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Abstract: Diffusion-weighted imaging and tractography can get information related to the macroscopic structure in
vivo. High angular resolution diffusion imaging (HARDI), which offers a wide range of sampling data, has proven to
better characterize complex intra-voxel structures compared to its predecessor diffusion tensor imaging (DTI). On the
basis of HARDI, the data-driven approaches, such as spherical deconvolution (SD), become the emphasis of research
in the field of brain. In this work, we substitute the spherical harmonics by a dictionary basis in SD, and incorporate a
fiber orientation distribution function (fODF) based on SD, into a local feature extraction, which allows to form an self-
adaptively sparse dictionary basis. The required fODF can be estimated from diffusion data and could be recalibrated
with the data. In addition, the total variation of fODF is produced as auxiliary means. Verification is implemented on
phantom and real data, which demonstrate that this data-driven approach can improve tomography result.
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1 INTRODUCTION

Magnetic resonance imaging (MRI) provides a unique,
non-invasive technique to study the macroscopic structure
and connectivity of brain white matter in vivo. Diffusion
weighted MRI (DW-MRI) is currently the only method ca-
pable of mapping the fiber architecture of tissue in vivo
and, as such, it has triggered tremendous hopes and ex-
pectations [1]. Diffusion Tensor Imaging (DTI) provides a
powerful tool for mapping neural histoarchitecture. How-
ever, DTI has been shown to be inadequate in voxels con-
taining multiple fibre orientations due to the constraints of
the tensor model [2]. The appearance of high angular res-
olution diffusion imaging (HARDI) signal bring the hope
to imaging of multiple fiber. The researchers pay atten-
tion to the large diffusion datasets, which can be used by
data-driven approaches to derive the fiber geometry with
as few prior assumptions about its physical properties as
possible [3]. The most representational among these are q-
ball imaging (QBI) techniques, which reconstruct the fiber
orientation distribution function (fODF) based on a com-
pletely model-free reconstruction scheme named spheri-
cal tomographic inversion [4]. However, although QBI
provides a much-improved description of the diffusion,
it does not provide the actual fiber orientations [5]. At
present, the more effective data-driven method called con-
strained spherical deconvolution (CSD) which reconstruct
the fODF based on a fiber response function that may
be estimated from the diffusion data itself is put forward
by Tournier [2]. The higher order of the spherical har-
monic base the better angular resolution between cross-

This work is supported by National Natural Science Foundation
of China (NO.61379020), and Natural Science Foundation of Zhejiang
Province (NO.LY13F030007).

ing fibers. However, spherical deconvolution model in-
volves highly ill-conditioned solutions when used to solve
the deconvolution problem [6]. It also requires estimating
(𝑜𝑟𝑑𝒆𝑟 + 1) (𝑜𝑟𝑑𝒆𝑟 + 2) /2 unknown coefficients related
to the spherical harmonic order; such requirement may lead
to numerical instabilities and physically meaningless re-
sults (e.g., negatives or complex coefficients do not cor-
respond to any physical meaning) [7]. In the regularization
of solutions, even small changes in the noise levels of DW-
MRI signals can lead to non-physical results [8]. Recently,
methods accurately reconstructing the fODF with sparse
dictionary attract many researchers’ attention. [9] proposes
a mathematical framework to register multi fascicle models
(MFM), which defines novel operators to achieve interpo-
lation, smoothing and averaging of multi-fascicle models.
In fact, diffusion MRI at the imaging resolution available
nowadays is sensitive only to the major fiber bundles and
it is commonly accepted that it can reliably disentangle up
to 2-3 different fiber populations inside a voxel [10]. We
would like to choose the minimal number of fascicles that
best represent the data observed. Specifically, [11] obtain
this sparse solution and control for over-fitting using Elas-
tic Net [12]. However, only exploiting the sparsity within a
neighbourhood for the current patch is not optimal for the
denoising task [13].

Because of the limitations of aforementioned approaches,
a new method which is more precise and stable is required.
A key point of our work is to implement a similar sparsity
decomposition approach in the context of sparse coding
model to nonlocal by grouping similar patches and forcing
them to use the same dictionary atoms with different sparse
codes. In this paper, we introduce a data-driven method that
can self-adaptively construct dictionary bases from diffu-
sion data with a local feature extraction process. We have
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been recognized early on that diffusion is consistent to the
surrounding fiber geometry, and the specific link between
both is essential for accurate and robust interpretation of
sparse dictionary.

