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Similarity-Based Unsupervised Band Selection
for Hyperspectral Image Analysis
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Abstract—Band selection is a common approach to reduce the
data dimensionality of hyperspectral imagery. It extracts several
bands of importance in some sense by taking advantage of high
spectral correlation. Driven by detection or classification accuracy,
one would expect that, using a subset of original bands, the accu-
racy is unchanged or tolerably degraded, whereas computational
burden is significantly relaxed. When the desired object infor-
mation is known, this task can be achieved by finding the bands
that contain the most information about these objects. When the
desired object information is unknown, i.e., unsupervised band
selection, the objective is to select the most distinctive and in-
formative bands. It is expected that these bands can provide an
overall satisfactory detection and classification performance. In
this letter, we propose unsupervised band selection algorithms
based on band similarity measurement. The experimental result
shows that our approach can yield a better result in terms of
information conservation and class separability than other widely
used techniques.

Index Terms—Band selection, classification, detection, hyper-
spectral imagery, similarity measurement.

I. INTRODUCTION

A HYPERSPECTRAL image cube contains hundreds of
spectral bands with very fine spectral resolution. Its abun-

dant spectral information provides the potential of accurate
object identification. However, its vast data volume brings
about problems in data transmission and storage. In particular,
the very high data dimensionality presents a challenge to many
traditional image analysis algorithms. One approach of reduc-
ing the data dimensionality is to transform the data onto a low-
dimensional space by using certain criteria. For instance, the
objective of principal component analysis (PCA) is to maximize
the variance of the transformed data (or minimize the recon-
struction error), whereas that of Fisher’s linear discriminant
analysis is to maximize the class separability. However, these
methods usually change the physical meaning of the original
data because the channels in the low-dimensional space do
not correspond to individual original bands but their linear
combinations.

Another dimensionality reduction approach is band selec-
tion. It is to select a subset of the original bands without losing
their physical meaning. In most applications, the goal of hyper-
spectral image analysis is to detect or classify objects. Driven
by detection or classification accuracy, one would expect that,
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using a subset of original bands, the accuracy is unchanged
or tolerably degraded, whereas computational complexity is
significantly reduced.

Many band selection methods have been proposed. In terms
of object information availability, band selection techniques
can be divided into two categories: supervised and unsuper-
vised. Supervised methods are to preserve the desired object
information, which is known a priori, whereas unsupervised
methods do not assume any object information. For example,
canonical analysis was employed for band selection in [1]; the
Jeffries–Matusita distance, divergence, and Bhattacharya dis-
tance between classes were used as selection criteria in [2]–[4],
respectively. Although these supervised techniques clearly aim
at selecting bands that include important object information and
the selected bands can provide better detection or classification
than those from unsupervised techniques, the required prior
knowledge may be unavailable in practice. Therefore, it is a
need to develop reliable unsupervised band selection methods
that can generally offer good performance regardless of the
types of objects to be detected or classified in the following
data analysis.

Unsupervised band selection has also been studied. A series
of approaches were compared in [5]. For instance, first spectral
derivative (FSD) and uniform spectral spacing (USS) can be
easily implemented with superior performance in general. PCA
and noise-adjusted PCA were proposed for unsupervised band
selection in [1], distance-based measurement was investigated
in [6], and information-theory-based band selection can be
found in [7] and [8].

Because the basic idea of unsupervised band selection meth-
ods is to find the most distinctive and informative bands, the
approaches that are proposed to search for distinctive spectral
signatures as endmembers can be applied. The major difference
is that the algorithms are applied in the spatial domain for
band selection, instead of being applied in the spectral domain
for endmember extraction. There are quite a few endmember
extraction algorithms existing, and a review and comparative
study can be found in [9]. In general, endmember extraction
algorithms can be divided into the following two categories: one
extracting distinctive pixels based on similarity measurement
and the other using the geometry concept, such as simplex.
The endmember extraction algorithms using unsupervised fully
constrained least squares linear unmixing (UFCLSLU) in [10]
and orthogonal subspace projection (OSP) in [11] belong to the
first category, whereas the well-known pixel purity index [12]
and NFINDR algorithms [13] belong to the second category. In
[14], the concept of NFINDR was applied to band selection and
obtained promising results.

