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A Novel Hierarchical Semisupervised SVM for
Classification of Hyperspectral Images

Zhenfeng Shao, Lei Zhang, Xiran Zhou, and Lin Ding

Abstract—This letter presents a novel hierarchical semisuper-
vised support vector machine (SVM) for classification of hyper-
spectral images. The method exploits the wealth of unlabeled
samples by means of their cluster features. The method learns a
suitable framework for classifying cluster features by a semisu-
pervised SVM and thus makes use of advantages of clustering and
classification. Experimental results demonstrate that the proposed
classification method is effective for hyperspectral image classifica-
tion when a few labeled samples are available. Another advantage
of the proposed method is that the hierarchical structure can
simultaneously take clustering and classification information into
consideration.

Index Terms—Hyperspectral image classification, semisuper-
vised learning, support vector machine (SVM).

I. INTRODUCTION

S INCE the detailed spectral information makes it possible
to discriminate different classes of objects through spectral

feature similarity measuring, wealthy spectral information of
hyperspectral images holds great value in image classification
and recognition. However, these applications of hyperspectral
images are generally limited by accuracy of image classification
[1]–[3]. In order to obtain reliable image classification results,
labeled samples required 10–100 times more than feature di-
mensions in conventional methods [4]. Therefore, time and
labor cost for collecting ground reference data as labeled sam-
ples are often high [5]. The quantity of available training data,
which is known as Hughes phenomenon [6], and the quality of
training data, including mixed pixels, result in ill-posed image
classification problems, which are very critical in analysis of
hyperspectral images [7].

One of the main difficulties in supervised methods for hy-
perspectral image classification is that their learning process
heavily depends on the quality of the training data set. In order
to deal with this problem, some semisupervised methods are
proposed [8]–[10]. A semisupervised support vector machine
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(SVM) has been successfully employed in hyperspectral image
classification [11]–[13]. The SVM is appealing in the remote
sensing field due to its good generalization ability with limited
training samples and globally optimal performance with high
dimensions.

However, SVM classifiers can only use the labeled samples
to provide predicted classes for new samples. In order to make
data structure into consideration during the classification pro-
cess, some clustering algorithms have been used gradually [14],
[15]. Although these methods demonstrated good results in
hyperspectral image classification, there are still some problems
while adopting the semisupervised SVM or clustering methods
separately. On the one hand, semisupervised SVMs do not
consider relationship between different clusters and classes. On
the other hand, semisupervised SVMs are not favored by data
cluster features provided by clustering.

In this letter, we propose a hierarchical semisupervised clas-
sification method based on SVM. The proposed approach is
referred to as a two-stage algorithm. First, cluster features
of images are obtained using a new clustering method called
kernel-spectral fuzzy C-means (KSFCM). Then, once the clus-
tering is performed, the semisupervised SVM is used to classify
cluster features. The classification process is implemented as a
hierarchical system. Finally, QaR tree is introduced to optimize
the proposed method, maximizing efficiency of this algorithm.
This approach owns both advantages of clustering and classifi-
cation, which makes classification results effective and robust.

The remainder of this letter is organized as follows.
Section II presents the rationale and formulation of the pro-
posed hierarchical semisupervised SVM. Experiments and
analyses are demonstrated in Section III. Finally, Section IV
draws the conclusion of the work.

II. HIERARCHICAL SEMISUPERVISED SVM

Here, we describe the hierarchical semisupervised SVM
by presenting first the rationale and then the mathematical
formulation.

A. Rationale of the Proposed Method

The new method aimed at resolving the following problems.
1) Kernel fuzzy C-means (KFCM) is proposed by Zhang

and Chen [16] to handle high dimensionality of the data.
In comparison to other clustering algorithms, this algo-
rithm provides more robust to noise and less sensitive to
cluster shapes [17]. Different from the KFCM algorithm
with equal partition trend for data sets, we introduce the
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weighted information between cluster centers and their
adjacent samples into the standard KFCM algorithm in
this letter. Since the samples with similar spectral feature
may belong to the same class, we utilize the spectral
angle of samples to determine the weight values. If the
spectral angle between two samples is very small, their
weight will be large as they may belong to the same class.
Therefore, the KSFCM proposed in this letter takes spec-
tral feature information of remote sensing images into
consideration in the cluster center computation process
of KFCM.

