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Abstract: Sparse signals can be sensed with a reduced number of projections and then reconstructed if compressive sensing (CS)
is employed. Traditionally, the projection matrix is chosen as a random matrix, but a projection sensing matrix that is optimally
designed for a certain class of signals can further improve the reconstruction accuracy or further reduce the necessary number of
measurement samples. This paper considers the problem of designing the projection matrix ¢ for a compressive sensing system
in which the dictionary W is assumed to be given. The optimal projection matrix design is formulated in terms of finding those ®
such that the Frobenius norm of the difference between the Gram matrix of the equivalent dictionary ®W and the identity matrix
is minimized. A novel algorithm based on SVD for optimal projection matrix searching is proposed to solve the corresponding
minimization problem. Simulation results reveal that the signal recovery performance of sensing matrix obtained by proposed

algorithm surpasses that of other standard sensing matrix designs.
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1 Introduction

Compressive sensing (CS) is an emerging framework,
which states that sparse signals, that is, signals that have a
concise linear representation on an appropriate dictionary,
can be exactly recovered from a number of linear projec-
tions of dimension considerably lower than the number of
samples required by the Shannon-Nyquist Theorem [1] - [3].
Over the last few years researchers have derived some new
compressive sensing theory for a variety of structured sens-
ing matrices [4]. In the same time, some progress has been
made in making statements on the pursuit performance for
optimized dictionaries [5] - [6].

In one the hand, given a signal vector y € R we consider
measurement systems that acquire M linear measurements.
We can represent this process mathematically as

z = dy (1)

where ® € RM*N and z € RM . The matrix D, called mea-
Surement matrix or sensing matrix, represents a dimensional-
ity reduction, i.e., it maps R into R, where M is typically
much smaller than N. Note that in the standard CS frame-
work, we assume that the measurements are non-adaptive,
meaning that the rows of ® are fixed in advance and do not
depend on the previously acquired measurements. In this
paper, we will optimize the measurement matrix or sensing
matrix to obtain significant performance gains.

In the other hand, a given signal y € R can often
be expressed as a linear combination of a small number of
signals taken from a “resource” database, which is called
the dictionary. Elements of the dictionary are typically u-
nit norm functions called atoms. Let us denote the dic-
tionary as W, and the atoms as ¥,k = 1,---, L, that is,

= [ 1 o ¢r | € RVXE where L is the size
of the dictionary. The dictionary is over-complete (L > N)
when it spans the signal space and its atoms are linearly de-
pendent. In that case, every signal can be represented as a

linear combination of atoms in the dictionary :

L
y=> stp = Us @)

k=1

where s 2 [ s1 s2 -+ 5L ]T is a coefficient vector
that represents ¥ in dictionary W. A signal is said to be com-
pressible if most of the coefficients of s are zero or they can
be discarded without much loss of information of the signal.
Denote s as the signal where only the K largest coefficients
of s are kept and the rest are set to zero, and thus we have a
new signal

j= s
If the value of the coefficients (sorted in decreasing order),
decrease quickly, then y is well approximated by ¢, when
properly selecting both s and the dictionary .
By substituting y in (1) with (2), z can be rewritten as

z=9Us 2 As 3)

where the matrix A = ¥ = [ A; A,

AL } c
§RM><L

is sometimes referred to as equivalent dictionary of
the CS system. As A € RM*L with M << L, the equiva-
lent dictionary A is over-complete. Thus for given measure-
ment vector z and equivalent dictionaryA, the coefficients
vector s tends to be not unique. This is where the sparsity
constraint comes into play.

The spark of a given matrix A, denoted as spark(A), is
defined as the smallest number of columns in A that are lin-
early dependent. This property of matrices for the study of
the uniqueness of sparse solutions is of great importance.
The spark gives a simple criterion for uniqueness of sparse
solutions. By definition, the vectors in the null-space of the
matrix
As=0

must satisfy
|Isllo = spark(A) O]
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where ||s||o denotes the number of non-zero elements of vec-
tor s. Since these vectors combine lineally columns from
A to generate the zero vector, and at least spark(A) such
columns are necessary by definition.

In another words, for a given z and A there exists at most
one s such that z = As if and only if

spark(A) > 2||s|lo )

As seen from the above, the larger the spark of A, the
bigger the signal space among which the CS systems can
guarantee an exact recovery. For a given dictionary W, the
spark of the equivalent dictionary A is determined by the
sensing matrix ®. It would be of great interest to design ®
such that spark(A) is maximized.

