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Abstract. Accurate slice positioning of diagnostic MR brain images
is clinically important due to their inherent anisotropic resolution. Re-
cently, a low-res fast 3D “scout” scan has become popular as a pre-
requisite localizer for the positioning of these diagnostic high-res
images on relevant anatomies. Automation of this “scout” scan align-
ment needs to be highly robust, accurate and reproducible, which can
not be achieved by existing methods such as voxel-based registration.
Although recently proposed “Learning Ensembles of Anatomical Pat-
terns (LEAP)” framework [4] paves the way to high robustness through
redundant anatomy feature detections, the “somewhat conflicting” accu-
racy and reproducibility goals can not be satisfied simultaneously from
the single model-based alignment perspective. Hence, we present a data
adaptive multi-structural model based registration algorithm to achieve
these joint goals. We validate our system on a large number of clinical
data sets (731 adult and 100 pediatric brain MRI scans). Our algorithm
demonstrates > 99.5% robustness with high accuracy. The reproducibil-
ity is < 0.32◦ for rotation and < 0.27mm for translation on average
within multiple follow-up scans for the same patient.

1 Introduction

The inherent MR imaging characteristics of high “in-plane” and low “out-of-
plane” resolution warrant high accuracy requirements on the positioning of di-
agnostic imaging slices. Moreover, there is significant intra- and inter-patient
variation in the starting orientations and axes of the scanning volumes. Hence,
the use of low-res isotropic 3D “scout” scans as a pre-requisite sequence to im-
prove the positioning accuracy has become a necessity prior to all clinical brain
studies. In the current MR brain workflow (Fig.1(a)), a well-trained technician
positions the imaging planes for the following high-res scans based on anatomy
information in this fast low-res “scout” scan. For example, the axial plane of a
standard high-res brain scan should be positioned parallel to the bicommissural
line linking the landmarks of anterior and posterior commissure.
� This research was conducted while the authors were at Siemens Healthcare, USA.
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Fig. 1. (a) The 3 steps of the current MRI examination workflow. The goal of our is
to develop an automatic algorithm for the 2nd step. (b) Accuracy (left): a precise and
standardized anatomy for all patients characterized by vertical brainstem and correct
middle sagittal plane (MSP). Reproducibility (right): a consistent alignment for the
follow-up scans of the same patient characterized by “no motion” in rigid structures
when switching between aligned re-scan “scout” images. (c) Atlas and subject scans
with different relations between brain stem and corpus callosum.

The inaccuracy, irreproducibility and time consumption limitations of manual
alignment make automatic alignment algorithms greatly desirable. For these
automatic alignment algorithms to be clinically acceptable, they need to be
not only robust and accurate, but also reproducible, i.e., the alignment of the
follow-up scans of the same patient should be identical with respect to relevant
anatomies. Fig.1(b) illustrates the accuracy and reproducibility requirements for
standardized brain alignment.

In [1], Andre et al. proposed an automatic slice positioning technique by reg-
istering the scout scan with a pre-aligned one. This method is not robust when
the images contain large growing tumor, field of view change, severe noise, image
artifacts or missing structures, etc. In addition, it is well known that the voxel-
based image registration methods show high reproducibility in registering scans
of the same patient, but are not as good for aligning scans from different pa-
tients, especially under the constraints of rigid or affine transformation for brain
images. We experimentally validated this by registering several pair of re-scans
(A1 and A2) from the same patient to a model scan (B) from a different patient
using mutual information (MI) based image registration. Unfortunately, when
both scans (A1 and A2) achieve “best” matching with the model scan (B), i.e.,
MI is maximized, the reproducibility is not good - larger motion was observed
when switching between the two aligned scans (A′

1 and A′
2).

