
 

 
Abstract— Medical drills are subject to intensive wear due 

to the influence of different mechanical, chemical and thermal 
factors characteristic for drilling and sterilization process. 
Wear progress increases friction in the cutting zone, which 
consequently leads to higher temperatures and cutting forces, 
i.e., possible thermal and mechanical damages of the bone 
tissue. Therefore, the presented study aimed to analyze the 
possibility of drill wear monitoring using electric servomotor 
drive signals and neural network algorithm. Experimental 
work has been performed with adequately designed testbed 
machining system and using prepared bovine bone samples. 
Drill wear features were extracted from time and frequency 
domain of the process signals, and then analyzed separately 
and in combinations. 
 

Index Terms—medical drill, wear, thermal osteonecrosis, 
neural networks, modeling 
 

I. INTRODUCTION 

LL orthopedic, trauma or dental bone drilling 
interventions consequently imply heat generation that 

can significantly influence the treatment quality and 
postoperative recovery process. Although its mechanisms 
are not fully depicted, it is a known fact that temperature 
rise leads to bone tissue damages or thermal osteonecrosis 
[1, 2]. One of the most influential factors with high impact 
on heat generation during bone drilling is drill wear. Drill 
wear is unavoidable and irreversible process which 
increases friction and tool vibrations, thus resulting in 
higher cutting forces and drilling temperature. Except 
thermal damages, tool wear process can also cause 
mechanical bone damages as a result of cutting edge 
fracture or complete tool breakage. 

Medical drills wear out due to the mechanical, chemical 
and thermal factors which occur during sterilization and 
continuous application in different cutting conditions (bone 
density, cooling type, drill material and geometry, etc.). 
Several studies point out to the strong and proportional 
relationship between drilling temperature rise and tool wear 
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process dynamics or drill cutting edges condition [3-6]. At 
the same time, some researchers also emphasized the 
frequent usage of worn drills in medical interventions, as 
well as absence of hospital standards and activities focused 
to drill wear identification and tool labeling [7].  

It is therefore logically to presume that precise and 
reliable drill wear models could become important tool in 
reducing a possibility of bone tissue damages, thus enabling 
faster postoperative treatment progress. Their role is 
particularly important in the development of completely 
automated medical drilling systems. 

The width of flank wear (VB), which is the most common 
tool wear parameter, cannot be measured during the drilling 
process, but only estimated using tool wear features 
extracted from the process signals and other known 
machining parameters (cutting speed, feed rate, drill 
characteristics). Although several models for temperature 
estimation have been proposed [8, 9], none of them includes 
drill wear estimation. Moreover, to our knowledge, there are 
still no tool wear monitoring solutions specifically designed 
for medical applications, or experimental studies based on 
the application of some of already designed and tested 
industrial solutions in bone drilling. 

Tool wear dynamics has been shown as highly nonlinear 
and partially stochastic in industrial applications [10]. 
Similar characteristics can be expected in bone drilling due 
to the complex bone structure. Complexity of wear process 
in industrial applications motivated many researchers to use 
different types of computational intelligence algorithms, 
primarily artificial neural networks, to build reliable and 
accurate wear models. One of their main advantages is the 
capability of nonlinear system/process modeling based on 
parallel processing and integration of large amount of data, 
or, in this case, tool wear features extracted from the 
measured process signals.  

The aim of this study was to analyze the applicability of 
tool wear features extracted from only servomotor drives 
current signals in drill wear level classification. This 
approach was chosen from the aspect of the fastest potential 
implementation of a drill wear monitoring system in the 
existing hand-held medical drilling machines. Based on 
chosen tool wear features, which were extracted from time 
and frequency domain, neural network model was tested in 
order to see how well it can classify worn from sharp drill. 
For this purpose, a type of Radial Basis Function Neural 
Network (RBF NN) algorithm for dealing with classification 
types of problems has been chosen. This NN is known for 
its learning in one step and a capability of simple and quick 
hidden layer structure adaptation.  
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II. RBF NEURAL NETWORK ALGORITHM 