One concludes that any K -sparse signal yo = Wsg can be
uniquely determined from the measurement z given by

z = Py

and that sg is the solution of the following constrained prob-
lem:
so = arg min|ls|lo s.t. z= As (6)
s

as long as (5) holds, that is, spark(A) > 2K.

Such a problem can be attacked by a number of algorithms
which are classified into two groups. The first group includes
greedy algorithms such as the matching pursuit (MP) and
the orthogonal MP (OMP), which iteratively select locally
optimal basis vectors.

In the second group, the algorithms are based on convex
relaxation methods such as the basis pursuit (BP) or least
absolute shrinkage and selection operator (LASSO), which
solve the following problem:

so = arg min||s||y s.t. z=As (7)
S

The replacement of || ||op by || ||1, the I; norm, converts the
non-convex problem to a convex one.

Moreover, there are alternative properties of A that can be
easily exploited to provide recovery guarantees. One of such
properties is the mutual coherence of a matrix [5], which will
be introduced in the next section.

The main objective and contribution of this paper are:

o Objective: in order to improve the performance of
compressed sensing (signal reconstruction accuracy),
we consider the problem of designing the projection
matrix ¢ for a compressive sensing system in which
the dictionary W is given. The optimal projection ma-
trix design is formulated in terms of finding those ®
such that the Frobenius norm of the difference between
the Gram matrix of the equivalent dictionary ®W¥ and
the identity matrix is minimized.

o Contribution: we investigate the problem of projection
matrix design for sensing signals which are sparse in
over-complete dictionaries and a novel algorithm based
on SVD for optimal projection matrix searching is pro-
posed in this paper. Experiments are given to show that
the sensing matrix obtained using our proposed algo-
rithm outperforms others in signal reconstruction accu-
racy.
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The outline of this paper is arranged as follows. In Sec-
tion 2, we define the criteria that is used for measuring the
coherence of a matrix. In Section 3, some related work on
the sensing matrix optimization problem is provided, and
an iterative algorithm based on SVD for optimal projection
matrix searching is derived to find an optimal sensing ma-
trix that minimizes the coherence of the equivalent dictio-
nary. Experiments are carried out in Section 4 to analyze the
proposed algorithm. Simulations are also presented in Sec-
tion 5 to show the effectiveness of our proposed method in
improving signal reconstruction accuracy. Some concluding
remarks are given in Section 6 to end this paper.

2 Preliminaries

The mutual coherence, denoted as p(A), represents the
worst-case coherence between any two columns (atoms) of
A and is one of the most fundamental quantities associated
with CS theory. As shown in [5], any K -sparse signal sg can
be exactly recovered from the observation/measurement via

so =arg min||sllp s.t. z= As
S

as long as
K< 1[1 + L] ®)
20 p(4)
The mutual coherence of this matrix is defined as
VAN |ATAJ|
= max — > ——— )
HA) = B TATaI AT

which measures the maximum linear dependency possibly
achieved by any two columns of matrix A. Coherence is a
blunt instrument since it only reflects the most extreme cor-
relation in the matrix. Nevertheless, it is easy to calculate
and it captures well the behavior of uniform matrices. Thus
it can be used as a criteria of the CS system.

The (4, j)th element of the Gram matrix of A is defined as

A
95 = AT 4
and
JAN . —1/2 —1/2 —1/2
Sczdwg(gn/ gkk/ gLL/)

Thus the Gram matrix of A 2 AS,, denoted as G = { Gij}s
is normalized such that gi, = 1, V k. Obviously,

p(A) = max |g;;|
i#]

It can be shown [9] that for a matrix A € RM*N_ (A) is
bounded with
<u(4) <1 (10)

=

with the low bound given by

A L—M

E=\MmrZ -1 (an

Simulations have shown that the performance of an CS sys-
tem is more related to the averaged mutual coherence, de-
fined as [6]

pu(4) N (12)



where S, = {(4,7) + 1gi;| > t} with 0 < ¢ < 1 a given
number and N; is the number of elements in the index set S;.
It should be pointed out that 1 (A) was used as an indicator
of convergence for a proposed iteration procedure but not
minimized directly in [6].

3 Sensing Matrix Optimization

In this section, we first provide some related work on
the sensing matrix optimization problem, and then an iter-
ative algorithm based on SVD for optimal projection matrix
searching is derived to find an optimal sensing matrix that
minimizes the coherence of the equivalent dictionary.

