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Sparse Recovery Algorithms for Pilot Assisted MIMO OFDM
Channel Estimation

Chenhao QI†,††a), Student Member and Lenan WU†, Nonmember

SUMMARY In this letter, the sparse recovery algorithm orthogonal
matching pursuit (OMP) and subspace pursuit (SP) are applied for MIMO
OFDM channel estimation. A new algorithm named SOMP is proposed,
which combines the advantage of OMP and SP. Simulation results based
on 3GPP spatial channel model (SCM) demonstrate that SOMP performs
better than OMP and SP in terms of normalized mean square error (NMSE).
key words: MIMO, OFDM, channel estimation

1. Introduction

In traditional least square (LS) OFDM channel estimation,
we must acquire channel frequency response at pilot po-
sitions and then use these observations to interpolate the
rest of the subcarriers. Generally, accurate channel estima-
tion requires more pilots than unknown channel coefficients.
When channel has large delay spread and contains abundant
multipaths, the pilot number raises rapidly. For MIMO, the
overhead of pilot symbols becomes considerable as trans-
mitting antennas increase. Therefore, one possible solution
is to assume the channel sparsity as a priori. Wireless chan-
nels in practice are typically sparse. Channel impulse re-
sponse usually presents to be a large number of taps with
very few of them nonzero. With sparse recovery algorithms,
the number of pilots can be substantially reduced. Some
published work has already shown progress in this field [1],
[2]. Matching pursuit (MP) [3] and orthogonal matching
pursuit (OMP) [4] are commonly employed, which sequen-
tially identifies a small subset of nonzero taps. Although the
algorithms are suboptimal and greedy in nature, they are ef-
ficient in terms of performance and complexity. They have
been proved to be more accurate than LS approach with less
pilots.

In this letter, we formulate OFDM frequency domain
channel estimation as a sparse recovery problem and ap-
ply MP, OMP, and subspace pursuit (SP) algorithms. Af-
ter that, we propose a subspace orthogonal matching pur-
suit (SMOP) algorithm combining the advantage of OMP
and SP. Random pilot placement is adopted according to
restricted isometry property (RIP) [5]. With frequency or-
thogonal pilot placement, we extend our work to MIMO
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OFDM. 3GPP spatial channel model (SCM) [6] is applied
in our simulations.

2. System Model

We consider a multipath environment with S clusters or
scatters. The channel impulse response between the i-th
transmitter and the j-th receiver is modeled as

hji(τ, t) =
S∑

p=1

α
ji
p (t)δ(τ − τp(t)) (1)

where α ji
p (t) ∈ C and τp(t) ∈ R+ are complex-valued mag-

nitude and real-valued delay spread for path p, respectively.
With block-fading channel assumption where the channel
parameters are constant over each block and assuming per-
fect symbol synchronization, the equivalent discrete impulse
response of the channel can be modeled as

hji(m) =
S∑

p=1

α
ji
p δ((m − τp)Ts) (2)

where Ts is the sampling interval of the system. We no-
tice that in high data rate communication systems where Ts

is very small compared to the maximum delay spread, (2)
results in a channel with a relatively few nonzero taps. As-
suming total channel taps to be L and S of them nonzero
(S � L), we call it S -sparse channel.

Considering an OFDM system with N subcarriers,
among which Np subcarriers are selected as pilots with po-
sitions represented by k1, k2, . . . , kNp (1 ≤ k1 < k2 < . . . <
kNp ≤ N) and Nd (Nd = N − Np) subcarriers are used for
data transfer. We denote the transmitted pilot symbols and
the received pilot symbols as X(k1), X(k2), . . . , X(kNp) and
Y(k1), Y(k2), . . . , Y(kNp), respectively. The estimated trans-
fer function on pilot subcarriers is

Ĥ(m) =
Y(m)
X(m)

, m = k1, k2, . . . , kNp (3)

Then we make linear interpolation or cubic spline interpo-
lation between each two neighboring pilot subcarriers and
get the channel transfer function Ĥ(m) (m = 1, 2, . . . ,N),
which approximates Discrete Fourier Transform (DFT) of
the channel impulse response as defined in (2). In order to
make use of channel sparsity, we formulate the problem as
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⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

Y(k1)
Y(k2)
...