Utilized NN algorithm is based upon a well-known 
feedforward three-layered RBF NN architecture, where the 
matrix/vector of synaptic weights c is calculated in the 
learning phase using the expression 
 

c H y , (1) 

 
where y stands for the matrix/vector of desired output values 
and H+ is Moore – Penrose pseudoinverse of the matrix of 
hidden layer neuron RBF outputs or activation function 
outputs (H). The pseudoinverse is defined as follows 
 

  1  T TH H H H . (2) 

 
In the testing phase, the matrix of desired output values y 

is obtained from the expression 
  
y Hc . (3) 

 

Elements of matrix H are determined according to the 
expression [11] 
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where rij is the Mahalanobis distance between vector 
composed from ith element of all input vectors (tool wear 
features) and jth hidden layer neuron. Squared Mahalanobis 
distance is calculated using the expression  
 

   2 1  
T

ij i j j i jr x t Σ x t ,  (5) 

 
where j is a covariance matrix belonging to the group of 
learning samples that are connected to the jth hidden layer 
neuron, xi is the L-dimensional vector composed from ith 
element of all L input vectors and tj is L-dimensional vector 
of the jth hidden layer neuron center. Covariance matrix is 
quadratic matrix with non-zero elements (squared  vector 
components) on main diagonal and zeros elsewhere, 
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Vector  is composed from the maximal Euclidian 

distances between learning samples belonging to the 
analyzed group and the center of that group, regarding to all 
(L) dimensions separately, 
 

 1 1     g j pg g G jσ max z t , p ,...,LK ,g ,...,L ,  (7) 

 
where zpg is the gth component of the pth sample of the jth 
group which is defined with LKG numbers of samples, and tg 
is gth component of the jth group center vector (jth hidden 
layer neuron center vector). 

Hidden layer neuron centers are determined using a 
method which helps teacher to quickly determine the 
network structure regarding to the nature of the learning 
problem and desirable generalization characteristics.  

A. Hidden Layer Structure Configuration 

Tool wear features (elements) grouping and centers 
calculations are based on the parameter C. In the first 
phase, the initial C parameter value needs to be established. 
It can be determined by using the following algorithm: 

 
1) A referent element (RE) has to be defined first. Any 

input vector xi used in the learning phase can be set as 
RE. Other combinations are also possible. For example, 
in this work, RE is calculated on the basis of the 
minimal values of all classification features, 
 

  1 gRE(g) min , g ,...,Lx , (8) 

 
where xg is the gth L-dimensional input vector; 

2) From the referent element and its surrounding elements 
(10 nearest elements were chosen) a referent group can 
be established. Surrounding elements are determined by 
calculating the minimal Euclidian distances between RE 
and all elements of the learning space; 

3) Finally, the initial C parameter value calculates from 
equation (9) as a mean value of the Euclidian distances 
between nearest neighborhood elements of the referent 
group, 
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where u is L-dimensional vector composed from the referent 
group elements, and LG represents the number of the 
referent group elements (LG=10).  

Based on the initial C parameter value and its subsequent 
empirical adaptations it is possible to determine the hidden 
layer neuron centers number and their values. Centers 
determination algorithm is divided in six steps, and it needs 
to be carried out for all classes separately. 
1) The first learning element of the considered class is 

taken for the center of the first considered group. 
2) The center is compared with all elements of the same 

class by calculating their Euclidian distances. 
3) If the distance does not exceed C parameter value the 

element is ranged in the group belonging to the 
considered center. Otherwise, the element stays out of 
the group. 

4) After the analysis of all distances, the new center is 
calculating as a mean value of all elements of the 
considered group. 

5) The algorithm continues from the 2nd step for the new 
center value, and after the 4th step the center of the 
considered group is determined. 

6) Elements which have been grouped are excluded from 
further calculations, and the next ungrouped element is 
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taken for the initial center of the next group. The 
algorithm continues from the 2nd step. 

By changing only one (C) parameter, this algorithm 
provides fast modifications of hidden layer structure in 
order to achieve required generalization characteristics of 
the RBF NN. 

