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Image Fusion With Cosparse Analysis Operator
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Abstract—The letter addresses the image fusion problem, where
multiple images captured with different focus distances are to be
combined into a higher quality all-in-focus image. Most current
approaches for image fusion strongly rely on the unrealistic noise-
free assumption used during the image acquisition, and then yield
limited fusion robustness. In our approach, we formulate the mul-
tifocus image fusion problem in terms of an analysis sparse model,
and simultaneously perform the restoration and fusion of multifo-
cus images. Based on this model, we propose an analysis operator
learning, and define a novel fusion function to generate an all-in-
focus image. Experimental evaluations confirm the effectiveness
of the proposed fusion approach both visually and quantitatively,
and show that our approach outperforms the state-of-the-art fusion
methods.

Index Terms—Alternating direction method of multiplier
(ADMM), analysis K-singular value decomposition (K-SVD), anal-
ysis operator learning, cosparse representation, multifocus image
fusion.

I. INTRODUCTION

FUSION of multifocus images is a popular approach for
generating an all-in-focus image of higher quality with less

artifacts [1], [2]. It relies on the idea of combining a captured
sequence of multifocus images with different focal settings. It
plays a crucial role in many fundamental fields such as machine
vision, remote sensing, and medical imaging [3]–[5]. During the
last decade, two types of fusion approaches have been devel-
oped: the transform domain-based approaches and the spatial
frequency-based approaches. Most existing transform domain-
based methods [6]–[9] work with a limited basis, and make
fusion excessively dependent on the choice of a basis. The latter
approaches [10]–[13] require highly accurate subpixel or subre-
gion estimates, and thus, fail to perform well in elimination of
undesirable artifacts.

A prevalent approach for image fusion is based on the synthe-
sis sparse model. Various manifold fusion methods have been
proposed to explore the synthesis sparse model [3], [14]–[18].
The core ideas here are to describe source images as a linear
combination of a few columns from a prespecified dictionary,
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merge sparse coefficients by a fusion function, and then gener-
ate an all-in-focus image using reconstructed sparse coefficients.
While there has been extensive research on the synthesis sparse
model, the analysis sparse model [19]–[22] is a recent construc-
tion that stands as a powerful alternative. It represents a signal
x by multiplying it with the so-called analysis operator Ω and
emphasizes zero elements of the resulting analyzed vector Ωx
that describes the subspace containing the signal x. It promotes
strong linear dependencies between the rows of Ω, leads to a
much richer union-of-subspaces, and shows the promise to be
superior in various applications [23]–[25].

In this letter, we develop a novel fusion algorithm based on the
analysis sparse model, which allows for simultaneous restora-
tion and fusion of multifocus images. Specifically, we formulate
the fusion problem as a regularized inverse problem of estimat-
ing an all-in-focus image given its reconstructed form, and take
advantages of the correlations among multiple captured images
for fusion using a cosparsity prior. The corresponding algorithm
exploits a combination of variable splitting and alternating direc-
tion method of multipliers (ADMM) to learn the analysis oper-
ator Ω that promotes cosparsity. Furthermore, a fusion function
generates the cosparse representation of an all-in-focus image.
Advantages of this approach are more flexible cosparse rep-
resentation compared to the synthesis sparse approaches and
better image restoration and fusion performance. The proposed
approach also widens the applicability of the analysis sparse
model.

II. PROBLEM FORMULATION

Let I1 , I2 , . . . , IK be a sequence of multifocus images of the
same scene acquired with different focal parameters. Our goal
is to recover an all-in-focus image IF from K captured images
{Ik}K

k=1 . The model for describing the relationship between
the sequence of multifocus images {Ik}K

k=1 and an unknown
all-in-focus image IF can be formally expressed as

Ik = Fk (IF) + V , k = 1, . . . ,K (1)

where Fk (·) is a blurring operator that denotes the physical
process of capturing k-th multifocus image [26], [27] and V
is an additive zero-mean white Gaussian noise matrix with en-
tries drawn at random from the normal distribution N (0, σ2).
The blurring operator Fk (·) in most cases is unknown and ir-
reversible; therefore, it is too complex or impossible to find a
sequence {Fk (·)}K

k=1 out of all possible operators. Instead, it
is more favorable to seek a compromise between the physical
modeling of image capture and signal approximation.

