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Abstract. In experimental design and 3D reconstruction it is desirable
to minimize the number of observations required to reach a prescribed es-
timation accuracy. Many approaches in the literature attempt to find the
next best view from which to measure, and iterate this procedure. This
paper discusses a continuous optimization method for finding a whole
set of future imaging locations which minimize the reconstruction error
of observed geometry along with the distance traveled by the camera
between these locations. A computationally efficient iterative algorithm
targeted toward application within real-time SLAM systems is presented
and tested on simulated data.
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1 Introduction

Visual simultaneous localization and mapping (SLAM) is the task of determining
the position and orientation of a camera while concurrently building a map of
the environment, using the camera images and possibly other sensors as input. It
is a chicken-and-egg type problem; given the map, localization is relatively easy
and given the camera positions, map triangulation is straightforward. Accom-
plishing both at once is at the heart of the SLAM problem, which has received
a lot of attention in both the robotics and vision research communities. Much
effort is spent improving the robustness and accuracy of algorithms, particularly
with respect to error accumulation, drift and loop closing (see e.g. [112]). A less
studied problem is how to make efficient use of the information collected in active
SLAM systems, i.e. systems where the motion of the sensor can be controlled.
This article considers the problem of maximizing the useful information gained
from a fixed number of images by active planning of the vision sensor movement.
Specifically, we consider the task of finding a camera trajectory between two pre-
determined locations such that the reconstruction accuracy of observed geometry
is maximized while the path length is minimized. The envisioned application is
robot path planning, where the accuracy usually is a secondary objective, so the
focus is on providing the best reconstruction given time or distance constraints.
In this work we only consider the geometric aspects of the problem and do not
account for availability of texture or object occlusion, which are of course issues
in a real system relying on feature tracking. We further assume the following:
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— An initial maximum likelihood estimate of the structure is available, based
on observations up to that point.

— All cameras along the trajectory are oriented towards a particular point of
interest, e.g. the centroid of the features to be estimated.

— The camera can be positioned with such relative accuracy that its pose and
location is fully known at each observation.

These assumptions may be relaxed, as discussed in section Finally, the robot
path is represented by a sequence of camera locations, and the number of cameras
on the path must be chosen in advance.

As an experimental design problem, so-called ‘camera network design’ has
been studied extensively in the photogrammetry literature. The emphasis is on
obtaining the most accurate reconstruction given a limited number of cameras,
and time can be spent finding an optimal configuration. For example, in [14] a
genetic optimization algorithm is used to search the high-dimensional parame-
ter space of camera placements. Similar stochastic algorithms are usually em-
ployed since the problem is intrinsically multi-modal i.e. the objective function
has many local minima, cf. [3]. In the context of 3D reconstruction in con-
trolled environments, the task at hand is usually referred to as ‘next best view
planning’, suggesting that given an approximate reconstruction we seek a sin-
gle next view that will reduce the error the most. This is the case in [4] where
the authors reconstruct objects using a camera mounted on a robotic arm. The
object geometry is estimated using a Kalman filter, and the next imaging loca-
tion is determined by searching a discrete parameter space and evaluating the
expected information gain in the filter at each position. A different approach
is taken in [B] where the next imaging location is decided based only on the
single currently least well-determined feature, allowing a simple closed form so-
lution. In the above problem formulations there are usually few or no constraints
imposed on possible sensor configurations, computational complexity is less of
an issue and the ‘next best view’ approaches do not consider more than one
future observation. This work will show that given constraints on the camera
positions, good solutions for many future observations can be found relatively
quickly. For a recent general survey of the sensor planning field see the book by
Chen et al. [6].

The work most similar in spirit to ours is [7] where the path of a robot mov-
ing in the plane is planned based on the expected reconstruction accuracy of an
observed object. An approximation of the geometry is given and the expected
information gain from observing the object from a particular vantage point is
determined on a discrete grid of camera locations. Each grid cell is assigned a
cost proportional to the inverse of the information gain, and a minimum cost
path is found between the starting point and the global minimum grid cell.
The algorithm does not take into account the new information gained after an
actual observation is made, however, and becomes computationally expensive
if we allow the camera to move in three dimensions. The minimum cost path
formulation also restricts the choice of cost function. This work proposes an
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efficient continuous optimization approach to the problem of finding a short path
with large information gain.