III. EXPERIMENTAL SETUP, SIGNAL PROCESSING AND 

FEATURES EXTRACTION 

A. Experimental Setup 

Experimental work has been performed using the 3-axis 
bench-top mini milling machine adjusted for the purpose of 
bone drilling research (Fig. 1). The machine has been 
retrofitted with the 0.4 kW (1.27 Nm) permanent magnet 
synchronous motors with integrated incremental encoders 
(type Mecapion SB04A), corresponding motor controllers 
(DPCANIE-030A400 and DPCANIE-060A400), ball screw 
assemblies, and LinuxCNC open architecture control (OAC) 
system. Two types of signals were sampled from those 
controllers: vertical or Z-axis feed drive current (IZ) and 
main spindle current (IMS).  

For the purpose of this study, cutting forces have also 
been measured using Kistler piezoelectric dynamometer 
9257B and 5017B charge amplifier. The main intention was 
to compare the profiles of forces and related currents for 
different combinations of machining parameters. 
Subsequent analyzes of those signals, i.e., FZ with IZ, and 
resultant cutting force FR with IMS, have expectedly revealed 
high analogy of compared types of signals (Fig. 2.).   

The experiment is characterized with the following 
features:  

 -- two medical drills of the same geometry, material 
type and diameter (4.5 mm), but with two different cutting 
edges conditions (Fig. 3) – Sharp Drill (SD) and Worn Drill 
(WD); 

-- 12 combinations of cutting speeds (10; 30; 50 
m/min), and feed rates (0.01; 0.03; 0.05; 0.1 mm/rev) –
cutting speeds correspond to spindle speeds of 707.4 rpm, 
2122.1 rpm and 3536.8 rpm, respectively; 
 -- each combination of machining parameters were 

randomly repeated 10 times for both medical drills; 
-- fresh bovine tibia with average diaphysis cortical 

thickness (drilling depth) of 8.5 mm.  

B. Signal Processing and Tool Wear Features Extraction 

All signals were measured with 1 ms sampling rate. Raw 
measured signals have been analyzed in frequency domain 
using Fast Fourier Transform (FFT) algorithm. Based on 
that analyzes, and before extracting features from time 
domain, signals were filtered using the fifth-order low-pass 
Butterworth filter with a cutoff frequency of 2 Hz (Fig. 4). 
After that, 6 types of features were extracted from filtered 
signals (first 6 features from Table I).  

First two features were maximum values of both types of 
current signals (Max_IZ, Max_IMS). In the case of IZ, the 
direction of Z-axis movement was negative, so Max_IZ has 
been determined using absolute current values. They were 
calculated based on an average value of the 10% of the 
highest current values, thus neutralizing eventual occurrence 

of transient spikes (Fig. 5).  
The next two features (Area_IZ, Area_IMS) were areas 

under current curves between time T1 - start of drilling, and 
T2 - end of cortical bone drilling (Fig. 5). 

Fig. 1.  Experimental setup  
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Fig. 2.  Comparison of filtered force and current signals 
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Fig. 3.  Images of both cutting edges (CE1, CE2) after drilling with sharp 
drill (SD) and worn drill (WD) with observable (arrow pointing to) flank 
wear zone 

Proceedings of the World Congress on Engineering 2014 Vol I, 
WCE 2014, July 2 - 4, 2014, London, U.K.

ISBN: 978-988-19252-7-5 
ISSN: 2078-0958 (Print); ISSN: 2078-0966 (Online)

WCE 2014



 

The remaining two features from the time domain 
(Area_P_IZ, Area_P_IMS) were areas under the motor power 
curve for Z-axis and main spindle. They were very similar 
to the previous two, in a way that they represent a sort of 
"weighted" Area_IZ and Area_IMS since 

 
 Z T Z ZP K I  and  MS T MS MSP K I , (10) 

 
where KT is motor torque constant (KT = 0,46 Nm/A), while 
ωZ and ωMS are angular velocities of Z-axis feed drive and 
main spindle, respectively. 