In this letter, we propose the application of those similarity-
based endmember extraction algorithms for band selection. To
ensure that the selected bands are not only distinctive but also
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informative, data preprocessing, including bad band preremoval
and data whitening, is needed. Practical considerations, such
as algorithm initialization, the number of pixels to be involved
in the band selection process, and the determination of the
number of bands to be selected, are investigated. Several widely
used band selection algorithms, such as the USS and FSD
methods, serve as the primary comparison basis due to their
computational efficiency and robustness; experimental results
demonstrate that our approach can compete with them in terms
of classification accuracy. The NFINDR-based band selection
method is also compared, and our data preprocessing step can
improve its performance.

II. SIMILARITY-BASED BAND SELECTION

A. Data Preprocessing

To select the most distinctive but informative bands, water
absorption and low SNR bands need to be preremoved. This
is because they can be very distinctive but not informative. In-
stead of manual selection, we compute the spectral correlation
coefficients between original bands; those bands that have very
low correlation coefficients with adjacent bands are considered
as bad bands and will be preremoved [15].

The noise component in different bands is varied. If the noise
component is larger, a band may look more different from
others, although it may not be informatively distinct. Thus,
noise whitening is needed, which requires noise estimation. It
is known that noise estimation is a difficult task. In [16], it was
demonstrated that the net effect of noise whitening and data
whitening is similar. Therefore, we apply data whitening to the
original bands (after bad band removal), which can be easily
achieved by the eigendecomposition of the data covariance
matrix. Then, the whitened bands actually participate in the
following band selection process. Note that the selected bands
are the original ones, not the whitened ones.

B. Properties of Similarity-Based Band Selection

To select the distinctive bands or the most dissimilar bands,
a similarity metric needs to be designated. The widely used
metrics include distance, correlation, etc. The measurement
is taken on each pair of bands. Here, we prefer to use the
approaches where band similarity is evaluated jointly instead
of pairwisely. The proposed band selection algorithms using the
same concept in endmember extraction have this property.

In addition, due to the large number of original bands, the
exhaustive search for optimal band combinations is computa-
tionally prohibitive. The sequential forward search can save
significant computation time [2]. It begins with the best two-
band combination, and then, this two-band combination is sub-
sequently augmented to three, four, and so on until the desired
number of bands is selected. The proposed band selection
algorithms using the endmember extraction concept adopt this
sequential forward search strategy. Another advantage is that it
is less dependent on the number of bands to be selected because
those bands that are already being selected do not change with
this value; increasing this value simply means to continue the
algorithm execution with the bands being selected, whereas
decreasing this number simply means to keep enough bands
from the selected band subset (starting with the first selected
band) as the final result. This is different from the algorithms in

the parallel mode, such as the NFINDR-based band selection
method, where the number of bands to be selected must be
determined before the band selection process, and the change
of this number results in the reexecution of the entire band
selection process.

C. Band Selection Algorithms

Two band selection algorithms are proposed here. They differ
from the adopted band similarity metric. The basic steps can be
described as follows.

1) Initialize the algorithm by choosing a pair of bands B1

and B2. Then, the resulting selected band subset is Φ =
{B1B2}.

2) Find a third band B3 that is the most dissimilar to all the
bands in the current Φ by using a certain criterion. Then,
the selected band subset is updated as Φ = Φ ∪ {B3}.

3) Continue on Step 2) until the number of bands in Φ is
large enough.

