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Abstract: A method of individual conversion characteristic identification of multisensor using reduced number 
of its calibration/testing results is described in this paper. The proposed method is based on the neural-based 
reconstruction (approximation or prediction) of surface points of multisensor conversion characteristic. Each 
neural network module reconstructs separate point of the surface. Our results show that the use of a Support 
Vector Machine (SVM) model allows improving the reconstruction accuracy of multisensor conversion 
characteristic. The reconstruction results obtained by SVM are compared with the results obtained by a multi-
layer perceptron (MLP). Copyright © 2013 IFSA. 
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1. Introduction 
 

An interest to sensors with an output signal 
specially depended on several physical quantities 
(multisensors – MS [1]) is significantly increased in 
the last decade. Such sensors are successfully used 
for simultaneous data acquisition of several physical 
quantities in chemical engineering, safety systems, 
ecological monitoring and other appropriate fields. 
The main advantages of such MSs are 
(i) measurement of a big number of physical 
quantities that cannot be measured by traditional 
sensors, (ii) easy use and (iii) relatively small price. 

One of the disadvantages of a MS is a 
substantial deviation of its conversion characteristic 
from a nominal [2]. In most cases a nominal 
conversion characteristic is specified with a low 
accuracy. Therefore MS–based measurement 
devices are not-accurate. An improvement is 
possible by usage of an individual conversion 

characteristic, which is defined by 
calibration/testing results obtained in real 
exploitation conditions of MS [3]. This approach 
leads to huge laboriousness during fulfilling the 
calibration/testing procedures, thus their number 
should be reduced as much as possible.  

In our previous work [4] we have developed the 
neural-based identification method of MS 
conversion characteristic using reduced number 
(only nine) of real calibration results to reconstruct 
all 49 points of the surface of its conversion 
characteristic. In that paper we have (i) specified the 
MS conversion characteristic surface in a three-
dimensional coordinate system on the example of a 
gas multisensor TGS-813 [2], (ii) overviewed 
existing approaches and proved that neural network 
(NN)-based methods have provided better 
reconstruction accuracy of the surfaces of MS 
conversion characteristics, (iii) presented the 
development of NN-based method consisting of 
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three phases and (iv) showed the high 
reconstruction accuracy (relative reconstruction 
error does not exceed 0.36 %) of the first phase of 
the method, i.e. the reconstruction of the surface 
points between real calibration points by 
approximating neural network. 

In our previous paper [5] we have presented the 
reconstruction results for the second phase of the 
proposed method [4], i.e. the reconstruction 
accuracy of the surface points outside real 
calibration points by predicting neural network. 
This paper is an extended version of the paper [5] 
and along with the experimental results for the 
second phase we present the experimental results of 
the third final phase of the proposed method. 

Considering good generalization abilities of 
standard MLP [6], its good approximating 
abilities [7] and its good predicting properties on a 
small number of an input training data set [8], we 
have chosen this widely used model for the 
fulfillment both the approximation and prediction 
tasks. Meanwhile, a SVM model has successfully 
applied for a lot of real-world applications and 
showed good predicting abilities on the number of 
prediction tasks [9]. Therefore we also have applied 
this model to our task and compared the results of 
both approaches. The rest of the paper is organized 
as follows. Since we will be referring to the 
assigned codes of the predicting calibration points 
during our experiments, we have presented the 
developed neural-based identification method [4] of 
MS conversion characteristic in Section 2. Section 
3, subsection 3.1 presents the comparison of the 
reconstruction results of MS conversion 
characteristic by MLP and SVM for the second 
phase of the method, Section 3, subsection 3.2 
presents these results for the third phase of the 
method. Section 4 concludes the paper. 