3.1 Related work

This subsection contains a brief survey of the important
results in optimization of the projection matrix.

Elad proposed the first work of the optimal design of sens-
ing matrix ® in [6]. It is due to the fact that (8) is just a worst-
case bound and can not reflect the average signal recovery
performance that, instead of u(A), an averaged mutual co-
herence, denoted as s (A), was dealt with in [6]. Simulation
results showed that the optimized sensing matrix with the
procedure of reducing outperforms the one generated ran-
domly in terms of signal recovery accuracy.

In [7] Duarte-Carvajalino and Sapiro produced a approach
to learning the projection matrix for a given dictionary as

min [|I13 — 307 ®7 QULIL 3 (13)

where || || denotes the Frobenius norm and U =
Ui [ II; o ] VdT is a singular value decomposition (SVD)
of the dictionary W. The numerical procedure, though not
globally optimal, was reported to be faster and for some sit-
uations, the obtained sensing matrix led to a more accurate
signal recovery than the approach proposed in [6] . How-
ever, this numerical procedure used in (13) lost the original
intension of making the Gram matrix as close to the identity
matrix as possible due to several approximation procedures
involved in.

Zelnik-Manor considered the following optimal sensing
matrix design problem in [8] formulated as

; ToT Hw||2

@E%lll\/PxNHIL_\II O DU |% (14)

where I, denotes the identity matrix of dimension L. Com-

pared with (13), (14) has a much clearer physical meaning.
Noting that

L
1 =T ToU|[7 = [gi[> + > 11— gwkl* (15)
i£j k=1

In the one hand, as we have seen

Zv (i,§) €St |£7ij|

pe(A) = N,

Thus >, | gi;|* is related to the the averaged coherence,
which is just the term we want to optimize. In the other hand,
noting the second term 25:1 |1 — gix|? means the distance
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of equivalent atoms (or frames) { Ay} to be one, where Ay,
is the kth column vector of the equivalent dictionary A. Ob-
viously, this term included in (15) observes the purpose of
normalizing the equivalent dictionary.

3.2 Problem formation and the proposed method

An Equiangular Tight Frame (ETF) of size N x M with
N < M is a matrix with normalized columns such that its
Gram matrix G = A7 A satisfies

L—-M

Vk # j, |Gi ;| = )

(16)
As we have stated in (11), this is the smallest possible mutual
coherence possible.

An ETF has a very nice averaged mutual coherence be-
havior and has been used in optimal dictionary design [10].
However, it is difficult to make the equivalent dictionary
A = ®U an ETF with ® only as the degrees of freedom,
compared with those in a totally free A, are much reduced.
Therefore, we extend the searching space to a more convex
set A,

A 2 {Geg €RVL . Gog = GT, Gealk, k) = 1,V

ea’

maxi;fﬁj |Gea(iaj)‘ S 6} (17)

in which € > 0 is a constant to control the searching space.
When € = p, the ideal ETF Grams of dimension L are con-
fined in A..

Based on the discussions above, we formulate the optimal
sensing matrix design problems as below:

min |Gea — U7 0T 0|2 (18)
DERMXN Geueh,

where the dictionary ¥ is assumed to be given and G, is
the targeted Gram which belongs to the space A, .

Such a problem can be solved practically using alternative
minimization based numerical procedure, which is outlined
below:

Objective: To optimize ¢

Input: Parameters to be set:

o U c RVXL : the dictionary

o & € RM>N : the projection

o iter: number of iteration

Initialization: With W given, an initial ¢, say randomly

generated, and set & = P.

Loop: Set £ = 1 and repeat iter times.

o Step I. While 1 < k <
(®W)7 (®W), then normalize it.

o Step II: Solve

iter, compute G =

_ : A2
Gea—argcmlrjl\ [|Gea — G| (19)

ea 13

the solution of this problem is given in [11] as follows:

G(i.j), G, ) < p
Gea(imj): ]-7 Z:]
sign(G(i,7))p, otherwise
(20)



o Step III: With GG, obtained above, find the optimal
sensing matrix ®:

d =arg m(Ii)n||Gea ~ V707 0| (21)
and if ||Geq — VT @7 QU ||p < ||Geq — T T 0|
then ® = ® and go to Step [ with k — k+1

o Step IV: End while

We propose a novel algorithm based on SVD in the fol-
lowing to solve the corresponding minimization problem
(21) in Step II of the above algorithm.

