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Informative Change Detection by Unmixing
for Hyperspectral Images

Alp Erturk, Member, IEEE, and Antonio Plaza, Fellow, IEEE

Abstract—Applying spectral unmixing on a series of multitem-
poral hyperspectral images for change detection has the potential
to reveal important subpixel-level information, such as the abun-
dance variation of each underlying material in a given location
or the change in the distribution of materials throughout the
scene, with time or resulting from significant events such as a
natural disaster. However, change detection by spectral unmixing
for hyperspectral images has not been extensively studied up to
now, and most studies have been limited to specific cases and data
sets. This is caused by the scarcity of real multitemporal hyper-
spectral data and the inherent difficulties in applying unmixing
to multitemporal hyperspectral data in a coherent way. In this
letter, we investigate change detection for hyperspectral images
by spectral unmixing and systematically present the advantages
that can be gained by using such an approach, supported by
experimental studies conducted on carefully prepared synthetic
data sets and also with real data sets.

Index Terms—Change detection, hyperspectral imaging, spec-
tral unmixing.

I. INTRODUCTION

HYPERSPECTRAL imaging provides an increased capa-
bility for many image processing tasks such as classifi-

cation, detection, and identification, by utilizing the wealth of
spectral information contained in the data [1]. Change detec-
tion, the process of detecting variations on a scene through
the processing of multitemporal images, is used for many
applications ranging from environmental monitoring and city
planning to detection of pollution, crop stress, and military
targets [2].

Global linear predictors are benchmark approaches in hy-
perspectral change detection. Chronochrome (CC), proposed in
[3], is a linear prediction method and relies on finding a linear
transformation between two data sets based on joint second-
order statistics. Covariance equalization (CE), a similar method
based on whitening and proposed in [4], aims to reduce sensitiv-
ity to misregistration by not using the cross-covariance matrix.
An optional anomaly detection step can be used after either
method to detect anomalous changes. Subspace-based change
detection (SCD), proposed in [5], aims to detect the changes
in one hyperspectral image by using the background subspace
of the corresponding pixel in the other image. Elliptically
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contoured distribution based change detection is proposed in
[6] to address the fact that real data are generally not Gaussian.
Iteratively reweighted multivariate alteration detection utilized
in [7] relies on canonical variants to detect the changes.

Hyperspectral change detection by spectral unmixing, in
contrast to other change detection approaches, has the poten-
tial to actually provide easily interpretable information on the
nature of the change, instead of providing only the locations
that exhibit changes in the scene. Spectral unmixing is the
process of decomposing pixels into a set of abundances of pure
material spectral signatures, which are called endmembers [8].
Change detection by unmixing offers the important promise of
providing the nature of the change, whether it is a change in
the abundances of pure materials in the pixel or the addition/
subtraction of an endmember to/from the scene. These varia-
tions relate to real-life situations such as a new crop cultivated
in a given farmland area (i.e., change of the endmember with the
prominent abundance in a given location), natural disasters such
as flooding (i.e., change in the abundance of a given endmember
throughout the scene), crop stress (i.e., a change in the endmem-
ber signature or a new endmember), military targets (i.e., new,
possibly anomalous, endmembers in the scene), and so on.

Hyperspectral change detection by unmixing is still in an
early stage in the literature, with most studies being limited to
case studies with a certain limited problem and a correspond-
ing data set. For instance, [9] presents a general framework
for hyperspectral change detection using unsupervised linear
unmixing. In [10], subpixel change detection is addressed for
a case study using abundance and slope features. In [11],
multitemporal unmixing of medium spatial resolution data is
discussed with applications in land-cover mapping. The real
advantage of change detection by unmixing, i.e., the possibility
to obtain more information than the usual one achieved by other
change detection techniques, is generally only briefly touched
upon, if at all. In this letter, change detection by unmixing is
examined in detail, and the information and the advantages that
such an approach provides are showcased through systematic
experiments on synthetic data sets, in addition to real data.

The remainder of this letter is organized as follows. Section II
describes the proposed methodology for change detection by
unmixing. Experimental results are provided in Sections III and
IV for synthetic and real data sets, respectively. This letter is
concluded in Section V, which also includes hints at plausible
future research lines.

