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Abstract. Manufacturing organizations are striving to remain competitive in an
era of increased competition and every-changing conditions. Manufacturing
technology selection is a key factor in the growth of an organization and a fun-
damental challenge is effectively managing the computation of data to support
future decision-making. Classification is a data mining technique used to pre-
dict group membership for data instances. Popular methods include decision
trees and neural networks. This paper investigates a unique fuzzy reasoning
method suited to engineering applications using fuzzy decision trees.

The paper focuses on the inference stages of fuzzy decision trees to support
decision-engineering tasks. The relaxation of crisp decision tree boundaries
through fuzzy principles increases the importance of the degree of confidence
exhibited by the inference mechanism. Industrial philosophies have a strong in-
fluence on decision practices and such strategic views must be considered. The
paper is organized as follows: introduction to the research area, literature review,
proposed inference mechanism and numerical example. The research is con-
cluded and future work discussed.

Keywords: Fuzzy Decision Tree (FDT), Classification and Prediction, Knowl-
edge Management, Manufacturing Technology Selection, Intelligent Decision-
Making.

1 Introduction

Decision-making in the manufacturing sector is a complex and imperative practice
that requires accurate judgment and precise classification. It consists of the wide
evaluation of alternatives options against an intolerable set of conflicting criteria. The
rapid development of available technologies and complexity manufacturing technolo-
gies offer has made the task of technology selection difficult. Rao [1] notes how
manufacturing technologies have continually gone through gradual and sometimes
revolutionary changes. Fast changing technologies on the product front cautioned the
need for an equally fast response from the manufacturing industries. To meet the
challenges, manufacturing industrials have to select appropriate strategies, product
designs, processes, work piece and tool materials, machinery and equipment, etc. The
selection decisions are complex, as decision-making is more challenging today.
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Classification problems have aroused interest of many researchers in recent years.
In general, a classification problem is to assign certain membership classes to objects
(events, phenomena), described by a set of attributes. In practice, classification algo-
rithms involve obtaining some data on input and putting appropriate classes on output,
mostly assuming a given object attribute and class set [2]. Fuzzy Decision Trees
(FDTs) are a form of induced decision trees that combine the theory of fuzzy to soften
sharp decision boundaries, which are inherent in traditional decision tree algorithms.
A fuzzy region represents each node in the decision tree and the firing to some degree
of each node forms the inference technique to produce the final classification.

FDTs are an effective data-mining technique that support classification based on
historical data through a case repository of previous decisions. Knowledge acquisition
is regarded as the bottleneck of expert system development in the artificial intelli-
gence field. Knowledge is difficult to capture and express, it is also extensive and
costly to conduct. Human experts may be able to master their respective task, but
unable to communicate such activities into an intelligent system. Capturing knowl-
edge through historical cases is potentially a suitable and easier to conduct task. Initial
studies suggest that previous evaluated technologies stored in the form of cases can
enable quick classifications based on new project requirements by adopting the FDT
technique.

Each node in a FDT is represented by a fuzzy set, itself defined by a fuzzy mem-
bership function. An unclassified example, based on the input of fuzzy requirements,
pass through the tree and result in all branches firing to some degree. It is common for
membership grades throughout the tree to be combined using pre-selected inference
techniques to produce an overall classification. Shortcomings of existing techniques
are the lack of consideration for the value of attributes that can account for changes in
the expected classification. In addition, summing the respective values is not appro-
priate for FDTs. When performing the selection process for engineering domains,
certain factors are deemed essential for the validity of choice and should have a bear-
ing on the outcome, which in turn relates the organizational strategy and vision.

This paper presents a discussion of inference techniques to support fuzzy decision
tree classification. The paper notes on the unique factors of engineering applications
and draws on key challenges essential to the reasoning algorithm. A unique inference
mechanism is proposed in section three and section four provides a numerical exam-
ple for further clarity. Finally, the research is concluded and future research discussed
in section five.

2 Literature Review

In our daily life we always face situations where we have to make decisions. We often
use our past experience to decide on current events, where experience can be thought
of as experimental data. Some applications are very complex such that it is very hard
for us to deduce good decision models based on our experience. Furthermore,
experimental approaches to decide on new cases may be too expensive and
time-consuming. Machine learning represents an efficient and automated approach to
construct decision models from previously collected data (known cases) and apply the
constructed models to unknown, similar cases to make a decision [3]. Machine
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learning has received extensive interest from researchers in classification and predic-
tion problems. Many have been successfully applied and bring improvements com-
pared with existing decision support practices.