A A
Denote V = (®W¥)7 = U7Y € REXM . The Gram ma-
trix can then be rewritten into

M

GEVVT =3 uwl (22)
k=1
Let

v=U[Yy 0]Q7 (23)

be an SVD of W. It is easy to see that

A&
v = \I/Tyk = Z Wmkqm
m=1
= QG 1:Nyw, Vk=1,2,--- .M (24
Define

A@) 2 Gou — G (25)

where G, is obtained through Step II of the above algorith-
m. For a given @, one wishes to update it with ¢ such that

1A@)]F < [|A@)]IF

and this can be done using the procedure given below. The
basic idea is to update the column vectors of

V= [ U1 Uk (Vs ]
one by one, leading to a new matrix
V= [ U1 U, Upg ]

Assume that the updating has been done for k
1,---,m —1, that is

)
@j:vj,ijm

To simplify the explanation, let us define a sequence of ma-
trices

Vi—1 £ [

U1

and hence

It is assumed that

[A(@)||F > [|Ak—1llF > ||Ak|lF, VE<m —1 (26)
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Let {\;.,} be the eigenvalue set of A,,_1 + v,,v,], which
is actually equal to G, — Vm,1V$_1 + vmv;c. Noting the
symmetry of such a matrix, one has

A1+ vmvl = EmAmE,Z

where A,,, = diag(An1, -+, Amrz)and E,, is the matrix
formed with a set of (orth-normal) eigenvectors of A,,, 1 +
Um Uy, -

Note

O,

Am & Gea — Vi VT = EpAmET — o,
with v,,, to be determined.

Obviously, if A\;,x > 0 is the maximal eigenvalue, one
possible choice for v,, is to take

Um = A17’L]<:E7n(:7 k) 27
as for such a choice, |[A,,[|F < [|[Ay,—1]|F holds. Since all
the vectors vy in V' should belong to the space spanned with
q1,92, - ,qN, one has to use the best projection of v,,, on

this space, which leads to

N
rDm = E Wmkqk
k=1

where W, = q,;rf)m, k=1,---,N as long as with the just
updated V;,, given by (28), and then produce for m + 1 until
all the vectors are updated. With such updated V', then

(28)

o=V (pypT)! (29)

4 Analysis of the Proposed Algorithm

To illustrate the behavior of the proposed algorithm and
compare it with other sensing matrix designs including
Gaussian matrix, Elad’s algorithm ! [6], DCS’s algorithm
[7] and ZRE’s algorithm [8], we provide a demonstration in
Fig. 1 and Fig. 2. We generate a random dictionary N X L,
and then compute the best projection matrix ¢ with the four
method. Both of the proposed algorithm and Elad’s algorith-
m are initialized with a M x N random matrix ®; and ran
1000 iterations.

Fig. 1 presents the distribution of the absolute value of
the off-diagonal elements of the corresponding normalized
Gram matrix to the five sensing matrix. As shown, there is
a remarkable shift towards the origin of the histogram after
optimized by our algorithm, with a shorter right tail which
represents the higher values.

Fig. 2 illustrates the convergence of the averaged mutual
coherence 14 (A),t = 0.2 for Elad’s algorithm and proposed
algorithm. As can be seen, our algorithm yields a smaller fi;
than that by Elad’s algorithm at almost every iteration.

IThis algorithm has two parameters ~ and ¢. In our simulations, we set
t = 20%,~y = 0.95, unless there is additional instruction.
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Fig. 1: Histogram of the absolute off-diagonal values of dif-
ferent Gram matrix (N = 25, M = 80 and L = 120).
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Fig. 2: Value of i (A), ¢ = 0.2 as a function of the iteration
for Elad’s algorithm and proposed algorithm (N = 25, M =
80 and L = 120).

5 Computer Simulation Results

We now present some numerical experiments to evaluate
the performance of the optimized projections via the sig-
nal recovery accuracy. We choose a dictionary ¥ € RV*L
and synthesize 1000 test signals {y; }}0:010 by randomly gen-
erating K-sparse L x 1 vectors {s;};2%, and computing
y; = VUs;. Then we apply random sensing projection and
designed projections to get measurements with z = ®y;.
OMP method is used to recover the sparse vectors §; from
the measurements by approximating the solution of

3j =arg min ||s|jp s.t. z; = ®Us

Then we reconstruct the signal ; = Us; and test the recov-
ery error of the relevant CS system via

1 1000
0 = o 2 I = 3w/l 3. o = 03

In the first experiment, the size of the CS system is M =
25, N = 80 and L = 120. The sparsity K varies in the
range [1,7]. The results are depicted in Fig. 3. As seen, our
proposed algorithm can yield a better recovery accuracy than
others for all sparsity levels.

