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Abstract. Visual context plays a significant role in humans’ gaze movement for 
target searching. How to transform the visual context into the internal represen-
tation of a brain-like neural network is an interesting issue. Population cell cod-
ing is a neural representation mechanism which was widely discovered in  
primates’ visual neural system. This paper presents a biologically inspired neu-
ral network model which uses a population cell coding mechanism for visual 
context representation and target searching. Experimental results show that the 
population-cell-coding generally performs better than the single-cell-coding 
system.  
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1   Introduction 

Contextual cues play an important role in target searching in human vision system, 
which are proved by psychological experiments [1]. Only a small number of research 
work [2-5] utilized global or local context for object locating. Miao and et al. [5] 
proposed a visual perceiving and eyeball-motion controlling neural network to search 
target by reasoning with visual context that is encoded with a singe cell coding 
mechanism. This representation mechanism led to a relatively large encoding quantity 
for memorizing the prior knowledge about the target’s spatial relationship contained 
in the visual context. The single-cell-coding means using one cell or one response to 
represent one object or control the movement. In contrast to it, the population-cell-
coding uses an ensemble of cells or responses to represent an object or synthesize a 
movement [6].  Single and population cell coding mechanisms have been an argumen-
tative issue in understanding human brain and vision functions, which was discussed 
and debated in the special issue for binding problem [7]. Wang [8] addressed that the 
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main problem of the single-cell-coding is that it would not allow perceiving novel 
objects, which is an ability of the perceptual system. In this paper, we propose a vis-
ual neural network system that encodes the top-down knowledge of visual context and 
reasoning the location of the target using population cell coding mechanism. 

2   Visual Context Encoding Architecture and Algorithms 

Visual context is related to two types of features: low-level features for global or local 
image representation and the high-level features for representing spatial relationship 
in terms of horizontal and the vertical distances (Δx, Δy) between two object centers 
or between the center of a target and the center of global or local image. 

 

Fig. 1. Single or population cell coding structure for visual field image representation and gaze 
movement controlling  

A unified neural coding structure is designed for learning the internal representa-
tion of the visual context, which can implement single and population cell coding 
mechanisms, as illustrated in Fig. 1. The coding structure consists of two parts. The 
first part is visual field image encoding, which includes the first three layers: the first 
layer - input neurons, the second layer - feature neurons, and the third layer - single or 
population cell coding neurons. This coding system inputs a local image from a group 
of visual fields in different resolutions. Then it extracts features and encodes the cur-
rent visual field image in terms of connection weights between the second layer and 
the third layer. The second part is the spatial relationship encoding and decoding, 
which includes the last two layers: the third layer - single or population coding neu-
rons and the fourth layer- movement control neurons. It encodes the spatial relation-
ship either between two object centers or between the center of the target and the 
center of the current visual field image in the connection weights between the third 
layer and the fourth layer, which correspond to the horizontal and vertical shift dis-
tances (Δx, Δy) from the center position (x, y) of the current visual field to the center 
of the target. 
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Fig. 2. Extend LBP features extracted by 256 feature neurons, each of which is computed by a 
sum of eight pairs of differences between surrounding pixels (labels=0~7) and the central pixel 
(label=8) in its receptive field (RF) =3×3 input neurons (pixels). They are illustrated in the 256 
feature templates above, in which the gray box represents weight 1 while the black box repre-
sents weight –1. 

2.1   Features Employed for Encoding Visual Field Image 

As illustrated in Fig. 2, we extended the LBP (local binary patterns) [9] features to the 
new features with continuous output Rij by using the basis functions { ( )j if x  } 

(0≤j≤255) in Equations (1) and (2), where the vector T
0 2 8(  ... )i i i ix x x=x represents the 

i-th image block or receptive field image of  3×3 pixels or 3×3 input neurons. The 
term 

ijR  represents the response of the j-th feature extracted from the i-th image block. 

