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Abstract:  Statistical and contextual information are typically used to detect moving regions in image sequences for a fixed
camera. In this paper, we propose a fast and stable linear discriminant approach based on Gaussian Single Model (GSM) and
Markov Random Field (MRF). The performance of GSM is analyzed first, and then two main improvements corresponding to the
drawbacks of GSM are proposed: the latest filtered data based update scheme of the background model and the linear classification
judgment rule based on spatial-temporal feature specified by MRF. Experimental results show that the proposed method runs more
rapidly and accurately when compared with other methods.
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INTRODUCTION

Moving object detection with a fixed camera is a
crucial issue in video processing, and is widely used
for a variety of applications of computer vision, in-
cluding object tracking and surveillance. Background
subtraction based moving object detection is a
method typically used to detect unusual motion in
many situations, which heavily depends on the
background model. A good background model should
be robust to illumination changes, weather conditions,
etc. Various background modeling algorithms have
been developed, which include (1) pixel based op-
eration like background appearance adaptation,
threshold updating and pixel labelling, (2) region
based operation which uses the statistical character-
istics of a region, and (3) hierarchy-based model
which processes the image at multi-resolution level.

In this paper, we propose a precise, stable and
fast algorithm based on Gaussian Single Model
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(GSM), Markov Random Field (MRF) and Fisher
Linear Discriminant Analysis (FLDA), modeling
each pixel as a single Gaussian model and building an
adaptive relationship network specified by MRF per
pixel to judge background or foreground by FLDA.
The rest of the paper is organized as follows. Section
2 reviews the related works in this field. The proposed
approach is presented in Section 3. Experimental
results are shown in Section 4, followed by our con-
clusions in Section 5.

PREVIOUS WORK

A popular method includes maintaining the
background pixel intensity model, subtracting the
background model from the new frame, and thresh-
olding the difference value to judge background or
foreground. However this approach always fails
where the background is not completely stationary.
For overcoming this drawback, many improved al-
gorithms have been proposed, and their details are
summarized below.
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For pixel-based models, Pfinder (Wren et al.,
1997) uses a single Gaussian background model
(GSM) per pixel, it works very well in a slow scene
change. A mixture of Gaussian models (GMM)
(Stauffer and Grimson, 1999) is more powerful in
practice when background is not completely statistic.
However, GMM approaches require high computa-
tional complexity. Unlike parametric models, the
non-parametric approaches estimate density functions
directly from the sample data (Elgammal et a/., 2002),
which can adapt quickly to changes in the back-
ground.

The second category of methods use region
models of the background. Eigen-space decomposi-
tion based object detection is proposed (Oliver et al.,
2000; Seki et al., 2003), where the background is
modeled by its principal components. Heikkila and
Pietikainen (2006) used the Local Binary Pattern
(LBP) texture operator to build a background model,
while spatial MRF through Gibbs distribution has
been widely used for background modeling (Paragios
and Tziritas, 1999; Yaakov and Averbuch, 2001;
Sheikh and Shah, 2005; Berrabah ef al., 2006). This
method is based on the construction of a global cost
function to find the optimal label by ICM (Iterated
Conditional Modes) and HCF (Highest Confidence
First) or other algorithms.

Both spatial and temporal constraints are con-
sidered in multi-resolution based methods. Toyama et
al.(1999) developed a three-component system for
background maintenance. Meanwhile Zhou et al.
(2005) proposed a time dependent pyramidal MRF to
represent the state of the foreground and the back-
ground for each pixel in the pyramid.

PROPOSED METHOD

We have developed a novel approach to the
processing of background subtraction based on the
combination of GSM and MRF. After a typical GSM
is analyzed, a new updating scheme is proposed to
adapt to scene changes. Unlike previous MRF, we
concentrate on the local constraint for each pixel, and
construct a feature space based on an adaptive rela-
tionship network around its neighborhood system,
which is specified by MRF, and then make the deci-
sion by FLDA. On one hand, it exploits the contextual

information sufficiently when making decisions. On
the other hand, it reduces computational costs to find
the global optimal solution.

Analysis of general GSM

GSM method uses single Gaussian distribution
to model the probability distribution of the each pixel
intensity. Assuming the value of pixel at point (x,y) is
1(x,y), then I(x,y)~N(u(x,y), 2(x,y)), where u(x,y) and
2(x,y) are the mean and covariance, respectively. The
probability of each pixel in the new image is calcu-
lated and compared with a pre-determined threshold 4,
and labelled as background (resp. foreground) if it is
more (resp. less) than 4. Then each parameter is up-
dated by

{u(x,y;t) =(-a)-u(x,y;t =D +a-1(x, 1), 0

Sx,y)=(1l-a)- Z(x,y;t—D+a-d-d",

where d=I(x,y;t)—u(x,y;t) denotes the distance be-
tween the new value and the mean value at point (x,)).
a (0<a<1) is called update coefficient, which shows the
update speed of the background model. The larger the
a, the faster the update speed. a is always set to be ‘0’
if the pixel is foreground and a small value for back-
ground pixels. In practice, it is difficult to choose a
suitable value for a, for a small shift of @ may lead to
false decision. So could we find a way to update the
background model without considering the update
coefficient?