The straightforward criteria that can be employed for similar-
ity comparison include linear prediction (LP) and OSP, which
can jointly evaluate the similarity between a single band and
multiple bands. The concept in the LP-based band selection
was originally used in the UFCLSLU for endmember pixel
selection in [10], which means that a pixel with the maximum
reconstruction error, using the linear combination of existing
endmember pixels, is the most distinctive pixel. The difference
here is that, for band selection, there is no constraint imposed
on the coefficients of linear combination. The OSP-based band
selection is the same as the one for endmember extraction
algorithm in [11].

1) LP: Assume that there are two bands B1 and B2 in Φ
with N pixels each. To find a band that is the most dissimilar to
B1 and B2, B1 and B2 are used to estimate a third band B, i.e.,

a0 + a1B1 + a2B2 = B′ (1)

where B′ is the estimate or linear prediction of band B using B1

and B2, and a0, a1, and a2 are the parameters that can minimize
the linear prediction error: e = ‖B − B′‖. Let the parameter
vector be a = (a0a1a2)T. It can be determined using a least
squares solution

a = (XTX)−1XTy (2)

where X is an N × 3 matrix whose first column is one, second
column includes all the N pixels in B1, and third column
includes all the pixels in B2, and y is an N × 1 vector with all
the pixels in B. The band that yields the maximum error emin

(using the optimal parameters in a) is considered as the most
dissimilar band to B1 and B2 and will be selected as B3 for Φ.
Obviously, the similar procedure can be easily conducted when
the number of bands in Φ is larger than two.

2) OSP: Assume that there are two bands B1 and B2 in Φ.
To find a band that is the most dissimilar to B1 and B2, an
orthogonal subspace of B1 and B2 is constructed as

P = I − Z(ZTZ)−1ZT (3)

where I is an N × N identity matrix, and Z is an N × 2 matrix
whose first column includes all the pixels in B1 and second
column includes all the pixels in B2. Then, the projection
yo = PTy is computed, where y includes all the pixels in B
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and yo is the component of B in the orthogonal subspace of
B1 and B2. The band that yields the maximum orthogonal
component ‖yo‖ is considered as the most dissimilar band to
B1 and B2 and will be selected as B3 for Φ. The similar
procedure can be easily conducted when the number of bands
in Φ is larger than two.

It can be proved that the least squares solution to the uncon-
strained linear unmixing problem is mathematically equivalent
to the OSP solution. Therefore, the LP-based approach (which
can be considered as the unconstrained linear unmixing prob-
lem) actually yields the identical selected bands from the OSP-
based approach. Compared to the OSP solution, the LP-based
approach is computationally more efficient because it involves
matrices with relatively smaller sizes. Thus, in this letter, we
will only present the results from the LP-based approach due to
its computational efficiency.

D. Band Used as the Initial for Band Selection

The initial band pair is critical to the performance of the
proposed algorithms. Intuitively, we should use the two bands
whose dissimilarity is the largest. Instead of the exhaustive
search, the following algorithm can be applied to an original
M -band data set.

1) Randomly select a band A1, and project all the other
M − 1 bands to its orthogonal subspace 〈A1〉⊥.

2) Find the band A2 with the maximum projection in 〈A1〉⊥,
which is considered as the most dissimilar to A1.

3) Project all the other M − 1 bands to the orthogonal
subspace 〈A2〉⊥, and find the band A3 with the maximum
projection.

4) If A3 = A1, A1 and A2 are confirmed to be the pair with
the most significant dissimilarity, and the algorithm is
terminated; if A3 �= A1, go to the next step.

5) Continue the algorithm until Ai+1 = Ai−1, then either
Ai−1 or Ai can be used as the band selection initial B1

(or Ai−1 and Ai are used as the initial band pair).
We find out that this algorithm can always extract the two

most distinctive bands, regardless of its initial A1, although it
will result in a suboptimal set in the following band selection.

E. Practical Considerations

1) Number of Pixels Involved in the Band Selection Process:
The size of the X and Z matrices is very large due to the
large number of pixels in an image. Fortunately, we find out
that using a small subset of pixels in the band selection process
will not change the results in most cases. This is because each
band image is spatially highly correlated. Therefore, in the
experiments, we randomly choose 10% or 1% of N pixels for
band similarity assessment.