In our coding system illustrated in Fig. 1, for each receptive field image 
ix , there are 

256 feature neurons in the second layer extracting the above extended LBP features 
{ ( )ij j iR f= x }( j=0~255 ) and only the first m (1≤m≤256) neurons having the largest 

responses {
' ' ( )ij j iR f= x }( ' { }ij ijR R∈ , j’=1~m, j=0~255) win through the competi-

tion. To maximally decrease the coding quantity, m may be set to 1 for enough  
sparsity. 
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2.2   Visual Context Encoding 

In our paper, the visual context refers to the visual field image and the spatial rela-
tionship (Δx, Δy) from the centers of the visual field to the center of the target. Thus 
encoding such context need to calculate and store the representation coefficients of 
the spatial relationship and the visual field images which are centered at all the possi-
ble positions surrounding the target center and are in all the possible scales. The  
algorithm is described as follows: 
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BEGIN LOOP1 Select a scale s from the set {sI} for the current visual field; 
BEGIN LOOP2 Select a starting gaze point (xJ, yJ) as the center of the visual field from an initial 
point set {(xJ, yJ)} distributed in the context area of the target; 

1. Input an image from the current visual field, and output a relative position prediction for the real 
relative position of target center ( , )x yΔ Δ in terms of gaze movement distances ˆ ˆ( , )x yΔ Δ ;  

2. If the prediction error ER= 2 2ˆ ˆ( ) ( )x x y yΔ − Δ + Δ − Δ is larger than the maximum error limit 

ER(s) for the scale s of the current visual field, move the center of the visual field to the new 

gaze point position ˆ ˆ( , )x x y y+ Δ + Δ ; go to 1 until ER≤ER(s) or the iteration number is lar-

ger than a maximum limit; 
3. If ER>ER(s), generate a new coding neuron (let its response Rk=1); encode the visual context by 

computing and storing the connection weights {wij,k}(initialized to zeros) between the new cod-
ing neuron and the feature neurons (their responses ( )ij j iR f= x ) and the connection weights 

(wk,∆x , wk,∆y) (initialized to zeros) between the new coding neuron and two movement control 
neurons (let their responses R∆x=∆x and R∆y=∆y) respectively using the Hebbian rule 
∆wa,b=αRaRb; 

END LOOP2 
END LOOP1 

2.2.1   Encoding of Visual Field Images 
The k-th coding neuron in layer 3 represents or encodes a visual field image pattern 

( )kx  with a group of connection weights { wij,k } between the feature neurons in the 
second layer and the k-th coding neuron. The ij-th feature neuron extract the j-th fea-

ture { ( )( )k
ij j iR f= x } (0≤j≤255) from the i-th receptive field image ( )k

ix  (1≤i≤n). 

All the receptive field images { ( )k
ix } compose the visual field image ( )kx . The con-

nection weights { wij,k } are computed with Hebbian rule in Equation (3 ), where α is 
the learning rate; t is the iteration number; Ra and Rb are responses of two neurons 

which are connected by a synapse with a connection weight ,a bw . Thus each weight 

wij,k between the ij-th feature neuron and the k-th coding neuron is formularized in 
Equation (4), where α and Rk  are the learning rate and the response of the k-th coding 
neuron respectively. Both they are set to be 1 for simplifying computation, and then 
Equation (4) is changed to Equation (5). The lengths of all the weights { wij,k } are 
finally normalized to one for unified similarity computation and comparison. 
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2.2.2   Encoding of Spatial Relationship 
The spatial relationship (∆xk, ∆yk) between the center of the visual field and the center 
of the target is encoded in terms of two connection weights (wk,∆x, wk,∆y) between the 
k-th coding neuron and the two movement control neurons with Hebbian rule in Equa-
tions (6) and (7), whereβand Rk are the learning rate and the response of the k-th  
coding neuron respectively. Similarly, both of them are set to 1 for simplifying com-
putation, and then Equations (6) and (7) are simplified to Equations (8). 
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2.3   Visual Context Decoding for Gaze Movement Control 

Visual context decoding includes the responding of a single or population coding 
neuron(s) and the decoding of spatial relationship.  

