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Abstract: This paper presents a new human-machine 
interaction (HMI) method designed for hands-free control 
of electric wheelchairs. Both forehead electromyography 
(EMG) signals and color face image information is jointly 
used to identify winking and jaw clenching movements. 
Five winking and jaw clenching movement patterns are 
selected and classified, mapping into five control 
commands to drive a simulated wheelchair in an office 
environment. Six subjects participated in the experiments 
and the result shows that this new control method can work 
well and reliably. 

Index Terms - Wheelchair Controller, Face Detection, Eye 
Close Detection, Boosting, Adaboost, Haar Features, 
EMG, SVMs. 

I. INTRODUCTION 

People with sever physical disabilities such as spinal cord 
injury, quadriplegia, hemiplegia or amputation cannot 
control an electric wheelchair using a traditional joystick by 
hand movements. Therefore, it is necessary to deploy 
alternative means such as face movement based control. 
Human face is a remarkable area for studying human 
machine interaction (HMI) methods. Facial image 
information plays a key role in understanding human 
intentions by a computer. The successful utilization of Haar 
feature based Boosting cascade face detection technique 
[14] [16] setup an essential foundation work for varies 
facial image based HMI methods such as eye moment 
interfaces [1] [3], head gesture interface [9], etc.  
     Recently, human muscle activity plays an important part 
in analyzing and understanding human intention too. Due to 
its fast responding performance, a number of EMG based 
controllers are developed by using different muscle groups 
of human body such as limb [5][13], neck [2][10], 
face[6][15], etc. This paper aims to develop a novel facial 
HMI which integrates both facial image information and 
facial EMG signals in order to recognize human control 
intentions for the real-time control of an intelligent 
wheelchair. The experiment result is tested by 
implementing designed control system onto a simulated 
mobile robot in MobileSim [7] simulator acting as a 
simulated electric wheelchair. 

The rest of this paper is organized as follows. Section II 
gives a brief introduction of the system architecture and 
experimental settings. Section III introduces the selected 
human intentions for control and section IV states the 

designed control strategies. Section V shows the training 
process of support vector machines (SVMs) applied on 
classifying designed EMG movement patterns. Section VI 
explains Adaboost cascade based image searching 
technique used for detecting left and right eye close 
movements.  Section VII gives the experiment results of the 
designed control strategy applied in a simulated office 
environment. A brief conclusion and further research 
prospective are given in section VIII. 

II. EXPERIMENT SYSTEM  

A. System Architecture 

As shown in Fig. 1, the system architecture consists of three 
main parts. The first part is the data acquisition device 
Brainfinger CyberlinkTM and LogitechTM S5500 web 
camera. The second part is the human computer interface 
which is responsible for training and classifying facial 
movement features, mapping selected facial movements 
into wheelchair control commands. It has two sub blocks, 
which are namely data pre-processing block and pattern 
recognition and control block. The third part is an 
executable device which can be either a wheelchair or a 
simulated mobile robot, as shown in Fig. 2 (Left).  
 

 

Fig. 1 Block diagram of the proposed system architecture 
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B. Data Acquisition and Mobile Wheelchair 

As shown in Fig. 2 (Left), forehead surface EMG signal 
and facial image information are collected from subjects by 
attaching wearable skin surface EMG (sEMG) sensors and 
fixing camera pointing to user’s face. Fig. 2 (Right) gives a 
close look of the EMG device which consists of a wearable 
headband and a data acquisition box (DAB). One channel 
EMG signal is obtained from the user wearing a headband 
attached with 3 flat EMG electrodes. The DAB contains a 
series of signal processing algorithms which can turn the 
amplified raw EMG signals (RES) into averaged EMG 
waveform (AEW) with a sampling rate of 100Hz. 

 

Fig.2 A subject sitting in wheelchair and wearing Cyberlink 
BrainfingersTM headband (Left); The Cyberlink BrainfingersTM 
data acquisition box and the headband (Right). 

III. HUMAN INTENTION RECOGNITION  

In this research, five facial movements are defined to 
control the simulated wheelchair, namely left eye close 
(LEC), right eye close (REC), continuous jaw clenching 
(CJC), single jaw clenching (SJC) and double jaw 
clenching (DJC). They are from either jaw clenching or eye 
close movements. 