2 METHODS

2.1 Spherical Deconvolution Model with Data-driven

A lot of approaches aim to estimate an orientation distri-
bution function (ODF) from the diffusion data. The ODF
is a spherical distribution function which represents, as a
probability distribution, the probability of something hav-
ing a particular given orientation and is effectively a 3 di-
mensional, spherical realisation of a probability distribu-
tion function (PDF) [14]. Among these techniques, those
who estimate the fODF which represents the probability
that a fiber exits in the voxel with a particular given ori-
entation, give a new way to exploit the fiber intra-voxel
architecture.The most representative approach must be the
spherical deconvolution, whose expression is as follows:

𝑠 (𝒈∣𝒖) =
∫
𝕊2

𝑟 (𝒈,𝒗) 𝑓 (𝒗∣𝒖)𝑑𝜇 (𝒗) + 𝜉 (1)

where 𝜉 is the noise,which is the main factors affecting the
quality of the imaging. As a most widely used data-driven
technique, spherical deconvolution [5] method directly de-
scribes fiber anatomy as the convolution of a kernel 𝑟(𝒈,𝒗)
with a fODF 𝑓(𝒗 ∣𝒖 ). However, the spherical deconvolu-
tion only take the current voxel’s structure and noise into
consideration,ignoring the correlation between neighbour-
ing voxels. Hence, a new model of data-driven spherical
deconvolution have been proposed and can be simplified:

𝑓𝑐 = 𝑓 (𝑐,𝛺𝑐, 𝜉) (2)

where Ω𝑐 is the neighbourhood information of fODF,
which can drive the current voxel’s fiber to find its appro-
priate direction, 𝑐 is the current voxel’s structure.

2.2 Regularization of the Local fODFs

In intravoxel fODF field, voxels within a small neigh-
bourhood usually consist of similar structure. Thus, the
fODFs derived from voxels’ informations are ought to have
a correlation in spatial structure. However, similar patches
sometimes admit very different estimates due to the poten-
tial instability of sparse decompositions, which can result
in noticeable reconstruction difference. Voxel-by-voxel
methods for fiber configuration reconstruction commonly
fail to ensure the spatial correlation as it just estimate the
current voxel’s fODF. Recent studies show that the spa-
tial correlation between neighbouring voxels can be indi-
rectly incorporated through a joint sparsity model [15] by
assuming that the underlying sparse vectors associated with
these pixels share a common sparsity support. Therein, a
regularization of fODF data is used to make a preprocess-
ing work. Consider voxels in a small neighbourhood of 𝑇

(such as 3 × 3 × 3) voxels. Let 𝐹 =
[
𝑓1, 𝑓2, ..., 𝑓𝑇

]
∈

𝑅𝑛×𝑇 represent a matrix whose columns correspond to in-
travoxel fODF in a spatial neighbourhood in a magnetic

resonance image. This matrix can be represented as a lin-
ear invariant with respect to a new joint sparsity matrix
𝐹 = [𝑓1, 𝑓2, ..., 𝑓𝑇 ], sharing the same support. The row-
sparse matrix 𝐹 can be recovered by solving the following
proximal operators on matrices.

𝑚𝑖𝑛
𝐹

1

2

∥∥∥𝐹 − 𝐹
∥∥∥2
𝐹
+ 𝜆1∥𝐹∥1,2 + 𝜆2

∑
𝑗

∥𝐹𝑗∥1 (3)

where 𝐹𝑗 is the 𝑗-th column of 𝐹 . The former leads to a
convex norm, while the latter actually counts the number of
non-zero row and is only a pseudo norm. Hence, by forc-
ing similar patches to admit similar decompositions, we
successfully ensure the similarly spatial structure in fODF
field.