Anand and Buchner [4] define data mining as the discovery of non-trivial, implicit,
previously unknown, and potentially useful and understandable patterns from large
data sets. It is an extremely useful theoretical application and broad ranges of tech-
niques applied to problems exist. The aim is to identify useful patterns within a data-
set to predict suitable outcomes for decision makers. Decision trees are one of the
most popular machine-learning techniques [5]; they are praised for their ability to
represent the decision support information in a human comprehensible form [5, 6].
However, they are recognized as a highly unstable classifier with respect to small
changes in training data [3, 7]. Decision tree rule induction is a method to construct a
set of rules that classify objects from knowledge of a training set of examples, whose
classes are previously known. The process of classification can be defined as the task
of discovering rules or patterns from a set of data. The objectives of any classification
task is to at least equal and essentially exceed a human decision maker in a consistent
and practical manner [8].

A fundamental problem associated with decision trees to support classification is
the sharp boundaries that exist in separating the attributes within the tree. The parti-
tioning is strict and small changes can lead to different classifications being sought.
To overcome some of the deficiencies of crisp decision trees, the relaxation of these
boundaries can be achieved through the creation of fuzzy regions at each node. Un-
known cases travel through all paths with a certain degree of confidence, instead of
maintaining one definite path. The degree of confidence exhibited by a specific attrib-
ute value is determined by a fuzzy membership grade.

Janikow [5] best summaries and describes the four steps of a fuzzy decision tree
induction mechanism:

Data fuzzification.

Building a fuzzy decision tree.

Converting the fuzzy decision tree into a set of fuzzy rules.

Applying the fuzzy rules to make classification and/or prediction (inference).

il e

Data fuzzification is applied to numerical data. The purpose is to reduce the infor-
mation overload in the decision support process. Fuzzy membership functions are
selected to represent the partitioning attributes and are crucial to the performance of
fuzzy decision trees. The tree building procedure recursively partitions the training
dataset based on the value of a select splitting feature. Several information measures
exist in the literature with the purpose of identifying influential branching features. A
node in the tree is considered a leaf node, when all the objects at the node belong to
the same class, the number of objects in the node is less than a certain threshold, the
ratio between objects membership in different classes is greater than a given thresh-
old, or no more features are available.

The building procedure will often initiate with the most informative attribute be-
ginning the initial splitting and continuing with the second most instructive, efc. This
continues till all objects are classified within the data set. If the dataset were exten-
sive, unique classifications would create a large tree. Pruning can examine the
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performance of a particular branch within the tree to decide whether or not to stop the
growth down that specific branch, reducing the size of the tree. The final stage of an
induction mechanism is the inference procedure.

Inference has long been a method for reasoning and thus deducing an outcome
from a set of facts. The technique involves combining the mathematical information
generated from firing a number of IF-THEN rules from a knowledge base. The
knowledge base consists of a series of fuzzy IF-THEN rules extracted from each path
of the tree. Keeley [8] discusses the technique in four stages: (i) Combining the in-
formation of the antecedent of a particular rule, (ii) Applying the resultant value to the
consequence of that particular rule, (iii) Combing the resultants from all rules, (iv)
interpreting the outcome.

The rules in fuzzy decision trees are fuzzy rather than crisp, and therefore have an-
tecedents, consequences, or both. The chosen fuzzy inference paradigm is applied to
combine the information generated from firing the rules, and produce a fuzzy set of
fuzzy value outcome [8]. Typical decision tree IF-THEN rules produce a singleton as
the outcome; however, fuzzy models usually produce a fuzzy region.

The latest study of fuzzy inference reasoning mechanisms suitable for decision tree
rules require a singleton output as discussed by Abu-halaweh [3]. As the test object
falls down the numerous paths and through each attribute within the tree, a level of
certainty can be concluded at each partitioning point. The first method discussed by
Abu-halaweh [3] corresponds to labeling the leaf node with the class that has the
greatest membership value, whilst the second labels the leaf node with all class names
along with their membership values

In the first method, as the object propagates down the fuzzy decision tree, its mem-
bership value in all of the decision leaf nodes is calculated. Then the object is as-
signed the class label of the leaf node that has the greatest membership value. In other
words, it is assigned the same label of the fuzzy rule with the maximum firing
strength (max-min). In the second method, it will reach each leaf node with some
certainty or membership value. However, since the leaf nodes are labeled with all
class names and their membership values, the class proportion in the leaf node multi-
plies the certainties. Then the certainties of each class are summed, and the test object
is assigned the class label with the greatest certainty [3].