2.3.1   Response of a Single or Population Coding Neuron(s) 
When the coding system inputs a visual field image Y for test, a single cell or popula-
tion cells in the third layer may respond(s) through competition among the total N 
coding neurons to represent a visual field image pattern. With reference to Fig. 1, for 

the i-th receptive field image iY , the k-th coding neuron inputs m responses { 'ijR } 

(1≤j’≤m≤256) weighted by {wij’,k}  from m feature neurons which extract features 

{ ' ' ( )ij j iR f= Y } from iY . Therefore for the visual field image Ywhich is composed 

of the receptive field images { iY } (1≤i≤n), the response of the k-th coding neuron in 

the third layer is:       

1 2 ', ' ', '
1 ' 1 1 ' 1

( ) (  ... ) ( )
n m n m

k k k n ij k ij ij k j i
i j i j

R C C w R w f
= = = =

= = = =∑∑ ∑∑Y Y Y Y Y                    (9)  

where , ' ,{ }k ij k ijw w∈ , 
' { }ij ijR R∈ , ' ( ) { ( )}j i j if f∈Y Y , j’=1~m and j=0~255. The 

weights {wk,ij'} are obtained at the encoding or training stage discussed in Section 
2.2.1. The Rij’ is the response of the j’-th feature neuron for the receptive field im-

age iY , belonging to the first m largest responses among the total feature responses 

{Rij}. Substituting Equation (5) into (9), we get Equation (9a). 
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' 1 1 ' 2 1 '( ( ) ( )... ( ))j i j i j m i nf f f= = = = = ==Yf Y Y Y , then Equation (9a) is changed to its inner 

product form between two groups of features shown in Equation (9b). Equation (9) 
indicates that the response of the k-th coding neuron in the third layer is a similarity 
measure between the new image Yand the k-th visual field image pattern ( )kx memo-
rized in the coding system. 

2.3.2   Decoding of Spatial Relationship for Gaze Movement Control 
Gaze movement control is directly responsible for visual object research. This has 
been implemented in a structure that consists of the two layers of neurons: single or 
population cell coding neurons and movement control neurons (see Fig. 1). The 
movement control neurons, divided into ∆x and ∆y neurons, whose responses (R∆x, 
R∆y) represent the relative position (∆x, ∆y) of the target to the current gaze point (x, 
y) or the center of the current visual field image. For the current visual field image 
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input, the first M coding neurons which have the largest responses play the main role 
in activating the movement control neurons.  If M=1, it is the single-cell-coding con-
trolling mechanism, otherwise it is the population-cell-coding mechanism.  The re-
sponses of gaze movement control neurons can be formulated as Equation (10), where 
Rk’ is the k’-th largest response of a coding neuron among the total N coding neurons; 

*
'kR   is the percentage form of the Rk’ and is used for the synthesis of gaze move-

ment; ',k xw Δ  and ',k yw Δ  are the connection weights from the k’-th coding neuron to 

the movement control neurons in x and y directions respectively. At learning or en-

coding stage, both of ',k xw Δ and ',k yw Δ are calculated using Equations (6) ~ (8). Sub-

stituting Equation (8) into Equation (10), the synthesis of movement is represented by 
Equation (11). 
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Formula (11) means that the gaze movement distances (decoded at the perception or 
test stage) is the weighted sum of the spatial relationship (encoded at the learning or 
training stage, which are weighted by the first M largest responses of coding neurons). 
Especially, when M=1 (single cell coding), the responses (R∆x, R∆y) of two movement 
control neurons are activated by a single neuron who has encoded a historical spatial 

relationship (∆xk’=1, ∆yk’=1) in connection weights ' 1,k xw = Δ and ' 1,k yw = Δ respectively. 