2.3 Data-driven Local Feature Extraction for Dimen-
sionality Reduction Imaging

Generally, fODF can be represented by an over-complete
dictionary as mentioned in [16]. However, the dictio-
nary is always redundancy. It could actually be repre-
sented by a quite sparse dictionary due to the spatial con-
tinuity among the neighbourhood voxels. The fact that
the dictionary basis would be sharply peaked along the
fODF is inherently appropriate. As the fODF represents
the estimated distribution of fiber orientation inside each
voxel directly, it encapsulates the information for tractog-
raphy much more comprehensively. In a single voxel,
the sparse dictionary would be acquired along the current
voxel’s fiber direction. The process can be expressed as:

𝑓 𝑐
𝑖 →

{
℘𝑐
𝑣𝑖
𝑗
∣𝑣𝑖𝑗 , 𝑗 = 1, ..., 𝑛𝑖

}
, where ℘𝑐

𝑣𝑖
𝑗

is the dictionary

basis extracted from the current voxel fiber direction, 𝑣𝑖𝑗
represents the fiber orientations obtained from the current
voxel’s fODF, 𝑛𝑖 is the number of dictionary basis. Con-
sidering the anatomical fiber tracts through the brain have
a natural quality of smoothness, there is a certain spatial
coherence of fODFs in the neighbouring voxels, indicating
that the fiber orientations are sparse and tend to be central-
ized. Therefore, we can infer that the dictionary used to
represent the fiber orientation could be acquired from the
local orientation distribution features extracted from neigh-
bouring voxels’ fODF. The final dictionary can be simpli-

fied as: 𝐹 →
{
℘𝑐
𝑣𝑖
𝑗
∣𝑣𝑖𝑗 , 𝑗 = 1, . . . , 𝑛𝑖, 𝑖 = 1, . . . ,T

}
,

which greatly decreases the dimensionality of dictionary
basis and promote computational efficiency.
The joint sparsity model helps to regulate fODF structures
and improve the sparsity of reconstructed fiber configura-
tion. And the local features could be easily obtained by
searching peaks of fODFs derived from diffusion data of
voxels nearby. Thus, the center fODF could be represented
by the sparse, new orientation distribution basis. Let

∑
𝑣𝑗

℘𝑐
𝑣𝑗

map to a new dictionary field. Then, we can rebuild a linear
weighted combination to express the unknown fODF using
these dictionary:

𝑓 (𝑐,Ω𝑐, 𝜉) =
∑
𝑗

∑
𝑣𝑖
𝑗

𝑤𝑣𝑖
𝑗
℘𝑐
𝑣𝑖
𝑗
+ 𝜉 (4)

where 𝜔𝑣𝑖
𝑗

is the unknown coefficient. Note that all the
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new dictionary bases are acquired from neighbour voxels’
information, in the region of interest, fiber configuration of
each voxel could be self-adaptively reconstructed with the
features extracted from signals around.
In addition, considering that the neighbouring voxels have
a similarity with the center intra-voxel architecture because
of the spatial structure continuity, each voxel has an influ-
ence on the center one’s construction more or less. The
weights of effects from neighbour voxels are different but
could be measured by the similarity between each other,
which we will introduce in the next section.

2.4 Cost Function of new Spherical Deconvolution
based Model with Total Variation

The regularization of fODFs and local features extracted
from measure data make it possible to construct a relative
sparse dictionary and successfully decrease the basis di-
mensionality and the computational complexity. In a small
neighbourhood range, we consider the follow cost function,
taking the neighbourhood information and the noise on the
reconstruction result into account, to obtain an estimation
of the intra-voxel fiber architecture:

min∥𝑠−𝐻𝑤∥22 + 𝜆 (𝛼∥𝑊𝑍 − 𝑤∥2+
(1− 𝛼) ∥𝑤∥T𝑉 ) 𝑠.𝑡. 𝑤 ≥ 0

(5)

where the 𝑠 represents the measure data, measure matrix 𝐻
is a result of convolution between the kernel and sparse dic-
tionary derived from section 2.3, which can be depicted as:
𝐻 = 𝑟(𝑔, 𝑣)∗𝑓(𝑐,Ω𝑐, 𝜉). The second item in above model
is the penalty term, whose first part penalizes the difference
between the adjacent dictionary coefficients along the un-
derlying fiber orientations and the noise and the latter part
is a total variation regularization to the coefficients. The
regularization can guarantee the consistency of the fiber
orientation to some extent. Parameter 𝜆 and 𝛼 commonly
make a trade-off between angular resolution and robust-
ness.
In particularly, matrix 𝑊 = [𝑤1, 𝑤2, ⋅ ⋅ ⋅ , 𝑤𝑇 ] consists of
neighbouring voxels’ fODF coefficients, which can be ac-
quired by initialization. Matrix 𝑍 = [𝛽1, 𝛽2, ⋅ ⋅ ⋅ 𝛽𝑇 ]𝑇 rep-
resents a combination of similarities between center voxel
and its neighbours. We measure local structure by calculat-
ing the similarity between each voxel and their adjacent el-
ements. The similarity between two voxels is driven by the
measure signals via the cosine distance: 𝛽𝑖 = 1− ∣𝑠ℱ ⋅𝑠𝑖∣

