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We propose a cascaded hierarchical framework for object detection and
tracking. We claim that, by integrating both detection and tracking into a unified
framework, the detection and tracking of multiple moving objects in a complicated
environment become more robust. Under the proposed architecture, detection and
tracking cooperate with each other. Based on the result of moving object detection, a
dynamic model is adaptively maintained for object tracking. On the other hand, the
updated dynamic model is used for both temporal prior propagation of object labels
and the update of foreground/background models, which step further to help the
detection of moving objects in the next frame. The experiments show that accurate

results can be obtained even under situations with camera shaking, foreground

/background appearance ambiguity, and object occlusion.
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hierarchical framework for object detection and
tracking. We claim that, by integrating both
detection and tracking into a unified framework,
the detection and tracking of multiple moving
objects in a complicated environment become
more robust. Under the proposed architecture,
detection and tracking cooperate with each other.
Based on the result of moving object detection, a
dynamic model is adaptively maintained for
object tracking. On the other hand, the updated
dynamic model is used for both temporal prior
propagation of object labels and the update of
foreground/background models, which step
further to help the detection of moving objects in
the next frame. The experiments show that
accurate results can be obtained even under
situations with camera shaking, foreground
/background appearance ambiguity, and object
occlusion.

Keywords: Image labeling, Graphical models,
Object Detection, Object

Tracking, Image

Segmentation

1. INTRODUCTION
Recently, intelligent surveillance systems are
getting more and more popular. For a typical
surveillance system, most cameras are kept static
and several background subtraction algorithms,

like [1], [2] and [3], can be used to detect



foreground objects. These background subtraction
methods focus mainly on the modeling of
background information, like the usage of the
GMM model in [3] and many others. Even
though this type of approach works pretty well
for scenes with stationary background, it has
difficulty in handling the appearance ambiguity
between the foreground objects and the
surrounding background. Moreover, in an outdoor
scene, occasional camera shaking caused by
strong wind may also seriously degrade the
performance of detection.

On the other hand, many object tracking
algorithms focus on foreground modeling. For
example, the color-based mean-shift tracking
method [4] tries to find the image patch that best
matches the target model. Since the background
information hasn’t been considered, this approach
suffers from the foreground /background
ambiguity problem, and the tracked result may
easily get distracted. To improve the performance,
a few methods try to properly take into account
the background information. For example, in [5],
the authors adopted an online training process to
select discriminative foreground features with
respect to the surrounding background. With this
mechanism, the foreground/background
ambiguity problem can be relieved. However,
those methods mostly focus on the tracking of
single object. Some complicated situations, like
the occurrence of new comers, the disappearance
of tracked objects, and the inter-occlusion among
multiple objects, are still big challenges to a
practical tracking system.

In this instead of individually

paper,
performing detection and tracking, we propose a
new scheme to integrate both detection and

tracking into a unified framework. The proposed

framework adopts a temporal prediction

mechanism to provide object-level prior
knowledge, which is learned from the previous
decision, and to continuously update the
pixel-level foreground model and background
model. Based on this scheme, the object labeling,
foreground modeling, and background modeling
are effectively fused together to better handle the
foreground/background  ambiguity  problem.
Moreover, with the estimated depth order based
on the labeling result, the inter-occlusion problem
can be better solved. Besides, the emergence of
new comers and the disappearance of tracked

objects are also handled in the proposed system.

Intra-frame Inter-frame Intra-frame
Detection phase Detection phase
Image o O O o O O
Pesc) © @ © © @ O
oo O
FBBG
Classiﬁcation\O\— Model =
Labels (L) ‘
 ® 0 e
Predicted ® Temporal
Labels (P) N Prediction m=rp
®e®0 & Warping ®e®0
Frame (T-1) Frame (T)

Fig. 1: Proposed scheme for object labeling and

tracking.

2. PROPOSED SCHEME AND
FOREGROUND/BACKGROUND
LABELING

The proposed scheme is illustrated in Fig. 1.
This scheme contains two major parts: the
inter-frame part and the intra-frame part. The
inter-frame part handles how a temporal message
is propagated between successive frames; while
the intra-frame part deals with object labeling. In
this section, we focus on the description of the
intra-frame part, which involves foreground
model, background model, spatial MRF (Markov

random field) constraints, and temporal prior



message. In the next two sections, we’ll explain
the details of the inter-frame part.