As for the features from the frequency domain, power of 
spectral components related to the rotation frequency (RF) 
and cutting edges frequency (CEF) were chosen [12]. Since 
drill has two cutting edges, CEF was twice as high as RF. 
Those features were obtained using the FFT algorithm. 
Subsequent analyzes of FFT spectrum of signals, related to 
different combinations of chosen machining parameters, 
have shown dominant spectral components on RF and CEF 
in mostly main spindle current signals. This was usually not 
the case with IZ signals, as shown in Fig. 6. Therefore, 
power of spectral components on RF and CEF of just main 
spindle drive currents (P_RF_IMS and P_CEF_IMS) have 
been finally taken into consideration for drill wear 
classification in this experiment. In most samples, power of 
spectral components on the RF was higher than the one on 
CEF. 

IV. RESULTS OF CLASSIFICATION  

With 12 combinations of machining parameters, 10 
measurements for each combination and two drill wear 
levels (classification groups), 240 sets of data or samples 
were collected in total. Half of them were used in the 
learning phase, and the rest in the testing phase of the RBF 
NN classifier. In other words, 5 out of 10 samples of 
repetitive measurements for each combination of machining 
parameters were used in the learning phase, and the 
remaining five participated in the formation of 5 test sets. 

 In order to analyze applicability of chosen tool wear 
features and to find combination(s) which provide the best 
classification performance, learning/testing procedure was 
divided into several steps. In the first step, every feature has 
been analyzed separately, and the results are presented in 
Table II in the form of the percentage of accurately 

classified samples. These results were obtained using full 
RBF NN hidden layer structure (120 neurons), i.e., with 
C=0 (the number of hidden layer neurons were equal to the 
number of learning samples). It should be also mentioned 
here that all presented results in this paper were achieved 
using cutting speed and feed rate as two additional NN 
inputs, and that classification success rate in the learning 
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Fig. 4.  Measured (raw) and filtered current signals 
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Fig. 5.  Determination of extreme current values and area under curves 
between start (T1) and end of cortical bone drilling (T2) – in this example 
T1=5s and T2=21.5s 

TABLE I 
LIST OF DRILL WEAR FEATURES 

Feature Description 

Max_IZ Average of a group of 10% highest absolute IZ current 
values obtained from feed motor drive (vertical or Z-
axis) 

Max_IMS Average of a group of 10% highest IMS current values 
obtained from main spindle motor drive  

Area_IZ Area under the IZ=f(time) curve 
Area_IMS Area under the IMS=f(time) curve  
Area_P_Iz Area under the PZ=f(time) curve (PZ is Z-axis motor 

power) 
Area_P_IMS Area under the PMS=f(time) curve (PMS is main spindle 

motor power) 
P_RF_IMS Power of rotational frequency component of the IMS 

signal 
P_CEF_IMS Power of cutting edges frequency component of the IMS 

signal 
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Fig. 6.  Power spectrum of IZ and IMS signals – in this example 
n = 707.4 rpm  RF = 11.8 Hz  CEF = 2*RF = 23.6 Hz 
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phase was 100%. 
The results have shown that extreme current values 

(Max_IZ and Max_IMS) have individually achieved the 
highest classification precision. The rest of features 
managed to correctly classify 60-65% of samples, with the 
lowest success rate accomplished by the features from the 
frequency domain (P_RF_IMS and P_CEF_IMS).  

Based on these first results, further analyzes of different 
tool wear feature combinations have been performed, again 
using full hidden layer structure (C=0). Feature 
combinations have generally and expectedly achieved 
higher classification accuracy than the individual features 
(Table III). Combination of extreme current values (I1, I2) 
achieved the highest classification accuracy (94.2%). Three 
more combinations accomplished success rate over 90%, 
mostly due to the influence of I1 and I2. 

For those four combinations additional tests have been 
performed in the sense of finding the lowest RBF NN 
hidden layer structure (C ≠ 0) which is able to provide 
close to or maybe even better results than the one achieved 
with full hidden layer structure. Results are presented in 
Table IV. 

