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Abstract. Linear independent component analysis (ICA) learns simple
cell receptive fields from natural images. Here, we show that linear complex-
valued ICA learns complex cell properties from Fourier-transformed natu-
ral images, i.e. two Gabor-like filters with quadrature-phase relationship.
Conventional methods for complex-valued ICA assume that the phases of
the output signals have uniform distribution. We show here that for nat-
ural images the phase distributions are, however, often far from uniform.
We thus relax the uniformity assumption and model also the phase of the
sources in complex-valued ICA. Compared to the original complex ICA
model, the new model provides a better fit to the data, and leads to Gabor
filters of qualitatively different shape.

Keywords: Complex Independent Components Analysis, Natural Im-
age Statistics, Modeling Fourier phase distribution.

1 Introduction

Natural image statistics has become a very useful tool in order to understand
how the visual part of the brain works (see for instance [I] for review). One of
the most relevant revelations has been that a set of linear sensors optimized to
obtain independent sources from natural image data resembles the Gabor-like
receptive fields in the primary visual cortex (V1) [213].

In recent years, the advances in natural image statistics have been mainly
in describing the statistics of the signals after this linear “simple cell” stage
[ABI6I7/89]. A common point of these models is that they focus on the to-
tal magnitude of the sensor (simple cell) outputs. Often, a combination of the
squared outputs of simple cells is learned, leading to something like complex
cells. However, there is evidence that relative magnitude, or phase, of simple
cells plays an important role. A simple example about the relative importance
of the magnitude and phase can be found in [I0]. In this example the magnitude
and the phase in the Fourier domain of two images were exchanged, and the
images which were perceptually more similar to the originals were the ones that
carried the phase information. Moreover there is experimental evidence of phase
coupled Gabor-like filters in V1 [I2/T1]. For this reason, Daugman [13] suggested
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that the receptive field in the first stage could be seen as Gabor sensors defined
in the complex domain: the real and the imaginary part are essentially the same
Gabor filter but with phases in quadrature.

Despite the evidence of the importance of the phase, not too much progress
has been made in statistically modeling the phase of the signals after the simple
cell step. The contributions in this field are restricted to models with a fixed
linear stage, the wavelet transform [I4[15]. Although this led to interesting re-
sults about the distribution of natural images, the statistics used in this kind of
modeling could depend on the particular choice of using the wavelet transform
as first linear stage.

Here, we aim at both modeling the phase distribution and learning the first
linear stage from the data. For that purpose, we are proposing an extension of
complex independent component analysis (cICA) [I6]. The proposed extension
deals with explicitly modeling the phase of non-circularly symmetric sources as
an alternative to [I7], which does consider non-symmetric sources but it does
not model the lack of symmetry.

The paper falls naturally in two parts. In Section[2 we review cICA and point
out its limitations in modeling the phase distribution. SectionBlshows how cICA
can be extended to better capture the distribution of the phase variable. The
extension includes the version of [I6] as special case. Although we focus here on
natural images, the extension can be applied to all kinds of data. Conclusions
are drawn in Section Fl

2 Complex Independent Component Analysis and Its
Limitations

As in Independent Component Analysis (ICA) for real variables, the goal in
complex ICA (cICA) [16] is to find a linear transformation W such that, when
applied to some vector of signals z, the elements of the output vector s = Wz
are statistically as independent as possible. The difference to real ICA is that W,
x, and hence also s are complex valued. Furthermore, instead of the transpose
W7, the transposed, complex conjugate W is used.

In ICA, one approach to find such a W is to first whiten the data and then
to maximize the kurtosis, or a statistically more robust contrast function. In
cICA, the same approach can be taken by appropriately defining whitening and
choosing an appropriate contrast function.