A. Jaw Clenching Movement: 

SJC, DJC and CJC Movement Description 

Three jaw clenching movements are generated by user 
contracting masseter muscle and buccinator muscle 
(indicated in Fig. 4) with a jaw clenching and chewing-like 
movement. Three specific jaw clenching movements are 
named as continuous jaw clenching movement (CJC), 
single jaw clenching movement (SJC) and double jaw 
clenching movement (DJC).  
     Fig. 4 shows the EMG signals sampled when a subject is 
making three jaw clenching movements i.e. SJC, DJC and 
CJC. As shown, CJC EMG waveform pattern is produced 
by making continuous gentle and fast jaw clenching 
movements. To produce SJC and DJC movements, the 
subject need to exert short and strong muscle contractions 
with jaw. Since heavy contraction is coming from the 
strongest muscle groups on the face, this action can cause a 
high spike waveform as shown in Fig. 4 and therefore SJC 
can be easily recognized by a threshold based strategy. 

 

SJC, DJC and CJC Recognition 

Torsten and Bernd [6] defined two “contraction events” 
and recognized them with adjustable thresholds applied on 
EMG waveform amplitudes. Similar to their work, here we 
pick up SJC and DJC evens based on adjustable waveform 
thresholds too. As indicated in Fig. 5, SJC is recognized by 
counting the number of overflows on a preset threshold 
value H within time ∆T, if the number of overflows exceed 
a preset value (3 in this experiment), then an EMG 
amplitude average within time ∆T will be calculated. If the 
averaged value is less than a set average value, then SJC is 
detected.  

 Similarly, DJC event can be detected as finding two 
successive SJC evens in a fixed time span 2∆T+∆t, as 
depicted in Fig. 5. For recognizing CJC waveforms, we rely 
on a feature extraction and classification procedure by 
applying SVM based classification methods, the detailed 
procedure is discussed in Section V. 

 
Fig. 3 Muscles of the head and neck [12] 

  

 
Fig. 4 SJC, DJC, CJC patterns in averaged EMG waveform 

B. Eye Close (Winking) Movement: 

LEC and REC Movement Description 

The eye close movements employed in control strategy are 
called left eye close (LEC) and right eye close (REC), they 
are one eye open and one eye close (winking like) 
movements. Fig. 5 shows a subject making LEC and REC 
movements recognized by Adaboost cascade classifier. The 
eye close movements in this experiment are a class of 
heavy (squeeze) eye close movements that can be generated 
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by closing and then squeezing the closed eye, and at the 
same time keeps the other eye open. The squeeze 
movement arouses a series of muscle contraction activities 
from 3 major muscle groups around eye which are frontalis, 
orbicularis oculi and tempolaris muscles. 

LEC and REC Recognition 

Since LEC and REC movements are featured by both EMG 
and image information at the same time, LEC and REC 
movements are identified by classifying features extracted 
from both forehead EMG waveforms and face image data. 
Fig. 5 shows the image classification result from Adaboost 
cascade classifier, and Fig.6 shows the EMG waveform 
patterns (Class EC) aroused by LEC and REC movements, 
the detailed classification and training are discussed in 
section V and VI. 
 

    
  (1)  No eye close is detected              (2) LEC is detected 

       

       (3) REC is detected       (4) Both LEC and REC are detected 

Fig. 5 Eye movements detected by Adaboost cascade classifier. 

IV. CONTROL STRATEGY  

So far, we have picked up five recognizable movements 
which are SJC, DJC and CJC from jaw movements and 
LEC and REC from eye movements. In order to apply these 
five designated movement patterns to an electrical 
wheelchair controller, a reference from manual joystick 
control method is taken, and a substitute control method 
comprising six control commands are designed, these 
control commands are: Go Forward (GF), Turn Left (TL), 
Turn Right (TR), Reduce Speed (RS), Stop (ST) and Go 
Backwards (GB). The logic connections between 
movement patterns and executable control commands are 
linked with parallel logic connections as follows:  

If Left Eye Close pattern is detected then Turn Left; 

If Right Eye Close pattern is detected then Turn Right; 

If CJC pattern is detected then Go Forward; 

If Single Click pattern is detected then Reduce Speed; 

If Double Click pattern is detected then Stop; 
If Double Click pattern is detected and the wheelchair 
has stopped then Go Backwards. 

    The selected movement pattern detection method can be 
logically expressed in parallel as follows: 

If (Image) Left Eye Close is detected and (EMG) EC is 
detected then Left Eye Close pattern is detected; 

If (Image) Right Eye Close is detected and (EMG) EC is 
detected then Right Eye Close pattern is detected; 

If (EMG) PJM is detected then PJM Pattern is detected; 

If (EMG) More than 3 and less than ten overflows over 
fixed threshold (H) are detected and the average over the 
period is less than a fixed value then Single Click pattern 
is detected (threshold based strategy); 

If two successive Single Click patterns are detected 
within a fixed time span (2∆T+∆t) then Double Click 
pattern is detected. 

