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Abstract

The role of meta-reasoning in a satellite image interpretation
program is described. A brief description of the satellite im-
age understanding program is given, as well as a description
of the self-adaptive architecture GRAVA. Meta-knowledge
and abstract knowledge are shown to enable self-adaptation
which results in greater robustness and reliability in the pro-
gram.

Introduction

In this paper we discuss meta-reasoning, in an image inter-
pretation architecture called GRAVA, and its role in pro-
ducing good image interpretations under a wide range of
environmental conditions.

In Metareasoning: a manifesto (Cox, Raja 2007) discuss
introspective monitoring. Online monitoring is an essential
attribute of any system that operates in an uncertain envi-
ronment. Online monitoring allows failed approaches to
be replaced by alternatives, contingent plans to be applied
when available or to invoke failover procedures to be in-
voked. Such recovery mechanisms are fruitless when the
failure suggests that the entire approach has been invali-
dated. Metareasoning is essential to be able to reason
about the validity of the current approach to avoid having
the program fruitlessly apply contingent methods in an en-
vironment where they will have no beneficial effect — and
may lead to disastrous results. Nowhere is this need more
apparent than in computer vision applications where
changes in illumination, image context, and a host of other
environmental factors can demand a completely different
approach to the image understanding process. Most suc-
cessful computer vision programs are is situations where
conditions can be carefully controlled. Computer vision
systems on mobile robots forces vision into uncontrollable
environments and we argue that metareasoning the cleanest
path to reliable systems in this domain. Our approach
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draw upon observations by Lessor et.al (Erman et.al. 1980)
on the Hearsay II project but are implemented in an archi-
tecture that is self-adaptive (Robertson 2002). Metareason-
ing in our approach takes the form of reasoning about the
performance of a subordinate computational process. Per-
formance measurements can come from two sources: spe-
cific failures invoked by the subordinate process and poor
performance in comparison to learned performance mod-
els. We utilize description length as one important compo-
nent of learned performance models. Metareasoning in our
system operates on contexts that are learned with the help
of a clustering algorithm (Robertson, Laddaga, 2002).

We consider a program that interprets a sequence of satel-
lite images formed from the passage of the satellite as it
traverses its orbit. The sequence of images thus created
will depict the changing landscape visible from the di-
rected camera of the satellite. These landscape changes we
will treat as one component' of the environment of the sat-
ellite image interpretation program.

The real world is complex and attempting to build static vi-
sion programs with hardwired logic to deal with every pos-
sibility is naive. The world in which we live exposes the
eye, and camera, to an enormous diversity of visual vari-
ety. When faced with complexity, it is often a good strat-
egy to ‘divide and conquer’. We divide by contexts, and
conquer each context with an individually tailored program
configuration.

Consider a collection of programs that specialize in inter-
preting different scene types and some way of switching
between programs as necessary. Not only would such an
approach make the complexity seem more manageable but
the constraints of the scene would allow better interpreta-
tions to be generated. The correct identification of objects
in a scene may not be uniquely discernable from the pixels
in the image, but the ambiguities might be resolvable from
the context in which they appear. For example, a program

! Other components of the environment include the type of cam-
era or sensor, and the weather and atmospheric conditions.



that has to deal with ocean scenes is likely to correctly in-
terpret large tankers as ships whereas similarly appearing
structures in an industrial scene would be interpreted as,
say, a warehouse.

GRAVA employs a self-adaptive approach towards achiev-
ing reliable interpretations in complex and changing envi-
ronments. Self-adaptive software is concerned with the
problem of automatically adapting program structure in re-
sponse to environmental changes in order to provide robust
performance despite those changes. Self adaptation encap-
sulates the idea that a running program may be viewed as a
collection of context dependent programs that are auto-
matically selected in sequence as context changes are de-
tected. The selected program is assumed to have the prop-
erty that it is a good match for the environment at the time
of the adaptation, but this assumption is continuously
checked.

The satellite image interpretation program described in this
paper segments, labels, and parses aerial images so as to
generate a rich structural description of the image contents
for each image in the sequence.

Even if we could know all the different states that the envi-
ronment could be in, we wouldn't know a priori what state
the environment would be in at any particular time. Con-
sequently, in order to achieve robust performance, image
understanding programs should determine the state of the
environment at runtime and adapt accordingly.