2) Number of Bands to be Selected: In practice, it is difficult
to know how many bands should be selected. The rule of thumb
is that more bands need to be selected if an image scene is
complicated and contains many classes. This is because the
data dimensionality should be high enough to accommodate
these classes for detection or classification. The number of
classes present in an image scene can be estimated by using
a virtual dimensionality (VD) estimation approach proposed
in [17], which can be considered as a reference value for the
number of bands to be selected.

Fig. 1. AVIRIS Cuprite scene including classes named as (A) alunite,
(B) buddingtonite, (C) calcite, (K) kaolinite, and (M) muscovite.

F. Performance Evaluation

In order to evaluate the amount of information and class
separability in the selected bands, a supervised classification
algorithm, such as constrained linear discriminant analysis [18],
can be applied. When the class information is unknown, an un-
supervised algorithm, such as independent component analysis
(ICA), can be applied.

When the pixel-level ground truth is unavailable, the classi-
fication maps from all the original bands can be considered as
ground truth, and those from the selected bands are compared
with them using spatial correlation coefficient ρ. An average ρ
that is closer to one generally means better performance. This
is under the assumption that, using all the original spectral
bands (after bad band removal), the best or at least satisfying
classification performance can be provided. For classes with
similar but separable spectra, this is a reasonable assumption
[19]. Such a method based on image similarity provides quanti-
tative evaluation even in an unsupervised situation or in the lack
of pixel-level ground truth.

III. EXPERIMENT

The 224-band AVIRIS Cuprite image was used in the ex-
periment. As shown in Fig. 1, the image scene of size 350 ×
350 is well understood mineralogically [20]. At least five min-
erals were present: alunite (A), buddingtonite (B), calcite (C),
kaolinite (K), and muscovite (M). Their approximate spatial
locations of these minerals are marked in Fig. 1. After water
absorption and low SNR bands were removed, 189 bands were
left for band selection.

Fig. 2(a) shows the supervised classification result using all
the original 189 bands, and Fig. 2(b) is the result using only
15 bands selected with the proposed LP-based band selection
algorithm (using the whitened data). We can see that they
are comparable, although the classification maps in Fig. 1(a)
have clearer background. The average correlation coefficient
between the two classification results is about 0.64. However,
this reduces the data dimensionality from 189 to 15.

The FSD, USS, NFINDR, and joint entropy in [8] were used
for comparison purposes.

A. Impact of the Data Whitening Process

The results from using the original and whitened bands
during band selection were compared. The initial band was
exhaustively searched for the LP and USS methods, and the re-
sults are marked as “optimal.” As shown in Fig. 3 for supervised
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Fig. 2. Supervised classification result for the AVIRIS Cuprite scene:
(a) Using 189 original bands and (b) using 15 selected bands (bands 8, 14,
26, 39, 53, 71, 91, 106, 114, 132, 149, 153, 157, 163, and 172) (from left to
right: A, B, C, K, and M).

Fig. 3. Comparison between the use of original and whitened data on super-
vised classification accuracy for the LP, FSD, and USS methods.

Fig. 4. Comparison between the use of original and whitened data on unsu-
pervised classification accuracy for the LP, FSD, and USS methods.

classification, the LP-based approach with the whitened bands
yielded a much better result than the one with the original
bands. By using the whitened bands, the performance of the
FSD method improved in some cases; the USS method was not
influenced. Fig. 4 is the case using unsupervised classification
for evaluation, where the observation is the same. Figs. 5 and
6 show the comparison among the LP, NFINDR, and entropy
methods using supervised and unsupervised classifications, re-
spectively. We can see that the LP method still outperformed the
NFINDR and entropy methods. In any case, the performance
using the whitened data is better than that using the original data
for all the methods (except that the USS method is not affected);

Fig. 5. Comparison between the use of original and whitened data on super-
vised classification accuracy for the LP, NFINDR, and entropy methods.