2) From KSFCM, we can obtain cluster features of the
images, which represent the inherent structure and spec-
tral relationship of samples from clustering perspective.
Actually, the results of KSFCM could be considered as
cluster features since the clustering result reveals the clus-
ter structure. Then, the semisupervised SVM is used to
classify cluster features. Because final class information
of the clustering method and the semisupervised SVM
should be consistent, the difference between KSFCM and
the semisupervised SVM should be minimized. Thus, we
establish a semisupervised SVM framework with several
judgment factors to make the objective function reach its
maximum for obtaining high classification accuracy.

B. Formulation of the Proposed Method

Similar to KFCM, KSFCM clusters the data set by optimiz-
ing the following object function under the same constraints:

J(X;S,U,C) =

c∑
i=1

n∑
j=1

um
ij sij ‖φ(xj)− φ(ci)‖2

s.t.

{∑c
i=1 uij = 1, ∀ j ∈ {1, . . . , n}∑n
j=1 uij > 0, ∀ i ∈ {1, . . . , c} (1)

where X = {x1, . . . , xn} is the original hyperspectral data set,
C = {x1, . . . , xc} presents the cluster centers, n denotes the
number of samples, c denotes the number of clusters, and S
is the weighting matrix whose values are obtained from the
spectral angle information between cluster centers and their
adjacent samples, i.e.,

Sij =

⎧⎨
⎩

∑b

i=1
φ(xi)φ(xj)[∑b

i=1
φ(xi)2

]1/2[∑b

i=1
φ(xj)2

]1/2 , φ(xi) �= φ(xj)

1, φ(xi) = φ(xj)
(2)

where b stands for the band number of the remote sensing
image. In (1), U is the fuzzy partition matrix whose entries are
membership degrees, that is, the degree of similarity between
pixels and cluster centers. The parameter m ∈ [1,∞] is the
weighting exponent determining the fuzziness of the clusters.
‖ · ‖2 denotes the Euclidean norm, which is obtained by the
following equation:

‖φ(xj)− φ(ci)‖2
= 〈φ(xj), φ(xj)〉+ 〈φ(ci), φ(ci)〉 − 2 〈φ(xj), φ(ci)〉
= k(xj , xj) + k(ci, ci)− 2k(xj , ci). (3)

By adapting the Gaussian kernel as a kernel function, the
objective function of KSFCM can be reformulated as follows:

J(X;S,U,C) = 2

c∑
i=1

n∑
j=1

um
ij sij (1− k(xj , ci)) . (4)

Then, the cluster centers and fuzzy partition matrix are given
by the following equations:

uij =
[Sij (1− k(xj , ci))]

− 1
m−1

C∑
l=1

[Sij (1− k(xj , cl))]
− 1

m−1

ci =

n∑
j=1

um
ijSijk(xj , ci)xj

n∑
j=1

um
ijSijk(xj , ci)

. (5)

Cluster features are used to establish the connection of clus-
tering and classification to realize advantageous complementar-
ities. Cluster features ri of sample xi stand for the membership
degree of each sample, i.e.,

ri = {u1i, u2i, . . . , uki}. (6)

Since ri is the membership degree vector of each sam-
ple according to membership matrix U ; thus, eT ri = 1, i ∈
{1, . . . , n}, and e is the unit vector, rki ≥ 0, k ∈ {1, . . . , c}.

After obtaining cluster features of hyperspectral data by
KSFCM, the semisupervised SVM is used to classify cluster
features. The whole process of the semisupervised SVM
algorithm is shown as follows.

Step 1: The input sample data set is X = {Xl, Xu}. Xl is
the labeled sample set, and Xu is the unlabeled sample set.
Cluster centers and limited labeled samples are processed
as the labeled data set, and other cluster features as the
unlabeled data set.
Step 2: Using the SVM train Xl to get classifiers C1 and
C2. C1 uses the polynomial kernel; C2 uses the radial
basis function.
Step 3: Classifiers C1 and C2 forecast classes of Xu,
respectively, and get forecasting results P1 and P2.
Step 4: Compare P1 and P2 and make results with high
creditability join into the Xl, update Xl.
Step 5: Back to step 2. If all samples are classified, exit
loop.

In the aforementioned steps, the default polynomial order is
set as 4, and the default penalty parameter is given as 2 in clas-
sifier C1. The radial basis function kernel with length scale σ ∈
[10−2, . . . , 102] and the penalty parameter C ∈ [1, . . . , 103] are
used in classifier C2.