     The following paragraph will discuss the details about 
classification process of EMG (EX, EC and CJC classes) 
and image eye close patterns (LEC and REC).  

V. EMG FEATURE EXTRACTION AND CLASSIFICATION  

A. EMG Feature Extraction 

Since SJC and DJC patterns can be recognized by the 
threshold based strategy stated in Section III, there are only 
two EMG waveform patterns, namely EC and CJC, left to 
be recognized. As shown in Fig. 6, the whole waveform 
patterns are divided into three classes which are class EX, 
class EC and class CJC. EC is an EMG pattern results from 
LEC or REC movements while CJC is from the periodic 
jaw clenching movement. Class EX contains all the other 
possible EMG waveform patterns including patterns from 
SC and DC movements, and other artefacts aroused by 
random facial expressions or frown, relax, etc. 

As can be seen in Fig. 6, EC and CJC patterns are 
featured from a combination of time domain and frequency 
domain features. As evaluated and compared in [11], SVMs 
can give fast training performance and reliable 
classification accuracy on EMG data with simple time 
domain features, hereby we choose SVMs [4] as learning 
machines to separate CJC and EC from other waveform 
patterns and artefacts. 

Before training SVM classifiers, the EMG data is divided 
into 200ms (20 samplings) disjoint data segments and a 
bunch of six features are extracted from each EMG data 
segment which makes a column of six feature values 
attached with a label representing designated data segment. 
The six features, four of which from time domain are mean 
absolute value (MAV), root mean square (RMS), waveform 
length (WL) and zero crossings (ZCs), and another two 
from frequency domain are the mean and median of signal 
frequencies (FMN and FMD).  
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Fig. 6 Group of classes for SVMs EMG waveform classification 
displayed in 50 samplings (500ms). 

B. SVMs Training and Classification Results 

In the process of adopting sample data sets for training a 
SVM classifier, we propose the concept of a standard 
subject who is a well trained and experienced person. He or 
she can perform control movements and make control 
waveforms with little error, and can produce waveforms 
that well represent the differences between each waveform 
patterns in the feature space (good sample separability). 
The classifier is trained by sampling data from a standard 
subject only. Although this training method confines the 
classification result into fitting only one person, however, 
consider that humans have good adaptability by learning 
and imitating from others, we thereafter introduce a short 
training section introducing to new subjects about how to 
imitate standard control action and produce similar 
waveforms, and the result of this strategy are given in 
Section VII.  
     In this experiment, training data are sampled according 
to three classes displayed in Fig. 6; the sample data are 
recorded by a standard subject doing different movements 
for each divided class EX, EC or PCJ.  
 For class EX, data are sampled when the subject is 

relaxing, frowning, making single or double clicking 
movements, making random face expressions (such as 
talking, smiling or peering etc.), all these actions are 
sampled for 160 seconds which makes 800 training 
vectors 

 For class EC, waveform data are recorded when the 
subject doing LEC and REC movements for 80 
seconds each, and the sampled data are mixed, making 
one eye close (EC) training set contains 800 training 
vectors.  

 For class CJC, training data are sampled by the subject 
doing CJC movements for a total length of 56 second 
which makes 280 training vectors.  

Notice that for making each sampling movement, the 
subject will keep the movement for only 8 seconds and 

have a rest after; this is to prevent the subject from muscle 
fatigue. 

In this research, we apply RBF kernel as the machine 
kernel to give general quick and reliable classification 
result for implementing the proposed control strategy. A 
threefold cross validation are applied during training to 
validate the trained classifier. Fig. 7 shows the grid search 
results of the three classes in this 3D graph. The bottom two 
axes are the log(C) and log(γ) value of the SVM radial 
basis function (RBF) [8]:  

K (xi, xj) = exp (-γ║xi - xj║
2), γ>0.             (1) 

where K (xi, xj) ؠ ߶(xi)
T ߶(xj) is called the kernel function. 

 
 

Fig.7 SVM Grid search results over EMG training data 

 Fig. 7 shows the grid search result with log(C) from -10 
to 15, log(γ) from -15 to 10. The dark area shows the grid 
search result with classification accuracy above 93%. The 
best selected training result can be found at a log(C) value 
of 13 and a log(γ) value of -0.5 where the maximum 
classification accuracy is 93.75%. 