Fig. 6. Comparison between the use of original and whitened data on unsu-
pervised classification accuracy for the LP, NFINDR, and entropy methods.

the LP-based band selection using the whitened data provided
the best results in terms of classification accuracy in both
supervised and unsupervised fashion; the NFINDR provided
satisfactory results in both supervised and unsupervised cases;
surprisingly, the simplest USS method is very robust in both
supervised and unsupervised cases.

B. Impact of Suboptimal Initials

Figs. 7 and 8 show the comparison about the impact of
the suboptimal initials in supervised and unsupervised cases,
respectively. According to the algorithm in Section II-D, the
best initial is band 120 for the LP-based method. Here, the
comparison is only between the LP and USS because both of
them are sensitive to the selection of initials. We can see that the
suboptimal initials did not influence the performance of the LP
method very much but significantly degraded the performance
of the USS method because its performance is oscillated with
the number of bands to be selected (and the best initial band for
the LP-based method may not belong to the USS-selected band
subset).

C. About the Number of Bands to Be Selected

The three VD methods in [17] provided different estimates.
In general, the noise subspace projection (NSP) method yielded
the largest estimate. To be conservative, the value of VD from
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Fig. 7. Comparison between optimal and suboptimal initial bands on super-
vised classification accuracy (using the whitened data).

Fig. 8. Comparison between optimal and suboptimal initial bands on unsu-
pervised classification accuracy (using the whitened data).

the NSP method was used as a reference. For this scene,
VD = 23 when the probability of false alarm pf = 10−3, and
VD = 21 when pf = 10−4. When 25 bands were selected,
the correlation coefficients from the LP-based band selection
were 0.78 in the optimal case using supervised classification,
0.69 in the optimal case using unsupervised classification, 0.76
in the suboptimal case using supervised classification, and
0.67 in the suboptimal case in unsupervised classification. If
40 bands were selected, these values became 0.85, 0.74, 0.83,
and 0.72, respectively. Although all the corresponding values
were slightly increased, the number of selected bands was
almost doubled. Thus, VD may be a reasonable indicator on
the appropriate number of bands to be selected, which can
achieve the balance between classification accuracy and data
dimensionality reduction.

IV. CONCLUSION

We developed new unsupervised band selection algorithms
for hyperspectral imagery. The major contributions are the
following:

1) employing the ideas of similarity assessment originally
developed for distinctive pixel identification in endmem-
ber extraction to unsupervised band selection;

2) applying a data whitening process before band selection
to ensure that the selected bands are not only distinctive

but also informative, which can also improve the perfor-
mance of other existing band selection approaches;

3) developing a fast algorithm to search a suboptimal set,
which does not significantly degrade the performance.

According to the experimental results, our methods can yield
superior performance with less sensitivity to band initial as the
USS approach does. In addition, the VD estimate may be used
as a reference for the number of bands to be selected.

REFERENCES

[1] C.-I Chang, Q. Du, T.-L. Sun, and M. L. G. Althouse, “A joint band
prioritization and band decorrelation approach to band selection for hyper-
spectral image classification,” IEEE Trans. Geosci. Remote Sens., vol. 37,
no. 6, pp. 2631–2641, Jun. 1999.

[2] A. Ifarraguerri, “Visual method for spectral band selection,” IEEE Geosci.
Remote Sens. Lett., vol. 1, no. 2, pp. 101–106, Apr. 2004.

[3] R. Huang and M. He, “Band selection based on feature weighting for
classification of hyperspectral imagery,” IEEE Geosci. Remote Sens. Lett.,
vol. 2, no. 2, pp. 156–159, Apr. 2005.

[4] S. D. Backer, P. Kempeneers, W. Debruyn, and P. Scheunders, “A band se-
lection technique for spectral classification,” IEEE Geosci. Remote Sens.
Lett., vol. 2, no. 3, pp. 319–323, Jul. 2005.