Assuming the cosparsity prior, each image patch iF ∈ Rm of
the image IF is said to have a cosparse representation over the
known analysis operator Ω ∈ Rh×m with h � m, if there exists
a sparse analyzed vector ΩiF ∈ Rh . The model emphasizes on
l zero coefficients of ΩiF and defines ΩΛ as a submatrix of
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Ω with rows that belong to the cosupport set Λ. The cosupport
set Λ consists of the row indices, which determine the subspace
that iF is orthogonal to. Then, every image patch iF can be
characterized by its cosupport and estimated by solving the
following optimization problem:

min
îF

∥
∥
∥îF − iF

∥
∥
∥

2

2
s.t.

∥
∥
∥ΩîF

∥
∥
∥

1
� ε, ΩΛ îF = 0 (2)

where îF is a denoised estimation of iF , ε is a tolerance error, and
‖ · ‖1 and ‖ · ‖2 are respectively the l1- and l2-norms of a vector.
Since iF is unknown, we choose to use the cosparse represen-
tation vector ΩîF for recovering îF through an optimal fusion
of cosparse coefficients {Ωik}K

k=1 . Using correlations among
multiple images, the proposed approach defines the fusion func-
tion as T (·) that generates an optimal cosparse representation
and returns the corresponding indices of image patches. Thus,
a natural generalization of problem (2) for recovering a clean
all-in-focus image patch îF is given as

min
k,îF

∥
∥
∥îF−ik

∥
∥
∥

2

2
s.t.

∥
∥
∥T

(

{Ωik}K
k=1

)∥
∥
∥

1
� ε,ΩΛik = 0. (3)

The role of T (·) in (3) is to provide a meaningful constraint on
how closely the optimal patch ik approximates iF . We replace
the cosparse representation ΩîF by the corresponding optimal
ik of the input image Ik , with respect to the cosparse analysis
operator Ω. Therefore, the major subproblems here are learning
the analysis operator Ω and defining the fusion function T .

III. ROBUST FUSION VIA ANALYSIS SPARSE MODEL

Analysis operator learning aims at constructing an operator
Ω suitable for a family of signals of interest. We first propose a
practical approach for learning the analysis operator by variable
splitting and ADMM. Then, with the analysis operator fixed, we
define the optimal fusion function.

A. Analysis Operator Learning

Suppose a training set Y = [y1 y2 . . . yN ] ∈ Rm×N

is formed from a set of N clean vectorized images X =
[x1 x2 . . . xN ] ∈ Rm×N contaminated by an additive zero-
mean white Gaussian noise V ∈ Rm×N . Our task is to find
Ω ∈ Rh×m , which enforces the coefficient vector Ωxi to be
sparse for each xi . This problem for Ω can be cast as

f(Ω,xi) � min
Ω ,xi

1
2
‖xi − yi‖2

2 + λ ‖Ωxi‖1 (4)

where λ is a regularization parameter. To prevent Ω from being
degenerate, it is common to normalize its rows {ωj}h

j=1 so that
they have their l2-norms equal to 1. Then, the constraint set can
be described as

C �
{

ΩΛ i
xi = 0, rank(ΩΛ i

) = m − r, 1 ≤ i ≤ N

‖ωj‖2
2 = 1, 1 ≤ j ≤ h

(5)

where Λi is the index set of the rows in Ω corresponding to zero
elements in xi , rank(·) denotes the rank of a matrix, and m − r
elements of xi are zeros.

Problem (4)–(5) is nonconvex in variables Ω and xi . A fun-
damental approach to addressing it is to alternate between the
two sets of variables Ω and xi , i.e., minimize over one set of

variables while keeping the other fixed. Motivated by the first-
order surrogate (FOS) approach [28] and ADMM [29], [30],
we propose the following FOS-ADMM algorithm for cosparse
coding.