II. METHODOLOGY

Our strategy for hyperspectral change detection by unmixing
involves detecting the dimensionality of the data, extracting the
pure spectral signatures (endmembers) of the materials in the
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scene, calculating the abundance maps of the corresponding
materials, and then detecting the change in abundance maps
through time.

Whereas sparse unmixing with a spectral library would have
the advantage of circumventing the need for detecting the
number of endmembers and extracting these endmembers [12],
constructing the spectral library generally involves significant
efforts. For simplicity, in this work, the endmembers are di-
rectly extracted from the hyperspectral data; hence, a spectral
library with a sparse unmixing approach is not utilized.

Prior to endmember extraction, the number of endmembers,
i.e., the actual dimensionality of the data, should be determined.
In this letter, hyperspectral signal identification by minimum
error (HySime) [13] is utilized for this purpose and applied
on the whole multitemporal hyperspectral series, i.e., on all
of the hyperspectral data sets acquired from the same scene at
different times, in conjunction, instead of on each temporal data
set separately. HySime is applied to the whole multitemporal
series because endmembers will be extracted from the whole
multitemporal data, the reason of which will be explained
shortly. It also ensures that the result is more robust.

After the number of endmembers is estimated, endmember
extraction is applied to the full multitemporal hyperspectral
data set. This results in a common endmember pool and ensures
that multiple pixels are not selected for the same endmember
in different data sets. Note that, if an endmember is present in
one temporal data set and absent in another temporal data set
of the same series, it will still be extracted by this approach.
Whereas applying HySime and endmember extraction on the
whole multitemporal data set gives more robust and stable
results, it also results in the simplification that the variability
of the spectral signatures of endmembers themselves through
time is disregarded. Future studies will address this issue.

There are various endmember extraction algorithms (EEAs)
in the literature. Some, like N-FINDR [14] and vertex compo-
nent analysis (VCA) [15], operate with the assumption that pure
materials are available in the scene, while others such as min-
imum volume simplex analysis [16] and simplex identification
via split augmented Lagrangian (SISAL) [17] operate without
this assumption but may, in turn, lead to virtual endmembers.
In this letter, one method from each category, N-FINDR and
SISAL are utilized as the EEAs. However, our proof of concept
works with any EEA.

After the endmembers are extracted from the multitemporal
data series, fully constrained least squares (FCLS) [18] is used
to obtain the abundances in each pixel for each endmember,
in each temporal data set. In other words, the endmember set
is common, whereas the abundances are determined for each
temporal data set separately.

In a last step, the change in each abundance map for each
endmember is calculated by a simple difference operation be-
tween the corresponding abundance maps of different temporal
data sets, and the total change map can be obtained by the
summation of the change maps for each endmember.

III. EXPERIMENTS ON SYNTHETIC DATA

A. Synthetic Data Set 1

The first synthetic multitemporal data set is simulated from
the well-known ROSIS Pavia University data [19]. The tem-

Fig. 1. RGB images for the first synthetic data set.

Fig. 2. Abundance maps. (a) For the first temporal data set. (b) For the second
temporal data set.

poral data sets belong to the area around the metal building in
the scene and are of size 120 × 70 × 103 pixels. The spatial
resolution of the data is 1.3 m, and the spectral resolution is
4 nm. A synthetic change between the two temporal data
samples is simulated so that the vegetation regions between the
parts of the building are modified to dirt in the second temporal
data set. This modification is done in terms of abundance, i.e., at
subpixel level, and gradually so that diagonally the upper parts
of the image have more change than the lower parts. The RGB
images of the temporal data sets are provided in Fig. 1.

Additive Gaussian white noise with 30-dB signal-to-noise
ratio (SNR) is added to each temporal data set. HySime, when
applied to the whole multitemporal data set, estimates five end-
members. The endmembers are extracted by N-FINDR from
the whole multitemporal data series, and the abundance maps
are estimated for each temporal data set. The abundance maps
obtained by FCLS are presented in Fig. 2.