In terms of manufacturing technology selection, data mining has been identified as
a potential key factor that can support manufacturing decision-making practices.
Harding et al [9] recognized that knowledge is the most valuable asset of a manufac-
turing enterprise, as it enables a business to differentiate itself from competitors, and
to compete efficiently and effectively to the best of its ability. Data mining for manu-
facturing began in the 1990s [10-12] and it has gradually progressed by receiving
attention from the production community. Data mining is now used in many different
areas of manufacturing to extract knowledge for use in predictive maintenance, fault
detection, design, production, quality assurance, scheduling, and decision support
systems [9]

Shortcomings of the two noted reasoning mechanisms are firstly that objects can be
classified as unsuitable solutions based on a single membership value within a path
that has received the highest fuzzy membership grade. An unknown object may then
not adhere to requirements and be incorrectly classified. Secondly, the attribute
splitting points within a tree often signify different levels of importance related to
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activities such as corporate vision and strategy. It is possible that low importance
factors placed high within the decision tree can classify decisions that do not meet the
appropriate requirements. Finally, the summation of each membership value, inde-
pendent of weighting by proportion, can classify solutions that contain longer paths to
received higher scores and therefore be recommended for selection. It is likely that
longer paths with smaller values will be classified compared to shorter paths that have
higher values.

To overcome these shortcomings, section three of this paper describes a new ana-
lytical methodology that aims to generate a dependable and flexible fuzzy reasoning
mechanism suitable for engineering applications where the impact of criteria weight-
ing is of paramount importance.

3 Proposed Inference Mechanism

In a fuzzy rule-based classification system, two main components can be recognized:
1) the Knowledge Base (KB), composed of a Rule Base (RB) and a Data Base (DB),
which is specific for a given classification problem, and 2) a fuzzy rule-based reason-
ing mechanism. The classification system coherently combines both components that
start with a set of correctly classified examples (historical case examples). The aim is
to assign class labels to new examples with minimum error and acceptable similarity.
This process is described in Figure 1 and the detailed structure of the components is
discussed in the following subsections.

A fuzzy reasoning method is an inference procedure that derives a set of conclu-
sions from a fuzzy rule set and a case example. The method combines the information
of the rules fired with the pattern to be classified for an unknown case. This model is
described in the following.

Knowledge Base

a) Extracted rules from the fuzzy decision tree form an IF-THEN rule base
and a coterie of fuzzy sets. Each rule is extracted and varies in length de-
pending upon the purity of the decision tree. They are formed as:

“IF a set of conditions are satisfied, AND a different set of conditions are
satisfied, THEN a set of consequences is deduced”.

Rii.kn: IF Xy nisAxy. ., AND x,is Ax, THEN solution is L;. ja

Where:
Rii ko is a rule with a unique case identified number
X1..n is an attribute in the tree
AXx1 n is the rating of the attribute X1

le...jn is the case solution (end leaf)
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Classification Process

Fuzzy Rule Based
Classification System

Knowledge Base

Fuzzy Rule Base Testing Data

\d

Data Base

[ Fuzzy Reasoning Method J Testing Results

Fig. 1. Design of a Fuzzy Rule-based Classification System

Fuzzy Reasoning Method

b) Weighting of parameters enables a level of quantitative property to be as-

)

signed to each splitting attribute within the tree. In engineering applications,
different attributes have alternative levels of importance that can affect the
expected outcome. An appropriate process of identifying quantitative scoring
for alternative parameters is to use the pair-wise comparison technique. Each
attribute is considered and decision makers express their preference between
two mutually distinct alternatives. For example, if the alternatives are Attrib-
utel and Attribute2, the following are the possible pairwise comparisons.

Attributel is preferred over Attribute2: “Att.1 > Att.2”
Attribute? is preferred over Attributel: “Att.2 > Att.1”
Preference is indifferent between both alternatives: “Att.1 = Att.2”

To calculate the final scoring, a normalized quantitative property is deter-
mined for each of the alternatives within the comparison table. Each attribute
weight is calculated and expressed wx,, as a percentage.

Probability is an important technique for decision analysis where the level
of certainty can play a role in classification. The probability is shown at each
attribute within the decision tree and identifies the amount of objects that lie
below that particular attribute. Probability can provide an insight into the
strength of a solution appearing within a rule when a class object is repeated
on a number of occasions. The advantage of incorporating probability into
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d)

e)

L. Evans and N. Lohse

the reasoning algorithm is the ability to consider a single path on a number of
occasions that may contain more than one identical final object.
The probability of an object relating to an attribute is shown as:

Py = probability of Lj;._j, within x;._, for Ax;

New object classification allows the requirements of an unknown case to be
classified. Starting at the root node, the tested object is defined in fuzzy
terms and expressed as an optimal position within a fuzzy membership set.
The input is expressed for each criteria rating and the output fuzzy member-
ship value is allocated for each of the fuzzy functions within the membership
set. The output fuzzy membership value is expressed as F)y for each attrib-
ute partition.