[5] P. Bajcsy and P. Groves, “Methodology for hyperspectral band selection,”
Photogramm. Eng. Remote Sens., vol. 70, no. 7, pp. 793–802, 2004.

[6] N. Keshava, “Distance metrics and band selection in hyperspectral
processing with applications to material identification and spectral li-
braries,” IEEE Trans. Geosci. Remote Sens., vol. 42, no. 7, pp. 1552–1565,
Jul. 2004.

[7] C. Conese and F. Maselli, “Selection of optimum bands from TM scenes
through mutual information analysis,” ISPRS J. Photogramm. Remote
Sens., vol. 48, no. 3, pp. 2–11, 1993.

[8] S. S. Shen and E. M. Bassett, “Information theory based band selec-
tion and utility evaluation for reflective spectray systems,” Proc. SPIE,
vol. 4725, pp. 18–29, 2002.

[9] A. Plaza, P. Martinez, R. Perez, and J. Plaza, “A quantitative and com-
parative analysis of endmember extraction algorithms from hyperspectral
data,” IEEE Trans. Geosci. Remote Sens., vol. 42, no. 3, pp. 650–663,
Mar. 2004.

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

[11] H. Ren and C.-I Chang, “Automatic spectral target recognition in hyper-
spectral imagery,” IEEE Trans. Aerosp. Electron. Syst., vol. 39, no. 4,
pp. 1232–1249, Oct. 2003.

[12] J. W. Boardman, F. A. Kruse, and R. O. Green, “Mapping target signatures
via partial unmixing of AVIRIS data,” in Proc. Summaries JPL Airborne
Earth Sci. Workshop, 1995, pp. 23–26.

[13] M. E. Winter, “N-FINDR: An algorithm for fast autonomous spectral
endmember determination in hyperspectral data,” Proc. SPIE, vol. 3753,
pp. 266–275, 1999.

[14] L. Wang, X. Jia, and Y. Zhang, “A novel geometry-based feature-selection
technique for hyperspectral imagery,” IEEE Geosci. Remote Sens. Lett.,
vol. 4, no. 1, pp. 171–175, Jan. 2007.

[15] S. Cai, Q. Du, and R. Moorhead, “Hyperspectral imagery visualization
using double layers,” IEEE Trans. Geosci. Remote Sens., vol. 45, no. 10,
pp. 3028–3036, Oct. 2007.

[16] Q. Du, H. Ren, and C.-I Chang, “A comparative study for orthogonal
subspace projection and constrained energy minimization,” IEEE Trans.
Geosci. Remote Sens., vol. 41, no. 6, pp. 1525–1529, Jun. 2003.

[17] C.-I Chang and Q. Du, “Estimation of number of spectrally distinct signal
sources in hyperspectral imagery,” IEEE Trans. Geosci. Remote Sens.,
vol. 42, no. 3, pp. 608–619, Mar. 2004.

[18] Q. Du and C.-I Chang, “Linear constrained distance-based discrimi-
nant analysis for hyperspectral image classification,” Pattern Recognit.,
vol. 34, no. 2, pp. 361–373, Feb. 2001.

[19] R. V. Platt and A. F. H. Goetz, “A comparison of AVIRIS and Landsat
for land use classification at the urban fringe,” Photogramm. Eng. Remote
Sens., vol. 70, no. 7, pp. 813–819, 2004.

[20] A. Plaza and C.-I Chang, “Impact of initialization on design of endmem-
ber extraction algorithms,” IEEE Trans. Geosci. Remote Sens., vol. 44,
no. 11, pp. 3397–3407, Nov. 2006.

Authorized licensed use limited to: Mississippi State University. Downloaded on November 5, 2008 at 15:47 from IEEE Xplore.  Restrictions apply.



<<
  /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
  /CreateJDFFile false
  /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

  /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