The second experiment is similar to the first one, this time
fixing sparsity K = 4, we vary M from 16 to 40. The results
are shown in Fig. 4. As excepted, the results improves as M

increases for all projections. Once again it is evident that
our proposed sensing matrix outperforms the other sensing
matrices. We should point out that both of the settings of the
two experiments are the same as [6].
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Fig. 3: Reconstruction error e, as a function of the signal s-

parsity K for M = 25, N = 80, L = 120, with random pro-

jection and optimized projections. Note: a vanishing graph

implies a zero error rate.
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Fig. 4: Reconstruction error e, as a function of the num-
ber of measurement M, N = 80,L = 120, K = 4, with
random projection and optimized projections. Note: a van-
ishing graph implies a zero error rate.

6 Conclusions

In this paper, we investigate the problem of projection
matrix design for sensing signals which are sparse in over-
complete dictionaries and a novel algorithm based on SVD
for optimal projection matrix searching is proposed in this
paper. Experiments are given to show that the sensing matrix
obtained using our proposed algorithm outperforms others in
signal reconstruction accuracy.

Acknowledgment

This work was supported by the NSFC-Grants 61273195,
CPSF-Grant 2012M511386 and ZSFC-Grant Y 13F010050.

4824



References

[1] E. J. Candes, J. Romberg, and T. Tao, “Robust uncertainty
principles: Exact signal reconstruction from highly incom-
plete frequency information,” IEEE Trans. Inf. Theory, vol.
52, no. 2, pp. 489-509, Feb., 2006.

[2] D.L.Donoho, “Compressed sensing,” IEEE Trans. Inf. The-
ory, vol. 52, no. 4, pp. 1289-1306, Sept., 2006.

[3] E.J. Candes and T. Tao, “Near optimal signal recovery fom
random projection: universal encoding strategies?,” IEEE
Trans. Inf. Theory, vol. 52, no. 12, pp. 5406 - 5425, Dec.,
2006.

[4] M. F. Duarte and Y. C. Eldar, “Structured compressed sens-
ing: from theory to applications,” IEEE Trans. Signal Pro-
cess., vol. 59, no. 9, pp. 4053 - 4085, Sept., 2011.

[5] D. L. Donoho and M. Elad, “Optimally sparse representa-
tion in general (nonorthonormal) dictionaries via /1 mini-
mization,” Proc. Nat. Acad. Sci., vol. 100, no. 5, pp. 2197 -
2202, Mar. 2003.

[6] M. Elad, “Optimized projections for compressed sensing,”
IEEE Trans. Signal Process.g, vol. 55, no. 12, pp. 5695-
5702, 2007.

[7] J. M. Duarte-Carvajalino and G. Sapiro, “Learning to sense
sparse signals: simultaneous sensing matrix and sparsifying
dictionary optimization,” IEEE Trans. Image Process., vol.
18, no. 7, pp. 1395-1408, 2009.

[8] L. Zelnik-Manor, K. Rosenblum, and Y. C. Eldar, “Sensing
matrix optimization for block-sparse decoding,” IEEE Tran-
s. Signal Process., vol. 59, no. 9, pp. 4300-4312, 2011.

[9] T. Strohmer and R. W. Heath, “Grassmannian frames with
applications to coding and communication,” Appl. Comp.
Harmonic Anal., vol. 14, no. 3, pp. 257-275, May 2003.

[10] J. Tropp, I. S. Dhillon, R. W. Heath, Jr., and T. Strohmer,
“Designing structured tight frame via alternating projec-
tion,” IEEE Trans. Inf. Theory, vol. 51, no. 1, pp. 188-209,
2005.

[11] M. Yaghoobi, L. Daudet, and M. E. Davies, “Parametric
disctionary design for sparse coding,” IEEE Trans. Signal
Process., vol. 57, no. 12, pp. 4800-4810, 2009.

4825




<<
  /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 1.6
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /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 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 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 0.76
    /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 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 "Recommended"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