For each attribute partition, the selected position along the fuzzy member-
ship set forms a numerical output value as shown for each function in Figure
2. The input value of 3.5 concludes a score of 0.8 and 0.2 for the linguistic
terms ‘ManyConstraints’ and ‘PossibleConstraints’.

1 ManyConstraints Flexible
PossibleConstraints

1\ /\ /A

0.5

oL/ N /N

0 2.5 5

Fig. 2. Fuzzy Membership Function Example

The weighted fuzzy membership value (wMYV) is calculated at each attrib-
ute within the decision tree to conclude interim scores for use in the final
calculation of a rule. The weight fuzzy membership value identifies the prob-
ability of the final leaf object appearing in a particular attribute. An attribute
information set is shown as:

Attribute x,,

Category (%) n
Alternative L, 50 25
Alternative L, 20 10
Alternative L, 20 10

Probability (P,) x X
wx, =X
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The final weighted attribute expressed as:
wMV = PxX wx, X FM\/.

f) End leaf calculation for rule class object. For each rule, as the object
propagates down the tree, the wMV is noted at each of the decision tree
nodes. The number of noted wMV depends entirely on the length of the rule
and the average is calculated by summing each wMV and dividing it by the
number of wMV. The average is expressed as:

n
1
Score Ry, = - z wMV,
i=1

Where:
n = number of wMV within the rule.

By calculating the average score reflects that the length of a rule may vary.
Long and short rules are deemed equal and each leaf node is given an equal
opportunity for identifying a similarity score. The consideration of weighting
each attribute replicates human reasoning where particular attributes are
deemed more or less important, and affects the final result dependent on the
level of importance.

g) Summary. The final phase is to summaries the results of the calculated
scores for each rule. Firstly, for rules that contain the same object class name
(i.e. the solutions are identical), the maximum rule score will represent that
object. The object classification that received the highest score is deemed to
be the most appropriate and a suitable solution based on the new project in-
put requirements. Therefore, the classification is the highest scoring solution.

To conclude the proposed inference mechanism, the seven stages aim to provide a
methodical approach that is considerate to the value of alternative attributes and the
form in which the fuzzy decision tree generates the rule base for engineering
applications. This paper will now present a brief numerical example to illustrate the
approach.

4 Numerical Example

In this section, we present a numerical example to demonstrate the applicability of the
approach within its intended domain. Using a fictitious dataset, a case repository of
twenty cases containing four alternative class objects was applied. The dataset was
fuzzfied and contained seven attributes. Each case contained a unique identification
number and linguistic term to represent the performance of the class label within the
case. The case repository is shown in Table 1.
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From the dataset, we form a knowledge representation system for J = (U, C 4 D)

where: U = {1,...

.20}, € = {TL, PT, SL, CM, SC, PC, MO}, D = {Fixed_Tooling,
, Photogrammetry, Robot}. Using the fuzzy decision tree building

procedure proposed by Wang and Lee [13], the following information gain scores

were concluded for each of the attributes:

Laser_Scanner

Gain (PT) = 0.4336, Gain (CM) = 0.1174,

bl

Gain (SL) = 0.6344, Gain (TL) = 0.4958

0.3757.

Gain (SC) = 0.2693, Gain (PC) = 0.3379, and Gain (MO)

Since skill level received the highest information gain among the seven attributes, it is

selected as the initial partitioning of the tree and placed at the top. Upon initial split-
ting of the tree, it became apparent that skill level does not uniquely classify each
alternative; the tree is not pure. We therefore select the second highest attribute to
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Fig. 3. Partial Fuzzy Decision Tree
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split the tree further until it is fully classified. We present a partial section of the fuzzy
decision tree in Figure 3 to demonstrate the fuzzy splitting of data. In addition, the
figure represents the output fuzzy membership values for each of the attributes for the
new project classification. These have been selected as optimal positions within each
fuzzy set in order to classify the new example.

In order to calculate the resultant score for each of the end nodes, we follow the
equation in step five of the methodology. For example, we will demonstrate using the
dashed rule for ‘Laser Scanner, Case No.4’.
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Ryy: IF ProcessTime is VeryLow AND SkillLevel is SemiSkilled AND Tech-
nicalLongevity is High AND ProcessCost is RelativelyLow THEN Solution is
LaserScanner

RuleLaserScmmer Case No.4 —

(100% x 30% x 0.2) + (25% x 10% x 0.5) + (40% x 15% x 1) + ( 20% x 10% x 0.8)
4

= 0.03715

If we follow the same algorithm for the eight different class objects within the tree, we
can conclude that Fixed Tooling Case No.3 & 18 received the highest similarity score
and therefore is the classification object. The case is then represented as a new case in
the repository and stored for future use. As the decision maker wishes to determine the
appropriate classification result among the objects within the repository, the highest
scoring technology is deemed appropriate and a ranking of the solutions is not shown.