Y(kNp )

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
=

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

X(k1) 0 0 0
0 X(k2) 0 0

0 0
. . . 0

0 0 0 X(kNp )

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

·FNp×L ·

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

h(1)
h(2)
...

h(L)

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
+

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

n(1)
n(2)
...

n(Np)

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
(4)

where [h(1), h(2), · · · , h(L)]T is the channel impulse re-

sponse,
[
n(1), n(2), · · · , n(Np)

]T
is the noise vector with

each element to be an AWGN variable and

FNp×L =
1√
N

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

1 ωk1 · · · ωk1·(L−1)

1 ωk2 · · · ωk2·(L−1)

...
...

. . .
...

1 ωkNp · · · ωkNp ·(L−1)

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

where ω = e− j2π/N . Actually FNp×L is a submatrix se-

lected by row index
[
k1, k2, · · · , kNp

]
and column index

[0, 1, · · · , L − 1] from a standard N × N Fourier matrix.

For simplicity, we denote n =
[
n(1), n(2), · · · , n(Np)

]T
,

h = [h(1), h(2), · · · , h(L)]T, y =
[
Y(k1), Y(k2), · · · , Y(kNp)

]T
,

X = diag
{
X(k1), X(k2), · · · , X(kNp )

}
and A = X · FNp×L, so

y = A · h + n (5)

It’s observed from Eq. (5) that the purpose of channel esti-
mation is to obtain h from y and A. If rows of A is more
than its columns (Np > L), Eq. (5) is a standard LS problem
with its solution

ĥLS = (AH A)−1 AH · y (6)

Obviously, we are more interested in the case when the pi-
lots are less than the channel coefficients (Np < L). It’s
significantly appealing in reducing pilots and thus improv-
ing the spectral efficiency. Theoretically, there’s feasible so-
lution for sparse recovery problem [5] if most elements of
vector h are zero (S � L).

Since MIMO OFDM channel estimation can be de-
composed into simultaneously estimating of several SISO
OFDM channels where we employ frequency orthogonal
pilot placement for different transmitters, we will mainly
focus on sparse recovery algorithms for each SISO OFDM
channel in the following section.

3. Sparse Recovery Algorithms

A collection of sparse recovery algorithms has recently
emerged with the name compressive sensing [7], which en-
ables efficient reconstruction of sparse signals from rela-
tively few linear measurements. A S -sparse vector h ∈ RL

can be recovered from Eq. (5) with deliberately designed
A ∈ RNp×L by solving �0-norm minimization problem

min
h∈RL
‖h‖0 s.t. ‖y − A · h‖2 ≤ σ (7)

where ‖h‖0 counts the number of nonzero components of
h and S ≤ Np ≤ L. This problem is combinatorial and
NP hard. However, Candes, Tao, Donoho, Tropp and their
colleagues have shown that it can be replaced by a convex
optimization problem [7], [8]

min
h∈RL
‖h‖1 s.t. ‖y − A · h‖2 ≤ σ (8)

where σ is the variance of noise n. Methods for solving
above and closely related problems can be roughly divided
into two classes, including greedy algorithms and convex
optimization algorithms. Here we mainly focus on greedy
algorithms due to its low complexity. In application of time-
varying channel where channel estimation is frequently car-
ried out, it’s inappropriate to choose high computational
convex optimization algorithms.

3.1 MP and OMP

MP [3] is a sort of algorithm that constructs a linear combi-
nation of matrix columns closest to the signal. At each step,
a new column that best correlates with the current residue
is added to current selection. Then it updates the residue
by projecting it onto the new selection. Although MP can
rapidly find an approximation with asymptotic convergence,
its shortcoming lies in the fact that it may select the same
columns several times which lowers the efficiency. Hence,
OMP [4] has been proposed as a revised MP by only using
residue’s orthogonal component for next iteration. Only the
component that is orthogonal with the space spanned by the
previous selected columns is preserved. OMP has proved to
be one of the most efficient algorithms for sparse recovery
problem [9]. In practical applications, OMP is always the
best candidate because of its reasonable tradeoff between
performance and complexity. The shortcoming of OMP lies
in its unidirectional adding new columns without removing
out-dated columns. When a selection error occurs, the itera-
tion will continue to the end without correcting them adap-
tively. Aiming at these disadvantages, SP have been pro-
posed.

3.2 SP

The idea of SP is to iteratively refine S columns selection
from the dictionary matrix through LS method until the stop
condition is satisfied [10]. Although it still relies on greedy
rule for column selection, it allows new columns to enter
into as well as leave the selection set. At each step, it selects
S columns rather than only one column as in MP and OMP.
The subspace spanned by S columns is thus tracked down,
which is the implication of its name. The weak point of SP
is that we should know S before the start of the algorithm.
Otherwise we can only guess a value for S . So it’s necessary
to extend SP to the occasion where the sparsity is unknown.
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3.3 SOMP

The stop condition for OMP employs the threshold that
equals to the noise variance, while the counterpart for SP
only relies on previous iterative result. Apparently the lat-
ter is more appealing since it can iteratively refine the re-
sult. Besides, SP allows the columns to enter into as well
as leave the selection set, which is the chief drawback for
OMP. At each iteration, OMP always greedily selects one
column vector, while SP selects several columns in batch.
The possibility to correctly find one column with one selec-
tion is much lower than with batch selection. As a result, we
combine the advantage of OMP and SP and propose SOMP.
The intention is first to identify the sparsity using OMP and
then to find a sparse solution with SP. By the way the recov-
ery result of OMP indicating the column selection can also
be adopted for the first iteration of SP.

Definition: If matrix M satisfies that MH M is invert-
ible, we define the orthogonal part of y on M to be

orthg(y,M) � y − MM†y (9)

where

M† = (MH M)−1 MH (10)

is the pseudo inverse of M.

Algorithm 1 SOMP
Input: A, y, σ
1. Normalize columns of A:

Normalize each column of matrix A with a coefficient
diagonal matrix C so that A = D · C

2. Identify the sparsity:
Initialization:

r1 = y, I1 = ∅, Ic
1 = {1, . . . , L}

Iteration: k = 1, 2, . . .
mk = arg maxi∈Ic

k
| < D(i), rk > |

uk = D(mk) −∑i∈Ik
< D(mk),ui >

ui

‖ui‖22
rk =< rk, uk >

uk

‖uk‖22
+ rk+1

if ‖rk+1‖2 ≤ σ, break
Ik+1 = {Ik,mk}, Ic

k+1 = Ic
k\{mk}

Store Ik+1 in Î
3. Get the sparse solution:

Initialization:
S = ‖Î‖0, d1 = orthg(y, D(Î))

Iteration: k = 1, 2, . . .
If dk = 0, break
z = DH dk

Ip =
{
(l1, . . . , lS ) : |z(l1)| ≥ · · · ≥ |z(lS )| ≥ · · · ≥ |z(lL)|

}

I′ = Î
⋃

Ip, w = D†(I′)y
Iq =
{
(l1, . . . , lS ) : |w(l1)| ≥ · · · ≥ |w(lS )| ≥ · · · ≥ |w(lL)|

}

dk+1 = orthg(y, D(Iq))
If ‖dk+1‖2 > ‖dk‖2, break
Î = Iq

Store x: x(Î) = D†(Î)y, x(Îc) = 0
4. Output:

ĥsomp = C−1 x

We describe the SOMP algorithm as follows. First we
normalize each columns of A and get a coefficient diago-
nal matrix C. Then we start to identify the sparsity of the
solution. Index set I1 indicating current selected columns
is initialized to be empty while its complementary set Ic

1 is
{1, 2, . . . , L}. Current residue r1 is initialize to be y. At k-th
iterative step, we select a column index mk from Ic

k so that
D(mk) has the largest inner product with current residue rk.
Gram-Schmidt orthogonalization is implemented on D(mk)
to remove the component inside the column space spanned
by Ik. {uk} is an iteratively generated set which can be re-
garded as unnormalized base vectors for the space spanned
by Ik. Then we update rk by projecting it on this space. If
the stop condition ‖rk+1‖2 ≤ σ is satisfied, we break the iter-
ation and store Ik+1 in Î. Otherwise we update Ik+1 by adding
mk into Ik; meanwhile its complementary set Ic

k+1 is also up-
dated. After that, we enter into the stage for sparse solution.
The identified sparsity S is initialized to be the size of Î. d1

is initialized as the orthogonal part of y on D(Î), where D(Î)
is defined as the submatrix from D with its columns indexed
by Î. At k-th iterative step, we first check whether dk is zero.
If so, we break the iteration. Otherwise, we project dk onto
D, from which we pick up S largest components and store
their indices in Ip. The union of Î and Ip is denoted as I′.
From D†(I′)y we picking up S largest components and re-
fine Iq. Let dk+1 denote the orthogonal part of y on D(Iq).
If ‖dk+1‖2 appears to be greater than the last step, it means
the orthogonal part can’t be smaller. We break the iteration.
Otherwise we update Î by Iq. When out of iteration, x is
yielded with nonzero components indexed by Î satisfying
x(Î) = D†(Î)y and C−1x is output as the final solution.

In practice, channel multipath number is usually un-
known. It do exists that OMP gets a wrong sparse solution
while its identification on sparsity is correct. In this case
SOMP continues with batch selection and eventually gets a
correct recovery. In optimization research field [11], [12],
it’s common to use two steps for sparse recovery, with the
first to identify the sparsity and the second to decide corre-
sponding value. The difference is that SOMP uses a com-
bined greedy algorithm instead of high computational opti-
mization algorithm. Therefore, SOMP may offer one point
of view to develop similar low complexity sparse recovery
algorithms.

4. Simulation Results

In our simulations, we consider MIMO OFDM system with
two transmitting antennas and two receiving antennas. The
channels are generated using 3GPP SCM [6], where we ap-
ply MP, OMP, SP and SOMP algorithms for channel esti-
mation. According to [5], we can randomly place pilots
among all OFDM subcarriers so that the matrix A in (5) sat-
isfies RIP. Meanwhile, with the purpose to simplify MIMO
OFDM channel estimation problem, we employ frequency
orthogonal pilot placement for different transmitting anten-
nas. For example, we place 12 pilots among 256 subcarriers
for two different transmitting antennas. First we randomly
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Table 1 System parameters.

Number of transmitting antennas Nt = 2
Number of receiving antennas Nr = 2

Number of total subcarriers N = 256
Number of pilot subcarriers Np = 12

Number of cyclic prefix NG = 64
Number of channel multipaths S = 5

Length of channel impulse response L = 40
Modulation QPSK

Fig. 1 NMSE vs. SNR with unknown sparsity.

select 2 × 12 = 24 positions from 256 positions. Then we
randomly choose 12 positions from the selected 24-position
set for one transmitter. The remaining 12 positions are used
for another transmitter’s pilot placement. Thus pilots for dif-
ferent antennas are un-overlapped and do not interfere each
other. 2 × 2 MIMO OFDM channel estimation problem is
decoupled into 4 SISO OFDM channel estimation problems.
Hence we can concentrate on sparse channel estimation for
each SISO OFDM.

System parameters in our simulations are listed in Ta-
ble 1. Pilot positions used in simulations are [6, 20, 36,
58, 70, 90, 118, 169, 182, 202, 223, 240]. Performance
comparisons of MP, OMP, SP, SOMP and LS with cubic
spline interpolation in terms of normalized mean square er-
ror (NMSE) are illustrated in Fig. 1. We define NMSE as

NMSE{ĥ} = ‖ĥ − h‖22
‖h‖22

where ĥ is the estimation of h.
It’s observed from Fig. 1 that LS cubic spline which

does not take channel sparsity as a prori performs much
worse than sparse recovery algorithms. SOMP has the best
performance especially for SNR from 15 dB to 30 dB. In this
range, the noise is unnegligible and it disturbs the correct se-
lection for OMP. The reason is the one selection manner and
greedy essence of OMP as we analyzed in Sect. 3.3. When
SNR is beyond 35 dB, the noise is much smaller compared

to the signal component, in this case OMP can also do the
right thing as SOMP. For SNR lower than 15 dB, OMP and
SOMP are difficult to distinguish because the noise deteri-
orates both algorithms. Consequently, SOMP combines the
advantages of OMP to identify the sparsity and SP to refine
the best group selection. It has been demonstrated to be an
appropriate candidate for low complexity sparse recovery.

5. Conclusions

This letter studied the sparse recovery algorithms for pi-
lot assisted MIMO OFDM channel estimation, where MP,
OMP and SP are applied and SOMP is proposed. Further
work will continue on sparse recovery algorithms and com-
plexity reduction will be emphasized.

Acknowledgments

The work is supported by the National High Technology Re-
search and Development Program (863 Program) of China
under Grant 2008AA01Z227 and the National Natural Sci-
ence Foundation of China under Grant 60872075.

References

[1] M. Sharp and A. Scaglione, “Application of sparse signal recovery
to pilot-assisted channel estimation,” Proc. ICASSP, pp.3469–3472,
Las Vegas, NV, USA, March 2008.

[2] S.F. Cotter and B.D. Rao, “Sparse channel estimation via match-
ing pursuit with application to equalization,” IEEE Trans. Commun.,
vol.50, no.3, pp.374–377, March 2002.

[3] S.G. Mallat and Z. Zhang, “Matching pursuits with time-frequency
dictionaries,” IEEE Trans. Signal Process., vol.41, no.12, pp.3397–
3415, Dec. 1993.

[4] Y.C. Pati, R. Rezaiifar, and P.S. Krishnaprasad, “Orthogonal match-
ing pursuit: Recursive function approximation with applications to
wavelet decomposition,” Proc. 27th Asilomar Conference on Sig-
nals, Systems and Computers, pp.40–44, Los Alamitos, CA, USA,
Nov. 1993.

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

[6] J. Salo, G. Galdo, J. Salmi, P. Kyosti, M. Milojevic, D. Laselva,
and C. Schneider, “MATLAB implementation of the 3GPP spatial
channel model,” 3GPP TR 25.996, Nov. 2005.

[7] D.L. Donoho, “Compressed sensing,” IEEE Trans. Inf. Theory,
vol.52, no.4, pp.1289–1306, April 2006.

[8] J.A. Tropp, “Just relax: Convex programming methods for identify-
ing sparse signals in noise,” IEEE Trans. Inf. Theory, vol.52, no.3,
pp.1030–1051, March 2006.

[9] J.A. Tropp and A.C. Gilbert, “Signal recovery from random mea-
surements via orthogonal matching pursuit,” IEEE Trans. Inf. The-
ory, vol.53, no.12, pp.4655–4666, Dec. 2007.

[10] W. Dai and O. Milenkovic, “Subspace pursuit for compressive
sensing: Closing the gap between performance and complexity,”
Preprint, 2008.

[11] S. Boyd and L. Vandenberghe, Convex Optimization, Cambridge
University Press, Cambridge, U.K., Dec. 2004.

[12] S.S. Chen, D.L. Donoho, and M.A. Saunders, “Atomic decomposi-
tion by basis pursuit,” SIAM Rev., vol.43, no.1, pp.129–159, 2001.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 600
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 2.00000
  /EncodeColorImages false
  /ColorImageFilter /None
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 600
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages false
  /GrayImageFilter /None
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages false
  /MonoImageFilter /None
  /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 ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


