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Abstract. In this paper, we propose an automatic learning method for gesture 
recognition. We combine two different pattern recognition techniques: the Self-
Organizing Map (SOM) and Support Vector Machine (SVM). First, we apply 
the SOM to divide the sample data into phases and construct a state machine. 
Next, we apply the SVM to learn the transition conditions between nodes. An 
independent SVM is constructed for each node. Of the various pattern recogni-
tion techniques for multi-dimensional data, the SOM is suitable for categorizing 
data into groups, and thus it is used in the first process. On the other hand, the 
SVM is suitable for partitioning the feature space into regions belonging to each 
class, and thus it is used in the second process. Our approach is unique and ef-
fective for multi-dimensional and time-varying gesture recognition. The pro-
posed method is a general gesture recognition method that can handle any kinds 
of input data from any input device. In the experiment presented in this paper, 
we used two Nintendo Wii Remote controllers, with three-dimensional accel-
eration sensors, as input devices. The proposed method successfully learned the 
recognition models of several gestures. 
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1   Introduction 

Gesture recognition has many potential applications, such as gaming interfaces (for 
example Nintendo Wii, Microsoft Kinect, Sony Move), control interfaces for robots 
[1], and electronic devices (for example TVs, lights, air conditioning) [12], severance 
systems [5], and so on. In general, gesture recognition determines what kind of action 
the user is performing from various input signals such as body position, velocity and 
orientation. The input signals can be acquired from various devices, such as sensor-
embedded remote controllers, pressure sensors and cameras. 

There are many pattern recognition techniques. However, the problem with gesture 
recognition is that the inputs usually consist of multi-dimensional and time-varying 
data. If the input data were either multi-dimensional or time-varying, existing pattern 
recognition techniques could easily be applied. For example, the Support Vector  
Machine (SVM) and neural networks including the Self-Organizing Map (SOM) 
work well on multi-dimensional data, while the Hidden Markov Model (HMM) and 
Dynamic Programming (DP) are well-suited to time-varying data. Owing to the 
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(a) Gesture (b) Input signals and phases (c) State machine
     (recognition model)

 

Fig. 1. Examples of gesture recognition using Wii remotes. (a) Performing a gesture. (b) Input 
signals and phases. The horizontal axis represents time. Each line represents one of the input 
values (in this case, accelerations), and each block a phase of the gesture. (c) State machine 
(recognition model). Each state represents a phase of the gesture and has conditions for transi-
tions to connected states. 

combination of multi-dimensional and time-varying data, gesture recognition intro-
duces many problems.  

A common approach to handling such data is to divide each gesture into short 
phases, and then to recognize each phase using a pattern recognition technique for 
multi-dimensional data [9]. For example, the gesture of raising and lowering a hand 
would contain phases such as stationary, moving upward, moving downward. By 
introducing a state machine, representing each phase as a state, and using a pattern 
recognition technique to determine the state transitions, we can construct a recogni-
tion model (Fig. 1). By preparing multiple recognition models for all gestures used in 
the application, the system can recognize any user gesture. The problem with this 
approach is that the state machine must be constructed manually. The designer must 
divide a gesture into several phases based on changes in the input signals. This re-
quires much experience, effort, and trial and error processes. 

The purpose of this research is to develop an automatic learning method for gesture 
recognition. We combine two different pattern recognition techniques: the Self-
Organizing Map (SOM) [7] and Support Vector Machine (SVM) [1]. First, we apply 
the SOM to divide the sample data into phases and construct a state machine. Next, 
we apply the SVM to learn the transition conditions between nodes. An independent 
SVM is constructed for each node. Of the various pattern recognition techniques for 
multi-dimensional data, the SOM is suitable for categorizing data into groups, and 
thus it is used in the first process. On the other hand, the SVM is suitable for partition-
ing the feature space into regions belonging to each class, and thus it is used in the 
second process. Our approach is unique and effective for multi-dimensional and time-
varying gesture recognition. 