It can be observed from Fig. 2 that the significant change
is from the first endmember to the fifth endmember, which
correspond to vegetation and dirt, respectively. In other words,
by using the change detection by unmixing, we can also ob-
serve extra information indicating that some pixels with high
vegetation abundance have changed to be mostly dirt in the
second temporal data set instead of just detecting that there
is change in some pixels. It is important that other change
detection approaches cannot provide this extra information.
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Fig. 3. Change maps for the first synthetic data set. (a) EUC. (b) CC.
(c) Unmixing (N-FINDR as EEA). (d) Unmixing (SISAL as EEA).

Fig. 4. ROC curves for the first synthetic data set.

Fig. 3 gives a comparison between the change maps obtained
by Euclidian distance (EUC), CC, and final change map ob-
tained using the change detection by unmixing approach, with
N-FINDR or SISAL as the EEA. In this letter, CC is applied
in a global manner, i.e., finding a global transformation matrix
instead of local transformation matrices, for computational
reasons. The spectral angular distance and CE were also inves-
tigated as methods for our experimental results but discarded
due to the significantly worse results that they provided in each
case. It can be observed from Fig. 3 that the methods perform
comparably. However, neither EUC nor CC provides the extra
information reported in Fig. 2.

In Fig. 4, receiver-operating-characteristic (ROC) curves are
presented for the utilized methods, based on a manually pre-
pared ground truth. Euclidian distance and the proposed change
detection by unmixing approaches perform better than CC, and
using N-FINDR as the EEA performs better than using SISAL
as the EEA, as expected also from Fig. 3.

B. Synthetic Data Set 2

The second synthetic multitemporal data set is also formed
from the ROSIS Pavia University data. The data comprise a
crossroads in the scene and are of size 75 × 70 × 103 pixels.
The synthetic change between the two temporal data sets is that
the vehicle in the scene is carefully removed in the second data
set and the pixels in the corresponding location are modified to
pixel information belonging to the road in the background. The
pixels that are directly around the vehicle are also modified, at

Fig. 5. RGB images for the second synthetic data set.

Fig. 6. Abundance maps. (a) For the first temporal data set. (b) For the second
temporal data set.

Fig. 7. Change maps for the second synthetic data set. (a) Euclidian distance.
(b) CC. (c) Unmixing (N-FINDR as EEA). (d) Unmixing (SISAL as EEA).

subpixel level, to remove the shadow effects. The RGB images
are provided in Fig. 5.

Additive Gaussian white noise is added to each data set in
30-dB SNR. HySime estimates the dimensionality as three
when applied to the whole multitemporal data set. The abun-
dance maps for each temporal data set, obtained by FCLS based
on the endmembers extracted from the multitemporal data by
N-FINDR, are provided in Fig. 6. The first endmember is veg-
etation, the second endmember belongs to the vehicle, and the
third endmember can be observed to be a combination of road
and shadow. Fig. 6 reveals that the second endmember is not
present in the second temporal data set, and the corresponding
pixels are now a combination of road and shadow.

The final change maps obtained by EUC, CC, and the pro-
posed change detection by unmixing approach, with N-FINDR
or SISAL as the EEA, are provided in Fig. 7. It can be observed
that the results are comparable. In Fig. 8, ROC curves are
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Fig. 8. ROC curves for the second synthetic data set.

Fig. 9. RGB images for the third synthetic data set.

provided, based on a manually prepared ground truth. Euclid-
ian distance and the proposed change detection by unmixing
approaches perform slightly better than CC, as in the previous
case. However, note again that neither Euclidian distance nor
CC provides the extra information shown in Fig. 6.

C. Synthetic Data Set 3

The third synthetic multitemporal data set is simulated from
the well-known AVIRIS Salinas data set. The temporal data sets
are of size 217 × 217 × 204 pixels. The spatial resolution
of the data sets is 3.7 m. The RGB images of the temporal
data sets are provided in Fig. 9. The synthetic change between
the two temporal data sets is the region at the bottom of the
image belonging to Brocoli green weeds class. Each pixel in
this region is modified into one of the pixels in the Celery class
region randomly. Ground truth data information for AVIRIS
Salinas data is available from [19]. Additive Gaussian white
noise is later added to each data set in 30-dB SNR.