 
 
2. Development of NN-based Method  

of Identification of Individual 
Conversion Characteristic  
of Multisensor 

 
A basic idea of the proposed method of 

identification an individual MS conversion 
characteristic based on a reduced number of real 
calibration/testing results could be explained with the 
help of Fig. 1. Thus the idea is: to calculate the value 
of the white points on the basis of the values of the 
black points [4]. As an example in Fig. 1, the 49 
calibration points for identification of an individual 
conversion characteristic of MS measuring two 
physical quantities are encoded by two digits: the 
first digit describes a point by vertical axes of the 
physical quantity B, the second digit describes a point 
by horizontal axes of the physical quantity A. The 
nine black points 22, 24, 26, 42, 44, 46, 62, 64, 66 are 
the real MS calibration/testing points, others  

40 points should be reconstructed by the proposed  
NN-based method.  

The reconstruction process of all 40 points 
consists of the three phases. The first phase is to 
reconstruct the calibration points by approximation 
(interpolation) between the real calibration points 
using Approximating Neural Network (ANN). The 
codes of the reconstructed points are showed in the 
third column in Table 1. The codes of the real 
calibration points which serve as an input of 
approximation are showed in the second column in 
Table 1. The codes of the NNs for such 
approximation are showed in the first column in 
Table 1. In order to provide a transparent coding of 
all NNs modules used in the proposed method, the 
code of NN consists of the three digits: the first 
digit is the code of phase, the second digit is the 
code of variant within this phase and the third digit 
is the own code of the NN module. In the result of 
the first phase execution we reconstruct the 16 new 
points, obtained directly using the real calibration 
results. Thus, at the end of this phase we have the 
25 points in total, which belong to a surface of 
individual MS conversion characteristic.  
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Fig. 1. A placement of real and reconstructed calibration 
points in the coordinates of the physical quantities. 

 
 

The second phase is to reconstruct the 
calibration points by prediction (extrapolation) on 
the basis of the real calibration points using 
Predicting Neural Network (PNN). There are 
possible two variants: (i) without accounting the 
points, reconstructed in the first phase, in the 
training set and (ii) with accounting these points. 
The assigning of NNs for the second phase, first 
variant is showed in Table 2. The assigning of NNs 
for the second phase, second variant is showed in 
Table 3. In the result of the second phase execution 
we reconstruct the 16 new points according to the 
third column on Table 2 or the fourth column in 
Table 3. Thus, at the end of this phase, we have the 
41 points in total, which belong to a surface of 
individual MS conversion characteristic. 
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Table 1. First phase. 
 

Code of 
NN 

Input of ANN Output of ANN 

 Code of real 
calibration points 

Code of 
reconstructed 

calibration points 
111 22, 24, 26 23, 25 
112 42, 44, 46 43, 45 
113 62, 64, 66 63, 65 
114 22, 42, 62 32, 52 
115 24, 44, 64 34, 54 
116 26, 46, 66 36, 56 
117 22, 44, 66 33, 55 
118 62, 44, 26 53, 35 
 
 

Table 2. Second phase, first variant. 
 

Code of 
NN 

Input of PNN Output of PNN 

 Code of real 
calibration points 

Code of 
reconstructed 

calibration points 
211 22, 24, 26 21, 27 
212 42, 44, 46 41, 47 
213 62, 64, 66 61, 67 
214 22, 42, 62 12, 72 
215 24, 44, 64 14, 74 
216 26, 46, 66 16, 76 
217 22, 44, 66 11, 77 
218 62, 44, 26 71, 17 
 
 

Table 3. Second phase, second variant. 
 

Code 
of NN 

Input of PNN 
Output of 

PNN 
 Code of real 

calibration 
points 

Code of 
points, 
recons-

tructed on 
the first 
phase 

Code of 
points, 

reconstructed 
on the second 

phase 

221 22, 24, 26 23, 25 21, 27 
221 22, 24, 26 23, 25 21, 27 
222 42, 44, 46 43, 45 41, 47 
223 62, 64, 66 63, 65 61, 67 
224 22, 42, 62 32, 52 12, 72 
225 24, 44, 64 34, 54 14, 74 
226 26, 46, 66 36, 56 16, 76 
227 22, 44, 66 33, 55 11, 77 
228 62, 44, 26 53, 35 71, 17 
 
 

The third phase is to reconstruct the calibration 
points by prediction (extrapolation) based on the 
points, reconstructed in the first phase using PNN. 
The assigning of the NNs for the third phase is 
showed in Table 4. In the result of the third phase 
execution we reconstruct the 8 new points according 
to the third column in Table 4. Thus, at the end of 
this last phase we have the 49 points in total, which 
belong to a surface of individual MS conversion 
characteristic. Therefore, the proposed NN-based 
method allows reconstructing the 40 points on the 
surface based on the 9 real calibration/testing points.  

