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Abstract. Rivers during floods bring a lot of fallen trees and debris.
Video surveillance systems are installed on strategically important places
on the rivers. To protect these places from destructions due to accumu-
lation of wood, such systems must be able to automatically detect wood.
Image segmentation is performed to separate wood and other moving
elements from the rest of the water. Moving objects are detected with
respect to brightness and temporal variation features. The floating wood
is then tracked in the sequence of frames by temporal linking of the
segments generated in the detection step. Our algorithm is tested on
multiple videos of floods and the results are evaluated both qualitatively
and quantitatively.

1 Introduction

Video monitoring systems installed on rivers record videos throughout the year.
During floods, rivers carry many fallen trees, bushes, branches of fallen trees and
other small pieces of wood. Automatic detection and counting of these fallen trees
and other wooden pieces will help to protect infrastructures like bridges and dams
from hazardous accumulation of trees. This automation will also decrease the
manual efforts involved in supervised surveillance. In this paper, automatic wood
detection in the river is performed by image segmentation and motion tracking.
Dynamic nature of such application implies many constraints and limitations.

This paper is organized as follows. Section 2 presents a review of relevant
works. Section 3 summarizes observations and assumptions made on available
videos. The image segmentation method is presented in 4. Moving objects are
related within successive frames thanks to a temporal linking method, which
is described in section 5. This section also presents the method for counting
wood pieces in the river. The experimental results, including comparison with
ground truth data are presented in section 6. Section 7 concludes and presents
perspectives to video analysis in outdoor scenarios.

2 Related Works

Wood detection and tracking in rivers is an example of moving object detection
within moving background. There are two major theories for object recognition
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in fixed camera videos [1]. In the first approach, the moving object is identified
first and then the motion it performs in the image sequence is sought (e.g. back-
ground subtraction methods). In the second approach, the motion information
is used directly to recognize moving objects (e.g. optical flow based techniques).
For moving object detection, the adaptive background model was proposed for
non-stationary backgrounds by [2]. It is constructed by adapting the changes
during the training period. Gaussian Mixture Model (GMM) method is used by
many researchers [3,4], where one or more Gaussian(s) are used to represent a
pixel-wise background model. The Gaussian model parameters are recursively
updated in order to follow the gradual background changes. The Weiner filter is
used by [5] to learn and predict color changes in each background pixel. In [6] a
spatio-temporal filtering method is proposed for compensation of the limitations
of region-based image blocks, applied in an aquatic context. A filtering method
based on spatial features with spectral features is also presented in [7].

Unlike previously discussed methods, optical flow-based methods proposed
by [8] directly detect moving objects from their motion information. [9] used the
estimation of the consistency of the optical flow over a short duration of time.

3 Limitation of Existing Methods in Our Case

Available videos of wood imply many constraints and difficulties which are sum-
marized. Fig. 1 represents a few images extracted from the videos. The presence
of bridge (top left corner of images), moving branches of tree in front of the cam-
era (right middle portions of images) and the shadows of surrounding trees over
the river are evident from these images. The detection of wood depends on the
intensity difference between wood and water. But water waves in the presence
of sunshine resemble wood pieces as shown in Fig. 2. The distinction between
waves and floating wood must be made for correct wood detection and track-
ing. Waves and wood move at similar speed and hence cannot be distinguished
with respect to motion dissimilarity criterion. The motion of wood is not purely
translational. Finally, due to remote location of the monitoring scene and the
limitations of transfer rate of data networks, the frame rate in the video is very
low (∼4 fps). Consequently, the object displacement is large between consecutive
frames of videos as shown in Fig. 6.

Due to above properties of videos, existing methods may suffer from sev-
eral limitations. The GMM method may lead to misclassification when the

(a) (b) (c) (d)

Fig. 1. Few original images of, (a) a wood piece under the shadows of surrounding
trees, (b) surrounding building cast shadows over water, (c) a fallen tree in the cloudy
weather and (d) a wood piece having reflection of sun shine from the surface of water
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background scene is complex [10]. For tracking objects in consecutive frames,
the consistency of differential optical flow methods require small object displace-
ments, which is not the case in current videos. Larger water waves have strong
consistent movements in multiple frames. Moreover the object shape also play an
important role in such methods, but in our case there is no specific shape or size
of wood objects. Consequently, due to the complex nature of our application, we
chose not to construct a background model. As a matter of fact the background
is dynamic with water waves and wood in motion with the same speed.