5 Conclusion

In this paper, we have proposed a fuzzy reasoning method for fuzzy decision tree
inference of engineering applications. The approach considers each rule within a tree
independent of the length determined by the tree builder algorithm. Although most
fuzzy reasoning using IF-THEN rules determine a fuzzy region as the output, fuzzy
decision tree rules consist of fuzzy partitioning at each attribute and not for the end
nodes. Therefore the rules are multiple input, single output equations that output a
numerical score. The output rule receiving the highest score is deemed the most suit-
able classification.

Existing publications tend to lack consideration for the value of attributes, which
relate directly to an organization and have an influence on the outcome. The well-
publicized max-min method identifies the weakest membership function in a rule and
uses that value to represent the object class. Identifying the lowest score is not ideal
because a rule may be well represented by other attributes. The methodology pro-
posed in this paper combines the importance of different attribute values by determin-
ing a normalized level of importance through the pair-wise comparison technique.
The average fuzzy membership value of each rule is calculated to act as the final
object class to consider stronger and weak similarity scores. To conclude, the pro-
posed model is deemed as more effective compared with existing algorithms and well
suited to applications where levels of importance can change over time to allow the
decision-maker to input different requirements.

The work described in this paper is part of a research project that is investigating
how fuzzy decision trees can support manufacturing technology selection within the
engineering domain. Future work will investigate the effectiveness of the proposed
approach in a corporate environment for comparison with existing practices.

Acknowledgments. The authors gratefully acknowledge the support provided by the
Innovative Manufacturing Research Centre (IMRC) at the University of Nottingham,
funded by the Engineering and Physical Science Research Council (EPSRC) under
Grant No. EP/E001904/1 for the research reported in this paper.



Optimized Fuzzy Decision Tree Data Mining for Engineering Applications 239

References

10.

11.

12.

13.

Rao, V.: Decision making in the manufacturing environment using an improved PROME-
THEE method. International Journal of Production Research 48(16), 4665-4682 (2010)
Chang, P.C., Fan, C.Y., Dzan, W.Y.: A CBR-based fuzzy decision tree approach for data-
base classification. Expert Systems with Applications 37(1), 214-225 (2010)
Abu-halaweh, N.M.: Integrating Information Theory Measures and a Novel Rule-Set-
Reduction Technique to Improve Fuzzy Decision Tree Induction Algorithms, Deptartment
of Computer Science. Georgia State University, Atlanta (2009)

Anand, S.S., Buchner, A.G.: Decision support using data mining. Financial Times Man-
agement, London (1998)

. Janikow, C.: Fuzzy decision trees: issues and methods. IEEE Transactions on Systems,

Man, and Cybernetics, Part B 28(1), 1 (1998)

Quinlan, J.: Decision trees and decision-making. IEEE Transactions on Systems, Man and
Cybernetics 20(2), 339-346 (1990)

Olaru, C., Wehenkel, L.: A complete fuzzy decision tree technique. Fuzzy Sets and Sys-
tems 138(2), 221-254 (2003)

Crockett, K.A.: Fuzzy Rule Induction from Data Domains, Department of Computing and
Mathematics, p. 219. Manchester Metropolitan University, Manchester (1998)

Harding, J., Shahbaz, M., Kusiak, A.: Data mining in manufacturing: a review. Journal of
Manufacturing Science and Engineering 128, 969 (2006)

Lee, M.: The knowledge-based factory. Artificial Intelligence in Engineering 8(2), 109—
125 (1993)

Irani, K.B., et al.: Applying machine learning to semiconductor manufacturing. IEEE Ex-
pert Intelligent Systems and their Applications, 41-47 (1993)

Piatetsky-Shapiro, G.: The data-mining industry coming of age. IEEE Intelligent Systems
and their Applications 14(6), 32-34 (1999)

Wang, T.C., Lee, H.D.: Constructing a fuzzy decision tree by integrating fuzzy sets and
entropy. WSEAS Transactions on Information Science and Applications 3(8), 1547-1552
(2006)



	Optimized Fuzzy Decision Tree Data Mining for Engineering Applications
	Introduction
	Literature Review
	Proposed Inference Mechanism
	Numerical Example
	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