For complex variables, the random vector x is white if both the real and
imaginary part are white and if the real and imaginary parts are uncorrelated.
An equivalent condition is that E{zz®} = I and E{zz”} = 0. Denoting a
column of W by w;, in [16], cICA can be performed by optimization of Jg,

Je(W) = ZE{G(IwzH:ﬂ\Q)}, (1)
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under the constraint W W = I. Depending on the nature of the sources,
Jo needs to be maximized or minimized. The contrast function G must be a
smooth even function and x is assumed to be white. Possible candidates include

G(y) = f\/a + y?2 for a small constant a. In the simulations in the next section,
we will use this contrast function with a = 0.1. Note that the objective function
depends only on the moduli r; = \wf z| of the complex variable s; = le x,

no matter the choice of G. For sparse sources, maximization of this G leads to
consistent estimators [16].

An alternative viewpoint of cICA is based on maximum likelihood estimation
of the statistical model s = Wz where = and s are white and WHEW = 1.
Assuming independence of the sources in s = (s1,...,s,)7, the log-likelihood is

(W) =" logps, (w] ), (2)

t =

where x; is the t-th observation of z and ps, is the density of the sources s;.
Since the variables are complex valued, ps,(s;) is a bidimensional distribution
that can be written as p,¢ (73, ¢;)/7:, where r; is the modulus and ¢; is the phase
of s;. Assuming further that the modulus and the phase are independent and
that, importantly for the next sections, the distribution of the phase is a uniform
distribution, maximization of ¢ becomes maximization of

Jo(W) = Z Z (logpy(rit) —logri) . (3)

The term p,- denotes the distribution for the moduli r;, where we assume that all
of them follow the same distribution. Replacing sample average by expectation,
we obtain the objective function in Eqlwith G(r?) = log p,.(r) —log r. Note fur-
ther that the distribution p, of the squared modulus ¢ = 72 is p,(q) = p,(r)/(2r).
This means that G(g) = log py(q) +1log 2. Hence, the contrast function G used in
cICA can be directly related to the distribution of the squared moduli of the com-
plex sources. In particular, we can relate the contrast function G(q) = — \/ a+ ¢?,
where a is a small constant, to the choice of p, being a Gamma distribution,

pale) = ¢ L (4)

with k = 1. Then, logp,(q¢) = —g+ const, which is, up to additive constants, the
same as the above contrast function when a is small.

2.1 Simulations with Natural Images

We apply cICA on natural images in the Fourier domain. The natural images
are 16 x 16 patches extracted from the data base in [I§]. The data x on which we
apply cICA are the complex Fourier coefficients. For the visualization, we show
the obtained filters, which correspond to: the learned matrix W, combined with
the whitening matrix, and the Fourier transform.
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Fig. 1. Filters (see text for details) and features (defined by the pseudoinverse of the
filter matrix) obtained with cICA using the algorithm in [16], ordered according to
their contribution to the value of Jg in Eq. [l (first 36 of 126). Filters and features are
shown in pairs, with the real part at the left and the imaginary part at the right. Top:
complex filters. Bottom: complex features.

Fig. [l shows the results. The real and the imaginary part of the learned
complex filters are shown in pairs from left to the right. Real and imaginary
part are Gabor-like filters that are in quadrature-phase. This statistical result is
in line with measurements in V1 [I2[TT] and related empirical models [I3].

Complex ICA results essentially replicate those obtained by independent sub-
space analysis [4]. It is the complex-valued formalism which allows to automat-
ically create two-dimensional subspaces with a linear model formulation as in
ordinary ICA.

2.2 Checking Model Assumptions

Here we check whether, for natural images, the obtained complex sources s;
follow the assumption in cICA that the (squared) moduli follow a Gamma dis-
tribution and the phases are uniformly distributed.