4 Segmentation of Floating Wood

This paper is an improvement of our previous work [11]. We have developed the
mathematical modelization of the problem. The intensity based segmentation
method described in this new paper gives better results. Automatic detection of
wood begins with the image segmentation step, which is a pixel-based probabilis-
tic approach based on intensity and its temporal variation. We take as an input a
sequence of T frames {I(., t)}1≤t≤T . Basically, we rely on two observations: wood
is darker than water and undergoes permanent motion. The intensity probability
map Pi contains the likeliness of pixels to be wood with respect to their bright-
ness, whereas the temporal probability map Pt contains this information with
respect to the brightness temporal variations at each pixel level.

4.1 Intensity Probability Map

The brightness of floating wood pieces is lower than water, even under the shad-
ows of surrounding trees. Moreover, it does not change significantly in the pres-
ence of sunlight. Fig. 5 shows intensity histograms of wood pieces as an example.
It seems relevant to approximate the intensity distribution of wood by Gaussian
distribution with fixed mean and variance. The input grayscale value of each
pixel x at time t being denoted by I(x, t), the probability of the current pixel to
belong to wood is

Pi(x, t) = gμ,σ2(x, t) and gμ,σ2(x, t) =
1

σ
√

2π
exp

(
− (I(x, t) − μ)2

2σ2

)

where g is a Gaussian probability density function. To find μ and σ2, we led
experiments on different wood pieces under various lighting conditions. Selection
of mean and variance is discussed in section 4.4. Fig. 4(b) shows an example

Fig. 2. An image with water wave and wood piece are highlighted, (b) upper portion
of image is zoomed to show shape and color intensity of wave, (c) part of image is
zoomed to show shape and color intensity of wood piece
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of Pi for a wood piece. In the presence of cast shadows of surrounding tree,
the intensity probability map Pi has higher value in wood regions but also at
undesirable shadowed regions.

4.2 Temporal Probability Map

Wood cannot be extracted relying solely on intensity considerations. Indeed,
some objects like bridge pillars or cast shadows of surrounding trees have the
same intensity as wood. To remove these static objects, we rely on pixel-wise
temporal variations. The temporal probability is partially based on the normal-
ized inter-frame difference ΔtI:

ΔtI(x, t) =
I(x, t) − I(x, t − 1)

255
(1)

which takes its values within range [−1, 1]. Hard thresholding the absolute in-
terframe difference |ΔtI| has been extensively tested for object detection. By
nature, this technique only detects new object pixels and inevitably removes ob-
ject areas that overlap in time. This is the case here with big wood pieces. Our
temporal probability Pt is defined in order to avoid this drawback. We design it
according to the observation that, when wood passes through a given pixel, ΔtI
dips to a negative value and then to a positive value afterwards. Moreover, Pt

should naturally remain constant if ΔtI = 0. This is achieved using a recursive
definition in time:

Pt(x, t) = Pt(x, t − 1) + H(ΔtI(x, t)) (2)

where H ∈ [−1, 1] is an updating function, mapping the inter-frame difference to
the amount of changes in the temporal probability. We express it in accordance
with the considerations previously addressed. To handle noise and ignore insignif-
icant intensity variations due to the non-uniformity of wood or water, H(ΔtI)
should be null for relatively small values of |ΔtI|. It allows to handle slow illu-
mination variations as well. Beyond certain threshold value, H should increase
or decrease as ΔtI gets significantly negative or positive, respectively. Instead of
using hard thresholding which would cause H to jump suddenly from 0 to 1 or
−1, we use a soft approach less critical with respect to the choice of threshold
parameters leading to the following piecewise linear definition:

H(ΔtI) =

⎧⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

1 if ΔtI ∈ [−1,−τ − B
2 ]

αΔtI + β if ΔtI ∈ [−τ − B
2 ,−τ + B

2 ]
0 if ΔtI ∈ [−τ + B

2 , τ − B
2 ]

αΔtI − β if ΔtI ∈ [τ − B
2 , τ + B

2 ]
−1 if ΔtI ∈ [τ + B

2 , 1]

(3)

where α = −1
B and β = 1

2 − τ
B . Fig. 3 plots H versus ΔtI. Variation of H in

turns requires a threshold τ and transition length B. The probability of a wood
pixel must have higher value than surrounding. It should be noted that Pt(x, t)
in Eq. (2) is truncated between 0 and 1 afterwards to remain a probability. In
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H(ΔtI)
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Fig. 3. Representation of updating function H(ΔtI)

the first frame, we set Pt(x, 1) to 0 everywhere, as it is very unlikely that wood
pieces appear at initial time. Temporal probability Pt is non-null only if temporal
brightness variation is negative enough, i.e. if a pixel gets significantly darker
or has the same brightness as it had in the previous frame. It helps in removing
stationary objects in the scene (e.g. pillars of bridge). Fig. 4(c) highlights the
fact that Pt has higher values for a wood piece than water and static areas.