2 Problem Formulation

The planner takes as input an initial estimate of the structure, the current loca-
tion of the sensor and the desired destination. The output is a path, represented
by a discrete set of sensor locations, connecting these points. The number of lo-
cations on the path can be set explicitly or deduced from e.g. the robot’s speed
and sample rate and the distance to be travelled. For the experiments in this
paper the sensor is assumed to be a single fully calibrated camera, although
extension to stereo and multi-camera systems is straightforward. The standard
pinhole camera model is used, so that the relation & = f(P, X) between a world
point X and its projection  in homogeneous coordinates is given by

Jz 0 ug
M(PX) = KM (f) — {0 fyw | (RI-Rt) (i() (1)
00 1

where R and t are the camera rotation and translation and K represents the
known intrinsic calibration parameters. However, any differentiable projection
function f(P, X) may be substituted, e.g. to include radial distortion terms.

In the interest of reducing the parameter space dimension, each camera is
parametrized only by its position and is automatically oriented toward a point
of interest, typically chosen as the centroid of the structure under consideration.
Features are deemed visible if they fall within the camera’s field of view; possible
occlusion by other objects is not considered. The measurement uncertainty of
features is also considered fixed.

We define the optimization problem as follows:

Problem 1. Minimize the reconstruction uncertainty of observed geometry and
the distance traveled by the sensor between imaging locations.

These are conflicting objectives, which are combined in a cost function defined
below.

3 Cost Function

Lacking ground truth data or other a priori information, the quality of a re-
construction can only be judged by the statistical uncertainty of the estimate.
Condensing a probability distribution into a scalar quality measure is not en-
tirely straight-forward, however, and choices must be made depending on the
intended application. Also, in most situations only estimates of the probability
distribution are available, e.g. the mean and covariance. In the experimental
design literature, many summary statistics have been proposed and are usually
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functions of the eigenvalues of the covariance matrix, e.g. the trace and determi-
nant, cf. [§]. In the structure-from-motion problem, the eigenvalues have a direct
geometric interpretation which we consider below.

If we assume the position and orientation of the camera is fully known when
an observation is made, the structure estimates corresponding to individual fea-
tures are independent of each other, and the covariance matrix is block diagonal
with 3-by-3 blocks (assuming point features). The eigenvalues of each block cor-
respond to the semi-axes of the ellipsoid representing the variance of the feature
location. We would like these ellipsoids to be as small as possible, but in what
sense? If we minimize the volume, i.e. the determinant, we admit solutions where
a point may be very well-determined in two directions but with a large uncer-
tainty in the third (typically the depth). Minimizing the determinant of the
entire covariance matrix (the so-called D-optimality criterion) could favor solu-
tions where one point is very well determined while others are much less certain.
For navigation and mapping purposes, we would like all, or at least the majority
of features to be reconstructed to reasonable accuracy. Minimizing the largest
eigenvalue (E-optimality) would achieve this, but results in a non-smooth objec-
tive function. We choose to minimize the sum of the eigenvalues (A-optimality),
i.e. the trace of the covariance matrix, which provides a good trade-off with the
added computational benefit of not having to calculate individual eigenvalues.

Before introducing the cost function, we discuss how to compute the trace
given a set of measurements.

3.1 Calculating Covariance

In many recent SLAM systems (e.g. [9T0JII]) maximum likelihood estimates
obtained via bundle adjustment are available. We assume the structure estimate
is optimal in the ML sense with respect to the observations; then the information
matrix is given to first order by I = JTR~'J where .J is the Jacobian of the
reprojection error evaluated at the minimum, and R the measurement noise
covariance [12]. Also, the (pseudo-)inverse of I gives an approximation of the
covariance matrix. Since information is additive, including new observations in
the estimate amounts to summing the individual information matrices. In other
words, to calculate the effect of new observations on the structure estimate, we
compute the Jacobian of each observation and add the corresponding information
matrices to the initial one. New observations may of course shift the ML estimate,
invalidating the approximation, but this is avoided in a natural way as discussed
in section [l

Given a world point X and a camera P, let = be the measured image coor-
dinate, and f(P, X) the projection function mapping X to the expected image
coordinate &. Define the re-projection error as Ex (P, X,z) = f(P,X) — z with
Jacobian

af1 ofi of
Je dEx B axll axl2 axlg )
T ax "\ op op op |

00X, 0X2 0X3



374 S. Haner and A. Heyden

If several points XN are observed simultaneously, let
Ex
EP, XN ot Ny = | 3)
Exn~
with block diagonal Jacobian
Jx1 0
J= . (4)
0 Jxn~

The information matrix for a single image is then given by
Je1 Ry T x 0
I(P,Xl:N) — (5)
0 Jin Ry Ixn

where usually the R; = (002 002 ).
The final information matrix given the initial information Iy and images from

camera positions P +M is now

Iy =T+ > I(P/,X"N). (6)

j=1

Note that the computation is linear in the number of observed features and
the number of images, and that the covariance of the estimate is the inverse,
Ypim xuN = IA}I. For notational convenience, from hereon let P denote the set
PUM of camera poses along a path, and X = X5V the estimated structure.