The abundance maps for each temporal data set, obtained
by FCLS after applying N-FINDR, are provided in Fig. 10. It
can be observed, albeit with difficulty, that the fifth endmember
becomes prominent, instead of the third, with respect to the first
temporal data, for the pixels with change.

Fig. 11 gives a comparison between the final change maps
obtained by EUC, CC, and the change detection by unmixing
approach, using N-FINDR or SISAL as the EEA. It can be
observed that EUC and CC give comparable results with that
of the proposed approach. ROC curves, based on the ground
truth change map, are provided in Fig. 12.

Fig. 10. Abundance maps. (a) For the first temporal data set. (b) For the
second temporal data set.

Fig. 11. Change maps for the third synthetic data set. (a) Euclidian distance.
(b) CC. (c) Unmixing (N-FINDR as EEA). (d) Unmixing (SISAL as EEA).

Fig. 12. ROC curves for the third synthetic data set.

IV. EXPERIMENTS ON REAL DATA

For the experiments on real data, subsets of two AVIRIS
data sets have been used. The data sets are available in the
AVIRIS database [20] and are from the Lower Michigan area
from the dates: July 2009 and August 2011. The data sets have
224 spectral bands, and the spatial resolution of the data sets is
around 16.7 m. The RGB images of the temporal data sets are
provided in Fig. 13.

The final change maps obtained by unmixing and the change
maps obtained by the other methods are provided in Fig. 14.
Note that there are various changes in the scene between the
two data acquisitions, including monthly changes in the crop
signatures, illumination, and cloud coverage, which complicate
the preparation of a ground truth map for change detection. In
addition, the data sets have perspective variations between the
two acquisitions, even though they are orthocorrected. Because
of all these reasons, the obtained change maps are not very
informative. However, the extra information that is available by
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Fig. 13. RGB images for the real data set. (a) 2009. (b) 2011.

Fig. 14. Change maps for the third real data set. (a) Euclidian distance.
(b) CC. (c) Unmixing.

Fig. 15. Change map for the endmember corresponding to cloud spectra.

utilizing change detection by unmixing can be appreciated qual-
itatively in Fig. 15, which shows the abundance map difference
between the two temporal data sets for one of the extracted end-
members. It is easy to deduce that this endmember corresponds
to cloud spectra, and the cloud coverage difference between the
two temporal data sets is observable through change detection
by unmixing, unlike in other methods.

V. CONCLUSION AND FUTURE RESEARCH LINES

Although spectral unmixing is an important technique for
analyzing remotely sensed hyperspectral data, hyperspectral
change detection by unmixing has not been widely studied thus
far. However, there are significant possibilities of this approach
from the viewpoint of the information that can be obtained as
the changes in the abundance maps provide information for
each material in the scene discretely. This fact, combined with
the flexibility and simple application of standard hyperspectral
unmixing chains such as the one discussed in this letter, enables

potential temporal summary of multitemporal data with many
possible applications ranging from environmental monitoring
to city planning. This letter has aimed to present the potential
advantages of hyperspectral change detection by unmixing
through various experimental results with both synthetic and
real hyperspectral data.

Future studies may include the use of sparse unmixing based
on spectral libraries for change detection purposes, the devel-
opment of additional experimental results on real data sets, and
taking the variability of endmember signatures with time into
account.

REFERENCES

[1] D. A. Landgrebe, Signal Theory Methods in Multispectral Remote
Sensing. New York, NY, USA: Wiley, 2003.

[2] J. Meola, M. T. Eismann, R. L. Moses, and J. N. Ash, “Detecting changes
in hyperspectral imagery using a model-based approach,” IEEE Trans.
Geosci. Remote Sens., vol. 49, no. 7, pp. 2647–2661, Jul. 2011.

[3] A. Schaum and A. Stocker, “Long-interval chronochrome target detec-
tion,” presented at the Int. Symp. Spectr. Sens. Res., San Diego, CA, USA,
1998.

[4] A. Schaum and A. Stocker, “Hyperspectral change detection and super-
vised matched filtering based on covariance equalization,” in Proc. SPIE,
2004, vol. 5425, pp. 77–90.