4.3 Combination of Intensity and Temporal Probability Maps

Since we expect wood to be simultaneously dark and under motion, wood pixels
should have both high intensity and temporal probabilities, hence it is relevant
to multiply the two probability maps. The product yields the joint probabil-
ity Pglobal, representing the likelihood of a given pixel to be wood with respect
to its intensity and corresponding variation: Pglobal(x, t) = Pi(x, t)Pt(x, t). The
foreground image is obtained by simple thresholding of the joint probability map:

FG(x, t) =
{

1 if Pglobal(x, t) ≥ GTh

0 otherwise (4)

The joint probability Pglobal is high for wood pixels but also unfortunately for
pixels located on dark waves. Hence, global threshold GTh should be chosen in
order to limit the number of false detections without removing significant parts
of real wood pieces (choice of GTh is discussed in section 4.4). An example of
final foreground image is shown in Fig. 4(d), which clearly indicates that the
algorithm can detect moving wood pieces under difficult weather conditions.
Also, we have evaluated the segmentation results with ground truth images in
section 6.

4.4 Selection of Parameters

In previous sections, we introduced some parameters which need to be investi-
gated thoroughly. For this purpose, we extracted small and large wood pieces
under different weather conditions. An example of floating wood along with three
portions highlighted in different colors is shown in Fig. 5. We fix μ = 55 and
σ2 = 225. Computation of the temporal probability involves threshold τ and its
transition length B, whereas extraction of the final foreground image requires
global threshold GTh. Parameter tuning was performed through a brute-force



Wood Detection and Tracking in Videos of Rivers 651

(a) (b) (c) (d)

Fig. 4. (a) An example of wood piece under sunlight with corresponding, (b) inten-
sity probability map Pi, (c) temporal probability map Pt and (d) resulting FG after
thresholding

Fig. 5. Floating wood piece; (1) Zoomed portion of wood pixels and corresponding
intensity histogram highlighted by red, (2) green and (3) blue rectangle

approach, by maximizing the overlap between the foreground image generated
with current parameter values on one hand and ground truth segmentations on
the other hand, on a training dataset. The overlap was measured using the Dice
coefficient, which is a commonly used measure of segmentation quality (see for
example [12]). It is expressed as S = 2|X∩Y |

|X|+|Y | where X is the result of image
segmentation and Y is the corresponding ground truth image. S is equal to 1
when the segmented region and the ground truth region perfectly overlap, and
0 when they are disjoint. Firstly, for each parameter, the range of values giving
satisfactory results was coarsely located by successive attempts. We determined
that the triplet (τ, B, GTh) leading to the best segmentation was located in
range [0.1, 0.4] × [0.1, 0.4] × [0.01, 0.2]. Then, all parameter values within these
ranges were tested, with respective steps 0.05, 0.05 and 0.02.

The optimal values for these parameters for which S values are maximum for
both small and big wood pieces are τ = 0.3,B = 0.3 and GTh = 0.05. For big
wood pieces, S average value obtained is 0.8, with a maximum value equals to
0.9 and a minimum value equals to 0.71. For small wood pieces, average S is
0.71 with a maximum value equals to 0.8 and a minimum value equals to 0.6.

5 Tracking of Floating Wood

During flood water waves and turbulences are prominent. As shown in Fig. 2
waves and wood resemble and therefore, the distinction should be made between
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them. We propose a temporal linking method based on the segmentation method
for this purpose.