Self adaptation is a model-based approach to building ro-
bust systems. The environment, the program's goal, and the
program's computational structure are modeled. In princi-
ple, the idea is simple. The environment model and the
program goal model support continuous evaluation of the
performance of the program. When program performance
deteriorates, the program goal model and the computation
model together support modification of the program struc-
ture. In this way, the program structure evolves as the envi-
ronment changes so that the components of the program
are always well suited to the environment in which they are
running. Robust performance results from having all com-
ponents operating within their effective range.

GRAVA employs meta-reasoning because it provides the
mechanisms necessary to support two of the core problems
of self adaptive software—a mechanism for reasoning
about the state of the computational system and a mecha-
nism for making changes to it.

While the focus of this paper is on the application of meta-
reasoning in producing reliable image descriptions in the
satellite image understanding program, a brief overview of
the approach taken by the program in interpreting visual
scenes is helpful.
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To produce an image interpretation, a variety of tools are
brought into play. Tools vary both in terms of the goals
they are intended to achieve, and by the methods they use.
Each particular goal may be satisfied by many different al-
gorithms or implementations. The selection of the right
tools determines ultimately the quality of the resulting in-
terpretation. First, the image is processed to extract fea-
tures such as texture by applying tools appropriate to the
image at hand. Next, a segmentation algorithm is em-
ployed in order to produce regions with outlines whose
contents are homogeneous with respect to content as de-
termined by the chosen texture and feature tools. The seg-
mentation algorithm also depends upon tools that select
seed points that initialize the segmentation. The choice of
tools to initiate the segmentation determines what kind of
segmentation will be produced. Next the regions of the
image are labeled based on their contents. Finally, the im-
age is statistically parsed using a 2D picture grammar.

At any point, a bad choice of tool—for initial feature ex-
traction, seed point identification, region identification, or
parse rule—can lead to a poor image interpretation. The
earlier the error occurs, the worse the resulting interpreta-
tion is likely to be. For example, a poor choice of tools for
extracting textures from the image may result in a poor
segmentation. The poor segmentation will likely result in
poor region content analysis and a potentially disastrous
parse of the image. The resulting interpretation can be very
bad indeed. The challenge for a self-adaptive approach is
to determine how the program formed from the collection
of tools described above can be organized so that when a
poor interpretation is produced, the program self adapts
into a program that does a better job.

Meta-Reasoning

Before delving into the details of meta-reasoning in
GRAVA we begin with some general explanation and mo-
tivation for meta-reasoning.

Meta-reasoning involves reasoning about the reasoning
process. Meta-reasoning is just like reasoning but it is ap-
plied to the reasoning engine rather than to the problem
domain. Similar results could usually be achieved by add-
ing additional logic to the reasoning system but several ad-
vantages accrue by having the meta-reasoning be struc-
tured as a separate layer of the reasoning process:

1. Code cleanliness: Mixing meta-reasoning in with
the reasoning logic is bad modularity. It makes
the reasoning code hard to read, maintain, and de-
bug.

2. Synchronization: Meta-reasoning may want to be
invoked at different times to the base reasoner.
Putting them together makes this very difficult.

3. Representational efficiency: By reasoning at the
meta-level a whole class of issues can be handled



in one place that would have to be repeated for
each member of the class at the reasoning level.

For meta-reasoning to take place the base reasoner is in-
strumented to allow the state of reasoning to be reasoned
about. For meta-reasoning to influence the reasoning
process the results of meta-reasoning are reified into the
reasoning process. This can be accomplished by represent-
ing the results of meta-reasoning as data structures that are
used by the reasoner or by interrupting the reasoning proc-
ess and restarting it with new structures.

Meta-reasoning in GRAVA not only reasons about the rea-
soning process but it can interrupt the reasoning process
and redirect it in new directions (as will be demonstrated
below).