3.2 Cost Function

We propose the following cost function:

M-1
1 o i ;
O(P.X) = Nr(Zrx)+ i1y D IR = Bl
j=1

=U(P,X)+aD(P), (7)

i.e. the uncertainty measure plus a function of the camera path, weighted by
a constant factor o > 0, where ¢ > 1. The normalization constants N~ and
(M —1)971 are designed to make the cost approximately invariant with respect
to the number of observed features and camera positions on the path. Note that
by choosing ¢ > 1, D(P) will favor solutions with equidistant spacing between
the camera positions, and introducing an offset d, D(P) = ijvi;l(HPég;l —
Pl || —d)9, we can impose the soft constraint that the path length be d(M —1),
if desired.
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3.3 Cost Function Properties

The multi-modality of the objective functions normally used in next best view
planning makes optimization difficult. The proposed cost function is no excep-
tion, but due to the somewhat local nature of the sought solution there are
obvious bounds on the cost and geometry of the path.

Proposition 1. U(PYM X)) is a non-negative decreasing function of the num-
ber of observations M.

Proof. The information matrix [ is positive semidefinite. Including a new obser-
vation amounts to adding another positive semidefinite matrix Al to I, and the
result is again positive semidefinite. By the Courant-Fischer theorem, we know
that the (sorted) eigenvalues satisfy A;(I + AI) > \;(I) for all i = 1,...,n and
equivalently A;(Zypdated) = )\i((l + AI)‘*‘) < M) = X(Zinitial). Evidently
tr(Z1updauted) < tr(Z1initial)- g

Theorem 1. The length of the path at the minimum P* is bounded.
Proof. Given any initial estimate P of the path, we have

aD(P*) <U(P,X) + aD
<U(P,X)+aD

< Uinitial + aD(P)

) - U(P", X)

(P
(P) (8)
where Uipjtial = ]{,tr(ZO) and Yy the covariance of the current structure estimate.
Since | P! — P | < [|PIL — P, ]| + 1, the length of P* is bounded from

pos pos

above by (M — 1)1_’1(a_1Uinitial + D(P)) + M —1. O

We see that the path must be contained inside an ellipsoid with foci at the (fixed)
first and last camera positions, and that the bound can be computed easily in
advance. As expected, the optimal path approaches the line segment between
the foci as a grows.

This result suggests that we may attempt to find and compare several local
minima by optimizing with varying initial paths sampled from within the feasible
ellipsoid.

4 Proposed Algorithm

As noted in the introduction, the next best view problem is known to suffer from
multiple local minima, cf. [3]; this is true for all reasonable choices of U. Finding
the global minimum is a difficult problem, and the prevailing approach in the
literature seems to be more or less exhaustive search over a discretized parameter
space, [4[7], or stochastic optimization methods, [I3l14]. In the interest of speed,
however, we adopt a gradient based optimization scheme, using the well-known
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Levenberg-Marquardt (LM) method. LM minimizes the 2-norm of a residual
vector r, which we construct as

r—= tIl(sz,Xl) tr(Z1P,XN) aHPgos - P}}OSHq aHP}i\(/)[s - P}f\gs_luq :
N sy N R (M—l)l_q sy (M—l)l_q

(the exponent indicates element-wise square root) so that ||r||> = C(P, X). The
parameter space is the M — 2 intermediate camera positions; the camera orien-
tation is determined by its position and the interest point.

The final hurdle is how to evaluate the cost function before any observations
are made. The best we can do is predict what the camera will see at a partic-
ular location given the current best estimate of the structure. Assuming that
measurements are corrupted with zero-mean noise, the expected observation is
simply the projection & = f(P;, X). Such an observation has zero reprojection
error, and so does not affect the ML estimate.

The optimization is applied within the following framework:

1. Given an initial estimate of the structure, calculate its centroid and let this
be the camera’s point of interest. Select a target location for the camera, i.e.
select the end point of the path.

2. Generate an initial path by linear interpolation between the first and last
camera locations. The number of discrete camera locations along the path
could be selected to match the image sampling rate and speed of the robot,
but this would normally result in far too many locations and a very high-
dimensional search space. However, it stands to reason that more images
taken from approximately the same vantage point do not contribute quali-
tatively to the reconstruction, so a relatively sparse distribution of camera
locations is sufficient.