[5] C. Wu, B. Du, and L. Zhang, “A subspace-based change detection method
for hyperspectral images,” IEEE J. Sel. Topics Appl. Earth Observ.
Remote Sens., vol. 6, no. 2, pp. 815–830, Apr. 2013.

[6] J. Theiler, C. Scovel, B. Wohlberg, and B. R. Roy, “Elliptically contoured
distributions for anomalous change detection in hyperspectral imagery,”
IEEE Geosci. Remote Sens. Lett., vol. 7, no. 2, pp. 271–275, Apr. 2010.

[7] A. A. Nielsen, “The regularized iteratively reweighted MAD method for
change detection in multi- and hyperspectral data,” IEEE Trans. Image
Process., vol. 16, no. 2, pp. 463–478, Feb. 2007.

[8] N. Keshava and J. F. Mustard, “Spectral unmixing,” IEEE Signal Process.
Mag., vol. 19, no. 1, pp. 44–57, Jan. 2002.

[9] Q. Du, L. Wassom, and R. King, “Unsupervised linear unmixing for
change detection in multitemporal airborne hyperspectral imagery,” in
Proc. Int. Workshop Anal. Multi-Temporal Remote Sens. Images, 2005,
pp. 136–140.

[10] C.-C. Hsieh, P.-F. Hsieh, and C.-W. Lin, “Subpixel change detection
based on abundance and slope features,” in Proc. IEEE IGARSS, 2006,
pp. 775–778.

[11] R. Zurita-Milla, L. Gomez-Chova, L. Guanter, J. G. P. W. Clevers, and
G. Camps-Valls, “Multitemporal unmixing of medium-spatial-resolution
satellite images: A case study using MERIS images for land-cover map-
ping,” IEEE Trans. Geosci. Remote Sens., vol. 49, no. 11, pp. 4308–4317,
Nov. 2011.

[12] M. D. Iordache, J. M. Bioucas-Dias, and A. Plaza, “Sparse unmixing of
hyperspectral data,” IEEE Trans. Geosci. Remote Sens., vol. 49, no. 6,
pp. 2014–2039, Jun. 2011.

[13] J. M. Bioucas-Dias and J. M. P. Nascimento, “Hyperspectral sub-
space identification,” IEEE Trans. Geosci. Remote Sens., vol. 46, no. 8,
pp. 2435–2445, Aug. 2008.

[14] M. E. Winter, “N-FINDR: An algorithm for fast autonomous spectral
endmember determination in hyperspectral data,” in Proc. SPIE, 1999,
vol. 3753, pp. 266–277.

[15] J. M. P. Nascimento and J. M. Bioucas-Dias, “Vertex component analy-
sis: A fast algorithm to unmix hyperspectral data,” IEEE Trans. Geosci.
Remote Sens., vol. 43, no. 4, pp. 898–910, Apr. 2005.

[16] J. Li and J. Biucas-Dias, “Minimum volume simplex analysis: A fast
algorithm to unmix hyperspectral data,” in Proc. IEEE IGARSS, 2008,
vol. 3, pp. 250–253.

[17] J. Bioucas-Dias, “A variable splitting augmented Lagragian approach to
linear spectral unmixing,” in Proc. 1st IEEE WHISPERS, 2009, pp. 1–4.

[18] D. Heinz and C. Chang, “Fully constrained least squares linear spectral
mixture analysis method for material quantification in hyperspectral im-
agery,” IEEE Trans. Geosci. Remote Sens., vol. 39, no. 3, pp. 529–545,
Mar. 2001.

[19] Computational Intelligence Group, Basque University, Spain, “Hyper-
spectral Remote Sensing Scenes.” [Online]. Available: http://www.ehu.
es/ccwintco/index.php?title=Hyperspectral_Remote_Sensing_Scenes&
redirect=no

[20] Jet Propulsion Laboratory, NASA, “2006-2014 AVIRIS Flight Locator
Tool.” [Online]. Available: http://aviris.jpl.nasa.gov/alt_locator



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /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 false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues false
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /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 0.15
    /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 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /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 0.15
    /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 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /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 <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /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.)
  >>
  /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 [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