Table 4. Third phase. 
 

Code of 
NN 

Input of PNN 
Output of 

PNN 
 Code of points, 

reconstructed on the first 
phase by interpolation 

Code of 
reconstructed 

points 
311 32, 33, 34, 35, 36 31, 37 
312 52, 53, 54, 55, 56 51, 57 
313 23, 33, 43, 53, 63 13, 73 
314 25, 35, 45, 55, 65 15, 75 

 
 

A graphical interpretation of NN-based method of 
individual MS conversion characteristic identification 
is presented in Fig. 2. As we have mentioned above, 
the NNs with the codes 111-118 fulfill the 
approximation tasks, thus we have called them the 
Approximating Neural Networks (ANNs). The NNs 
with the codes 221-228 and 311-314 fulfill the 
prediction tasks and we have called them the 
Predicting Neural Networks (PNNs). The well-
known method of back propagation error [5] with 
adaptive learning rate [10] is used for the training of 
both types of NNs (in a case of MLP).  

 
3. Simulation Modeling Results 
 

Our previous researches showed the high 
reconstruction accuracy of the first phase of the 
considered method [4], i.e. reconstruction of the  
16 surface points between real calibration points by 
the ANN. The maximum relative error of 
approximation did not exceed 0.36 % (only for two 
points 33 and 55), the average relative error of 
approximation was 0.13 %. 
 
3.1. Results for the Second Phase  

of the Method 
 

In this section we present the reconstruction 
results for the second phase of the proposed method, 
i.e. the reconstruction accuracy of the surface points 
outside the real calibration points by the PNN. We 
provide the experimental results for the second phase, 
second variant to predict the points from fourth 
column of Table 3 because this variant corresponds 
better to the real exploitation conditions of MS. The 
preliminary fulfilled experiments have showed: 
 One PNN, for example with the code 221 (see 

Table 3), cannot predict two points 21 and 27 
simultaneously because they are located in the 
different ends in relation to the real available data 
(Fig. 1). Therefore we have to apply 2 different 
modules of PNN for prediction, for example, 
point 27 on the basis of points 22,23,24,25,26 and 
point 21 on the basis of points 26,25,24,23,22; 

 Only 5 available training data for each predicting 
point are not enough for appropriate PNN training 
in order to provide high-accurate prediction. 
Therefore we have artificially increased the 
quantity of input data for each predicting point by 
applying additional ANN. 
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Fig. 2. Graphical interpretation of NN-based method of individual MS conversion characteristic identification. 
 
 

Thus, in order to prepare an input training set 
for each PNN, the additional ANN – a MLP with 
the structure 1-3-1 and sigmoid neurons in the 
hidden and output layers was used. We have 
increased the quantity of the input data for PNN 
from 5 to 11. The limit number of training iteration 
was fixed to 2·107, the results of approximation are 
presented in Table 5.  

 
 

Table 5. Approximation results of input data  
preparation for PNN. 