5.1 Extraction of Representative Points

The size, shape and orientation of the floating wood do not remain the same in
consecutive frames. Moreover, submergence causes partial occlusions resulting in
variable number of connected components, which is shown in Fig. 6. In order to
group several connected components which may correspond to the same object,
we first rely on centroids. The centroid cRi of a given component Ri is taken as
the representative of Ri. To evaluate the closeness between two connected com-
ponents R1 and R2, we choose to consider the euclidean distance between cR1

and cR2 . This distance allows us to label the connected components of same
object even if their size vary from one frame to another due to occlusion. We
perform hierarchical grouping of connected components as long as the distance
between their centroids is below a threshold s. At each step, the two closest
connected components Ra and Rb are merged in a new region whose representa-
tive center is assigned to the average (cRa + cRb

)/2, until ‖cRa − cRb
‖ < s. Let

R = {Ri}i=1...n be a set of gathered connected components. Its representative
center cR is the average of centroids cRi , and the following relation is verified:

R = {R1, ..., Ri, ...Rn} ⇒ cR =
1
n

n∑
i=1

cRi and ‖cRi − cR‖ < s ∀i ∈ 1...n

This method is robust to partial occlusion of wood in water. Hence, every ob-
ject in the frame is localized by a representative point, which is linked to its
corresponding point in the next frame.

5.2 Temporal Linking of Floating Wood

Let cR(t) and cR(t + 1) be representative points of object R matched in two
consecutive frames. This is actually verified if their distance is below δ:

‖cR(t) − cR(t + 1)‖ ≤ δ (5)

Fig. 6. Four consecutive frames of a moving wood object, zoomed resulting segmented
object regions show the appearance of floating wood in the images
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Fig. 7. A summary of small video portion represents wood (in different colors) and
water waves (black color) trajectories

where δ = 100 pixels, which is the maximal displacement of wood pieces we
learned after experimentally testing on different videos. Incidentally, it allows
us to give a lower bound of threshold s. If s is lower than δ, objects may be
mismatched in consecutive frames. A component of an object may be mistakenly
matched with another component of the same object, which does not happen
if s > δ. Similarly two objects moving simultaneously can be counted separately.

The positions of the representative point of an object in consecutive frames
can be linked by line segments, which yields a trace in the summary image. Such
an image is a graphical representation of trajectories during a given duration, an
example is shown in Fig. 7. We can notice from the summary image that wood
objects make longer traces than waves. The summary image also exhibits that
water waves disappear after some frames. This property is used in the following
to distinguish wood pieces from waves.

5.3 Counting Wood Pieces

For each object R, we determine the number of consecutive frames in which it ap-
pears. We obtain a sequence of n representative points {cR(t), cR(t+1), ..., cR(t+
n−1)} in which each couple (cR(t+ i), cR(t+ i+1)) verifies Eq. 5. Wood pieces
and water waves are separated from one another according to their persistence
in the consecutive frames. Hence, the chosen criterion to consider R as a wood
piece is n ≥ K. If a wood piece is not totally submerged, its representative point
at different times should all be linked two by two. Unlike wood pieces, waves
generally disappear after three or four frames. Hence, floating wood is counted
on this basis. The relevancy of this limit is evaluated in section 6.

6 Experimental Results

The studied videos were generated by a monitoring system set up on the river
Ain in France. Notice that even if all our videos come from a unique camera,
weather conditions vary a lot. No assumption is made about the wood position in
the water or according to static parts such as bridge. Consequently our method
could be used with another camera in a likewise scene. We tested our algorithm of
wood counting on five videos of 1500 frames each, for which we had ground truth
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Fig. 8. (on the left) Quantitative comparison of selection the number of consecutive
frames for wood attribution for a video (on the right) precision and recall for video
evaluated for K = 3,4,5 and 6 consecutive frames

Table 1. Quantitative evaluation of wood counting and segmentation in videos

Wood counting Wood segmentation
Video Nt Nd(%) Npd(%) Nw(%) Overlap ratio(%)

1 41 91 9 1 79
2 37 90 10 0 76
3 47 90 10 0 81
4 80 92 8 3 83
5 85 93 7 4 80

data for validation. Frames have size 640× 480 and are extracted from MPEG4-
compressed streams tested on an Intel Core2 Duo 2.66GHz with 4GB RAM
running C code. Average computation time per frame is 210 ms and it can be
used smoothly in the on-line scenario. In section 5.3, we introduced the minimal
number of consecutive frames K during which wood pieces should appear and to
be counted as wood. This number is evaluated in Fig. 8. Qualitative evaluation
is given by precision Pr and recall Re, defined as:

Pr =
Nd

Nd + Nw
; Re =

Nd

Nt

where Nd is the number of detected wood pieces by algorithm, Nw is the number
of waves detected as wood and Nt is the total number of wood objects i.e. (Nt =
Nd + Npd) where Npd number of non detected wood pieces. We can see that the
best trade-off between false positive and negative detections is obtained with
K = 4. Successful wood counting is validated manually by visual inspection
frame per frame. Results are summarized in Table 1. Moreover, we randomly
selected a wood piece per video and compute the overlap ratio of segmented
wood object with ground truth.