Sharp et al. [2] proposed another approach jointly based on feature landmarks
and image registration that relies on the availability of previous scans of the same
patient. This method obtains remarkable accuracy and efficiency, however, their
assumption on previous scan availability may not be applicable in real practice.
In [3], Zhang et al. presented an auto-align system using image registration and
active shape model, however, the “reproducibility” issue is not well addressed.
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Recently, “Learning Ensembles of Anatomical Patterns (LEAP)” [4] has shown
high robustness in anatomy detection through learning redundant local appear-
ance cues and sparse configurational models. Hence, an auto-align system based
on LEAP [7] achieves extremely high robustness in the presence of severe arti-
facts/diseases. However, as [7] rigidly aligns scout scans to a single atlas/model,
it fails to fully accomplish the “somewhat conflicting” “accuracy” and “repro-
ducibility” goals simultaneously. To illustrate this, a schematic example is shown
in Fig. 1(c). Here the brain stem and corpus callosum have different articula-
tion angles (between blue and red dash lines) in the atlas and subject scans.
If the alignment relies on all landmarks (3 from brain stem and 3 from cor-
pus callosum), higher reproducibility is expected as small variations of landmark
detections can be averaged out by robust point set registration techniques.

However, the accuracy requirement would be hard to meet (the aligned brain
stem is not vertical) owing to the compromise of corpus callosum (note that only
rigid alignment is allowed in MR auto-align). On the contrary, if the alignment
relies only on the 3 landmarks of brain stem, one might achieve accurate align-
ment (vertical brain stem); but reproducibility is sacrificed as variations of brain
stem landmarks have larger impact on the final alignment. Clearly, this conflict
will not exist if the articulations between brain stem and corpus callosum are
similar in atlas and subject scan or in other words, if the atlas constructed is
adaptive to the detected anatomical feature landmarks in the subject scan. In-
deed, this is the motivatation behind our Data-adaptive Multi-structural Model
(DMM). It aims to compose a virtual atlas using learned exemplars of differ-
ent local brain structures, based on the auto-detected anatomies in the subject
scan. The constructed virtual atlas might not exist in real world, but it is the
best approximation of the subject brain structure. Therefore it is a much better
solution than picking from multiple models directly, given the limited data in
practice. Additionally, multiple models would not be able to capture the local
structure variations as well as the DMM. The philosophy behind our method is
similar to [8]. However, our method differs significantly from [8] in terms of multi-
structural model (landmark based vs. image based) and objectives (alignment
reproducibility vs. segmentation accuracy).

2 Methodology

Our auto-align system consists of three major steps. First, a set of anatomi-
cal landmarks are detected using LEAP [4] algorithm. Briefly put, LEAP is a
learning-based algorithm that exploits “redundant” local appearance cues and
sparse configuration models to achieve highly robust anatomy detections. Sec-
ond, by querying the Data-adaptive Multi-structural Model (DMM) database, a
virtual atlas is composed to optimally match the detected landmark set. Finally,
a landmark-based rigid alignment is performed to register the landmark set with
the virtual atlas, which brings the scout scan to the standard position. Since the
major contribution of this work lies in the Data-adaptive Multi-structural Model
(DMM), we will focus on it in the remainder of this section.



Automatic Alignment of Brain MR Scout Scans 577

Fig. 2. Flowchart for learning multi-structural clusters. We demonstrate the images in
2D while the data is actually in 3D.

Notations. Define I = {1, 2, . . . , M} be the labels for M anatomical landmarks.
Given N training scans with all these M landmarks annotated, assume xj

i is the
ith landmark in the jth image, X j = {xj

i |i = 1, 2, . . . , M} denotes a set including
all landmarks from the jth image and Xi = {xj

i |j = 1, 2, . . . , N} denotes a set
including the ith landmark from all N images.

Construction of Multi-structural-Model. The basic idea of multi-structural-
model is to group anatomical landmarks into different clusters. During the run-
time, the “optimal” exemplars from different cluster can be composed to form a
virtual model which has the similar brain structure spatial configuration as the
subject’s. To leverage the spatial correlations between landmarks, the construc-
tion of multi-structural-model starts from calculating the spatial variations.
Calculate spatial variations of each landmark: (Fig.2 (2)) To remove the vari-
ations from global transformation, we first register landmarks from different
training images, i.e., X j , j = 1, . . .N , to a common canonical space. The spa-
tially normalized point set is defined by X̃ j = Rj(X j) , where Rj is a similarity
transformation estimated using group-wise point set registration [5], which is a
pre-step to align the training subjects. Given the average position of the ith land-
mark across all subjects X̄i = E(X̃ j), the spatial variation of the ith landmark
can be captured by a displacement field Ui = {uj

i = x̃j
i − X̄i|j = 1, . . . , N}.