Cosparse coding: With Ω fixed, we update each column of
X . For notation simplicity, we drop the column index in xi

and yi . We observe that the objective function (4) for fixed Ω,
i.e., f(x), is the sum of two functions: f1(x) = 1

2 ‖x − y‖2
2

and f2(v) = λ ‖v‖1 where v = Ωx. It enables us to transform
the problem of minimizing f(x) into the following constraint
optimization problem

min
x,v

f1(x) + f2(v) s.t. v = Ωx. (6)

The iterative algorithm to solve (6) can be then expressed in the
following ADMM form:

x(t+1) = argmin
x

f1(x) +
μ

2

∥
∥
∥Ωx − v(t) − d(t)

∥
∥
∥

2

2
(7a)

v(t+1) = argmin
v

f2(v) +
μ

2

∥
∥
∥Ωx(t+1) − v − d(t)

∥
∥
∥

2

2
(7b)

d(t+1) = d(t) −
(

Ωx(t+1) − v(t+1)
)

(7c)

where μ is the augmented Lagrangian penalty and d(t) is the
vector of Lagrange multipliers at t-th iteration. Note that the
updates for x and v are separated into (7a) and (7b). Subprob-
lem (7a) is a convex quadratic problem, and it can be addressed
by the FOS approach [28] that consists of solving iteratively the
optimization problem

x = argmin
x

G(x) (8)

where G(x)=(�xf1(x))T (x(t+1)−x)+ 1
2 L

∥
∥x(t+1)−x

∥
∥

2
2 +

f2(x), �xf1(x) is the gradient of f1(x), L is the Lipschitz
constant of f1(x), and (·)T stands for the transpose.

As for problem (7b) for updating v, it turns out to be a simple
shrinkage problem. Thus, we just employ the soft-thresholding
operator soft(·), and the update (7b) becomes

v(t+1) = soft
(

x(t+1) − d(t) ,
λ

μ

)

=sign
(

x(t+1) − d(t)
)

�max
{∣
∣
∣x(t+1)−d(t)

∣
∣
∣− λ

μ
, 0

}

(9)

where sign(·) is the sign function and � stands for the
component-wise product.

Analysis operator update: With X fixed, we turn to updating
Ω that amounts to obtaining each row ωj of Ω. The update
of ωj should be affected only by those columns of X that are
orthogonal to ωj [23]. Denote by J a set of indices of those
columns, then the corresponding optimization problem can be
written as

min
ωj

∑

i∈J

‖xi − yi‖2
2 s.t. ΩΛ i

xi = 0, ‖ωj‖2
2 = 1,

rank(ΩΛ i
) = m −r (10)

where {xi}i∈J and {yi}i∈J form respectively the submatrices
of X and Y , which contain columns found to be orthogonal to
ωj .

Problem (10) leads to updates of the cosupport sets Λi in each
iteration. Motivated by [23], we simplify the updates in Λi by
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using the following approximation:

min
ωj

∑

i∈J

∥
∥ωT

j yi

∥
∥

2
2 s.t. ‖ωj‖2

2 = 1 (11)

as an alternative that can be solved based on the singular value
decomposition (SVD) of the submatrix of Y formed by {yi}i∈J .

B. Local Optimal Fusion

When the analysis operator Ω is learned, we yet cannot di-
rectly compute the cosparse representation of ΩiF . Instead,
we work with the collection of the cosparse representations
{Ωik}K

k=1 , and then seek the optimal one to recover the corre-
sponding all-in-focus patch.

Using the sliding window technique, each image Ik can be
divided into small n × n patches, from left-top to right-bottom.
For convenience, we introduce a matrix W i,j to extract (i, j)-th
block from the image Ik . Visible artifacts may occur on block
boundaries, and we also introduce an overlapping patch of length
p for each small patch, and demand that the reconstructed all-
in-focus patches would agree to each other on the overlapping
areas. According to [16], the block or, equivalently, the set of
indices {i, j, k} corresponding to the biggest value in the set
{‖ΩW i,jIk‖1

}K

k=1 is chosen to reconstruct the fused image.
Thus, the problem of finding the optimal cosparse representation
can be formulated as

T ({ΩW i,jIk}K
k=1) = ΩW i,jIk

{i, j, k} = argmax
i,j,k

({‖ΩW i,jIk‖1

}K

k=1

)

. (12)

Given such optimal fusion function (12), the fusion problem can
be cast as the basis pursuit problem with the cosparse regular-
ization term ‖ΩW i,jIk‖1 . Thus, problem (3) can be replaced
by the following problem of finding the initial estimate îF0 of
the fused patch iF

min
îF 0

∑

i,j,k

∥
∥
∥îF0 − W i,jIk

∥
∥
∥

2

2

s.t. ΩΛW i,jIk = 0,
∑

i,j,k

‖ΩW i,jIk‖1 ≤ ε. (13)

Since problem (13) is convex, its solution can be efficiently
computed by using many existing algorithms [20], [23]–[25].