 
Code of 
recons-
tructed 
points 

Reached 
SSE 

Relative approximation error in 
real calibration points 

  #1 (22 
… 42 … 

etc) 

#2 (24 
… 44 … 

etc) 

#3 (26 
… 46 … 

etc) 
21, 27 1.9·10-8 0.25 0.01 0.04 
41, 47 4.5·10-8 0.12 0.05 0.10 
61, 67 8.1·10-9 0.02 0.00 0.02 
12, 72 9·10-8 0.06 0.01 0.05 
14, 74 2·10-8 0.09 0.02 0.05 
16, 76 1.6·10-6 0.20 0.19 0.39 
11, 77 3.3·10-7 0.26 0.20 0.11 
71, 17 6·10-8 0.16 0.11 0.17 
 

We have evaluated the relative approximation 
errors only for 3 real calibration points (see  
Table 3, column 2) because these data are known 
for each approximation case. For example, for the 
approximation points 21, 27 we have evaluated the 
approximation errors in the points 22, 24, 26, for 
the case 41, 47 – the approximation errors in the 
points 42, 44, 46 and so on (Table 5). As we can 
see, a MLP, as a universal approximator [7], 
showed very low relative approximation errors, the 
maximal error does not exceed 0.39 %, the average 
error is equal 0.11 %. Thus we have used the 
obtained 11 points as the training set for the 
appropriate PNN to predict the values of each 
point of fourth column of Table 3. 

As the PNN we have used a MLP model with the 
structure 3-2-1 and sigmoid neurons in the hidden and 
output layers. The ANN and PNN routines are 
developed on C. All experiments were fulfilled on the 
computer with Intel Core 2 Duo processor 2.4 GHz 
with 3 GB of RAM. The MLP training parameters and 
the prediction results are collected in Table 6. As 
another model of PNN we have used a nu-SVR model, 
a SVM working in a regression mode available within 
the LIBSVM library [11]. All the input parameters and 
the prediction results of SVM model are collected in 
Table 7. Using input parameters s=4 and t=1 we have 
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chosen the nu-SVR type and polynomial kernel of the 
SVM respectively. All other input parameters c, d, g, r 
were chosen empirically. The training time of the 
SVM model does not exceed several milliseconds for 
each predicting calibration point on the same 
computer. Thus the maximum and average relative 
errors of prediction are 0.69 % and 0.28 % by the 
SVM model and 5.2 % and 1.29 % by the MLP model 
respectively. The comparative analysis of the relative 
errors of prediction is depicted in Fig. 3 and Fig. 4. As 
it is seen, the SVM model showed much better 
prediction results in comparison with the MLP model 
for the 14 cases. Only for two cases, for the points 77 
and 71, the MLP model outperformed the  
SVM model.  

 
 

Table 6. MLP training parameters and prediction results  
for the second phase. 

 

Point 
Reached 

SSE 
Training 
iterations 

Training 
time, s 

Rel. error 
of 

prediction, 
% 

72 3.2·10-7 3·106 25.00 0.1 
12 3.3·10-8 3·107 247.00 5.2 
74 8.9·10-8 3·107 248.00 1.5 
14 6.6·10-8 3·107 248.00 3.4 
76 1.7·10-7 6·107 49.00 1.5 
16 7.8·10-9 3·107 243.00 1.4 
27 7.8·10-9 3·107 247.00 0.6 
21 2.8·10-9 3·107 247.00 1.5 
47 1.3·10-8 1.5·107 120.00 0.4 
41 1.0·10-9 3.8·107 34.00 1.3 
67 6.0·10-9 3·107 25.00 0.5 
61 3.5·10-9 2·107 164.00 0.8 
77 6.8·10-9 3·107 263.00 0.1 
11 5.5·10-9 3·107 243.00 1.7 
71 1.3·10-8 3·107 248.00 0.2 
17 3.6·10-9 3·107 246.00 0.5 

 
 

Table 7. SVM training parameters and prediction results  
for the second phase. 