Meta-levels in GRAVA

The GRAVA architecture was designed to support image
interpretation programs that take advantage of self-
adaptation in order to effectively handle a changing envi-
ronment. Self adaptation results from a meta-reasoning
event (also known as reflection). In GRAVA, an applica-
tion is structured as a hierarchy of processing levels. Base-
level reasoners reason about the image that they are at-
tempting to interpret. Meta reasoning can occur in any of
the levels above a base reasoner. To understand how meta-
reasoning in GRAVA works we begin by giving a brief
overview of salient aspects of the GRAVA architecture.
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Figure 1: The GRAVA architecture

Figure 1 shows two levels of a GRAVA program. Each
layer of a GRAVA program contains a description that
specifies the goal for the layer. The implementation of that
description is a program consisting of a collection of
agents (the tools) that is fixed at the top level but which is
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synthesized by the parent layer for all lower layers. The
lowest level interprets the image by applying the agents
that make up the interpreter. The parent layer of each layer
(except for the top layer) contains a compiler whose pur-
pose it is to synthesize the interpreter for the layer below
by considering two sources of information:

1. The description for the child layer.

2. The knowledge of the world as collected by the

child layer.

The “knowledge of the world” is the result of reasoning
about the child layer and the product of the child layer.
Since the knowledge of the world is an input to the com-
piler of the child interpreter it indirectly affects the reason-
ing of the child process.

Reasoning in GRAVA

GRAVA reasons about image contents by fitting models to
parts of the image. This process is achieved as part of a
bidding process among competing agents that each attempt
to explain image parts. The winner is selected by a Monte-
Carlo selection mechanism that uses description length of
the competing representations to bias the selection. If
some area (x) of an image fits the agent ‘airport’ and is se-
lected by the Monte-Carlo selection this means that the
reasoner has executed the rule:

area(x) & airportAgent—airport(x)

Levels of Interpretation
The satellite image interpretation program has three levels
as follows.

Level 3: The bottom level interprets the pixels of the image
as non-overlapping regions. The regions are obtained by a
semantic segmentation algorithm (Robertson, P. 2002).
Level 2: The Segments are labeled with semantic markers.
Level 1: The Labeled Segments are parsed using a picture
grammar (Robertson P. 2002).

The parse tree produced by level 1 has segments as its
leaves which in turn have labels indicating their interpreta-
tion as objects in the scene. Monte-Carlo sampling occurs
across all levels so that segmentation, labeling, and parsing
choices are made so as to achieve the final parsed image
with a minimal description length (MDL). The Monte-
Carlo sampling employed to achieve this result is an any-
time algorithm so after a single iteration an image descrip-
tion is available but much of the description will likely be
incorrect. After multiple iterations the best (MDL) de-
scription emerges.

Model Learning and Contexts

Image interpretation with GRAVA is a two phase process.
The first, off-line, process learns models from hand anno-
tated training data— ground truth. These models include:



1. Grammar rules that model the 2D picture struc-
tures found in the annotated images;

2. Labeling models that map region contents to the
named labels annotated by the human annotator
and used in the grammatical rules as terminal
symbols; and

3. Region content models that determine the features
used to drive the segmenter.

These models correspond to the three layers of the aerial
image interpretation program described above. The train-
ing images are clustered? to produce model groups that cor-
respond to different contexts. This is done for each of the
levels.

The resulting clusters may distinguish different imaging
contexts. For example, in our training set, images from
different multispectral bands were provided. At the label
level, images are clustered based on different labels present
in the images, and at the grammar level images are clus-
tered based on the grammatical forms present in the im-
ages.

s-w-26-glas-c-04

s-w-28-gowe-c-02

Figure 2: Four images from the same context

While the contexts may not correspond to simple English
descriptions they do represent different imaging features
that require different tool sets. Selecting a context thus

2 Using a clustering algorithm based upon minimal description
length (Principle Component Decomposition — (Robertson, P.,
Laddaga, R. 2002)

87

constrains how the image will be interpreted, by determin-
ing the tool set.

Figure 2 shows four images that were clustered together
into the same context by virtue of their similar label sets.
One of the four images (bottom left) clearly comes from a
different multispectral camera so these images would not
have been clustered together at the lower level that clusters
on the basis of optical information content. Clusters, of
course, are not given names and may not even obviously
be related. These images however all appear to be good
examples of sea towns. Selecting agents based on the cor-
rect context dramatically improves the likelihood that the
resulting image interpretation will be accurate.