VI. IMAGE PROCESSING 

A Haar feature based Adaboost cascade classifier has 
good sample generalization ability, and can deal with minor 
rotation, scaling or illumination changes, which consumes a 
low computing power. These features can well satisfy this 
research as the closed eye detection needed here is 
dedicated to a group of six testing subjects in an indoor 
office environment.  

A. Image search area segmentation  

To simplify the image processing process for Haar 
feature based image searching, we make the size of the 
searching area (known as background) as small as possible. 
As depicted in Fig.8, the region of interest (ROI) for 
searching is designated to a configured area according to 
Adaboost face detection result (red frame), based on which 
the rough area containing left and right eyes are decided by 
geometry of human face and eyes position. 

According to the parameters depicted in Fig. 8, the 
positive training image (eye close image) is produced by 
tailoring the closed eyes picture within black or yellow 
frame when the subject is making eye close movements. 
The negative training image is collected when subject is 
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opening the eye. In this experiment, two Boosting 
classifiers for both left and right eyes are trained, and 
during recognition, the two classifiers are applied 
separately within yellow or black frame for detecting REC 
or LEC movements. 

Fig. 8 Image segmentation for the region of interest (ROI)  

 
Fig. 9 Adaboost training image sampling setup 

B. Positive and negative training image collection 

As shown in Fig. 2(left), the wheelchair has a camera 
fixed at its front with a distance from 25 to 55 centimetres 
away from the subject’s face where training images are 
acquired. In this experiment, three variable factors 
considered  during image acquisition are relative angle θ, 
which  is  the  relative  angle  between  subject  face 
orientation  to  camera  optical  axis,  relative distance d, 
which is distance between subject face plane to camera 
plane  (as shown in Fig. 9), and  illumination  condition, 
which is made variable by alternatively turning on or off six 
inset compact fluorescents fixed under room ceiling and 
changing the lighting position and angle of a filament lamp 
set in front of subject’s face.  

When sampling positive images, in the shooting range of 

320 by 240 pixel resolution auto-focus camera, the subjects 
is sitting in front of a display screen observing their own 
image in an enclosed room (as shown in Fig.9), rotating his 
neck within 30 degrees of relative angle θ and moving his 
body forth and back within 25 to 80 centimetres at a same 
time. 

     For the designed task, six male subjects from 5 
different ethics background (Italian, British, Chinese, 
Nigerian, Spanish and Iranian) are involved in the 
experiment. For each person, about 200 positive images and 
800 negative images for each eye are acquired. In the end, 
the left eye positive images of all six subjects are mixed 
and trained with Adaboost cascade classifier using the 
mixed left eye negative images, and so does the right eye 
images are trained. 

VII. EXPERIMENTAL RESULTS 

Six male subjects are randomly selected for the purpose of 
training Boosting cascade. We found that the strategy did 
not work well for three subjects after the entire control 
method is applied. Two subjects felled the difficulty in 
making one eye open and one eye close at the same time, 
one subject reported the difficulty in producing CJC 
movement. For the instance of this experiment, three 
subjects can use the control methods successfully and the 
simulation is based on these three subjects. 

 
Fig. 10 Simulation environment setup 

     To test the designed control strategy, we use a simulated 
office map and apply the control strategy onto a simulated 
mobile robot in an enclosed room (as shown in Fig. 10). 
The processing PC is a laptop with an AMD Turion 64ൈ2 
TL50 CPU and 1GB memory, integrated graphic card 
running on 32bit Windows XP operation system. The 
processing speed is adequate as none of the subject has 
experienced latency during control. The map used in 
MobileSim [13] is an example map named 
<AMROffice.map> supplied with software. Fig. 11 shows 
the trajectory of three subjects operating robot goes through 
a series of indoor environments such as door way, corridor, 
wall, to a target area in open room. The maximum speed is 
2 meter per second and the turning angle speed is set to 0.5 
radian per second. 
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  Subject A (2’30”)      

 

Subject B (4’50”)          Subject C (3’12”) 

Fig. 11 Robot trails from the start point to a target area in a 
simulated indoor environment controlled by three subjects: 
Subject A, Subject B and Subject C and time used during control. 