The proposed method is a general gesture recognition method that can handle any 
kinds of input data from any input device. In the experiment presented in this paper, 
we used two Nintendo Wii Remote controllers, with three-dimensional acceleration 
sensors, as input devices. The proposed method successfully learned the recognition 
models of several gestures. 
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The rest of this paper is organized as follows. In Section 2, we review related 
works. In Section 3, an overview of our method is presented, while Section 4 de-
scribes our method in detail. Experimental results and a discussion are presented in 
Section 5. Finally, Section 6 concludes the paper. 

2   Related Work 

There are many studies on gesture recognition techniques. As explained earlier, the 
problem is how to deal with multi-dimensional and time-varying input data. 

The Hidden Markov Model (HMM) is a popular method for recognizing time-
varying data. It represents a recognition model as a network of nodes that produce 
some symbols and transition probabilities between nodes. Since it handles input sig-
nals as a series of discrete symbols, in order to employ an HMM, the input signals 
must be reduced to a series of discrete symbols. This causes difficulty in handling 
multi-dimensional signals and prevents accurate recognition. Toyokura et al. [11] 
used manually specified conditions for discrimination and applied their approach to 
sign language recognition. Iuchi et al. [5] used an SOM for discretization. Liang et al. 
[8] used Principal Component Analysis (PCA) to discretize accelerations of multiple 
body parts. 

Another method for recognizing time-varying data is dynamic programming. By 
matching the trajectory from the input signals and the sample trajectory from a ges-
ture, the system can determine whether the gesture has been executed. However, to 
apply this approach, the trajectories must be projected onto a low-dimensional feature 
space. Moreover, an appropriate threshold must be specified to determine whether 
two trajectories are similar. Billon et al. [1] employed PCA for dimension reduction, 
while Yoshioka et al. [14] used manual discretization for each element of the feature 
vector. 

Using a state machine is also a viable approach. Matsunaga et al. [9] used an SVM 
to learn the conditions for transitions, whereas Oshita [12] used manually described 
fuzzy-based rules. However, as explained above, the state machine must be created 
manually. 

Even though some of these methods were designed for automatic learning of ges-
ture recognition, certain parts or parameters need to be designed or specified for each 
gesture by a designer. On the contrary, our method realizes automatic learning. 

3   System Overview 

Our system consists of a learning and a recognition process. The learning process is 
an offline process, whereas the recognition process is an online process. The learning 
process takes input signals of sample data performed by a user as input, while the 
recognition process takes the current feature vector from the input device at each 
frame as input. 
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Each instance of the input signals from an input device is represented as a feature 
vector. Typically the dimension of the feature vector is between a few and several 
tens. In the experiment in this paper, we used six-dimensional feature vectors. 

3.1   Recognition Model 

Our recognition model is represented as a state machine (Fig. 1(c)). Each state in the 
state machine represents a phase of the gesture. As explained in Section 1, gestures 
are expressed by time-varying data and the conditions of the feature vector for a ges-
ture vary from time to time. Therefore, we divide a gesture into phases. 

Each state of the state machine has a connection to other states and its own SVM to 
determine to which state to transit based on the current feature vector. 

The recognition model also has an initial state and a recognition path. The recogni-
tion path is a series of states. As the system transits through states according to the 
inputs, forming the recognition path, it determines that the gesture has been per-
formed. In addition, motion speed can also be calculated from the intervals of the 
transitions [9]. 

Each recognition model recognizes only one type of gesture. Since a system usu-
ally uses multiple gestures, multiple recognition models must be constructed and 
processed for recognition in parallel. Each recognition model is trained independently 
for a specific gesture. 

3.2   Learning Process 

The learning process takes input signals of sample data performed by a user as input. 
A single sample data contains a series of feature vectors obtained during the perform-
ance of the gesture. To train a recognition model, a number of sets of sample data are 
required. For example, in our experiments, we used 10 sets of sample data. Since 16 
feature vectors per second are recorded in our system and the length of a typical ges-
ture is between a few seconds and 10 seconds, each sample data consists of a series of 
about 100 to 200 feature vectors. 