Each of the contexts in each of the categories comes with
estimated prior probabilities based upon their frequency in
the training set. In the absence of any other information
these priors allow the contexts at each level to be sorted in
order of decreasing likelihood. The contexts at each level
are used by the compiler to drive the selection of agents for
each corresponding level of the program.

The Role of Contexts in Self-Adaptation
Meta-reasoning monitors the operation of the reasoner and
estimates the most likely context based on the current state
of knowledge about the world and the child layer’s process
state. When it determines that the currently selected con-
text is not the most likely it re-synthesizes the program op-
erating at the level beneath it to utilize agents appropriate
to the newly selected context. At the parsing level this
may mean that a set of grammatical rules are replaced by
another, more appropriate, grammar. For example, if the
grammar set was for a class of ‘rural landscape’ images
and collected world knowledge suggests that ‘seaport
town’ images represents a more appropriate context, the
agents (grammatical rules) for a seaport town will be used
in place of those for rural landscape. This will enable the
seaport town to be properly parsed where a correct parse
would have been impossible with a rule set dedicated to ru-
ral landscapes.

Reasoning and Meta-Reasoning about Context
While the above sketches out how, for the satellite image
interpretation domain, a useful form of self-adaptation can
be cast in terms of context switches it does not explain how
the decision to change contexts is arrived at. To understand
this aspect of the problem we consider the relationship that
level, has with level ;.

As we have seen above, each level has two relationships
with its parent level. First, the child level’s program in
synthesized by its parent level by (a) using the child level’s
description as a specification for the child’s program, (b)
considering the known state of the child’s process as repre-



sented in the parent level knowledge-base, and (c) by con-
sidering the set of available contexts that were learned for
that level. The child level’s description is the result of task
decomposition of the parent level’s description. The child
level’s relationship to its parent is therefore ‘task decom-
position’. The parent level also created the child level as
the result of its reasoning about contexts, the child specifi-
cation, and the state of knowledge. That relationship,
which consists of the rationale for the decisions about the
child’s structure, is a meta-relationship. The parent level
thus encapsulates four pieces of knowledge about the child:
(1) a more abstract representation of the child’s structure,
(2) knowledge about why the child was constructed the
way it was—and what agents were ultimately chosen in its
construction, (3) knowledge about the world collected by
the child, and (4) how well the child has been doing at its
task. Of the above, (1) and (2) relate to the construction of
the child before the child had a chance to run, while (3)
and (4) relate to knowledge and meta-knowledge, respec-
tively, of the child’s execution history. We explain where
(4) comes from in the next section.

In this application, we chose to use contexts to drive the
child process structure, however, in a different application
another approach might have been taken. The use of con-
texts in this application represents an offline compilation of
alternative self-adaptive choices.

Whatever approach is taken, the parent level is related to
the child level by two forms of knowledge located in the
parent level.

1. The child level is a program tailored to implement the
specification of the task-decomposed goal of its par-
ent. The child has no apparatus to reason about why
it does what it does or how it might do differently if
things don’t work out well in the current environ-
ment—but the parent level does.

2. The parent represents the knowledge that the child is
using the agents chosen for it precisely because, at the
time it was constructed, those agents were most suit-
able for performing the tasks decomposed from the
parent’s specification.

Knowing how well the Child layer is doing

The execution of any level results in an interpretation of
the image chosen so as to produce the MDL representation.
The description length is, in part, a measure of goodness of
the interpretation. The program can produce an interpreta-
tion of a blank image as an ‘urban scene’ because of
smoothing® but the description length will be large. When

? Smoothing is a method whereby rules are created to en-
sure the success of an operation (such as a grammatical
rule). Rules generated by smoothing ensure success but
entail a large description length.
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a context begins to change, such as when the image in the
sequence begins to transition from say a rural landscape to
a suburban one, more parts of the image will suffer from
being alien to the context—resulting in the use of more
smoothed rule and the inevitable growth in description
length for the image. Description length of an image inter-
pretation by a level is governed by two factors: (1) the
complexity of the image being interpreted, and (2) the
goodness of fit of the context used to create the level. Fac-
tor (1) tends to be dominated by the ground area covered
by the image. When the contexts were established (offline)
the defining set of images that formed the cluster had in-
terpretations whose description length was known. From
that set of images’ description lengths a model of the typi-
cal description length of an image is established as a Gaus-
sian. Since the goodness of fit of the context dominates the
changes in description length, serious deviations from the
mean (outliers) indicate a change in context.