In this paper, we assume cameras are static
but may suffer from slight shaking caused by

winds or other factors. Hence, the background in

the captured images may be trembling all the time.

To handle this non-stationary background, we
adopt Sheikh and Shah’s approach [6] with some
modifications to construct a joint
spatio-chromatic  probability ~ distribution of
multiple foreground/background objects based on
kernel density estimation. By combining the
spatial location (x,y) and the pixel color values
(r,g,b) into a five-dimensional random vector
¢ =(xynrgb), the conditional joint

spatio-chromatic probabilities are defined as

PEIQ,) =~ 3 HE -5,
PE|Q8)=U", if g=0

) e
P(c IQgp)=;Z¢(C—C‘E), feg=1~G
i=1

, (1

where Qp and Qs denote the background and
th

the g foreground, respectively. QF s

especially designed for new comers. In (1), ¢(.) is
a symmetric and normalized kernel function, ¢,
denotes one of the n background samples, c%,
denotes one of the m foreground samples of the
g™ target, G is the number of foreground objects
in the current image, and U™ describes a uniform
distribution over the five-dimensional domain.
Based on the above definition, the spatial
uncertainty caused by camera shaking and the
chromatic uncertainty caused by lighting change
can be properly modeled.

In our approach, object detection is treated as
a classification problem. Besides background

model P( ¢ |Qp) and foreground models

P(¢ [Q%), we also take into account current

observation, spatial smooth constraint, and
temporal prior knowledge. As shown in Fig. 1,
we adopt a 3-layer structure at each time instant.
The top layer C represents the observation layer
at that time instant. In our approach, we assume C
contains the spatio-chromatic information of the
observed image data. The middle layer L contains
the classification label for each image pixel.
Basically, we aim to assign to each labeling node
Li a suitable ID from the set {QB ,Qﬁ_, e Qf, }.
The bottom layer P represents the predicted label
messages propagated from the previous time
instant. To find out a suitable classification label
L under the given image observation C and the
predicted labels P, we solve the following MAP

optimization problem:

L*= argmLaxp(L |C,P)= argmLaxp(C | L)p(L, P) @)
=argmaxIn(p(C| L))+In(p(L| P))+In(p(P))],

where p(C|L) is the likelihood terms and p(L|P)
denotes the label messages form temporal prior.
Since p(P) is a constant, it can be ignored. In our
approach, once if L is given, we assume the
conditional probability density function of the
observation data at two different pixels are
independent of each other. We also assume the
data ¢ at Pixel i doesn’t depend on the labels at
other pixels. With these two assumptions, we

define
K - = .
p(CIL) =[] e itle bttt @)
i=1

where K is the total number of image pixels.

Ep[ ¢ ,Li] is the “classification energy” for the
labeling node L; and the feature data ¢ at the it

pixel. Here, we define Ep[ ¢ ,Li] as



“In(p@ 1Q,) L=, (4

E,[¢,L]=
olen 1] {—ln(p(afzi» if L, = Q%

On the other hand, we define the ‘“adjacency
energy”’ EA[E,. ,Li;N;] based on a 4-neighbor MRF
model [7], where N; denotes the 4-connectivity

neighborhood of Pixel i. That is,

E|[é,L:N,)= X (Ax(=dTL, L) ~¢ | +ay ©)

where B is a normalized constant, o is a small

constant to avoid division by zero, and &(:) is

defined as

1 iprq . (6)
0 otherwise

olp.ql= {
Basically, Ea[ ¢ ,LiNi] denotes the spatial
correlation between pairs of classification labels
(Li,L;). This energy softly forces neighboring
pixels to share the same label, especially when
they have similar spatio-chromatic features.