Fitting gamma distributions to the empirical distributions of the modulus of
the sources leads to good fits, see Fig.[2l In contrast, the empirical distributions
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of the phases do not follow the model assumptions, as shown in Fig. The
clearly visible oscillations in the phases violate the assumption of uniformity in
cICA. These roughly bimodal histograms may be modeled by a modified von
Mises distribution to account for the two peaks,

1

k cos(2(¢—p)) 5
onlo(k) ’ (5)

p¢(¢‘k‘, M) =
where Ip(k) is the Bessel function of order 0. In contrast to the ordinary von
Mises distribution, we have here introduced the factor 2 inside the cosine to
model the two-peaked distributions seen in Fig. Bl Note that this distribution
correspond to a uniform distribution when the parameter k¥ = 0. In Fig. [ we
can see how fitting this distribution to the empirical distribution of the phase is
much more precise than fitting a uniform distribution.
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Fig. 2. Selection of distributions of the modulus of the cICA sources (blue) and the
fitted gamma distributions (black). The curves are strongly overlapping. Numbers refer
to the corresponding filters in Fig. [ (left to right, top to bottom).

3 Extension of Complex ICA

In this section we propose an extension of cICA. The extension builds on the
maximum likelihood approach to cICA in Eq. 2 It will take into account that
the distribution of the phase variables can be non-uniform, as found in natural
images (Eq. Bl and Fig. B)).

As in the previous section, we write in Eq. B ps, as pre (74, ¢;)/ri, where r;
is the modulus and ¢; is the phase of s;. Also as previously, we assume that
the modulus and the phase are independent. However, instead of assuming a
uniform distribution for the phases, we assume the distribution in Eq. Bl Here,
we can set u = 0 because this phase localization parameter is redundant: the
phase of the oscillations will be determined by the estimated features anyway.
Since this distribution includes the uniform distribution, our extension includes
the conventional cICA as a special case. With these assumptions, the maximum
likelihood principle leads us to maximize the following objective function

Jaq(W, ki) = ZE{G(M) + Q(di, ki) }- (6)
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Fig. 3. Selection of distributions of the phases of the cICA sources (blue) and the fitted
modified von Mises distributions (black). Numbers refer to the corresponding filters in
Fig. [ (left to right, top to bottom).

Fig. 4. Filters and features obtained with the extended cICA, ordered according to
ctheir contribution to the value of Jag in Eq. [0 (first 36 of 126). Filters and features
are shown in pairs with the real part on the left and the imaginary part on the right.
Top: complex filters. Bottom: complex features.

Here, 7; is the modulus of the complex number wilz, and ¢, is its phase.
As before, w; denotes a column of the matrix W and we have the constraint
WHW = I. The function G is, as before, related to the distribution of the
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Fig. 5. Phase distributions of the sources obtained using the modified cICA algorithm.
The distribution of the phases corresponding to the filters in Fig. [l are shown. Empirical
distributions are plotted in blue and fitted modified Von Mises distribution in black.

squared modulus. A possible choice is G(y) = —+/a +y2. The function Q is
related to the distribution of the phase and is given by Q(¢;, ki) = k; cos(2¢;),
and depends on the w; and the shape parameters k;.

This modification of cICA can also be considered from an information theoreti-
cal point of view. The main goal of all ICA-based algorithms is to obtain indepen-
dent sources, which is equivalent to reduce the mutual information (MI) between
them. Therefore, as M1(s1,582,...,5n) = Y, {h(ri) + h(¢:)} — h(s1,s2, ..., $n),
where h(-) is the entropy. This result can be derived by using the same assump-
tions as in section [2l Accordingly, we have to reduce the entropy of r; and ¢;,
(the joint entropy is invariant under unitary transforms). Note that the uniform
distribution is the one with maximum entropy when the domain is bounded.
Therefore, anything different to a uniform phase distribution will have less en-
tropy, which means less MI between the variables, and hence more independent
sources.

Fig. @ shows the results when the above extended cICA is applied to nat-
ural images (same setup as before). Note how the shape of the filters is more
elongated (especially the highest-ranked ones) and spatially more extended than
for the classical cICA. In Fig. Bl we can see the distribution of phases of the
sources obtained with the proposed algorithm. The distributions are similar to
the proposed modified von Mises distribution.

4 Conclusions

In this paper, we have started with modeling natural images with complex In-
dependent Component Analysis (cICA). This led to the emergence of complex
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filters where the real and the imaginary parts have the same Gabor-like shape
(same orientation and same frequency) but a phase difference of 7.

