and different spatial quantizations. MAP (Mean
Average Precision) computed in Eq. 8 is adopted to measure
the performance of image re-ranking. Fig. 6 presents the
experimental results.
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where, correct!? is the number of positive images in the top
i re-ranked images for query Q.

From C1, C5, and C9 in the Fig. 6, we can conclude that
the number of leaf nodes in appearance based tree is
important for the final performance. The results of different
spatial quantizations indicate that the spatial clue is helpful
for improving precision. Especially from C6, C7 and C10,
Cl11, scale is more important than the orientation. This
might be because the detected scale clue is more robust than
the orientation. Moreover, we observe that too finer spatial
quantization decreases the performance. In Fig. 6, C6 with
11861 leaf nodes, o=3 and f=1 shows the best performance.

In order to illustrate the advantage of the pair-wise
visual word tree as well as to compare our topic word based
image re-ranking with the state-of-the-art algorithm. We
implement the following algorithms in the next experiment:
* Al traditional visual word tree with 31973 visual words.

*  A2: pair-wise visual word tree with 35583 visual words (11861
leaf nodes in appearance based tree, a=3 and f=1).
*  A3: the state-of-the-art VisualRank [10] algorithm.

From the experimental result illustrated in Fig. 7(a), it is
clear that our pair-wise visual word tree outperforms the
traditional visual word tree and shows similar MAP with the
state-of-the-art VisualRank. Thus, the effectiveness of our
pair-wise visual word tree and the proposed re-ranking
algorithm can be clearly illustrated. Besides the obvious
improvement on precision, it is necessary to point out that
our algorithm is still very efficient. Obviously in Fig. 7(b),
our algorithm shows similar efficiency with the traditional
visual word tree and is faster for about 17 times than the
VisualRank. Thus, we could conclude that our pair-wise

visual word tree and topic word based image re-ranking is
effective and efficient.
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Fig. 7. The comparison between different algorithms

5. CONCLUSIONS

In this paper, we propose the pair-wise visual word tree and
topic word based image re-ranking. Generated by clustering
a large number of spatially stable interest point pairs, the
visual word in the pair-wise visual word tree preserves both
the appearance and spatial information. Based on the Latent
Semantic Analysis, we propose an efficient topic word
selection algorithm. With the pair-wise visual word tree and
the selected topic words, an efficient image re-ranking
algorithm is proposed. Experiments illustrate that the novel
pair-wise visual word shows better performance than the
traditional visual word tree. In addition, the proposed image
re-ranking algorithm presents promising efficiency and the
state-of-the-art precision.

6. REFERENCES

[1] F. Wang, Y. G. Jiang, and C. W. Ngo, “Video event detection
using motion relativity and visual relatedness,” ACM Multimedia,
pp- 239-248, 2008.

[2] D. Xu and S. F. Chang, “Video event recognition using kernel
methods with multilevel temporal alignment,” 7-PAMI, 30(11):
1985-1997, Nov. 2008.

[3] D. Liu, G. Hua, P. Viola, and T. Chen, “Integrated feature
selection and higher-order spatial feature extraction for object
categorization,” CVPR, pp. 1-8, 2008.

[4] S. Savarese, J. Winn, and A. Criminisi, “Discriminative object
class models of appearance and shape by correlations,” CVPR, pp.
2033-2040, 2006.

[5] D. Nister and H. Stewenius, “Scalable recognition with a
vocabulary tree,” CVPR, pp. 2161-2168, 2006.

[6] Z. Wu, Q. F. Ke, and J. Sun, “Bundling features for large-scale
partial-duplicate web image search,” CVPR, 2009.

[7]1 D. G. Lowe, “Distinctive image features from scale-invariant
keypoints,” ZJCV, 60(2): 91-110, Nov. 2004.

[8] J. Yuan, Y. Wu, and M. Yang, “Discovery of collocation
patterns: from visual words to visual phrases,” CVPR, pp.1-8, 2007.
[91 Y. Zheng, M. Zhao, S. Y. Neo, T. Chua, and Q. Tian. “Visual
synset: a higher-level visual representation,” CVPR, pp. 1-8, 2008
[10] Y. Jing and S. Baluja, “VisualRank: applying PageRank to
large-scale image search,” T-PAMI, 30(11): 1877-1890, Nov. 2008.
[11] X. Tian, L. Yang, J. Wang, Y. Yang, X. Wu, and X. Hua,
“Bayesian video search reranking,” 4CM Multimedia, 2008.

[12] S. Deerwester, S. Dumais, and R. Harshman, “Indexing by
latent semantic analysis,” Journal of American Society for
Information Science, 41(6): 391-407, 1990.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages 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

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