 

Po-
int 

c g d r 
Training 
iterations 

MSE 

Rel. 
error of 
predict-
tion, % 

72 40 4.5 1.5 -1100 3722 5.4·10-6 0.08 
12 40 4.5 1.5 -1100 86 7.2·10-7 0.19 
74 40 4.5 1.5 - 1 3.6·10-6 0.34 
14 40 4.5 1.5 - 2 4.4·10-7 0.62 
76 40 20.5 1.5 1000 72686 1.5·10-8 0.02 
16 45 5 1.5 - 3970 9.2·10-7 0.67 
27 40 20.5 1.5 22000 1 1.8·10-7 0.25 
21 40 20.5 1.5 22000 1 1.7·10-9 0.04 
47 40 20.5 1.5 - 1 3.2·10-7 0.15 
41 40 20.5 1.5 1100 2 1.3·10-8 0.08 
67 4 20.5 1.5 22000 1 3.4·10-7 0.09 
61 40 20.5 1.5 22000 2 2.2·10-8 0.06 
77 40 20.5 1.5 220 1 2.5·10-7 0.64 
11 40 20.5 2.5 100 28297 1.8·10-7 0.69 
71 1 5.5 2.5 10 1139 2.3·10-6 0.44 
17 1 5.5 2.5 10 1 1.1·10-7 0.18 

 

72 12 74 14 76 16 27 21
0

1

2

3

4

5

6

# of reconstructed calibration points

R
el

a
ti
ve

 e
rr

or
 o

f 
p
re

d
ic

ti
o
n,

 %

 

 

MLP
SVM

 
 

Fig. 3. Comparison of prediction results by MLP and SVM 
for the first part of calibration points: second phase. 
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Fig. 4. Comparison of prediction results by MLP and SVM 
for the second part of calibration points: second phase. 

 
 

3.2. Results for the Third Phase  
of the Method 

 

In this section we present the reconstruction 
results for the third phase of the proposed method, 
i.e. the reconstruction accuracy of the surface points 
from third column of Table 4. We have used the same 
methodology, hardware and software as in the 
previous subsection 3.1. We have used the same 
approach with approximation, described in Table 5, 
for the improvement of the further prediction 
accuracy of the PNN and we have increased the 
quantity of the input data for PNN from 5 to 11. 
Similarly to the results of the second phase, the 
reconstruction (prediction) results for the third phase 
are collected in Tables 8 and 9 using MLP and SVM 
respectively. Thus the maximum and average relative 
errors of prediction are 0.54 % and 0.28 % by the 
SVM model and 2.3 % and 1.18 % by the MLP 
model respectively. The comparative analysis of the 
relative errors of prediction is depicted in Fig. 5. As it 
is seen, the SVM model showed much better 
prediction results in comparison with the MLP model 
for all the points of the third phase. Thus these high-
accurate prediction results provided by the SVM 
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model allow applying the proposed method in real 
measurement conditions to reconstruct an individual 
conversion characteristic of a multisensor. 

 
 

Table 8. MLP training parameters and prediction results  
for third phase. 

 
# Archi-

tecture 
MLP, 
SIG-
SIG 

SSE (required 
0.0000000010) 

Training 
itera-
tions 

Training 
time, s 

Relative 
error of 
predict-
tion, % 

13 3-2-1 0.0000000267 3·107 243.00 2.3 

73 3-2-1 0.0000001306 3·107 244.00 2.0 

15 3-2-1 0.0000000249 3·107 241.00 2.3 

75 3-2-1 0.0000000056 3·107 239.00 0.5 

31 3-2-1 0.0000000019 3·107 242.00 0.7 

37 3-2-1 0.0000000024 3·107 242.00 0.5 

51 3-2-1 0.0000000043 3·107 471.00 0.6 

57 3-2-1 0.0000000176 3·107 473.00 0.6 

 
 

Table 9. SVM training parameters and prediction results  
for third phase. 

 
# s t C g d r Trai-

ning 
itera-
tions 

Mean 
squared 

error 

Rel. 
error of 
predict-
tion, % 

13 4 1 1 5.5 2.5 1 1052 4.9·10-8 0.17 

73 4 1 1 5.5 2.5 1000 1 2.6·10-6 0.38 

15 4 1 1 6.5 3.5 1000 862 5.0·10-7 0.54 

75 4 1 4 20.5 1.5 22000 1099 1.2·10-6 0.06 

31 4 1 1 6.5 3.5 1000 1 3.1·10-7 0.38 

37 4 1 1 6.5 3.5 1000 1 3.1·10-7 0.18 

51 4 1 1 6.5 3.5 1000 2 4.2·10-7 0.30 

57 4 1 3.5 0.8 1.5 1000 1 2.4·10-6 0.22 
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Fig. 5. Comparison of prediction results by MLP and SVM 
for the third phase. 