Firstly, the system applies an SOM to categorize the feature vectors into a small 
number of groups (units). A state of the state machine is constructed from each group 
(unit). We use an SVM to represent the conditions for transitions in each node. De-
tails of the learning process are explained in the next section. 

3.3   Recognition Process 

During the recognition process, the system takes the current feature vector from the 
input device at each frame as input. Based on the current feature vector, the system 
determines to which state to transit next or whether to stay in the current state. The 
system determines if a particular gesture has been performed based on the history of 
the state transitions and the recognition path as explained in Section 3.1. 
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Input (time-varying input signals)

Constructing states using SOM

Constructing edges between states

Constructing transition conditions using SVM

Constructing recognition path

Repeating above processes with different
number of states and selecting the best one

Output (a recognition model)
 

Fig. 2. Flow chart and data structures for the learning process 

4   Automatic Learning of Recognition Model 

In this section, we explain our automatic learning method, which involves construct-
ing states using an SOM, edges between states, transition conditions using an SVM, 
and finally the recognition path (Fig. 2). In the following subsections, we explain each 
of these processes. 

4.1   Constructing States Using an SOM 

We use an SOM to construct the states of the state machine. The SOM is a pattern 
recognition technique incorporating unsupervised learning and a type of neural net-
work. It is widely used in many applications for classifying various kinds of data such 
as images, voices, medical data, genes, etc. The SOM is suitable for categorizing 
sample data. It maps high-dimensional data into a number of units, which are usually 
arranged as a two dimensional grid. As result, it groups similar data into the same or a 
nearby unit. 

We simply apply an SOM to all feature vectors from the sample data and then use 
each unit as a state in the state machine. Each state contains the feature vectors be-
longing to the corresponding unit and these are used in the following processes. Units 
with no data are ignored and no states are constructed from them. 

In general, when applying an SOM, the number of units must be specified manu-
ally. If the number is too small, dissimilar data may be mapped to the same unit. On 
the other hand, if the number is too high, similar data may be mapped to different 
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units causing too many states to be created in our system. This can cause recognition 
errors. In many applications, the number of units is chosen empirically. However, in 
our case, the number depends on the type of input and the gesture to be recognized. 
Therefore, we introduce automatic selection of the number of units. Our system con-
structs several state machines (learning models) with different numbers of units. It 
then evaluates these using the sample data. Finally, the best state machine that mini-
mizes the following criterion is chosen. 

 1 2e e k e= +  (1) 

where 1e  is the error rate that correct inputs are not recognized, 2e  is the error rate 
that incorrect inputs are recognized, and k  is a parameter denoting the weights, speci-
fied by the user, of 1e  and 2e . The appropriate value of k  depends on the applica-
tion. For example, in an application such as a gaming interface, a small 1e  is important 
and a small value is specified for k . On the other hand, in an application such as a 
security system, a small 2e  is important and thus, a large value is specified for k . 

4.2   Constructing Edges between States 

Once the states of the state machine have been created, our system determines possi-
ble transitions for each state. If a feature vector of state A is followed by a feature 
vector of state B in the input sample data, an edge from state A to state B is created. 
In addition, each state has an edge to itself and an edge to the initial state, as the user 
could terminate a gesture at any time and start from the beginning. 

4.3   Constructing Transition Conditions Using an SVM 

We use an SVM to learn the transition conditions for each state. The SVM is a popu-
lar pattern recognition technique with supervised learning. Since it divides the feature 
space for each class, the SVM can handle unknown data well, although it is not suited 
to grouping sample data. This is the reason that we combine two pattern recognition 
techniques, the SOM and SVM, with different characteristics. 

To construct an SVM for each state, the sample data belonging to the state and 
those belonging to adjacent (possible transition) states are used as training data. In our 
implementation, we employ LibSVM [3], which supports multi-class recognition. 

Once the SVM has been trained, the transition to the next state is determined based 
on the current feature vector. The transition could be to remain in the same state or to 
move to one of the adjacent states. 