As for the threshold £, it usually does not yield a
good result if a uniform threshold is chosen. Fig.1a
and Fig.1b show the segmentation results with a high
threshold and a low threshold, respectively. When 4 is
too high, some foreground pixels are omitted, or some
background pixels are detected as foreground ones.
So it is unsuitable to use a uniform threshold.

(@) (b)

Fig.1 Results with different thresholds. (a) High thresh-
old; (b) Low threshold
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To overcome the drawbacks of the general GSM
method, two main improvements are described in the
following subsections.

Improved update scheme of GSM

The latest N background values are always used
to calculate the mean and covariance to reflect the
true distribution. So a regressive update scheme is
proposed as

u(x, y;t) =u(x, y;t 1)+ [1(x, y;t) = I(x,y;t = N)I/ N,
Z(x, pit) =—1(x,y;t = N) —u(x, y;t = DI (N - 1)+

Z(x,yyt =) +[1(x, y3t) —u(x, y;t = DI (N -1),

)

where u(x,y;t) and 2(x,y;t) stand for the mean and
covariance at time ¢, respectively. In practice, some
mistakes are unavoidable, so the data that will be used
in the update scheme are first filtered to reduce the
influence of mistakes and noises, and the filter is
defined as

F:{l, | I(x, y;0) —u(x, y;t =1)|< 2| Z(x, y;t 1), 3

0, otherwise.

The above scheme remains sufficiently sensi-
tive to the illumination change and is robust against
noise.

MRF-based classification approach

To avoid choosing an arbitrary threshold and use
contextual constraints, a classification based method
in the feature space specified by MRF is proposed in
this subsection.

Many problems in image analysis can be for-
mulated as a labelling problem with contextual in-
formation, and MRF theory provides a convenient
way of modeling context dependent entities such as
image pixels and other spatially correlated features
(Li, 1995). MRF assumes every image as a 2D lattice
S={51,52,...,5,}, and a set of possible labels for each
site f={f1./2,....fx}. For a given observation D={d,
ds,....d,}, the best label (f *) corresponds to the
maximum of posterior distribution of MRF: p(f|d).
According to the Bayes rule, the Hammersley-
Chifford theorem and the equivalence between MRF
and Gibbs distribution, the MAP-MRF (Geman and

Geman, 1993) is

= arg;nax{p(f |d)},

(4)
oc arg}nin{U(fld)} = arg;nin{U(dlfHU(f)},

where U(f'|d) is called posterior energy function, U(f")
and U(d| f) are called prior and likely energy function,
respectively. The above formula means that the best
label corresponds to the minimum of posterior energy
function. For moving object detection, it is a binary
labelling problem, where /~={0,1} and ‘1’ stands for
the foreground while ‘0’ stands for the background.

The typical MRF-based moving object detection
methods concentrate on the global posterior energy
function (Paragios and Tziritas, 1999; Yaakov and
Averbuch, 2001; Sheikh and Shah, 2005; Zhou et al.,
2005). Since there are 2"V (when image size is MxN)
possible configurations of f, it is not suitable for the
applications for its heavy computational cost. Al-
though many algorithms have been investigated, like
ICM (Paragios and Tziritas, 1999), Gibbs Sample
(Zhou et al., 2005), HCF (Yaakov and Averbuch,
2001), Graph cut (Sheikh and Shah, 2005), computa-
tional complexity and poor performance are still the
main problems. In this paper, we convert the optimal
label problem to a classification problem, which
means that each pixel is classified independently in its
spatial-temporal feature space specified by MRF.

First, we construct U(f;) and U(d;/f;). Here, a
spatial-temporal neighborhood system is defined,
which is shown in Fig.2, including 8 neighborhoods
in the current frame and 9 neighborhoods in the pre-
vious frame. The prior energy function U(f;) is de-
fined as

U= B, =251 (9

where C; denotes the neighborhood system of point i,
O(fi=f;) is an impulse function and it is defined as

1, if x=0,
o(x)= .
0, otherwise.