In addition to meta-reasoning, reasoning about the task de-
composition also takes place in order to consider the need
to rebuild a new child program. Finally, the goal of the
program is also subject to change. If the priorities of the
system change during a run, the system can self-adapt to
reflect those changes. Adaptation therefore is driven by
these three aspects of the system state:
1. Meta-knowledge about system performance on
the current images.
2. The abstract representation of the knowledge ex-
tracted from the image.
3. The changing state of the goals for the system.
We have focused on the first of these mechanisms in this
paper. The three sources of knowledge are managed by a
theorem prover that plays a central role in the child pro-
gram synthesis.

Conclusions

We have interleaved the description of the GRAVA archi-
tecture and of the satellite aerial image understanding pro-
gram that was implemented using it. Some of the choices
made in the implementation, such as the learning and sub-
sequent use of contexts, were arbitrary and driven by the
problem domain, others, such as the relationships between
parent and child levels, are general and would be common
to other GRAVA applications. The domain discussed in
this paper uses an efficient and simple representation of
program structure choices (contexts) but more complex
domains could use richer representations with correspond-
ingly richer meta-reasoning. We have described how self-
adaptation draws upon both meta-knowledge and abstract
knowledge in order to effect adaptation to changes in the
environment (changing makeup of the scene).



While many image interpretation programs will merrily
continue to interpret images that don’t reflect the programs
domain of competence, the described program, by using
meta and abstract knowledge, catches itself in the act of
doing something silly and self-adapts into a program that
can do better. In this way meta-reasoning leads to a pro-
gram that, through self-knowledge, produces robust per-
formance—and where a good interpretation cannot be ar-
rived at through self-adaptation it can at least indicate that
its best interpretation is unreliable.

Acknowledgements

Effort sponsored in part by the Defense Advanced Re-
search Projects Agency (DARPA) and Air Force Research
Laboratory, Air Force Material Command, USAF, under
agreement number F30602-98-0056. The U.S. Government
is authorized to reproduce and distribute reprints for Gov-
ernmental purposes notwithstanding any copyright annota-
tion thereon.

The views and conclusions contained herein are those of
the authors and should not be interpreted as necessarily
representing the official policies or endorsements, either
expressed or implied, of the Defense Advanced Research
Projects Agency (DARPA), the Air Force Research Labo-
ratory, or the U.S. Government.

References

Robertson, P. 2002. A Self-Adaptive Architecture for Image Un-
derstanding. DPhil Thesis, University of Oxford.

Robertson P., Laddaga, R. 2002 Principle Component Decompo-
sition for Automatic Context Induction, Proceedings of the Artifi-
cial and Computational Intelligence conference, Tokyo Japan

Terras, M., Robertson, P. 2005 Image and Interpretation. Using
Artificial Intelligence to Read Ancient Roman Texts, Human IT

Terras, M. 2007 Image to Interpretation— Using Artificial Intel-
ligence to Read the Vindolanda Texts.

in Image to Interpretation An Intelligent System to Aid Historians
in Reading the Vindolanda

Texts (chapters 4 and 5), Oxford University Press.

Robertson, P. Laddaga, R.2003 GRAVA: An Architecture Sup-
porting Automatic Context Transitions and its Application to Ro-
bust Computer Vision, Proceedings of the 4th International and
Interdisciplinary Conference CONTEXT 2003, Stanford, CA

Raja, A. Lessor, V. 2004 Meta-Level Reasoning in Deliberative
Agents Proceedings of the Intelligent Agent Technology,
IEEE/WIC/ACM International Conference

Erman, L. D. Hayes-Roth, F. Lesser, V. R. and Reddy, D. R.
1980. The HEARSAY-II Speech-Understanding System: Inte-
grating Knowledge to Resolve

89

Uncertainty. ACM Computing Surveys 12(2).

Cox, M. T., and Raja, A. 2007. Metareasoning: A Manifesto,
Technical Report, BBN TM-2028, BBN Technologies.
www.mcox.org/Metareasoning/Manifesto




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /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 1
  /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 (None)
  /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