4.4   Constructing Recognition Path 

A state machine is constructed from the above processes. Finally, the recognition path 
is determined. At this point, we have an initial state, to which the initial feature vec-
tors belong, and a terminal state, to which the terminal feature vectors belong.  
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However, even if the system transits from the initial state to the terminal state, it does 
not necessarily mean that the particular gesture has been performed. Generally, a state 
machine is a next work of states. Therefore, there can be many paths from the initial 
state to the terminal state and not all paths mean that the gesture has been performed.  

Our system determines a correct path for gesture recognition based on the input 
sample data. A sample data is represented by a series of states. The system stores the 
recognition path and uses it for recognition. When there are different recognition 
paths for different sample data, all recognition paths are used in the recognition  
process. 

5   Experiment and Discussion 

We have tested our method with various gestures. In this experiment, we used Wii 
Remote controllers as input devices. With these controllers, the user has one spatial 
acceleration sensor for each hand. An acceleration sensor detects three directional (X, 
Y and Z) accelerations. Therefore, the feature vector has a dimension of six. We used 
two kinds of gestures in the experiments. A simple gesture (Gesture A) consists of 
raising and then lowering the right hand while keeping the left hand still. A complex 
gesture (Gesture B) consists of pushing both hands forward, swinging both hands to 
the right, swinging both hands to the left, and extending both hands outwards. Note 
that Wii Remote controllers have only an acceleration sensor. Therefore, even these 
simple gestures are difficult to recognize, because the positions of the controllers 
cannot be used. We used 10 sets of sample data for training each recognition mode; 
that is, an individual performed each gesture 10 times and the input signals were re-
corded for the learning process. 

As explained in Section 4.1, to determine the appropriate number of units for the 
SOM, the system repeats the learning and recognition processes with a different  
number of units: two, four, and six. Both gestures (A and B) achieved the best recog-
nition rate with four units. Therefore, four units (four states) were used in the follow-
ing experiment. 

To evaluate the effectiveness of our automatic learning method, especially the ef-
fectiveness of using the SOM, we compared the results of our method and a manual 
method. In the manual method, a participant who is a graduate student with basic 
knowledge of gesture recognition manually labeled each of about 2,000 feature vec-
tors of input sample data by checking the images on the screen. For the number of 
states, we used the number determined automatically by our method. Once the catego-
rization was done, we used our automatic method for the later processes, since manu-
ally specifying transition conditions requires much trial and error and is not practical. 

Results of the above experiment are shown in Table 1. Obviously, the manual 
categorization required a great deal of time compared to our automatic method, espe-
cially for complex gestures. On the other hand, the manual method showed slightly 
better results. This is because the classification using an SOM does not work well in 
the presence of noise. When a human finds noise in a series of feature vectors, he/she 
is able to categorize these according to the previous and following feature vectors. 
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Table 1. Comparison between the proposed automatic method and manual method 

Method / Gesture Time for learning [sec] Recognition rate [%] 
Automatic (Proposed) / Gesture A  510 100 
Manual / Gesture A    4  98 
Automatic (Proposed) / Gesture B 5100  84 
Manual / Gesture B    8  80 

However, since our method simply categorizes all feature vectors independently, a 
sudden transition to a wrong node could happen as a result of the noise. To solve this 
problem, an additional process to correct the categorization error could be introduced. 

6   Conclusion 

In this paper, we proposed a method for automatically learning a recognition model 
by incorporating both an SOM and an SVM. We also showed the efficiency thereof. 

Gesture recognition has many potential applications. Applying our method to vari-
ous actual applications with higher dimensions remains a future work. For most appli-
cations, camera-based sensors are suitable, since users do not have to hold or wear 
any input devices. However, in order to apply our method to input signals from cam-
eras, a method for extracting feature vectors from images is needed. In addition, when 
applying our method to very high-dimensional data, for example, motion data ac-
quired using motion capture equipment and which could have more than 40 dimen-
sions, we would need a method for dimension reduction, such as PCA. Further  
research on these extensions as well as performing further experiments for compari-
son with alternative methods are also future works. 