Build 3D histogram of displacement fields: (Fig.2 (3)) To reveal the statistical
insight of the spatial variations, a 3D histogram hi is built on each displace-
ment field Ui. More specifically, the whole space of displacement field is di-
vided into 9 × 9 × 9 bins along x, y and z dimensions and hi(x, y, z) is ob-
tained by counting the occurrences of uj

i in bin (x, y, z). As cumulative density
function (cdf) is more robust than histogram, we convert hi(x, y, z) to cdf as
Fi(s, t, l) = Σs,t,l

−∞hi(x, y, z). It is used in the similarity measure in the next step.
Landmark clustering using affinity propagation: (Fig.2 (4)) The clustering of
anatomy primitives(landmarks) is finally accomplished by Affinity Propagation
[6] method. Compared to other clustering methods, affinity propagation shows
advantages in its less sensitivity to bad initialization and no requirement for a pre-
set cluster number which is often unknown in our problem. Here, each landmark
is considered as a data point in the affinity network and the similarity between
label pairs v and w are defined as:
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A(v, w) = −α
∑
s,t,l

||Fv(s, t, l)− Fw(s, t, l)||22 − (1 − α)||X̄v − X̄w||22 (1)

Query database

Build data adaptive 
virtual atlas

Test DataMulti-Structural Model

S3

Exemplars

S 4
3

S 2
3 S 3

3

S 1
3

S 1
4

S 2
4

S 3
4

S 1
5

S 2
5

S 3
5

S 1
1

S 2
1

S 3
1

S 1
2

S 3
3

S 1
1 S 3

5

S 2
4

T 3
T 4T 2

T 1 T 5

Registration

Fig. 3. This figure illustrates the Data-adaptive
Multi-structural Model Database

The second term measures the
average distance between two
landmarks. It ensures that two
nearby landmarks have higher
probability to be clustered to-
gether (in accordance with our
observations of the brain anatomy).

As shown in Fig.3, we now
have a multi-structural database
that consists of a set of clus-
ters. In other words, brain is
divided into multiple pseudo sub-
structures (here “pseudo” indi-
cates that a cluster might not
strictly correspond to the well de-
fined sub-structures in the medical atlas). Each sub-structure has N instances
coming from the N training images. More specifically, each X j is now parti-
tioned into a set of {Sj

k}, k ∈ {1, 2, . . .K}, each of which contains a subset of
landmarks from X j . These pseudo-sub-structures provide the flexibility of com-
posing a virtual atlas while still maintaining the connections of closely related
anatomy primitives.
Extraction of representative exemplars: Given the landmarks detected in a test-
ing scout image, a naive way to compose an “optimal” virtual atlas from the
multi-structural-model is to go through all instances in all clusters. Clearly,
when the number of training samples become large, the runtime efficiency will
be greatly degraded. Therefore, we propose to extract representative exem-
plars for each cluster Sk. Principal Component Analysis is applied to all in-
stances belonging to Sk, i.e., {S1

k ...SN
k }. The first few principal variation modes

Ŝj
k, j ∈ {1, 2, . . .L}; L� N , are used as representative exemplars of Sk.