∥𝑠ℱ∥∥𝑠𝑖∥ ,
which shows the richness of HARDI data information. In
intra-voxel field, fibers are natural to be as smooth as pos-
sible, while the noise in the data may heavily influence the
result of construction. For the purpose of minimizing the
undesirable effects caused by noise, we propose to integrate
the L1 norm of the image gradient, known as the total vari-
ation (TV) [17] regularization, into the penalty term. The
TV technique, which is primarily used for image denoising,
was shown to have an outstanding ability to smooth away
noise in flat regions whilst preserving edges.The above op-
timization problem can be rewritten to another form as:

min∥(2𝐻T𝐻 + 𝜆𝛼𝐼T𝐼
)
𝑤 − (

2𝐻T𝑠+
𝜆𝛼𝑊𝑍)∥22 + 𝜆 (1− 𝛼) ∥𝑤∥T𝑉

(6)

Note that this is a total variation constrained least-squares
problem, which can be conveniently solved by ’Decon-
vTV’ toolbox [18].

Algorithm 1: fODF estimation with ap local feature
extraction process

Input: Diffusion signal 𝑠 ∈ ℝ
𝑛; Unit hemisphere uniformly

sampling vector 𝒖 ∈ ℝ
𝑚; Sampling directions

𝒗 ∈ ℝ
𝑚 with the 𝑡th tessellation of the icosahedron

Output: fODF
Individually calculate the initial fODF set 𝐹 of ROI
according to section 2.1 and 2.2;
while each 𝑣𝑜𝑥𝑒𝑙 ∈ 𝑅𝑂𝐼 do

To the center of the voxel as the 𝑇 neighborhood,
calculate the local regularized problem Eq.(3);
Search all fODFs to rebuild a new dictionary{
℘𝑐
𝑣𝑖
𝑗
∣𝑣𝑖𝑗 , 𝑗 = 1, ..., 𝑛𝑖, 𝑖 = 1, ...,T

}
;

Minimize cost function to compute the coefficient 𝑤 via
Eq.(6);
Calculate the fODF according to Eq.(4).

end

3 RESULTS

Simulations have been carried out to both study the repre-
sentational ability of our method which can reconstruct the
fiber accurately and verify if and how the proposed algo-
rithm is able to obtain more preferable results with these
configurations than Q-ball Imaging and SFM. In the con-
trast experiments, we utilized the DIPY, which is used in
the most popular experiments involving phantom and real
data, to obtain the imaging results of Q-ball and SFM.

3.1 Phantom data

To assess the performance of the proposed and reference
methods under controllable conditions, one phantom data
set produced for the International Symposium on Biomed-
ical Imaging (ISBI) Reconstruction Challenge was used.
The data set was acquired from 32 directions with b =
1,200s/mm2 (referred to below as Phantom 1), 64 direc-
tions with b = 3,000s/mm2 (referred to below as Phantom
2) with SNR = 10, 20, 30 respectively. A detailed descrip-
tion of the phantom data set can be obtained in ISBI 2013.
As it was mentioned earlier, we compared the performance
of three different methods in our simulation study, i.e., q-
ball imaging (Q-ball), Sparse Fascicle Model (SFM) and
our self-adaptive local feature extracting based imaging
method (SLFE). The region of interest (ROI) in the data
set has a spatial dimension of 11× 11 voxels, and consists
of three primary fiber bundles crossing each other. The top
row of subplots of Figure 1 show the ground truth of how
the fibers distribute. At the same time, the second to fifth
rows of subplots of Figure 1 show the fibers recovered by
(from left to right) Q-ball, SFM, SLFE. And the fODFs of
rows (a, b, c, d) were reconstructed with DTI phantoms,
SNR = 10, 30dB and HARDI phantoms, SNR = 10, 30dB
respectively. One can see that the Q-ball and SFM failed
to clearly represent fibers with a high angle resolution and
tended to produce false positive orientations, leading to a
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poor performance. In addition, the results will be heav-
ily affected when noise degree increases, as the reconstruc-
tions were performed on a voxel-by-voxel level with poor
noise immunity. On the other hand, the SLFE method, tak-
ing the spatial continuity of fibers into account, provided
an estimation result of much higher quality. Even the noise
level increases, the SLFE can still perform a quite stable
and accurate result by incorporating fODFs derived from
neighbouring information and TV regularization into the
model.