In Eq.(5), ;>0 is a coefficient denoting the relativity
between points i and j. The likelihood energy function
is defined as
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l 2 (d; —u )2 _
U, )= {2 " om0 ()

-InZ, f =1,

where the likelihood energy function equals the
logarithm of the probability of a pixel in the back-
ground and each pixel has a uniform probability of
being the foreground, such as Z=1/256 for gray im-
ages.

3
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Fig.2 Spatial-temporal neighborhood system: 8 neigh-
borhoods (1~8) in the current frame and 9 neighbor-
hoods (9~17) in the previous frame

For each pixel, there are 17 parameters:
L={Li1>Pi2s-- Pz} It is difficult to obtain all the
values. We also notice that the neighborhood pixels
with similar intensity have more consistency than
others. Besides, the history label at the same position
is more authentic than the other 16 neighborhood
pixels. So for simplicity, two 8-neighborhoods on the
current and previous frames and one neighborhood at
the same position in the previous frame share the
same coefficient, defined as a;, a;» and a;3, respec-
tively, and every pixel of its neighborhood system is
given a weight parameter w;; to adjust the relativity
among them, which is defined as

w,=g((AL[+D)"), B, =w,-a,,. ()
where k(j) depends on j, Al denotes the difference of
intensity, g(Al) is inversely proportional to A/, and the
g(Al) used in practice is defined as

gAD=(1+AD™". ®)

After modeling MRF, each pixel is classified by

the following linear discriminant function, which is
shown as follows:

f(ai,/((j)) = U(f, | d,) |/;:1 _U(fz | dz) |;j:0
=4a;, +Ba,,+Ca,; + D, 9)

10,1 i70,2

=a,-(4,B.C.D]T,

where a; =[aq,,,q,,,a,,1], and
8

A,=2w, a, [6f, -51-f)],
Jj=1

B =3 2w, a,[5f, - 5(1- )] (10)

G = 2Wi,17ai,3 [0/, =6 )],
D, =U(d;| 1) |‘f}:1 U, | f) |f,:0 .

Actually Eq.(9) stands for a two-class problem:
the background class (f>0) and the foreground class
(7<0).

Finally, the coefficient @, should be estimated.
In Eq.(9), the vector [4;, B;, C;, Di]T is a sample of a
4D space. Actually, the coefficient [a;), a;p, a3, 1]
describes a discriminant hyper plane for classifying
[4;, B;, C;, D,ﬂ]T to be background class or foreground
class. Assume that we have K frames to train the pa-
rameters. Fig.3 shows the distribution of the sample
vector, which is linearly discriminative. So Linear
Discriminant Analysis based method can be used here,
and FLDA was used in the experiments.

0
c 4 2 OA

Fig.3 Distribution of the sample [4;, B;, C;, D;] showing
[Ai, Bia Ci], [Aia Biﬂ Dila [Bi’ Cia Dila and [Ai’ Ci, Dil’ re-
spectively. + and * stand for foreground and back-
ground, respectively
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In the end, the proposed method can be summed
up as two steps:

(1) Get an initialized label field by subtracting
mean image of the GSM model from the current
frame. Thus a threshold is needed to get the fore-
ground candidates;

(2) The MRF based linear classification algo-
rithm is implemented on the initialized result to delete
the false candidates.

EXPERIMENTAL RESULTS

In order to validate the effectiveness of the
proposed method, we tested some video sequences in
gray images, including leaves strewing, moving cur-
tain, illumination change and projection on the wall.
The previous 30 and 100 frames were used to train the
GSM model and discriminant function, respectively.

In the first step, a low threshold is used to ensure
that most foreground pixels are detected as fore-
ground candidates. Meanwhile, the threshold used in
training and detection periods must share the same
value. In our experiments, 2|2(x,y;¢—1)| was used as
the threshold.

The intuitionistic results obtained with the pro-
posed method are shown in Fig.4. Some other meth-
ods were also tested simultaneously for comparison.
For GSM method, the previous 30 frames are used to
build the single Gaussian model, and a suitable
threshold tested manually is used. For GMM method,
the previous 30 frames are used to build 3 Gaussian
models, whose parameters are estimated by K-means
approximation, and the update coefficient of the
background model and weight of each model are set
to be 0.01 and 0.1, respectively. For PCA method, the
image is divided into many blocks of 15x15, when the
algorithm can run at the highest speed.

For the evaluation of the proposed method, we
estimate the percentage of the pixels belonging to the
foreground that are correctly labelled (percentage of
true foreground detection, PTD) and the percentage of
the background pixels that are incorrectly classified
as foreground (percentage of false background de-
tection, PFD), as shown in Fig.5, where the total
number of detected foreground pixels are also pre-
sented, and the ground truth is labelled manually.