V. CONCLUSION 

The results of this preliminary research study suggest 
good potential of servomotor current signals in medical drill 
wear monitoring. Considering the chosen type of drill, 
machining parameter combinations and bone characteristics, 
extreme current values of main spindle and feed drives have 
shown the highest sensitivity to variations of drill wear 
level. The remaining features from the time and frequency 
domain did not accomplish such high classification accuracy 
when analyzed individually or in mutual combinations.  

However, areas under the motor current and power curves 
are expected to be among the dominant features in drilling 
temperature classification. This type of features is closely 
related to the total amount of electric energy used in the 
cutting process, whose large portion is transformed into heat 
energy which causes temperature rise and possible thermal 
osteonecrosis.  

Extension of presented model with the critical drilling 
temperature identification is planned to be performed in the 
next part of this study. Further analyzes will also include 
model extensions with new types of tool wear and drilling 
temperature features extracted from vibration and acoustic 
emission sensors.  
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TABLE II 
CLASSIFICATION RESULTS OF INDIVIDUALLY TESTED FEATURES (WITH 

C = 0)  – ACCURATELY CLASSIFIED SAMPLES, (%) 

Feature 
TEST 

T1 T2 T3 T4 T5 Avg. 
(I1)    Max_IZ 70.8 75.0 75.0 79.2 83.3 76.7 
(I2)    Max_IMS 79.2 91.7 83.3 91.7 95.8 88.3 
(I3)    Area_IZ 62.5 62.5 66.7 66.7 70.8 65.8 
(I4)    Area_IMS 45.8 54.2 45.8 70.8 75.0 58.3 
(I5)    Area_P_Iz  62.5 62.5 62.5 66.7 70.8 65.0 
(I6)    Area_P_IMS 54.2 58.3 50.0 62.5 70.8 59.2 
(I7)    P_RF_IMS  70.8 45.8 50.0 58.3 58.3 56.7 
(I8)    P_CEF_IMS 54.2 54.2 41.7 45.8 41.7 47.5 

TABLE III 
CLASSIFICATION RESULTS OF FEATURE COMBINATIONS (WITH C = 0)  – 

 ACCURATELY CLASSIFIED SAMPLES, (%) 

Feature 
TEST 

T1 T2 T3 T4 T5 Avg. 
I1, I2 91.7 95.8 91.7 95.8 95.8 94.2 
I3, I4 70.8 54.2 70.8 75.0 75.0 69.2 
I5, I6 70.8 50.0 66.7 66.7 75.0 65.8 
I1, I2, I3, I4 87.5 91.7 91.7 91.7 95.8 91.7 
I1, I2, I5, I6 70.8 83.3 91.7 91.7 91.7 85.8 
I7, I8 62.5 50.0 45.8 54.2 50.0 52.5 
I1, I2, I7, I8 95.8 95.8 87.5 91.7 87.5 91.7 
I1, …, I4, I7, I8 91.7 91.7 91.7 87.5 95.8 91.7 
I1, …, I8 79.2 87.5 87.5 87.5 91.7 86.7 

TABLE IV 
CLASSIFICATION RESULTS OF CHOSEN FEATURE COMBINATIONS (WITH 

C ≠ 0) – ACCURATELY CLASSIFIED SAMPLES, (%) 

Feature 
TEST 

T1 T2 T3 T4 T5 Avg. 
I1, I2 91.7 91.7 91.7 95.8 95.8 93.3 
I1, I2, I3, I4 83.3 91.7 87.5 91.7 95.8 90.0 
I1, I2, I7, I8 95.8 91.7 87.5 91.7 87.5 90.8 
I1, …, I4, I7, I8 91.7 91.7 87.5 83.3 91.7 89.2 
I1, I2 4-96-2 (no. of input - hidden - output layer neurons) 
I1, I2, I3, I4 6-108-2 
I1, I2, I7, I8 6-107-2 
I1, …, I4, I7, I8 4-101-2 

Proceedings of the World Congress on Engineering 2014 Vol I, 
WCE 2014, July 2 - 4, 2014, London, U.K.

ISBN: 978-988-19252-7-5 
ISSN: 2078-0958 (Print); ISSN: 2078-0966 (Online)

WCE 2014



<<
  /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 /CMYK
  /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 <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice




