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ABSTRACT
Penalized weighted least squares (PWLS) with better image

priors is a promising way to develop improved image-domain
dual-energy CT (DECT) methods for achieving high quality
basis material images. We propose a new method for DECT
that combines conventional PWLS estimation with regular-
ization based on sparsifying transforms (DECT-ST) learned
from datasets of numerous CT images. Numerical experi-
ments with phantom and patient data show that the proposed
method significantly improves the image quality over direct
matrix inversion decomposition and over PWLS decomposi-
tion with an edge-preserving hyperbola regularizer (DECT-
EP).

Index Terms— Dual-energy CT, Sparsifying transform
learning, Basis material decomposition, Machine learning.

1. INTRODUCTION

Dual-energy CT (DECT) enables characterizing concentra-
tion of constituent materials (e.g., soft tissue and bone) in
scanned objects, known as material decomposition [1]. The
decomposed material images are useful for many clinical
and industrial applications, such as kidney stone character-
ization and liver-fat quantification. Image-domain decom-
position methods [2, 3] for DECT decompose reconstructed
CT images at high and low energies into material images.
Image-domain methods are more practical than projection-
domain [4] and direct decomposition methods [5] that both
require sinograms or pre-log measurements that are not di-
rectly available on commercial DECT scanners. Howev-
er, image-domain methods are susceptible to artifacts (e.g.,
beam-hardening artifacts) and noise in reconstructed CT im-
ages, especially for low dose imaging.

Existing big databases of CT images could be exploited
to learn or adapt priors for improving image-domain DECT
methods. Xu et al. [6] applied dictionary learning to CT
image reconstruction by proposing a PWLS approach with
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regularization based on a trained redundant dictionary. Then
dictionary learning methods were applied to DECT for de-
noising [7] and reconstruction [8, 9]. A generalized analysis
dictionary learning method called sparsifying transform (ST)
learning [10] provides promising performance in low-dose
CT image reconstruction [11]. In contrast to the often highly
non-convex and NP-hard dictionary learning problems, the
transform model can be learned efficiently [10] due to the
simple thresholding-based sparse coding in the transform
domain. This paper proposes a new image-domain dual-
material decomposition method for DECT that combines a
weighted LS image-domain term with regularization based on
sparsifying transforms learned from datasets of CT images.
Numerical experiments with the NCAT phantom and clinical
data show that the proposed method (DECT-ST) improves
image quality and decomposition accuracy over direct matrix
inversion decomposition and over PWLS decomposition with
an edge-preserving hyperbola regularizer (DECT-EP).

2. PROBLEM FORMULATION

For image-domain DECT, we first use the sinograms at
each energy to reconstruct a two-channel image vector
y = (v, y5)T € R?No, where yy,y, are the attenua-
tion maps at high and low energy, respectively, and N, is
the number of pixels. Let x = (x7,x2)7 € R2r de-
note the stacked unknown material density images, where
x; = (1, %12, -+ Tpny - - - ,xle)T € RN» denotes the Ith
material for [ = 1,2. We solve the following optimization
problem to decompose x € R?*M» from y € R?N» using two
pre-learned ST matrices £2; € R™*™ and Q5 € R™*™:

.1
min —

2
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with the regularizer R is defined as R(x) £ ?11% S Zjvzl B
le

{HQlPljx — Zi; H§ + 7 ||zlj||0}, N is the number of image

patches, operator P;; € R™*No extracts the jth patch (over-
lapping patches assumed) of x; as a vector Py;x, z;; € R™
denotes the sparse coefficients for P;;x , and the £y “norm”
counts the number of non-zeros in a vector. Parameters [3;
for [ = 1,2, control the trade-off between noise and image



resolution and v; for [ = 1,2, control the sparsity in the
model.

The 2N, x 2N, mass attenuation cofficient matrix A is
defined as A = Ag®1Iy,, where “®@” denotes the Kronecker
product, and the 2 x 2 material decomposition matrix A is:

Y1H P2H

Ao = < YiL P2r > ’ @
where ;7 and 7, denote the mass attenuation coefficient of
the /th material at high and low energy, respectively. In this
work, these four values are obtained as ¢,y = g /p; and
w1, = pur/pr where p; denotes the density of the /th material
(1 g/lem? for water and 1.92 g/cm? for bone), and /1,7 and y;1,
denote the linear attenuation coefficient of the /th material at
high and low effective energy, respectively. To obtain y; 77 and
i, we manually select a uniform area in y and y, (e.g.,
water region and bone region) respectively and compute the
average pixel value in this area [2].

We assume that the acquired attenuation image y is de-
graded by additive noise € € R*M as y = Ax + €. The
statistical weight matrix W in (1) is a 2N, x 2NN, diagonal
matrix. Assuming that the low- and high-energy noise are
uncorrelated [12] and the noise in each pixel of the attenua-
tion images has equal variance [2], we rearrange the measure-
ments and compose W = W ;®Iy, with IV, small (and iden-
tical) 2 x 2 diagonal matrices where W ; = diag(c%,,02) ",
and 0% and 0% denote the noise variances of the attenuation
images at high and low energy, respectively. Each W de-
notes the weighting matrix corresponding to the jth pixel. In
this work, we compute W ; by calculating the standard devia-
tions of two uniform regions that are manually selected in the
acquired attenuation images.

We compare the adaptive approach in (1) to DECT-
EP [13], which differs from the proposed model in that
the edge-preserving regularization is defined as R(x) =
Zle BiRi(x;), where the regularizer for the /th material is
Ri(x1)= Y1, 1([Cx]x), where K = N, Ny, with Ny, be-
ing the number of neighbors of pixel z;,, C € RE*Nr s the
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finite difference matrix and vy (t) £ - (\ /14 3(t/o)% — 1).
The regularization term R(x) here strengthens the smoothness

of the decomposed material images while retaining boundary
sharpness [2].

3. ALGORITHM

3.1. Sparsifying Transform (ST) Learning

We learn two sparsifying transforms €2, and €25 independently
from patches extracted from a dataset of corresponding ma-
terial images. The following transform learning problem is
solved for [ = 1,2 using the algorithm in [10] that alternates
between a £y “norm” based sparse coding step (solving for
Z;) and a non-convex transform update step (solving for €2;):

N
min [ Y1~ Zal[E (2l ~ log det )+ 7212l

i=1
3
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where Y;,Y, € R™*N " are matrices of patches extracted
from the two material images, N’ is the number of training
patches (for each material), A = X\o|Y;||% where A > 0 is
a constant, 7 is a scalar parameter that controls the sparsi-
ty, Z; € R™N' for | = 1, 2, are matrices whose columns
Z;; are the sparse coefficients of the corresponding training
patches in Y. The term ||€2,Y; — Z;||% in (3) is called spar-
sification error, and denotes the deviation of the data in the
transform domain from its sparse approximation. The term
1€2,]|% — log |det | is a regularizer preventing trivial so-
lutions and controlling the transform condition number [10].
The cost of learning a ST in [10] scales as O(m?IN’) where
m is the number of pixels in a patch and [ is the number of
iterations.

3.2. Optimization algorithm
We propose an algorithm for (1) that alternates between up-
dating x (image update step) and {z,;;} (sparse coding step)
with other variables kept fixed.

3.2.1. Image update
With the sparse vectors z;; fixed, (1) reduces to the following
penalized weighted least squares (PWLS) problem:

1
min —

2 N
2
€R2Np 2 ”y - AXH%V + Z Zﬂl ”QIPUX - le”g . (4)

1=1 j=1
We solve (4) using FISTA-M [14, 15] (FISTA using a ma-
jorizer). For FISTA-M, the majorizer ¢y (x; u) of Ry(x), the
second term in (4), is given by:

Uar(o ) = Ro() 4 (VR (), x—u) 4 _x—uliy. )

The matrix M above is a diagonal majorizing matrix of
V2Ry(x) defined as follows:

2 N
M = V?Ry(x) =2 B Y PP, (6)
=1 j=1

Ignoring constant terms in (5) yields the following update
in FISTA-M:

. 1 1 .
XD — argmin o |ly —~ Ax|y + 5 lx — €D Re, ()

where £V = u(®) —~M~1VR,(u(?)). We assume periodically
positioned overlapping image patches with patch stride of 1
pixel, and that the patches beginning at image boundaries
wrap around on the opposite side of the image. Then the en-
tries of the diagonal matrix Zjvzl P;;Py; corresponding to
the /th material are equal to mIy, (Iy, € RN>*Nv is the
identity matrix, while the entries corresponding to the other
material are all zero. Therefore, the diagonal majorizer M is:
M = dlag (251m>\max(ﬂllﬂl)a QﬁQm)‘max(Q/QQ2)) & INp7
where Apax(+) denotes the maximum eigenvalue of a matrix.
Thus, we solve the image update problem in (4) by iterating
over the following FISTA-M steps (Vj = 1,2,---, N,) with
9 = 1 and ul® = x©) being an appropriate initialization,
and B; = ATW;A( + M is precomputed for all j:
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While (7) may appear computationally expensive because A
is large, we use the block diagonal structure in A to separate
the x-update in (7) into N, subproblems, i.e., the x-update
step in (8), where M; € R?*? is a diagonal weighting matrix

®)

w1 — x(+1) (xU+D — x(@)

denoting the majorizing matrix for (z1;, 2 j)T.

3.2.2. Sparse coding
With x fixed, we update all z;; values by solving

2 N
min 37 3" 6 {190Pyx —zs 3+ sl | ©)
=1 =1
The solution is obtained by hard-thresholding as Z;;
H,, (P;x), ¥ 1,j. If the magnitude of b is no less than
v, the hard-thresholding operator (applied element-wise to a
vector) H (b) returns b, else 0.

The cost of the proposed algorithm for I alternations
scales as O(m?IN,) and is dominated by the matrix-vector
products of the sparse coding step, since time-consuming
forward and back-projections are not involved.

4. EXPERIMENTAL RESULTS

4.1. NCAT phantom study

We evaluate DECT-ST and compare its performance to those
of the direct matrix inversion method and DECT-EP. We pre-
learned two ST matrices from five slices of water and bone
images of the XCAT phantom [16] (different from test image)
using (3), respectively. We extracted image patches of size
8 x 8. For water and bone, we chose A and 1 as {5.28 x
108,0.12} and {9.74 x 107, 0.15}, respectively. We ran 2000
iterations of the transform learning algorithm [10] to ensure
convergence. Fig. 1 shows the learned ST matrices with each
row displayed as an 8 x 8 patch.
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(a) transform for water (b) transform for bone
Fig. 1: Rows of learned transforms shown as 8 x 8 patches.
The simulated true NCAT images were 1024 x 1024 and
the pixel size was 0.49 x 0.49 mm?. We generated sinograms
of size 888 x 984 using GE LightSpeed X-ray CT fan-beam
system geometry corresponding to a poly-energetic source at
80kVp and 140kVp with 1.86 x 10° and 1 x 10 incident
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photons per ray, respectively. A total of 984 projections over
360° were obtained for each CT scan. We used filtered back
projection (FBP) to reconstruct 2D high and low energy at-
tenuation images of size 512 x 512, where the pixel size was
0.98 x 0.98 mm?.

We calculated the basis material images from attenua-
tion images via matrix inversion to initialize the DECT-EP
method. The DECT-EP method converges quickly in image
domain. For the proposed method, we used the images ob-
tained with the DECT-EP method as the initialization. For
DECT-EP, 3; was set as 28-° and 2° for water and bone re-
spectively, and §; = 0.01 g/cm® and d, = 0.02 g/cm®. For
DECT-ST, the parameters (31,32, and 71,72, were set as
{25, 27, 0.06, 0.05}. We empirically selected optimal pa-
rameter combinations for DECT-ST and DECT-EP to achieve
the best image quality and decomposition accuracy.

To evaluate performance, we computed the Root Mean
Square Error (RMSE) for the decomposed material images.
For a decomposed material image x;, RMSE is defined

as \/ N%) ij:pl(a?:lj — xj;)?, where zj; denotes the down-
sampled true density of the [th material at the jth pixel
location. Table 1 summarizes the RMSE of three different
methods. The proposed method further decreases the RMSE
achieved by DECT-EP or with direct matrix inversion.

Method | Direct Inversion | DECT-EP | DECT-ST
Water 77.7 40.2 35.0
Bone 78.7 53.7 46.2

Table 1: RMSE of decomposed images of basis materials by
different methods. The unit of RMSE is 1072 g/cm?3.

Fig. 2 shows zoom-ins of specific regions in the water
and bone decompositions. The proposed method successfully
differentiates basis materials and suppresses the high noise in
the direct matrix inversion method. In addition, the proposed
method provides better edges compared to DECT-EP.

4.2. Patient study

The patient data were obtained by Siemens SOMATOM
Force CT scanner using dual-energy CT imaging protocols.
The CT scanner applied the dual-source at 80kVp and
150kVp for dual-energy data acquisition. The CT images
of the patient’s thigh are shown in Fig. 3.

We used the same learned transforms (from XCAT) as in
Section 4.1. We used basis images calculated from matrix
inversion as initialization for the DECT-EP method and the
DECT-EP result was used as initialization for DECT-ST. For
DECT-EP, (3, §) were set as {21, 0.008} and {2'2, 0.015}
for water and bone, respectively. For DECT-ST, the param-
eters (81, 32) and (71,72) were set as {2 x 102, 3 x 10}
and {0.012, 0.024}. Results in Fig. 4 show that the proposed
DECT-ST provides better image edges, improved decomposi-
tion accuracy and decreased cross-talk compared to the other
two methods.



Fig. 2: First to fourth row: material images of ground truth,
direct matrix inversion decomposition, DECT-EP, and the
proposed DECT-ST, respectively. Water images are in the
first column with display window [0.25 1.6] g/cm?, and bone
images are in the second column with narrower window [0.12
0.25] g/cm?, to highlight differences in decomposed basis ma-
terial images.

5. CONCLUSIONS
We proposed a new method for DECT that combines an
image-domain WLS term with regularizer involving learned
sparsifying transforms, and demonstrated that the proposed
DECT-ST method outperformed the DECT-EP method (which
uses a fixed finite differencing type sparsifying model) in
terms of image quality and material decomposition accuracy
for both simulated and clinical studies. In future work, we
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Fig. 3: Thigh CT images of a patient. Left image is at the
high-energy: 150 kVp, and the right image is at the low-
energy: 80 kVp. Display window is [0.12 0.32] cm~!.

Fig. 4: First to third row: material images of direct matrix
inversion decomposition, DECT-EP, and the proposed DECT-
ST, respectively. Water and bone images are in the first (dis-
play window [0.25 1.5] g/cm®) and second (display window
[0 0.3] g/cm?) columns, respectively.

will investigate cross-material ST that accounts for correla-
tion between material images, for example, material images
share common edges. We will investigate reconstruction
methods using a more accurate DECT measurement model
[5] with ST-based regularization.
6. ACKNOWLEDGEMENT

The authors thank Dr. Tianye Niu, Zhejiang University, for
providing clinical DECT images for our experiments.



(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

(10]

(11]

7. REFERENCES

P. R. Mendonca, P. Lamb, and D. V. Sahani, “A flex-
ible method for multi-material decomposition of dual-
energy CT images,” IEEE Trans. Med. Imag., vol. 33,
no. 1, pp. 99-116, 2014.

T. Niu, X. Dong, M. Petrongolo, and L. Zhu, “Ttera-
tive image-domain decomposition for dual-energy CT,”
Med. Phys., vol. 41, no. 4, pp. 041901, Apr. 2014.

J. Harms, T. Wang, M. Petrongolo, T. Niu, and
L. Zhu, “Noise suppression for dual-energy ct via penal-
ized weighted least-square optimization with similarity-
based regularization,” Med. Phys., vol. 43, no. 5, pp.
2676-86, 2016.

J. Noh, J. A. Fessler, and P. E. Kinahan, “Statistical
sinogram restoration in dual-energy CT for PET attenu-
ation correction,” IEEE Trans. Med. Imag., vol. 28, no.
11, pp. 1688702, Nov. 2009.

Y. Long and J. A. Fessler, “Multi-material decompo-
sition using statistical image reconstruction for spectral
CT,” IEEE Trans. Med. Imag., vol. 33, no. 8, pp. 1614—
26, Aug. 2014.

Q. Xu, H. Yu, X. Mou, L. Zhang, J. Hsieh, and
G. Wang, “Low-dose X-ray CT reconstruction via dic-
tionary learning,” IEEE Trans. Med. Imag., vol. 31, no.
9, pp. 1682-97, Sept. 2012.

K. Mechlem, S. Allner, K. Mei, F. Pfeiffer, and P. B.
Noél, “Dictionary-based image denoising for dual ener-
gy computed tomography,” in Proc. SPIE 9783 Medical
Imaging 2016: Phys. Med. Im., 2016, pp. 97830E-1—
97830E-T7.

Y. Zhang, X. Mou, H. Yu, G. Wang, and Q. Xu, “Ten-
sor based dictionary learning for spectral CT reconstruc-
tion,” IEEE Trans. Med. Imag., vol. 36, no. 1, pp. 142—
54, 2017.

L. Li, Z. Chen, and P. Jiao, “Dual-energy CT reconstruc-
tion based on dictionary learning and total variation con-
straint,” in Proc. IEEE Intl. Symp. Biomed. Imag., 2012,
pp- 2358-61.

S. Ravishankar and Y. Bresler, “ly sparsifying transform
learning with efficient optimal updates and convergence
guarantees,” IEEE Trans. Sig. Proc., vol. 63, no. 9, pp.
2389-404, May 2015.

X. Zheng, Z. Lu, S. Ravishankar, Y. Long, and J. A.
Fessler, “Low dose CT image reconstruction with
learned sparsifying transform,” in Proc. IEEE Wkshp.
on Image, Video, Multidim. Signal Proc., July 2016, pp.
1-5.

56

[12]

[13]

[14]

[15]

[16]

R. Zhang, J. B. Thibault, C. A. Bouman, K. D. Sauer,
and J. Hsieh, “Model-based iterative reconstruction for
dual-energy X-ray CT using a joint quadratic likelihood
model,” [EEE Trans. Med. Imag., vol. 33, no. 1, pp.
117-34, Jan. 2014.

Y. Xue, R. Ruan, X. Hu, Y. Kuang, J. Wang, Y. Long,
and T. Niu, “Statistical image-domain multi-material
decomposition for dual-energy CT,” Med. Phys., vol.
44, no. 3, pp. 886-901, 2017.

S. Ravishankar and Y. Bresler, “Doubly sparse transfor-
m learning with convergence guarantees,” in Proc. IEEE
Conf. Acoust. Speech Sig. Proc., 2014, pp. 5262-6.

M. J. Muckley, D. C. Noll, and J. A. Fessler,
“Fast parallel MR image reconstruction via B1-based,
adaptive restart, iterative soft thresholding algorithms
(BARISTA),” IEEE Trans. Med. Imag., vol. 34, no. 2,
pp. 578-88, 2015.

W. P. Segars, M. Mahesh, T. J. Beck, E. C. Frey, and
B. M. W. Tsui, “Realistic CT simulation using the 4D
XCAT phantom,” Med. Phys., vol. 35, no. 8, pp. 3800-
8, 2008.



	MAIN MENU
	Help
	Search
	Print
	Author Index
	Program in Chronological Order


<<
  /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 1.7
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType true
  /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 false
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 2.00333
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /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 false
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.00333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /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 false
  /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 (U.S. Web Coated \050SWOP\051 v2)
  /PDFXOutputConditionIdentifier (CGATS TR 001)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /ENU ([Based on 'IEEE_Xplorer'] 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.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames false
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName (U.S. Web Coated \(SWOP\) v2)
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements true
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /UseName
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