Adaptive Composition of Virtual Atlas. During run-time, multi-structural
model is employed to derive optimal virtual atlas. Given a testing scout scan, our
auto-align system starts by detecting a set of landmarks T = {ti}, i = 1 . . .N us-
ing LEAP. As LEAP algorithm has specific detectors for every anatomical land-
mark, the correspondences between detected landmarks and our multi-structural
model are automatically built. T is then decomposed into pseudo-sub-structures
as {Tk}, k = 1 . . .K according to the built-in landmark label clusters in the
multi-structural model. For each Tk, it queries the multi-structural model and
finds the most similar exemplars as Ŝopt

k ← minj ‖R(Tk)− Ŝj
k‖2. Here R(·) de-

fines the transformation that brings Tp to the multi-structural model space.
Finally, a virtual atlas V is obtained by integrating all these optimal sub-

structural exemplars as V =
⋃

k=1...K Ŝopt
k . As a result, each sub-structure of

this atlas has the most similar spatial configurations with the detected anatomy
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Fig. 4. Auto-align results on challenging cases, i.e., severe artifacts (Left), tumors
(Center) and pediatric (Right). Please refer to Fig. 1(b) for alignment requirements.

primitives in the same local regions. As discussed in Section 1, if spatial config-
urations between different anatomy primitives are similar in atlas and subject,
the accuracy and reproducibility requirements are no longer in conflict. Thus the
virtual atlas derived from the multi-structural model paves the way to achieve
accurate and reproducible alignment simultaneously.

3 Experiments

Experimental Setting. Our validation data set includes a large number of T1-
weighted 3D scout scans: 731 adult (age: 15-87 years) and 100 pediatric (age:
months to 14 years). Some adult volunteers are scanned multiple times to test the
reproducibility of the algorithm. 90 adult and 40 pediatric scans were selected
as training data. 22 anatomical landmarks are annotated for constructing the
DMM model and training the LEAP algorithm. The regularization parameter
α in Eqn. (1) was set to 0.7. We compare our method with the landmark-based
alignment using Single Fixed Model (SFM), wherein the model is the average
constructed by group-wise point set registration [5].

Accuracy. Our method provides accurate alignment on 690 cases out of the
701 testing cases. It was verified qualitatively by the experts who checked the
correctness of the MSP and the verticality of the brainstem (as indicated in
Fig. 1(b)). Some example alignment results on challenging cases in Fig.4 to
demonstrate the robustness and accuracy of our algorithm. In Fig. 5, our method
shows superiority accuracy with little (< 1◦) or no tilt, as compared to SFM,
wherein brains brainstems are visibly slanted by 3◦-5◦.

Reproducibility. We validate the reproducibility of our method on 5 volun-
teers, each with 14-18 re-scans. For better visualization, we overlayed two aligned
re-scans in a checkerboard pattern in Fig.6. The edges of the brain structure (e.g.,

Fig. 5. Comparisons of DMM(red) and SFM(blue) methods (in coronal views)
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Fig. 6. Checkerboard visualization of aligned re-scans. Brainstem regions are zoomed-
in for a better visualization of reproducibility.

Fig. 7. Each figure shows the rotation or translation errors for each re-scan subject from
the 5 data sets. The errors are estimated by registering each re-scan MRI localizer to
a selected template from the same data set.

Table 1. Percentage of the re-scan data set with rotation error ≤ 0.1, 0.2 and 0.5
degrees, and the translation error ≤ 0.1, 0.2 and 0.5 mm (first three rows). The last
three rows show the average rotation and translation errors along with the standard
deviation and the improvements of DMM w.r.t SFM method.

Rotation Error (degree) Translation Error (mm)
DMM SFM DMM SFM

Statistics θ1 θ2 θ3 θ1 θ2 θ3 tx ty tz tx ty tz

≤ 0.1◦/mm 34.7% 20.8% 27.8% 22.0% 10.3% 22.1% 25.6% 29.6% 26.8% 15.3% 26.4% 31.9%
≤ 0.2◦/mm 52.8% 38.9% 52.8% 38.2% 30.9% 36.8% 39.4% 53.5% 50.7% 37.5% 47.2% 59.7%
≤ 0.5◦/mm 86.1% 80.6% 89.0% 75.0% 67.7% 69.1% 85.9% 90.2% 93.0% 83.3% 93.0% 91.6%
Abs. Mean 0.238 0.318 0.231 0.313 0.580 0.379 0.268 0.226 0.244 0.309 0.253 0.277