In addition, p(L|P) represents the expected
labeling map based on the previous prediction.
Here, we assume the predicted image location of
each foreground object at the current instant t
could be modeled as probability P,(x,y;t); the g"
object at time instant t-1 is bounded by a compact
rectangular box RBg,.; around the g™ object. The
extraction of Py(x,y;t) and RB,,; are to be
explained later. To model p(L|P), we adopt the
Monte Carlo based method to draw many
expected labeling samples and approximate p(L|P)
in a sample-based manner. To generate a labeling
sample, we draw a location sample (X,ys), from
P,(x,y;t) for each object, and warp the center of
RB,,.1 to (Xs,Ys),. While the rectangular boxes get
overlapped, inter-occlusion is expected to occur

and the depth order is needed to determine the

occlusion pattern. Here we adopt the
Bhattacharyya coefficient (BC) based metric [4]
to determine the depth order. Basically, if a
predicted target region is more similar to its target
model in appearance, that target has a higher
possibility to be the object that occludes the
others. In detail, for a target g, we measure the

Bhattacharyya coefficient at location (Xs,ys), as

P (@)= [\, EOp(zEz (T

where the normalized color

h,, (zg) 1
histogram of the image region inside the warped
RB,.1 centered at (X.ys), P(z:g) is the
normalized color model of target g, and z
denotes a possible (r,g,b) color feature. Here,
P(z;g) is derived from the foreground model of

the target g based on
P(z:8) = [[ p(@ Q5 )dxdy- (®)

By comparing the BC wvalues among

inter-occluded objects, the depth order is
determined and an expected labeling sample is
generated. By accumulating the occurrence
number of different labeling IDs at each pixel

from many expected labeling samples, we can

model p(L|P) to well handle occlusion. In Fig. 2

we show an example of p(L|P) .

(b)

(2) (d

Figure 2. (a) Test image. (b)An expected labeling
sample of (a). (c) Estimated p(L|P) for L=Q3 , or Q?r .
(d) Estimated p(L|P) for L= QL_ . (e) Estimated p(L[P)

for L= QzF .




Based on (1)~(8), we form the formulae for MAP
optimization. We adopt the Graph Cuts method [7]
to find the optimal label L” that maximizes (2).
labels,

Based on the classified we detect

foreground objects. Moreover, for each
non-occluded foreground object, the rectangular
box RB,, at the current time t is estimated from
the vertical and horizontal projection histograms [8]
of its foreground region. For both vertical and
horizontal directions of RBg,, we search for the
minimum continuous-valued ranges that can
cover 95% energy of the projection histograms.
For occluded objects, the size of rectangular box
remains the same value at the previous time instant
but the center of the box is shifted to the new object

center. Besides, we also identify the new comers by

evaluating the vertical projection histogram of the

foreground region with the ID Q. .

3. OBJECT TRACKING

As mentioned above, the predicted temporal
prior P at the current frame is warped from the
classification results L at the previous frame. To
provide the temporal message and to model the
inter-frame relation, a dynamic tracking model is
maintained for each foreground object. Moreover,
since there could be some errors in the prediction
of foreground movement, the result of
classification labeling is fed back to update the
dynamic models of foreground objects. Under the
proposed architecture, object tracking is actually
treated as the temporal prediction and update of
object labels.

To design a tracker for each foreground
object, the Bayesian-based filters are widely used.
In this work, we adopt the Kalman filter for the
Here, we

sake of computational complexity.

define S=(x;,V;) as our motion state, including

object center Xx~=(x,y) and object velocity
vi=(Vy,Vy). Based on the Kalman filter updating
rule, F(.), for each object, the optimal estimation
of object motion state S; is determined by

S, =F (S, .K,.z,)» O

tt
where Sy;  is the optimal prediction of S¢ based
on its previous motion state Siqeq; 2z is the
observed object center determined by the object
detection in (2); K, is the Kalman gain. With the
Kalman filter, the probability of the predicted
location of g™ object Py(x,y;t) is modeled by a
Gaussian  distribution  N(X¢1,Qr), with the
covariance of the noise process Qy.. The detail of
the Kalman filter is not stated here.

To explain the interaction of object detection
and tracking, we assume the classification label
L" at time instant t-1 has been determined. Based
on the classified label L") a few foreground
objects are detected. For each foreground object,
we calculate its RB,.; and measure its
object-mass-center (OMC, ) as the observation
data z,;. At the current time instant t, we track the
location of each foreground object based on its
OMC,, and RBy,.;.This object tracking process
consists of the following 4 major steps. An

illustration of this object tracking process is

shown in Fig. 3

Detection phase

Detection phase —_— \? \? (E
o O O O—
\[/ \I/ T BEGE) Warping —->6 2_ 2
Time (T)
i . PL
Time (T-1) s ome(T)
OMC(T-1)

Model updating H Motion prediction ‘

Fig.3: Illustration of the tracking process.