In this case, Equation (11) is simplified to Equation (12). 
An entire algorithm for gaze movement control for target search is given as  

follows: 
 

BEGIN LOOP1 Select a starting gaze point (xJ, yJ) as the center of the visual field from a random initial 
point set {(xJ, yJ)} distributed in the image area; 
BEGIN LOOP2 Select a scale s from the set {sI} for the current visual field in the order of from the 

maximum to the minimum; 
Input an image from the current visual field, and output a relative position prediction in 

terms of gaze movement ˆ ˆ( , )I Ix yΔ Δ for the real relative position of the target cen-

ter ( , )x yΔ Δ ;  

END LOOP2 
The position of the target center (x, y) starting from the initial gaze point (xJ, yJ) is predicted by  

ˆ ˆJ J I
I

x x x= + Δ∑  and ˆ ˆJ J I
I

y y y= + Δ∑  

END LOOP1 

Computing the density D(x, y) of the gaze point distribution ˆ ˆ{( , )}J Jx y  

Select the position with the largest density as the finally predicted target position: 

ˆ ˆ( , ) arg max{ ( , )}x y D x y= .  
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The algorithm uses a gradual search strategy that move an initial gaze point to the 
center of target from the largest visual field to the smallest visual field by decoding 
global and local context. 

3   Learning Properties of Single and Population Coding 

A learning problem can be proposed as: Given a group of visual context pat-
terns{ ( ( )kx , (∆xk, ∆yk) ) } (1≤k≤N) and a visual field image Y , how to estimate the 
relative position (∆x, ∆y) of the target? One solution is letting the half-unknown vis-
ual context ( Y , (∆x, ∆y)) be represented or synthesized by the known visual context 
patterns { ( ( )kx , (∆xk, ∆yk) ) } (1≤k≤N), i.e. Equation (13). Then the leaning problem 
becomes a problem of how to determine the values of the coefficients { 

kc }. To com-

pute the coefficients {
kc }, dividing Equation (13) into Equation (14). 
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(a)                           (b) 

Fig. 3. Illustration of encoded visual field image patterns { ( )kx } with their neighbor areas 
(radius r), the test visual field image Y and their distances {di} or the similarity measurement 
(e.g. 1/(1+di) ) in data space. (a) Densely encoded samples suitable for single cell decoding for 
a new sample (e.g. using ( ' 1)k =x  to represent Y for distances d1 < r << d2 < d3 < d4); (b) 
Sparsely encoded samples suitable for population cell decoding (e.g. using { ( ')kx } (k’=1~3) to 
represent Y for distances r <d1 < d2 < d3 << d4 ). 

The coefficients {
kc } could be obtained by decomposing Y based on the basis 

functions { ( )kx }, and then are used to synthesize the unknown relative position (∆x, 
∆y) by known spatial relationships { (∆xk, ∆yk) }. Usually the exact decomposition 

coefficients { kc } for the basis functions { ( )kx } can not be obtained in a simple and 

easy way. We use an estimated visual context ˆ ˆ ˆ( , ( ,  ))x yΔ ΔY to approximate the real 

visual context ( , ( ,  ))x yΔ ΔY instead. Then Equation (14) is transformed to Equation 

(15), where ' { }k kc c∈ , ( ') ( ){ }k k∈x x , ' '( , ) {( , )}k k k kx y x yΔ Δ ∈ Δ Δ , k’=1~M, k=1~N, 
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and M =1~N. Substituting the equation (9b) into equation (11), we get the responses 
of two movement control neurons as the estimation of (∆x, ∆y) in Equation (16). 
Thus, encoding the visual context and decoding the spatial relationship with 
( , )x yR RΔ Δ  to produce a gaze movement for target locating can be modeled with a 

regression function shown in Equation (17), where the coefficient 'kc  is the percent-