Checking the model assumptions in cICA, we have noticed that the assump-
tion of uniformity of the phases is often violated for natural image data. This led
us to formulate an extension of cICA which models also the phase distributions.
Simulations with natural images showed that the empirical distribution of the
phases provide a good match to the assumptions of the extended model.

Our research has the potential for more extensions. For instance, the assump-
tion of the independence between modulus and phase should be investigated
more carefully.

References

1. Simoncelli, E.P., Olshausen, B.A.: Natural image statistics and neural representa-
tion. Annual Review of Neuroscience 24(1), 1193-1216 (2001)

2. Olshausen, B., Field, D.: ‘Emergence of simple-cell receptive field properties by
learning a sparse code for natural images. Nature 381, 607-609 (1996)

3. Bell, A.J., Sejnowski, T.J.: ‘The ‘Independent Components’ of Natural Scenes are
Edge Filters. Vision Research 37(23), 3327-3338 (1997)

4. Hyvarinen, A., Hoyer, P.: Emergence of phase- and shift-invariant features by de-
composition of natural images into independent feature subspaces. Neural Compu-
tation 12(7), 1705-1720 (2000)

5. Portilla, J., Strela, V., Wainwright, M., Simoncelli, E.: Image denoising using scale
mixtures of Gaussians in the wavelet domain (2003)

6. Hyvérinen, A., Hurri, J., Hoyer, P.O.: Natural Image Statistics. Springer, Heidel-
berg (2009)

7. Lyu, S., Simoncelli, E.P.: Nonlinear extraction of independent components of nat-
ural images using radial gaussianization. Neural computation 21(6), 1485-1519

2009)

8. ](Eichhorn, J., Singz, F., Bethge, M.: Natural image coding in V1: how much use is
orientation selectivity? PLoS computational biology 5(4) (2009)

9. Malo, J., Laparra, V.: Psychophysically Tuned Divisive Normalization factorizes
the PDF of Natural Images. Neural Computation 22(12) (2010)

10. Oppenheim, A.V., Lim, J.S.: The importance of phase in signals. Proceedings of
the IEEE 69(5), 529-541 (1981)

11. Touryan, J., Felsen, G., Dan, Y.: Spatial structure of complex cell receptive fields
measured with natural images. Neuron 45(5), 781-791 (2005)

12. Pollen, D.A., Ronner, S.F.: Phase relationships between adjacent simple cells in
the visual cortex. Science 212(4501), 1409-1411 (1981)

13. Daugman, J.G.: Quadrature-phase simple-cell pairs are appropriately described in
complex analytic form. J. Opt. Soc. Am. A 10(2), 375-377 (1993)

14. Portilla, J., Simoncelli, E.P.: A Parametric Texture Model Based on Joint Statistics
of Complex Wavelet Coefficients. International Journal of Computer Vision 40(1),
49-70 (2000)

15. Cadieu, C.: Probabilistic Models of Phase Variables for Visual Representation and
Neural Dynamics, Ph.D. thesis, UC Berkeley (2009)

16. Bingham, E., Hyvéarinen, A.: A fast fixed-point algorithm for independent compo-
nent analysis of complex valued signals. International Journal of Neural Systems 10,
1-8 (2000

17. Erikéson7 )J., Seppola, A.M., Koivunen, V.: Complex ICA for circular and non-
circular sources. In: Proc. EUSIPOCO (2005)

18. Olmos, A., Kingdom, F.A.: Mcgill Calibrated Color Image Database (2004)



	Complex-Valued Independent Component Analysis of Natural Images
	Introduction
	Complex Independent Component Analysis and Its Limitations
	Simulations with Natural Images
	Checking Model Assumptions

	Extension of Complex ICA
	Conclusions
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /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 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 149
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /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 149
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /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 599
  /MonoImageMinResolutionPolicy /Warning
  /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 <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /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 <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /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.)
    /DEU <>
  >>
  /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 [595.276 841.890]
>> setpagedevice