VIII. CONCLUSION AND FUTURE WORK 

In this paper, a new human-machine interaction method is 
proposed for disabled people to control the electric 
wheelchair without the need of hands. The developed HMI 
integrates both facial image information and facial EMG 
signals in order to recognize human control intentions for 
the real-time control of an intelligent wheelchair. The 
experiments are carried out by implementing the designed 
control system onto a simulated mobile robot operated in 
the MobileSim simulator. The experimental results 
demonstrate the feasibility and good performance of the 
proposed hybrid control system. 
     In the future, different combinations of muscle groups 
on the face will be investigated to form difference control 
strategies in order to suit individual needs. Also, this 
proposed control method will be implemented on a real 
wheelchair in the real-world in order to carry out further 
performance evaluations of this hybrid control method. 

REFERENCES 

[1] A. D. Santis and D. Iacoviello, “Robust real time eye 
tracking for computer interface for disabled people,” 
Computer Methods and Programs in Biomedicine, Oct. 2009. 

[2] Y. Barniv, M. Aguilar, E. Hasanbelliu, “Using EMG to 
anticipate head motion for virtual-environment applications,” 
IEEE Trans. on Biomedical Engineering, vol. 52, no. 6, pp. 
1078-1093, June 2005. 

[3] C. Colombo, A. Del Bimbo, S. De Magistris, “Human-
computer interaction based on eye movement tracking,” 
International Workshop on Computer Architectures for 
Machine Perception, pp. 258, 1995. 

[4] C.C. Chang and C.J. Lin, LIBSVM: a library for support 
vector machines, 2001. Software available at 
http://www.csie.ntu.edu.tw/~cjlin/libsvm. 

[5] J.U. Chu, I. Moon, Y.J. Lee, S.K. Kim; M.S. Mun, “A 
Supervised Feature-Projection-Based Real-Time EMG 
Pattern Recognition for Multifunction Myoelectric Hand 
Control,” IEEE/ASME Transactions on Mechatronics, vol.12, 
no.3, pp.282-290, June 2007. 

[6] T. Felzer and B. Freisleben, “HaWCoS: The ‘Hands-free’ 
Wheelchair Control System,” Proceedings of International 
ACM SIGACCESS Conference on Computers and 
Accessibility, pp. 127–134, ACM Press, 2002.  

[7] MobileSim: The Mobile Robots Simulator < 
http://robots.mobilerobots.com/wiki/MobileSim >. 

[8] C.W. Hsu, C.C. Chang, and C.J. Lin, A practical guide to 
support vector classification. Technical report, Taipei, 2003. 

[9] P. Jia, H. Hu, T. Lu and K. Yuan, “Head gesture recognition 
for hands-free control of an intelligent wheelchair,” Journal 
of Industrial Robot, Vol. 34, No. 1, pp. 60–68, 2007. 

[10] I. Moon, M. Lee, J. Chu, and M. Mun, “Wearable EMG-
based  HCI  for  electric-powered  wheelchair  users  with 
motor  disabilities,” Proc. of IEEE  Int. Conference on 
Robotics  and  Automation, pp. 2649–2654, 2005. 

[11] M. Asghari Oskoei and H. Hu, “Support Vector Machine-
based Classification Scheme for Myoelectric Control Applied 
to Upper Limb”, IEEE Transactions on Biomedical 
Engineering, vol. 55, no. 8, pp. 1956-1965, August 2008. 

[12] SEER Training Modules, Cancer Registration & 
Surveillance Modules. U. S. National Institutes of Health, 
National Cancer Institute. 20, April 2008 < 
http://training.seer.cancer.gov/anatomy/muscular/groups/hea
d_neck.html>. 

[13] P. Shenoy, K. J. Miller, B. Crawford, R.P.N. Rao, “Online 
Electromyographic Control of a Robotic Prosthesis,” Journal 
of Biomedical Engineering, vol.55,  no.3, pp.1128-1135,  
March 2008. 

[14] P. Viola and M.J. Jones, “Rapid Object Detection using a 
Boosted Cascade of Simple Features”, IEEE Computer 
Society Conference on Computer Vision and Pattern 
Recognition, 2001. 

[15] L. Wei and H. Hu, “Use of Forehead Bio-signals for 
Controlling an Intelligent Wheelchair,” Proceedings of IEEE 
Int. Conf. on Robotics and Biomimetics, Bangkok, Thailand, 
14-17 December 2008, pp. 108-113. 

[16] J.X. Wu, S.C. Brubaker, M.D. Mullin, J.M. Rehg, “Fast 
Asymmetric Learning for Cascade Face Detection”, IEEE 
Transactions on Pattern Analysis and Machine Intelligence, 
Vol. 30, Issue 3, pp. 369 - 382, March 2008. 

1032



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /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.)
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
  >>
  /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