After visual inspection, it turns out that undetected wood pieces correspond
to very small parts, which are not critical with respect to the application. These
small pieces are often totally submerged in some frames.

7 Concluding Remarks

In this paper we presented an automatic method for detecting and counting the
floating wood in rivers. Intensity and temporal probability maps are computed
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for every incoming frame. These two probability maps are combined and resulting
image is segmented by selecting a threshold. The resulting segmented image
contains wood pieces along with some water waves. Water waves are separated
from wood pieces by temporal linking method. Due to outdoor environment there
are many constraints in our case. The experimental results are evaluated on every
step. This algorithm could be extended to any object detection within multiple
motions in background. Future work will be dedicated to the incorporation of
prior object motion knowledge in both segmentation and tracking processes to
reduce again omissions and false detections.

References

1. Shah, M.: Motion-based recognition: A survey. Image and Vision Computing 13,
129–155 (1995)

2. Li, L., Huang, W.M., Gu, I.Y.H., Tian, Q.: Statistical modeling of complex back-
ground for foreground object detection. IEEE Trans. on Image Processing 13(11),
1459–1472 (2004)

3. Stauffer, C., Grimson, W.: Learning patterns of activity using real-time tracking.
IEEE Trans. Pattern Anal Machine Intell. 22(8), 747–757 (2000)

4. Wren, C., Azarbayejani, A., Darrell, T., Pentland, A.: Pfinder: realtime tracking
of the human body. IEEE Trans. on Pattern Anal. Machine Intell. 19(7), 780–785
(1997)

5. Toyama, K., Krumm, J., Brumitt, B., Meyers, B.: Wallflower: principles and prac-
tices of background maintenance. In: IEEE Int. Conf. Computer Vision (ICCV),
pp. 255–261 (1999)

6. Eng, H.L., Wang, J., Wah, A.H.K.S., Yau, W.Y.: Robust human detection within
a highly dynamic aquatic environment in real time. IEEE Trans. on Image Pro-
cessing 15(6), 1583–1600 (2006)

7. Mittal, A., Paragios, N.: Motion-based background subtraction using adaptive ker-
nel density estimation. In: IEEE Conf. Comp. Vision and Pattern Recog. (CVPR),
pp. 302–309 (2004)

8. Horn, B.K.P., Schunck, B.G.: Determining optical flow. Artificial Intelligence 17,
185–203 (1981)

9. Wixson, L.: Detecting salient motion by accumulating directionally-consistent flow.
IEEE Trans. Pattern Anal Machine Intell. 22(8), 774–780 (2000)

10. Gao, X., Boult, T., Coetzee, F., Ramesh, V.: Error analysis of background adoption.
In: IEEE Conf. Comp. Vision and Pattern Recog. (CVPR), pp. 503–510 (June
2000)

11. Ali, I., Tougne, L.: Unsupervised video analysis for counting of wood in river during
floods. In: Bebis, G., Boyle, R., Parvin, B., Koracin, D., Kuno, Y., Wang, J., Pa-
jarola, R., Lindstrom, P., Hinkenjann, A., Encarnação, M.L., Silva, C.T., Coming,
D. (eds.) ISVC 2009. LNCS, vol. 5876, pp. 578–587. Springer, Heidelberg (2009)

12. Cárdenes, R., Bach, M., Chi, Y., Marras, I., de Luis, R., Anderson, M., Cash-
man, P., Bultelle, M.: Multimodal evaluation for medical image segmentation. In:
Kropatsch, W.G., Kampel, M., Hanbury, A. (eds.) CAIP 2007. LNCS, vol. 4673,
pp. 229–236. Springer, Heidelberg (2007)


	Wood Detection and Tracking in Videos of Rivers
	Introduction
	Related Works
	Limitation of Existing Methods in Our Case
	Segmentation of Floating Wood
	Intensity Probability Map
	Temporal Probability Map
	Combination of Intensity and Temporal Probability Maps
	Selection of Parameters

	Tracking of Floating Wood
	Extraction of Representative Points
	Temporal Linking of Floating Wood
	Counting Wood Pieces

	Experimental Results
	Concluding Remarks
	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