Figure 1: Results of fODFs reconstructed from the ISBI
phantom data-set. Upper row of subplots corresponds to
the ground truth of fibre distributions. The fODFs were
performed by (from left to right) Q-ball, SFM and SLFE.
Rows (a) (b) (c) (d): phantom 1 with SNR = 10 and SNR =
30, phantom 2 with SNR = 10 and SNR = 30.

The average angular error(AAE) metric, indicating the de-
viation of the estimated fiber orientation with the ground
truth, was used to quantify the three methods. A detailed
analysis about the metric is presented in Figure 2. The
plots demonstrate that SLFE outperforms Q-ball and SFM
for both phantoms, in three noise conditions. With high
quality data (SNR = 30), the differences between the three
methods are mild. But the superiority of SLFE compared
to Q-ball and SFM appears clearer when we move to severe
noise level (SNR=10 and SNR=20). While the average an-
gular error of others ascend dramatically, the AAE of SLFE

keeps about 7, showing that the SLFE algorithm is quite ro-
bust to noise.

Figure 2: Average angular error(AAE) obtained using the
compared methods for phantom 1 (upper) and phantom 2
(bottom), with different SNRs.

3.2 Real data

Experiments with real hardi data were performed in this
subsection. The proposed algorithm was tested on human
brain scans acquired from a Siemens 3T TIM using SE EPI
sequence, with b =2000 s/mm2, 120 gradient directions,
and TR/TE = 12400/116 ms. In this data we compared the
SLFE method with SFM and Q-ball methods, verified and
extended findings from simulation to real data for practical
application.

Figure 3 (A-D) shows the intravoxel fiber architecture im-
age of a cross-section of the brain estimated by using the
SFM, Q-ball and SLFE methods in a small ROI extracted
from the whole brain’s fiber imaging. The image displayed
on the figure 3(D) is a DWI image of the brain slice in 38th
layer, and the area we used to test is labelled with a yellow
rectangle. The row groups of subplots show the fODFs esti-
mated by (from up to down) Q-ball, SFM and SLFE. In the
fiber region(marked with a yellow box in Figure 3-a), the
SFM and SLFE methods are superior to the Q-ball method,
which can obtain a smooth fiber architecture with less spu-
rious peaks. As it was already noted earlier, the Q-ball al-
gorithm is sensitive to the noise, tends to result in the dis-
order of fODF field. The region (marked in Figure 3-b) is a
cross-section with a curved fiber bundle and a straight one.
As is shown in Figure 3-b, the SLFE algorithm shows a bet-
ter reconstruction performance, especially in terms of the
moothness of fibers, since it takes the continuity of fibers’
spatial structure into account. The above conclusion is fur-
ther supported by an additionpal example(marked with a
yellow box in Figure 3-c), which shows the reconstructions
pertaining to the indicated area within another section of
the brain. Therein, the SLFE can clearly reconstruct differ-
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ent fiber orientations and outperforms the Q-ball and SFM
methods.

Figure 3: Visualization of the fODFs estimated in a central
sagittal brain slice of real single-shell dMRI data. Depicted
fODF profiles correspond to the estimates from the Q-ball
(A), SFM (B) and SLFE (C) methods.