Then, in this letter, we propose judgment factors, including
clustering evaluation, classification difference, classification
consistence, and sample difference, to build a semisupervised
SVM framework, which can make full use of limited labeled
samples and many unlabeled data.
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Clustering evaluation CuE helps ensure clustering accuracy.
The higher clustering evaluation leads to better clustering, i.e.,

CuE =
1∑n

i

∑c
k r

2
ki

√
‖xi − ck‖

. (7)

The fuzzy membership degree is defined by both distance
and spectral angle between samples and their cluster centers.
Applying the spectral angle to clustering can accurately locate
cluster centers and is superior to KFCM clustering.

In order to guarantee class consistency, classification differ-
ence CD is used to judge the difference between KSFCM and
the semisupervised SVM, i.e.,

CD =

n∑
i

KL (p(ci|xi) ‖p(ci|ri)) . (8)

KL stands for Kullback–Leibler divergence. p(ci|xi) and
p(ci|ri) are cluster posterior probabilities of cluster member-
ship, which are defined as follows:

p(ci|xi) =
dist(xi, ci)
n∑

i=1

dist(xi, ri)
(9)

p(ci|ri) =
dist(ri, ci)

n∑
i=1

dist(xi, ri)
. (10)

Through the kernel substitution, the distance is obtained as
follows:

dist(xi, ci) = ‖φ(xi)− φ(ci)‖2

= 〈φ(xi), φ(xi)〉+〈φ(ci), φ(ci)〉−2 〈φ(xi), φ(ci)〉

= k(xi, xi) + k(ci, ci)− 2k(xi, ci). (11)

K(x, y) is taken as the radial basis function kernel due to its
robustness, i.e.,

K(x, y) = exp

(
−‖x− y‖2

σ2

)
. (12)

Thus, the distance can be written as

dist(xi, ci) = 2− 2 exp

(
−‖xi − ci‖2

σ2

)
(13)

where σ is the kernel parameter and affects the classification
result, which is defined as

σ2 =
n∑

i=1

‖xi − x̄‖2 x̄ =
1

n

n∑
i=1

xi. (14)

Classification consistence CaC is used to judge classification
accuracy according to the ground truth data set, i.e.,

CaC =
n∑
i

p(yi|xi) +
c∑
i

p(yi|ri). (15)

Y = {y1, . . . , yn} is the ground truth data set. p(yi|xi) and
p(yi|ri) are posterior probabilities of class membership, which
are defined as follows:

p(yi|xi) =
dist(xi, yi)
n∑

i=1

dist(xi, ri)
=

‖φ(xi)− φ(yi)‖2
n∑

i=1

‖φ(xi)− φ(ri)‖2
(16)

p(yi|ri) =
dist(yi, ri)

n∑
i=1

dist(xi, ri)
=

‖φ(yi)− φ(ri)‖2
n∑

i=1

‖φ(xi)− φ(ri)‖2
. (17)

Sample difference SD can judge similarities of samples in the
same class, which is calculated by the Euclidean distance, i.e.,

SD=
n∑
ij

√
‖p(cj |xi)− p(ci|xj)‖2 + ‖p(cj |ri)− p(ci|rj)‖2.

(18)

The semisupervised SVM framework makes the clustering
information guide classification process depending on cluster
features that were obtained by the clustering algorithm. In this
letter, we build a semisupervised SVM framework by CuE,
CD, CaC, and SD, which can make the best of clustering
information. The objective function is as follows:

maxS = λ1CuE − λ2CD + λ3CaC − λ4SD. (19)

λ1, λ2, λ3, and λ4 stand for weights of judgment factors,
ranging from 0 to 1, and

∑4
i=1 λi = 1. The goal function

is to get the maximum value under the constraints of judg-
ment factors. CuE builds constraints of KSFCM to ensure
that cluster features have the largest representation of internal
data structures. CD compares differences between KSFCM
and the semisupervised SVM to limit classification errors.
CaC confirms classification consistency between KSFCM and
semisupervised SVM through ground truth data set. SD is the
evaluation factor of this method, which is used to judge the
effectiveness of classification results.

If all cluster features obtained from KSFCM are embedded
into the semisupervised SVM framework simultaneously, it will
create data redundancy. QaR tree (Quad and R∗ tree) [18], as
the postprocessing for image classification, is introduced to
optimize the semisupervised SVM framework to improve the
efficiency of this algorithm.