C. Global Reconstruction

The above-explained local optimal fusion is used to recover
local details for each all-in-focus patch, respecting spatial
compatibility between neighboring patches. In order to remove
possible artifacts and improve spatial smoothness, the global
reconstruction constraint between the initial image estimate
ÎF0 , formed from all îF0 ’s, and the final estimate ÎF can be
applied to make a further improvement.

The size of Ω is suitable to represent a small image patch,
and it is too small to apply for the entire image. Therefore, we
expand the size of Ω and define

ΩF �

⎡

⎢
⎢
⎣

ΩW 1,1 ΩW 1,2 . . . ΩW 1,u

ΩW 2,1 ΩW 2,2 . . . ΩW 2,u

...
... . . .

...
ΩW v ,1 ΩW v ,2 . . . ΩW v ,u

⎤

⎥
⎥
⎦

(14)

Algorithm 1: Fusion.

Input: Multifocus images {Ik}K
k=1 , analysis operator Ω

obtained by analysis operator learning
Output: the estimate of the all-in-focus image ÎF
1: for each patch ik from Ik do
2: Compute the fusing coefficients and generate the

optimal set of K indices of image patches, using (12);
3: Find the initial estimates îF0 , using (13);
4: end for
5: Define the global analysis operator ΩF , using (14);
6: Reconstruct the all-in-focus image ÎF , using (15).

as the global analysis operator where u and v are indices of
patches’ boundaries. Using the result from the local optimal fu-
sion, the entire image can be redefined using the reconstruction
constraint by solving the problem

min
ÎF

∥
∥
∥ÎF − ÎF0

∥
∥
∥

2

2
+ λ′

∥
∥
∥ΩF ÎF

∥
∥
∥

1
(15)

where λ′ is the parameter controlling the sparsity penalty and
representation fidelity. Hence, the entire process of the op-
timal fusion (Subsections III-B and III-C) is summarized in
Algorithm 1.

IV. EXPERIMENTAL RESULTS

We verify the restoration and fusion performance of the pro-
posed approach by the visual comparisons, and then discuss
the quantitative assessments. We have tested our approach for
a number of images, and here one representative example is
shown. Specifically, fusion experiments over the standard mul-
tifocus dataset [31] are conducted. Throughout the experiments,
the tolerance error in the proposed approach is set as ε = 0.1,
the maximum number of iterations is 1000, the patch size is
n = 7, and the overlapping length is p = 1. During the analysis
operator learning, the generated training set consists of 10 000
two-dimensional normalized samples of size 7 × 7 extracted at
random from the natural images. Considering the tradeoff be-
tween fusion quality and computations, the analysis operator
size is fixed to 64 × 49. All the experiments are performed on a
PC running Inter(R) Xeon(R) 3.40 GHz CPU.

In the noise-free (σ = 0) and noisy (σ = 15) cases, the
proposed approach is compared with well-known fusion ap-
proaches, including the image fusion approach based on spa-
tial frequency in discrete cosine transform (SF-DCT) [5] and
the sparse representation K-SVD-based image fusion approach
(SR-KSVD) [16]. The fusion results of the noise-free images
“Dog” are shown in Fig. 1, including the magnified details
in the lower-right corners of the images. There are notice-
able differences in the edge of the wall. The SF-DCT method
(see Fig. 1(c)) produces blocking artifacts, and the SR-KSVD
method (see Fig. 1(d)) introduces undesired smoothing. Our
proposed method (see Fig. 1(e)) eliminates some artificial dis-
tortions, and gives better visual result. To test the robustness of
our approach, we add Gaussian noise to the multifocus images.
In Fig. 2, the results for the approaches tested are shown. Note
that the SF-DCT method needs the denoising preprocessing, and
then fuses multifocus images. Fig. 2(c) shows the circle blur-
ring effect around strong boundaries. The image (see Fig. 2(d))
also shows the blurring effect for the SR-KSVD method.
Our approach is capable of providing restoration and fusion
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Fig. 1. Source images and the fusion results, with σ = 0. (a) First source image with focus on the front. (b) Second source image with focus on the background.
Fused images obtained by (c) SF-DCT, (d) SR-KSVD, and (e) Proposed method.