(M) Q)

Fig.4 Detection results with different methods. (a) and
(b) are the original images; (c), (e), (g) and (i) are the
detection results of (a) by PCA, GMM, GSM and the
proposed method, respectively; (d), (f), (h) and (j) are
the detection results of (b) by PCA, GMM, GSM and
the proposed method, respectively

When the parameters have been obtained, the
proposed method can run at about 24 frames per
second on 1.86 GHz Pentium processor and 512 M
memory for 240x320 image, depending on the size of
the detected foreground. This speed can satisfy almost
all practical applications.

CONCLUSION

In this paper, we analyzed the performance of
GSM and proposed two main improvements, in-
cluding an update scheme for the background model
and a linear judgment rule based on the spatial-
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Fig.5 Performances of PCA, GMM, GSM and the pro-
posed method. (a) Number of detected foreground pixels;
(b) Percentage of false background detection (PFD); (c)
Percentage of true foreground detection (PTD)

temporal feature specified by MRF, which overcomes
the drawbacks of GSM. Unlike many other methods
that use global optimal solution for MRF, we built a
reliable relationship network for each pixel to get
enough contexture information and reduce the proc-
essing time. Experiments show that the proposed
method works better than GMM and PCA methods,
and it runs fast enough to satisfy most online appli-
cations.

However, the currently proposed method works
only on gray images, without considering the shad-
ows. Adding the color information and characteristic

of shadow to the feature space will be the main work
in the future.

References

Berrabah, S.A., Cubber, G.D., Enescu, V., 2006. MRF-based
Foreground Detection in Image Sequences from a Mov-
ing Camera. IEEE Int. Conf. on Image Processing,
p.1125-1128.

Elgammal, A., Harwood, D., Davis, L., 2002. Background and
foreground modeling using nonparametric kernel density
estimation for visual surveillance. Proc. IEEE, 90(7):
1151-1163. [doi:10.1109/JPROC.2002.801448]

Geman, S., Geman, D., 1993. Stochastic relaxation, Gibbs
distribution and the Bayesian restoration of images. J.
Appl. Stat., 20:25-62. [doi:10.1080/02664769300000058]

Heikkila, M., Pietikainen, M., 2006. A texture-based method
for modeling the background and detecting moving ob-
jects. IEEE Trans. on Pattern Anal. Machine Intell.,
28(4):657-662. [doi:10.1109/TPAMI.2006.68]

Li, S.Z., 1995. Markov Random Field Modeling in Computer
Vision. Springer-Verlag.

Oliver, N.M., Rosario, B., Pentland, A.P., 2000. A Bayesian
computer vision system for modeling human interactions.
IEEE Trans. on Pattern Anal. Machine Intell., 22(8):831-
843. [doi:10.1109/34.868684]

Paragios, N., Tziritas, G., 1999. Adaptive detection and lo-
calization of moving objects in image sequences. Signal
Processing: Image Commun., 14:277-296. [doi:10.1016/
S$0923-5965(98)00011-3]

Seki, M., Wada, T., Fujiwara, H., Sumi, K., 2003. Background
Detection Based on the Cooccurrence of Image Varia-
tions. IEEE Computer Society Conf. on Computer Vision
and Pattern Recognition, 2:65-72.

Sheikh, Y., Shah, M., 2005. Bayesian modeling of dynamic
scenes for object detection. [EEE Trans. on Pattern Anal.
Machine Intell., 27(11):1778-1792. [doi:10.1109/TPAMI.
2005.213]

Stauffer, C., Grimson, W.E.L., 1999. Adaptive Background
Mixture Models for Real-Time Tracking. IEEE Computer
Society Conf. on Computer Vision and Pattern Recogni-
tion, 2:246-252.

Toyama, K., Krumm, J., Brumitt, B., Meyers, B., 1999. Wal-
lower: Principles and Practice of Background Mainte-
nance. IEEE Conf. on Computer Vision, p.255-261.

Wren, C.R., Azarbayejani, A., Darrell, T., Pentland, A.P., 1997.
Pfinder: real-time tracking of the human body. /EEE
Trans. on Pattern Anal. Machine Intell., 19(7):780-785.
[doi:10.1109/34.598236]

Yaakov, T., Averbuch, A., 2001. A Region-based MRF Model
for Unsupervised Segmentation of Moving Objects in
Image Sequences. Computer Society Conf. on Computer
Vision and Pattern Recognition, 1:889.

Zhou, Y., Xu, W., Tao, H., Gong, Y.H., 2005. Background
Segmentation Using Spatial-Temporal Multi-Resolution
MREF. IEEE Workshop on Motion and Video Computing,
2:8-13. [doi:10.1109/ACVMOT.2005.32]




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails false
  /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 150
  /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 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /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 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 600
  /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

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