Stepl:Creation/Update/Deletion of Tracking
Model

For new comers, their Kalman trackers are
created. Next, for each foreground object, its
OMC,, is used to update the tracking model by
(10). Based on the updated model, we draw 255
predicted locations PL’s from Py(x,y;t). For
objects having no motion for a long enough
period or moving out the scene, their tracking

models are deleted.

Step2: Temporal Propagation of Foreground
Labels

Based on the PL’s, the RB,’s at time t-1 are
warped to their new location at time t to construct

the expected labeling map p(L|P) at time t.

Step3: Update of object models

Based on classification label L" at time t-1, we
update both foreground and background
classification models. Moreover, we predict the
location and appearance of each foreground
object and update its foreground model before

detection. The detail is described in Section 4.

Step4: Foreground/Background Labeling

At time t, we deduce the optimal classification
label L" based on the optimization of (2). From
the optimal L*, we detect a set of foreground

objects at the current time t.

4. UPDATE OF OBJECT MODELs
To adapt to a varying environment, the
foreground model and background model in (1)
should be updated all the time. Traditionally,
model updating is performed after the detection
stage. This makes it very difficult to handle the

foreground/background ambiguity problem. On

the contrary, we update the foreground model
before we perform object labeling. That is, if the
foreground object is currently at x4 and we
predict the optimal location of this object will

move to Xeq, We adjust the foreground model
accordingly so that P( ¢ |Qf% ) will be high

around both x¢¢ and X¢+q;. With this mechanism, if
the foreground object happens to move into some

background region with a similar appearance,
both P(€ |Qp) and P(¢ | Q2% ) will be high within

the ambiguous region. The update of foreground
model will reduce the probability that a
foreground region being mistakenly classified as
a background region. Moreover, since the
prediction layer P also provides useful prior
knowledge about the predicted location of
foreground objects, the foreground/background
ambiguity problem can be more -effectively
solved.

On the other hand, we update the background
model P( C |Qg) based on the result of
foreground/background labeling. In our approach,
only those pixels labeled as background pixels
will be considered in the update of background
model. Occasionally, a foreground object may
become a part of the background, like the
situation that a car parks in the scene for a long
time. For this kind of situation, we may simply
check whether the foreground object has been
motionless for a long enough period. If so, the
features of the foreground object can be added

into the background model.

5. EXPERIMENTS RESULTS
We test our system over the IBM datasets

[9], OVVV datasets, and our own datasets. We



also do comparison with the GMM method [3], as
shown in Fig 4. In Fig 4(b,c), due to the
appearance ambiguity between foreground object
and background, the GMM method generates
fragmented results. Instead, our method well
adopts the object prior from temporal and can still
robustly detects the whole foreground object. In
Fig 4(a,b), our labeling results clearly identify the
inter-object occlusion and the depth order.
Moreover, in Fig 4(d), owing to camera shaking,
the GMM method generates lots of false
detections. With the use of the kernel function in
(1), the proposed method generates reliable
detection result. Besides, our system can detect
the new comers or the vanishing objects
automatically. In fact, an object is leaving in Fig
4(a). To quantitatively evaluate our system, we
use the ground truth and the metrics proposed by
IBM [9]. The evaluations are listed in Table 1.
Currently, the whole system is implemented in
Visual C++ on a PC with a 2.4 GHz CPU. It takes
about 1 second to perform the detection and
tracking for a 320x240 color image frame. For
more experimental results, please visit our
website at
http://140.113.238.220/~chingchun/projects.html.  In
the future, we plan to move our system to a GPU

based platform to boost the system speed.

6. REFERENCES
[1] T. Horparasert, D. Harwood, L. A. Davis, “A

Statistical Approach for Real-time Robust Background

Subtraction and Shadow Detection,” IEEE Conf. ICCV,
1999.