Find a minimum of the cost function wrt. P using the LM algorithm.

4. Move the camera to the next location along the path and make an actual
observation. Update the structure estimate with this new information, and
update the camera interest point location and path end point, if needed.

@«

Repeat steps 3 and 4, each time with one less camera location along the path
and using the previous path estimate as an initial guess.

5 Experiments

We first apply the above algorithm to the scenario of a robot trying to pass
through a doorway. The doorway is represented by a rectangular array of point
features which are optimally triangulated from the first two views, see figure
In all experiments we assume an image measurement noise ¢ equivalent
to about one pixel. The target location is placed in front of the doorway, and
the path is discretized with four waypoints in between. The optimization is run
until convergence and the robot is moved to the next prescribed location along
the path, where a new image is acquired and the structure estimate is updated
using bundle adjustment.
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Fig. 1. Doorway scenario. The robot wishes to approach the passage while determining
its geometry as accurately as possible. The first two cameras on the path represent the
last two images the robot has acquired and provide the initial optimal triangulation
of the geometry. Red dots indicate which cameras are free to move, the red cross is
the point of interest. In this case subsequent observations do not visibly change the
initially planned path. The uncertainty ellipsoids represent 50 in (a) and 500 in (b)-(e).
Note that in the latter cases the erpected uncertainties, given all observations along
the path, are displayed. The values ¢ = 3 and a = 4.5 - 10~7 were used.

s /‘l‘""-__ B A

Fig. 2. Here the robot passes (from right to left) by a point cloud and makes a detour
to get as close to the features as possible; this is natural, since the closer the feature,
the higher its angular resolution. Three cases are plotted: o = 0.2 - 107" (red dashed),
a=0.5-10"" (green dotted) and a = 1075 (black).
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Table 1. Relative error U(P,X)/U(P'?,X) and absolute reconstruction error
~ Zf\il X" = X{ruell, where XEX is the ground truth structure being observed, com-
puted for different values of « in the scenario of figure Pl The relative error represents
the expected decrease in uncertainty from the initial estimate given by the first two
images, the reconstruction error the actual error after all observations have been made.
As « is decreased, the optimized path deviates more from the straight line between the
first and last camera position, and the reconstruction error is decreased.

Optimized path Straight path
« Rel. err. Rec. err. Rel. err Rec. err
1.0-1077 1.64-107% 832-107* 2.02-107% 1.03-107°
05-1077 1.25-107* 7.15-107* ” ”
0.2-1077 5.36-107% 4.53-107* ” ”

The influence of the parameter « is illustrated in figure Pl and table Il The
robot passes by a point cloud, and to get a closer look it must make a detour.
A large « penalizes long paths at the expense of reconstruction accuracy.

6 Discussion

6.1 Computational Complexity

As noted in section Bl the cost function can be evaluated in O(MN) time.
The LM algorithm requires the computation of the Jacobian of the residual
vector r each iteration. The analytic expression may be very complicated and
expensive to evaluate, so a finite difference approximation is preferred. The cost
function must be differentiated with respect to 3(M — 2) parameters, requiring
3(M —2) + 1 function evaluations to compute the Jacobian. But the covariance
matrix is a function of a sum of individual information matrices, where only one
term changes as the camera parameters are perturbed one at a time. By careful
bookkeeping of the information matrices only 4 instances need to be computed
for each camera instead of all 3(M —2)+1 of a nalve implementation. This lowers
the complexity of computing the Jacobian from O(M2N) to O(M N). Neverthe-
less, in real-time applications computing the path should take a few seconds at
most, and recent SLAM systems track hundreds or thousands of features. It may
therefore be necessary to restrict attention to a subset of reconstructed features,
e.g. those with the largest uncertainty, when evaluating the cost.

Furthermore, due to the iterative nature of the optimization, the path compu-
tation may be aborted before convergence but still yield a good approximation,
depending on available time and computational resources.

6.2 Extensions

The assumptions in section [l can of course be relaxed. If an initial ML structure
estimate is not available, we can either choose to ignore any prior information
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and initialize the algorithm using optimal triangulation from the most recent
images, or simply substitute a non-ML estimate (e.g. from an EKF). If the
estimate is good enough, the inverse of the covariance matrix will still be a good
approximation to the Fisher information. Even if it’s a poor approximation we
would expect the optimized paths to yield better reconstruction accuracy than
a straight or random one.