Fig. 2. Source images and the fusion results, with σ = 15. Same order as in the Fig. 1.

Fig. 3. Fusion performances versus patch size n.

simultaneously, and it performs the best as it visually appears in
Fig. 2(e).

More objectively, we test the impact of different parameters’
selection on the proposed approach. The objective evaluation is
based on the following two state-of-the-art fusion performance
metrics: QMI [32], which measures how well the mutual infor-
mation from the source images is preserved in the fused image;
and QAB/F [33], which evaluates how well the edge information
transfers from the source images to the fused image. The values
of QMI and QAB/F range from 0 to 1, with 1 representing the
ideal fusion. First, we conduct several experiments for differ-
ent patch sizes, and compare the performance in the noise-free
(σ = 0) and noisy (σ = 15) cases for the aforementioned meth-
ods in Fig. 3. The employed patch sizes are n = {5, 6, 7, 8, 9}. In
either case σ = {0, 15}, the values of QAB/F (see Fig. 3(a)) and
QMI (see Fig. 3(b)) for the proposed approach are always larger
than those for the SF-DCT and SR-KSVD methods. It means
that our approach preserves well the mutual information and
transfers efficiently the edge information from source images.
When patch size is 7 × 7, the values of QAB/F and QMI are the
best. Thus, we set the patch size n = 7, and also conduct fusion
experiments with different noise levels σ = {0, 5, 10, 15, 20}.
The results are shown in Fig. 4. It can be seen that all the meth-
ods tested show larger values of QM I and QAB/F when σ is
equal to zero. With the increase of the noise level, the values
of QMI and QAB/F gradually decrease, while the proposed

Fig. 4. Fusion performances versus noise level σ.

TABLE I
TIME MEASURE OF FUSION METHODS

Measure Methods in noise-free case Methods in noisy case (σ = 15)

SF-DCT SR-KSVD Ours SF-DCT SR-KSVD Ours

Times(s) 1.073 4.342 4.567 2.179 5.281 5.981

method performs the best. Table I presents the average running
time of the aforementioned methods. As expected, the proposed
approach achieves the restoration and fusion with high quality
in reasonable time.

V. CONCLUSION

A novel fusion approach for combining multifocus noisy im-
ages into a higher quality all-in-focus image based on the analy-
sis sparse model has been presented. Using the cosparsity prior
assumption, we have proposed an analysis operator learning
approach based on ADMM. Furthermore, an efficient fusion
processing via the learned analysis operator has been presented.
Extensive experiments have demonstrated that the proposed ap-
proach can fuse images with remarkably high quality, and have
confirmed the highly competitive performance of our proposed
algorithm. As a future work, a more flexible penalty function
can be employed in the fusion problem, which can possibly lead
to even better results.



GAO et al.: IMAGE FUSION WITH COSPARSE ANALYSIS OPERATOR 947

REFERENCES

[1] A. A. Goshtasby and S. Nikolov, “Image fusion: Advances in the state of
the art,” Inf. Fusion, vol. 8, no. 2, pp. 114–118, Apr. 2007.

[2] T. Wan, C. Zhu, and Z. Qin, “Multifocus image fusion based on robust
principal component analysis,” Pattern Recognit. Lett., vol. 34, no. 9,
pp. 1001–1008, Jul. 2013.

[3] Q. Zhang and M. D. Levine, “Robust multi-focus image fusion using
multi-task sparse representation and spatial context,” IEEE Trans. Image
Process., vol. 25, no. 5, pp. 2045–2058, May 2016.