4 CONCLUSIONS

In this work, we have proposed a data-driven algorithm to
recover the intra-voxel fODF from the diffusion data. The
method leverages a spatial structured continuity prior on
the fODF, where the structure originates from the spatial
coherence of the fibre orientation between neighbour vox-
els. We utilize a sparse dictionary basis to reconstruct the
fODF, and the dictionary basis could be constructed in a
self-adaptive way, where the basis atoms are extracted from
neighbouring voxels’ local features, such as original fiber
orientations. A total variation regularization is also used to
reduce spurious fiber orientation and further decrease the
influence of undesirable factors. We have compared the
performance of our proposed method with that of Q-ball
and SFM methods through numerical simulations and tests
on real human data. As shown in section 3, the SLFE algo-
rithm produces a more accurate estimation of fiber orien-
tation and exhibits strong robustness to noise, while the Q-
ball imaging method tends to generate some spurious peaks
and the SFM shows a deficiency of angular resolution. The
SLFE also shows a good ability to recover the fibers with a
property of smoothness and spatial continuity. We believe,
the presented work has a potential for better assessing white
matter structure and connectivity in healthy subjects. A de-
tailed investigation will be shown in the future work.
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et al., “Spherical deconvolution of multichannel diffusion
mri data with non-gaussian noise models and total variation
spatial regularization,” arXiv preprint arXiv:1410.6353,
2014.

[8] F. Dell’Acqua, P. Scifo, G. Rizzo, M. Catani, A. Simmons,
G. Scotti, and F. Fazio, “A modified damped richardson–
lucy algorithm to reduce isotropic background effects in
spherical deconvolution,” Neuroimage, vol. 49, no. 2,
pp. 1446–1458, 2010.

[9] M. Taquet, B. Scherrer, O. Commowick, J. M. Peters,
M. Sahin, B. Macq, and S. K. Warfield, “A mathematical
framework for the registration and analysis of multi-fascicle
models for population studies of the brain microstructure.,”
IEEE Transactions on Medical Imaging, vol. 33, no. 2,
pp. 504–517, 2014.

[10] B. Jeurissen, A. Leemans, J. Tournier, D. Jones, and J. Si-
jbers, “Estimating the number of fiber orientations in dif-
fusion mri voxels: a constrained spherical deconvolution
study,” Proceedings of the International Society for Mag-
netic Resonance in Medicine. Stockholm, Sweden, p. 573,
2010.

[11] F. Pestilli, J. D. Yeatman, A. Rokem, K. N. Kay, and B. A.
Wandell, “Evaluation and statistical inference for human
connectomes,” Nature methods, vol. 11, no. 10, pp. 1058–
1063, 2014.

[12] H. Zou and T. Hastie, “Regularization and variable selection
via the elastic net,” Journal of the Royal Statistical Society:
Series B (Statistical Methodology), vol. 67, no. 2, pp. 301–
320, 2005.

[13] J. Mairal, F. Bach, J. Ponce, G. Sapiro, and A. Zisserman,
“Non-local sparse models for image restoration,” in Com-
puter Vision, 2009 IEEE 12th International Conference on,
pp. 2272–2279, IEEE, 2009.

[14] M. Rowe, New tractography methods based on parametric
models of white matter fibre dispersion.
PhD thesis, UCL (University College London), 2015.

[15] J. A. Tropp, A. C. Gilbert, and M. J. Strauss, “Algorithms
for simultaneous sparse approximation. part i: Greedy pur-
suit,” Signal Processing, vol. 86, no. 3, pp. 572–588, 2006.

[16] Y. Wu, Y. Feng, F. Li, and C. F. Westin, “Global consis-
tency spatial model for fiber orientation distribution estima-
tion,” in Biomedical Imaging (ISBI), 2015 IEEE 12th Inter-
national Symposium on, 2015.

[17] V. Michel, A. Gramfort, G. Varoquaux, E. Eger, and
B. Thirion, “Total variation regularization for fmri-based
prediction of behavior,” Medical Imaging, IEEE Transac-
tions on, vol. 30, no. 7, pp. 1328–1340, 2011.

[18] S. H. Chan, P. E. Gill, and T. Q. Nguyen, “User guide for
deconvtv (matlab version 1.0),” 2013.

2016 28th Chinese Control and Decision Conference (CCDC) 6803



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (None)
  /CalCMYKProfile (None)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.7
  /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 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /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 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /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 400
  /MonoImageMinResolutionPolicy /OK
  /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 <<


    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>



    /HUN <>
    /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 6.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200036002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /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 6.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>


    /SKY <>

    /SUO <>
    /SVE <>
    /TUR <>

    /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 6.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