The requirement that the camera be oriented toward a particular point is only
intended to reduce the dimension of the parameter space. Optimization over the
orientations, or other rules for selecting orientation based on camera position
and estimated structure could easily be incorporated.

It is also assumed that the camera position and orientation are known to high
accuracy when acquiring images. Obviously, this is rarely true in a practical
SLAM system, where there may be considerable uncertainty in the robot loca-
tion. However, the location is usually well-determined relative to nearby, recently
observed features, so for short-term local path planning this is a fair approxima-
tion. Nevertheless, incorporating the camera uncertainty in the covariance esti-
mation would be straightforward, but would also introduce correlations between
features. The information and covariance matrices would no longer be block diag-
onal, raising the computational load considerably, and the cost function would
possibly have to be modified to include the camera location uncertainty. The
practical gain of incorporating such information is less clear.

The nature of the optimization scheme makes it easy to incorporate different
constraints. For example, obstacles in the robot’s path can be modeled as a
potential field added to the cost function.

7 Conclusion

This paper has presented a continuous optimization approach to certain in-
stances of the next best view planning problem, aimed toward application in
SLAM systems. Unlike previous algorithms the next best view is chosen with
consideration of several expected future observations. While the solutions are
only locally optimal, experiments show that reconstruction accuracy is still much
improved, at a computational cost linear in the number of cameras and features.

References

1. Botterill, T., Mills, S., Green, R.: Bag-of-words-driven, single-camera simultaneous
localization and mapping. Journal of Field Robotics (2010)

2. Piniés, P., Paz, L.M., Gélvez-Lépez, D., Tardés, J.D.: Ci-graph simultaneous lo-
calization and mapping for three-dimensional reconstruction of large and complex
environments using a multicamera system. Journal of Field Robotics 27(5), 561
586 (2010)

3. Fraser, C.S.: Network design considerations for non-topographic photogrammetry.
Photo Eng. and Remote Sensing 50(8), 1115-1126 (1984)



380

10.

11.

12.

13.

14.

S. Haner and A. Heyden

Wenhardt, S., Deutsch, B., Hornegger, J., Niemann, H., Denzler, J.: An information
theoretic approach for next best view planning in 3-d reconstruction. In: Proc.
International Conference on Pattern Recognition (ICPR 2006), vol. 1, pp. 103—
106. IEEE Computer Society Press, Los Alamitos (2006)

Trummer, M., Munkelt, C., Denzler, J.: Online next-best-view planning for accu-
racy optimization using an extended e-criterion. In: Proc. International Conference
on Pattern Recognition (ICPR 2010), pp. 1642-1645. IEEE Computer Society, Los
Alamitos (2010)

Chen, S., Li, Y.F., Zhang, J., Wang, W.: Active Sensor Planning for Multiview
Vision Tasks, 1st edn. Springer Publishing Company, Incorporated, Heidelberg
(2008)

Dunn, E., van den Berg, J., Frahm, J.-M.: Developing visual sensing strategies
through next best view planning. In: IEEE/RSJ International Conference on In-
telligent Robots and Systems, IROS 2009, pp. 4001-4008 (October 2009)
Montgomery, D.C.: Design and Analysis of Experiments, 5th edn. John Wiley &
Sons, Chichester (2000)

Klein, G., Murray, D.: Parallel tracking and mapping for small AR workspaces. In:
Proc. Sixth IEEE and ACM International Symposium on Mixed and Augmented
Reality (ISMAR 2007), Nara, Japan (November 2007)

Strasdat, H., Montiel, J.M.M., Davison, A.J.: Scale drift-aware large scale monoc-
ular slam. Proc. Robotics; Science and Systems (2010)

Mouragnon, E., Lhuillier, M., Dhome, M., Dekeyser, F., Sayd, P.: Generic and
real-time structure from motion using local bundle adjustment. Image and Vision
Computing 27(8), 1178-1193 (2009)

Hartley, R., Zisserman, A.: Multiple View Geometry. Cambridge University Press,
Cambridge (2003)

Chen, S.Y., Li, Y.F.: Automatic sensor placement for model-based robot vision.
IEEE Transactions on Systems, Man, and Cybernetics, Part B: Cybernetics 34(1),
393-408 (2004)

Dunn, E., Olague, G., Lutton, E.: Parisian camera placement for vision metrology.
Pattern Recognition Letters 27(11), 1209 (2006)



	Optimal View Path Planning for Visual SLAM
	Introduction
	Problem Formulation
	Cost Function
	Calculating Covariance
	Cost Function
	Cost Function Properties

	Proposed Algorithm
	Experiments
	Discussion
	Computational Complexity
	Extensions

	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