age form of the similarity between the new visual field image Yand the k’-th encoded 
visual field image pattern ( ')kx . Particularly, when using the single coding mecha-
nism (M=1), the equation (17) is simplified to Equation (18). 
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From the equation (18), it can be learned that for the case of single cell coding, the 
system produces a movement associated to the memorized visual field image pattern 
to which the new visual field image is most similar. If the coding system encoded 
enough visual field image patterns { ( )kx } (1≤k≤N) and associated spatial relationship 
{ ( , )k kx yΔ Δ } (1≤k≤N), a new visual field image Y  can be easily located in the 

neighbor area of an encoded ( )kx in the data space, as illustrated in Fig. 3(a). In this 
case, the single cell coding is suitable and the associated prediction ( , )k kx yΔ Δ is 

exact enough. However, the encoding quantity for coding system to memorize such 
visual context could be very large. From the equation (17), for the case of population 
cell coding, the system produces a movement according to a group of encoded visual 
field image patterns to which the new visual field image is similar. If the sparse visual 
field image patterns are stored in the coding system, the possibility of a new visual 
field image located in the neighbor area of an encoded image pattern is very small, as 
illustrated in Fig. 3(b). In this case, the single cell coding can not provide exact repre-
sentation and prediction. Thus, the prediction should be compensated by other cells 
that are also similar to the new input. Therefore population cell coding is suitable here 

and the gaze movement is synthesized by a group of movements { ( , )k kx yΔ Δ } 

(1≤k≤M) associated to the similar encoded image patterns { ( ')kx } (1≤k≤M). By trans-
forming the distance measurement into the similarity measurement, e.g., 

' '1/(1 )k ks d= + , Fig. 3(b) shows that there are M encoded visual field images 

{ ( ')kx }(k’=1~M , here M=3) are most similar to the new visual field image Y , i.e., 

1 2 1... ...M M Ns s s s s+> > > >> > > . Our experimental results showed that M is not a stable 

parameter to be selected directly for the system’s best generalization performance. 
Instead, we use a similarity factor 

1/MP s s= to control M. The parameter P can be 

obtained by the following algorithm: 
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BEGIN LOOP  Pi=1 to p (0≤p<1) with a step ∆p(∆p<0), where Pi is the factor determining Mi , i.e., the 
number of first Mi largest response coding neuron; 

1. Train the coding system with the given maximum error limit and the value of M which is con-
trolled by the factor Pi, then get the system complexity Ni after training, where Ni is the num-
ber of layer-3 coding neurons generated in the system; 

2. Sort all the Ni coding neurons’ responses in a sequence from the maximum response MaxR to 
the minimum response; if the (Mi+1)-th (1≤Mi≤Ni) neuron’s response is the first one smaller 
than or equaling to Pi*MaxR, then Pi and Ni are recoded as candidates; 

END LOOP  
Get P among {Pi}, where P corresponds to the smallest Ni. 

Please note that the result of M will be 1 and N when P =1 and P =0 respectively. 

4   Experiments 

We constructed two visual context coding systems respectively using single-cell-
coding and population-cell-coding mechanisms for target search experiments. The 
head-shoulder image database from the University of Bern has been used. In this 
database, totally there are 300 images with 30 people in ten different poses (ten im-
ages each person). The image size is 320×214 pixels. The average radius of the eye-
balls of these 30 persons is 4.02 pixels. The two coding systems are compared by 
applying them to search the left eye centers. Visual context was encoded or learned 
with a group of initial gaze points placed in a uniform distribution, while decoded or 
tested with a group of initial gaze points in a random distribution. For each target 
searching, two experiments were designed to compare the systems’ performances. 
The first experiment (Exp.1) used 30 images (30 people, one image in frontal pose 
each person) for training and the rest for testing. The second experiment (Exp.2) used 
90 images (9 people, 10 images each person) for training and the rest for testing. 

We compare the population cell coding and the single cell coding on the database. 
Table 1 listed the details of the number of total feature neurons in layer 2, the number 
of total coding neurons in layer 3, the number of connections between feature neurons 
and coding neurons, the mean and standard deviation of locating errors and the com-
prehensive test error, where P=0.9 and P=0.8 make the two systems for Exp.1 and 
Exp.2 have the smallest complexities respectively; P=1.0 means a single cell is re-
sponsible for context coding. 