 
 

4. Conclusions 
 

The neural network based method of individual 
conversion characteristic identification of multisensor 
using reduced number of its calibration/testing results 
is considered in this paper. The proposed NN-based 

method allows reconstructing the 40 points on the 
surface based on only 9 real calibration/testing 
points. We have evaluated the reconstruction 
accuracy of the points on multisensor conversion 
characteristic surface outside the real calibration 
points predicted by a Multi-Layer Perceptron and a 
Support Vector Machine. Our results show good 
potential abilities of a Support Vector Machine model 
to provide high-accurate prediction of a multisensor 
conversion characteristic surface at the small quantity 
of input data for neural network training. The 
maximum relative prediction error during the 
reconstruction of the surface points does not exceed 
0.7 %. These high-accurate prediction results 
provided by the SVM model allow applying the 
proposed method in real exploitation conditions to 
improve the measurement accuracy of multisensors. 
 
 
References 
 
[1]. A. H. Taner and J. E. Brignell, Virtual 

instrumentation and intelligent sensors, Sensors and 
Actuators A: Physical, Vol. 61, No. 1-3, 1997,  
pp. 427-430. 

[2]. http://www.figarosensor.com/products/813pdf.pdf. 
[3]. E. J. Brignell, Digital compensation of sensors, 

Scientific Instruments, Vol. 20, No. 9, 1987,  
pp. 1097-1102. 

[4]. I. Turchenko, O. Osolinsky, V. Kochan, 
A. Sachenko, R. Tkachenko, V. Svyatnyy and  
M. Komar, Approach to neural-based identification 
of multisensor conversion characteristic, in 
Proceedings of the 5th IEEE International Workshop 
on Intelligent Data Acquisition and Advanced 
Computing Systems (IDAACS’09), 2009, Rende, 
Italy, pp. 27-31. 

[5]. I. Turchenko, V. Kochan, Improvement of 
identification accuracy of multisensor conversion 
characteristic using SVM, in Proceedings of the 6th 
IEEE International Conference on Intelligent Data 
Acquisition and Advanced Computing Systems 
(IDAACS' 2011), Prague, Czech Republic, 2011,  
pp. 388-392. 

[6]. S. Haykin, Neural networks: A comprehensive 
foundation, 2nd edition: eds. by N. N. Kussul, 
Williams, Moscow, 2006, 1104 p. (in Russian). 

[7]. K. Hornik, M. Stinchcombe and H. White, Multilayer 
feedforward networks are universal approximators, 
Neural Networks, Vol. 2, 1989, pp. 359-366. 

[8]. A. Sachenko, V. Kochan and V. Turchenko, 
Instrumentation for gathering data, IEEE 
Instrumentation & Measurement Magazine, Vol. 6, 
Issue 3, 2003, pp. 34-40. 

[9]. Support Vector Machine application site, 
http://www.clopinet.com/isabelle/Projects/SVM/appli
st.html 

[10]. V. Golovko, Neural networks: training, models and 
applications, Radiotechnika, Moscow, 2001, 256 p.  
(in Russian). 

[11]. Chih-Chung Chang and Chih-Jen Lin, LIBSVM: a 
library for support vector machines, 2001. Software 
available at http://www.csie.ntu.edu.tw/~cjlin/libsvm 



Sensors & Transducers, Vol. 24, Special Issue, August 2013, pp. 28-34 

 34 

 
 

2013 Copyright ©, International Frequency Sensor Association (IFSA). All rights reserved. 
(http://www.sensorsportal.com) 

 

http://www.euromat2013.fems.eu


<<
  /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