[2] Chris Stauffer, W. Grimson, “Adaptive Background
Mixture Models for Real-time Tracking,” IEEE Conf.
CVPR, 1999.

[3] P. Power and J. A. Schoonees, ‘“Understanding
Background Mixture Models for Foreground
Segmentation,” Image and Vision Computing, 2002.

[4] D. Comaniciu, V. Ramesh, P. Meer, “Real-time
Tracking of Non-rigid Objects Using Mean Shift,”
IEEE Conf. CVPR, 2000.

[5] R.T. Collins, Y. Liu, and M. Leordeanu, “Online
Selection of Discriminative Tracking Features,” IEEE
Trans. PAMI, 2005

[6] Y. Sheikh, M. Shah, “Bayesian Modeling of
Dynamic Scenes for Object Detection,” IEEE Trans.
PAMI, 2005.

[7] T. Boykov, O. Veksler, R. Zabih, “Markov Random
Fields with Efficient Approximations,” IEEE Conf.e
CVPR, 1998.

[8] I Haritaoglu, and L. Davis, “W4:Real-time
surveillance of people and their activities,” IEEE Trans.
PAMI, 2000.

[9] H. Merkl and M. Lu, “Performance evaluation of

surveillance systems under varying conditions,” /EEE

PETs Workshop, 2005



Table. 1. Evaluation of 5 tested sequences. (a)(b)(c)IBM “Line Circle”, “Splite”, and “Circle” sequences.
(d)(e)Two OVVV sequences. The adopted IBM metrics are frames number (FraN), true positive (TP), false
positive (FP), false negative (FN), Track TP (TTP), Track FP (TFP), and Track FN (TFN) [9].

Seqs FraN TP FP FN TTP TFP TFN
(@ 415 377 4/415 8/377 2 0 0
(b) 352 372 8/352 12/372 3 0 0
() 371 657 17/371 11/657 3 0 0
(d) 300 750 1/300 0/750 3 0 0
(e) 1000 2746 0/1000 32/2746 17 0 1

(a)

(®)

(©

@

Fig. 4. Experimental results. 1%, 2™ and 3™ rows are the tested sequences, our results, and results of [3],
respectively. (a) OVVV dataset. (b)(c) IBM dataset. (d) Our outdoor dataset. (Tracking results are shown as white

curves in the 2™ row.




PEEE

S A S Rt SER SN L
ST AR T
Mo IRAE ﬁvA,fnp% LI
REGE A Pihz RiEF P2 L5
- o A
FALERPBLEE T B
ﬁwﬁﬁ,uéjm%mgg&;
ujﬁ"’? R EE 37k SLiE AR
ARAR IR =33 - g ‘as‘ﬁvfﬁ “PJ %
FRBENREPS A= RS oL
B LR o P pE s HE R JE'IP'E’
EHEERR B R R 0 R (R
mﬂﬁoﬂw’+i3§gﬁfﬂ’
AP RR R RN BRG] BE D
{3 B rweid b 47 R 0 p) 22 3 Bk
e b EOWTY & K¢ o A kAL
ERCIERIECE SE T |- K2 ko Sy S S

‘?“

’4‘\

b

4 dhbounding boxm & @ H B Erie (f
R ﬁv«fn%“'m%ﬂz ’ 4¢\:}iﬁvm/%] i
Y I AR T

’f?- L_IQ/E;’(#'”WFEB??’?J‘J{}E
FREAR T R enR AL 0 1 2 R
Jorrid = g SRR o gt th s i en
Tﬁl’ﬁf‘*f“iﬂw%’,fnwwmtﬁi
Famﬁ pio i D P BT
BFRFH TS Uﬂﬁﬁulmlgsk g b
BB R DR - BiETHE
FEenfplis % > AP iE - HigE
NI BHER e RITZ AP

Fagd fbm]a”*w s

‘\‘1

=




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /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 ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /Description <<
    /ENU (Use these settings to create PDF documents with higher image resolution for high quality pre-press printing. The PDF documents can be opened with Acrobat and Reader 5.0 and later. These settings require font embedding.)
    /JPN <FEFF3053306e8a2d5b9a306f30019ad889e350cf5ea6753b50cf3092542b308030d730ea30d730ec30b9537052377528306e00200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /FRA <>
    /DEU <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