Table 1. Performance comparison between two coding systems 

locating error (unit: pixel) 
experiment coding system #1* #2*  mean 

(mn) 
standard  

deviation (sd)
comprehensive error 

2 2mn sd+  

Single cell (P=1.0) 2314 0.43 2.15 4.33 4.83 Exp.1 (30 
vs. 270) Population cell (P=0.9) 1906 0.35 1.93 2.44 3.11 

Single cell (P=1.0) 7340 5.02 1.64 1.47 2.20 Exp.2 (90 
vs. 210) Population cell  (P=0.8) 5405 1.02 1.89 1.22 2.25 

* #1：number of coding neurons in layer 3； #2：number of connections between feature neurons and 
coding neurons ( unit: million). 
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From Table 1, it can be learned: (1)With large samples, i.e., the case of Exp. 2, the 
locating accuracy of the population coding system is almost same to the accuracy of 
the single cell coding system, but it required the lest coding information. The ratios of 
the average coding quantity required by the population coding to the coding required 
by the single cell coding system are about 77%. (2) With small samples, i.e., the 
case of Exp. 1, the locating accuracy of the population coding system is 35.6% 
higher than the accuracy of the single cell coding system. Meanwhile, the coding 
quantity required by the population coding is 12% smaller than the single cell 
coding systems. 

5   Conclusion 

In this paper, an internal presentation model of visual context in form of neural coding 
network is presented. Experimental results indicated that population-cell-coding is 
generally more efficient than the single-cell-coding system in representing the context 
as well as controlling the gaze motion for target search. 
 
Acknowledgments. This research is supported in part by NSFC (60673091, 
60702031 and 60970087), Hi-Tech R&D Program of China (2006AA01Z122), 
BJNSF (4072023 and 4102013), BMEC (No.KM200610005012), BMF for Excellent 
Talents (No.20061D0501500211) and National Basic Research Program of China 
(2009CB320902). 

References 

1. Chun, M., Jiang, Y.: Contextual Cueing: Implicit Learning and Memory of Visual Context 
Guides Spatial Attention. Cognitive Psychology 36, 28–71 (1998) 

2. Torralba, A.: Contextual Priming for Object Detection. IJCV 53(2), 169–191 (2003) 
3. Kruppa, H., Santana, M., Schiele, B.: Fast and Robust Face Finding via Local Context. In: 

Proc. Joint IEEE International Workshop on Visual Surveillance and Performance Evalua-
tion of Tracking and Surveillance (2003) 

4. Bergboer, N., Postma, E., van den Herik, H.: Context-based object detection in still images. 
Image and Vision Computing 24, 987–1000 (2006) 

5. Miao, J., Chen, X., Gao, W., Chen, Y.: A Visual Perceiving and Eyeball-Motion Control-
ling Neural Network for Object Searching and Locating. In: Proc. IJCNN, pp. 4395–4400 
(2006) 

6. Bear, M., Connors, B., Paradiso, M.: Neuroscience: Exploring the Brain, 2nd edn. Lippin-
cott Williams & Wilkins (2001) 

7. Special issue on binding problem. Neuron 24(1) (1999) 
8. Wang, D.: The Time Dimension for Scene Analysis. IEEE-TNN 16(6), 1401–1426 (2005) 
9. Ahonen, T., Hadid, A., Pietikainen, M.: Face Recognition with Local Binary Patterns. In: 

Pajdla, T., Matas, J. (eds.) ECCV 2004. LNCS, vol. 3021, pp. 469–481. Springer, Heidel-
berg (2004) 


	Learning Internal Representation of Visual Context in a Neural Coding Network
	Introduction
	Visual Context Encoding Architecture and Algorithms
	Features Employed for Encoding Visual Field Image
	Visual Context Encoding

	Learning Properties of Single and Population Coding
	Experiments
	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