Improvement 23.96% 45.17% 39.05% 13.27% 10.67% 11.91%
STD 0.093 0.174 0.108 0.074 0.260 0.107 0.143 0.037 0.092 0.157 0.098 0.134

brain stems in the zoomed up images) crossing checkerboards are well preserved,
which shows the good reproducibility of our method. To quantitatively evaluate
the reproducibility of our algorithm, we obtain the “ground truth” transforma-
tion between re-scans using MI-based image registration, since it is well known
that MI-based image registration is almost perfect in aligning scans from the
same person. The quantitative “reproducibility” is shown in Fig.7. Table.1 shows
the reproducibility of our method compared to SFM. For each re-scan dataset,
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we listed the percentage of scans at different error levels, the average translation
and rotation errors, and the percentage of improvement from SFM to DMM.

Runtime Efficiency. Our method is implemented by Python2.5 and C++.
Running on an Intel(R) Xeon(R) machine with 2.33GHz CPU and 3GB RAM,
it takes about 5 seconds to align one 192× 192× 144 brain MRI. This serves to
anecdotally illustrate the computational time involved.

4 Conclusions

In this paper, we presented a method to automatically align MR brain “scout”
scans with high accuracy, reproducibility and robustness. The joint goals of
accuracy and reproducibility were met by using a data-adaptive multi-structural
model. Our system, validated on a large number of clinical cases, automates the
manually positioning procedure, which can highly improve the quality and speed
of the brain MR examination workflow.

Acknowledgement. The authors would like to thank Martin Harder for a lot
of valuable discussions and data collection.

References

1. van der Kouwe, A.J.W., Benner, T., Fischl, B., Schmitt, F., Salat, D.H., Harder,
M., Sorensen, A.G., Dale, A.M.: On-line Automatic Slice Positioning for Brain MR
Imaging. NeuroImage 27(1), 222–230 (2005)

2. Sharp, G.C., Kollipara, S., Madden, T., Jiang, S.B., Rosenthal, S.J.: Anatomic
Feature-based Registration for Patient Set-up in Head and Neck Cancer Radio-
therapy. Phys. Med. Biol. 50, 4667 (2005)

3. Zhang, L., Xu, Q., Chen, C., Novak, C.L.: Automated Alignment of MRI Brain Scan
by Anatomic Landmarks. In: SPIE Med. Imag., vol. 7258 (2009)

4. Zhou, X.S., Peng, Z., Zhan, Y., Dewan, M., Jian, B., Krishnan, A., Tao, Y., Harder,
M., Grosskopf, S., Feuerlein, U.: Redundancy, Redundancy, Redundancy: the Three
Keys to Highly Robust Anatomical Parsing in Medical Images. In: Int. Conf. MIR,
pp. 175–184 (2010)

5. Chen, T., Vemuri, B.C., Rangarajan, A., Eisenschenk, S.J.: Group-wise Point-set
Registration using a Novel CDF-based Havrda-Charvat Divergence. Int. J. Comput.
Vision 86(1), 111–124 (2010)

6. Frey, B.J., Dueck, D.: Clustering by Passing Messages Between Data Points. Sci-
ence 315, 972–976 (2007)

7. Dewan, M., Zhan, Y., Peng, Z., Zhou, X.S.: Robust Algorithms for Anatomic Plane
Primitive Detection in MR. In: SPIE Med. Imag., vol. 7260 (2009)

8. Shi, F., Yap, P.T., Fan, Y., Gilmore, J.H., Lin, W., Shen, D.: Construction
of Multi-Region-Multi-Reference Atlases for Neonatal Brain MRI Segmentation.
NeuroImage 51(2), 684–693 (2010)


	Automatic Alignment of Brain MR Scout Scans Using Data-adaptive Multi-structural Model 
	Introduction
	Methodology
	Experiments
	Conclusions



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /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 true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile (Color Management Off)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 290
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.01667
  /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
  /CropGrayImages true
  /GrayImageMinResolution 290
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.03333
  /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
  /CropMonoImages true
  /MonoImageMinResolution 800
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 2400
  /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 <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /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 <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU <>
  >>
  /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 [595.000 842.000]
>> setpagedevice