References 

1. Billon, R., Nedelec, A., Tisseau, J.: Gesture recognition in flow based on PCA and using 
multiagent system. In: Proc. of Advances on Computer Entertainment, pp. 139–146 (2008) 

2. Cristianini, N., Shawe-Taylor, J.: An Introduction to Support Vector Machines. Cambridge 
University, Cambridge (2000) 

3. Chang, C.-C., Lin, C.-J.: 2002, LIBSVM: a Library for Support Vector Machines (2001), 
http://www.csie.ntu.edu.tw/~cjlin/libsvm/index.html  

4. Irie, K., Wakamura, N., Umeda, K.: Construction of an Intelligent Room Based on Gesture 
Recognition -Operation of Electric Appliances with Hand Gestures. In: Proc. IEEE/RSJ 
Int. Conf. on Intelligent Robots and Systems, pp. 193–198 (2004) 

5. Iuchi, H., Maeda, S., Tsuruta, N.: Gesture Recognition using Self-Organizing Maps and 
Hidden Markov Model. In: IPSJ SIG Notes, Computer Vision and Image Media, 
vol. 2001(36), pp. 127–134 (2001) 

6. Joutou, T., Yanai, K.: Web Image Classification with Bag-of-keypoints. IPSJ SIG Notes, 
Computer Vision and Image Media 2007(42), 201–208 (2007) 

7. Kohonen, T.: The self-organizing map. Proc. of the IEEE 78(9), 1464–1479 (1990) 
8. Liang, X., Li, Q., Zhang, X., Zhang, S., Geng, W.: Performance-driven motion choreo-

graphing with accelerometers. Computer Animation and Virtual Worlds 20(2-3), 89–99 
(2009) 

Medit Ex-1021, Page 8



 Automatic Learning of Gesture Recognition Model Using SOM and SVM 759 

 

9. Matsunaga, T., Masaki, O.: Recognition of Walking Motion Using Support Vector Ma-
chine. In: Proc. of ISICE 2007, pp. 337–342 (2007) 

10. Nanri, T., Otsu, N.: Anomaly Detection in Motion Images Containing Multiple Persons. 
In: Proc. of PRMU 2004-77, vol. 104(291), pp. 583–588 (2004) 

11. Noma, K., Nakai, M., Shimodaira, H., Sagayama, S.: Sequential-Pattern Recognition by 
Support Vector Machines using Dynamic Time-Alignment Kernels, Technical report of 
IEICE, vol. 100(507), pp. 63–68 (2000) 

12. Oshita, M.: Motion-Capture-Based Avatar Control Framework in Third-Person View Vir-
tual Environments. In: ACM SIGCHI International Conference on Advance in Computer 
Entertainment Technology (2006) 

13. Yamada, T., Umeda, K.: Improvement of the Method of Operating a Mobile Robot by 
Gesture Recognition. In: JSME Conference on Robots and Mechatronics, vol. 2001, p. 49 
(2001) 

14. Yoshioka, T., Koga, H., Watanabe, T., Yokoyama, T.: Online Automatic Acquisition of 
Human Motion Models with Voting, Technical report of IEICE, vol. 105(302), pp. 119–
124 (2005) 

15. Toyokura, Y., Nankaku, Y., et al.: Approach to Japanese Sign Language Word Recogni-
tion using Basic Motion HMM. In: Proceedings of the Society Conference of IEICE, vol. 
2006, p. 72 (2006) 

Medit Ex-1021, Page 9


	Automatic Learning of Gesture Recognition Model Using SOM and SVM
	Introduction
	Related Work
	System Overview
	Recognition Model
	Learning Process
	Recognition Process

	Automatic Learning of Recognition Model
	Constructing States Using an SOM
	Constructing Edges between States
	Constructing Transition Conditions Using an SVM
	Constructing Recognition Path

	Experiment and Discussion
	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