[4] V. N. Gangapure, S. Banerjee, and A. S. Chowdhury, “Steerable local fre-
quency based multispectral multifocus image fusion,” Inf. Fusion, vol. 23,
pp. 99–115, May 2015.

[5] L. Cao, L. Jin, H. Tao, G. Li, Z. Zhuang, and Y. Zhang, “Multi-focus image
fusion based on spatial frequency in discrete cosine transform domain,”
IEEE Signal Process. Lett., vol. 22, no. 2, pp. 220–224, Feb. 2015.

[6] P. Burt and E. Adelson, “The Laplacian pyramid as a compact image
code,” IEEE Trans. Commun., vol. 31, no. 4, pp. 532–540, Apr. 1983.

[7] V. Aslantas and R. Kurban, “Fusion of multi-focus images using dif-
ferential evolution algorithm,” Expert Syst. Appl., vol. 37, no. 12,
pp. 8861–8870, Dec. 2010.

[8] S. Li and B. Yang, “Multifocus image fusion using region segmentation
and spatial frequency,” Inf. Fusion, vol. 26, no. 7, pp. 971–979, Jul. 2008.

[9] Z. Zhou, S. Li, and B. Wang, “Multi-scale weighted gradient-based fusion
for multi-focus images,” Image Vis. Comput., vol. 20, pp. 60–72, Nov.
2014.

[10] J. Tian and L. Chen, “Adaptive multi-focus image fusion using a wavelet-
based statistical sharpness measure,” Signal Process., vol. 92, no. 9,
pp. 2137–2146, Sep. 2012.

[11] A. L. Da Cunha, J. Zhou, and M. N. Do, “The nonsubsampled contourlet
transform: Theory, design, and applications,” IEEE Trans. Image Process.,
vol. 15, no. 10, pp. 3089–3101, Oct. 2006.

[12] O. Rockinger, “Image sequence fusion using a shift-invariant wavelet
transform,” in Proc. IEEE Int. Image Process., Santa Barbara, CA, Oct.
1997, vol. 3, pp. 288–291.

[13] Q. Zhang and B. Guo, “Multifocus image fusion using the nonsubsampled
contourlet transform,” Signal Process., vol. 89, no. 7, pp. 1334–1346, Jul.
2009.

[14] S. Ambat, S. Chatterjee, and K. Hari, “Fusion of algorithms for compressed
sensing,” IEEE Trans. Signal Process., vol. 61, no. 14, pp. 3699–3704,
May 2010.

[15] H. Li, L. Li, and J. Zhang, “Multi-focus image fusion based on sparse fea-
ture matrix decomposition and morphological filtering,” Opt. Commun.,
vol. 342, pp. 1–11, May 2015.

[16] B. Yang and S. Li, “Multifocus image fusion and restoration with sparse
representation,” IEEE Trans. Instrum. Meas., vol. 59, no. 4, pp. 884–892,
Apr. 2010.

[17] M. Nejati, S. Samavi, and S. hirani, “Multi-focus image fusion using
dictionary-based sparse representation,” Inf. Fusion, vol. 25, pp. 72–84,
Sep. 2015.

[18] R. Gao, S. A. Vorobyov, and H. Zhao, “Multi-focus image fusion via
coupled dictionary training,” in Proc. IEEE 41st Int. Conf. Acoust., Speech
Signal Process., Shanghai, China, 2016, pp. 1666–1670.

[19] M. Elad, P. Milanfar, and R. Rubinstein, “Analysis versus synthe-
sis in signal priors,” Inverse Problems, vol. 23, no. 3, pp. 947–968,
Jun. 2007.

[20] J. Dong, W. Wang, W. Dai, M. D. Plumbley, Z. Han, and J. Chambers,
“Analysis SimCO algorithms for sparse analysis model based dictionary
learning,” IEEE Trans. Signal Process., vol. 64, no. 2, pp. 417–431, Jan.
2016.
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[33] C. Xydeas and V. Petrović, “Objective image fusion performance mea-
sure,” Electron. Lett., vol. 36, no. 4, pp. 308–309, Feb. 2000.



<<
  /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 /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /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
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /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 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /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 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /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 <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 PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