We use QaR tree to obtain different clustering regions in the
KSFCM algorithm. Then different classification regions will be
obtained by the semisupervised SVM, respectively. DRKSFCM

stands for image regions of KSFCM by QaR tree. DRSVM

stands for image regions of the semisupervised SVM by QaR
tree. Comparing DRKSFCM and DRSVM to obtain different
classification regions DR′ between KSFCM and semisuper-
vised SVM classification results. Finally, DR′ is imbedded into
the semisupervised SVM framework to obtain the optimization
classification.
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TABLE I
ACCURACY OF DIFFERENT CLASSIFICATION

METHODS WITH 16 CLASSES

III. EXPERIMENT

The experimental data source came from the AVIRIS hyper-
spectral image of Indiana. It consists of 145 × 145 pixels by
220 bands of radiance data with about two-thirds agriculture
and one-third forest or other natural perennial vegetation. We
have reduced the number of bands to 200 by removing bands
covering the region of water absorption. The full scene with
16 classes has been studied by Gualtieri and Chettri [19] that
allows us a comparison to the SVM classifier.

Table I compares the results of the KSFCM, SVM classifier,
and our method with 16 classes, and our method outperforms
other classifiers. To investigate the performances of our method
when limited labeled samples are available, the numbers of
training sample sets are also shown in Table I. The remaining
samples are used as independent test sets. Fig. 1 shows the
corresponding classification maps.

The production accuracy and user accuracy per method are
shown in Table I, from which we can make the following
analyses.

1) In the KSFCM method, the production accuracy and
user accuracy are generally low. In addition, there are
several significant gaps among different class accuracy.
For example, some production accuracy of Corn-mintill
and the user accuracy of Corn-mintill, Grass-pasture,
Soybean-mintill, and Buildings–Grass–Trees–Drives are

Fig. 1. Classification maps with 16 classes.

higher than the SVM classifier. That is to say, KSFCM
has high classification accuracy for some special classes.

2) Through exploiting the SVM method, most classes have
higher production accuracy and user production accu-
racy than KSFCM. Although the overall accuracy of
SVM is higher than KSFCM, SVM has low classifica-
tion accuracy for some special classes involving Corn-
mintill, Grass-pasture, and Soybean-mintill. Thus, the
table shows that KSFCM and SVM have different advan-
tages in different classes. Moreover, the aforementioned
result also implies that KSFCM and SVM can compen-
sate for each other’s weaknesses.

3) In the SVM method based on cluster features directly,
the overall accuracy is higher than KSFCM and SVM.
Additionally, the gaps between different types of class
accuracy are lower than KSFCM and SVM classifiers.
Thus, using cluster features in the classifier is meaningful
in some degree. However, there are some classes such
as Corn-mintill, Grass-pasture, Oats, Soybean-notill, and
Soybean-clean that have low accuracy than the SVM
method based on original data. From Table I, it is easy
to find that if we use SVM to classify cluster features
directly, although most classes will obtain advanced clas-
sification accuracy, the classification accuracy of some
classes may be influenced by cluster features and lead
to low classification accuracy. Thus, we need to find
certain constraints to make full use of advantages of both
KSFCM and SVM classifiers.

4) In our method, both production accuracy and user accu-
racy are higher than other methods. Moreover, each class
has high accuracy. The semisupervised SVM framework
can own both advantages of clustering and classification,
which makes clustering and classification results effective
and robust.

From Table I and Fig. 1, the semisupervised SVM framework
with several judgment factors proposed in this letter raises the
classification accuracy effectively and can make full use of the
respective advantages of clustering and classification, which
can avoid the difficulties in gathering training samples of high
quality.

From the 16 different land-cover classes available in the
original ground truth, we use the 8 largest land-cover classes to
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TABLE II
ACCURACY OF DIFFERENT CLASSIFICATION METHODS WITH 8 CLASSES

Fig. 2. Classification maps with 8 classes.

verify the validity of the proposed algorithm. Table II compares
the results of the KSFCM, SVM classifier, and our method,
respectively, with 8 classes, and our method outperforms than
other classifiers, as well. From Table II and Fig. 2, we can make
the following analyses.

1) If we use SVM to classify cluster features directly with
the 8-class data, although the classification accuracy can
be increased, the improvement is little. Thus, we need to
establish certain constraints to combine cluster features
and the SVM classifier in order to fully use the advantages
of KSFCM and SVM classifiers.

2) The experiment result indicates that our method takes
effect to compensate the disadvantage of KSFCM and
SVM and enhance the classification accuracy at a large
extent, when few classes are available.

IV. CONCLUSION

In order to solve difficulties in gathering training samples, we
proposed a hierarchical semisupervised classification method
based on SVM. This method can make full use of little la-
beled samples and many unlabeled samples that can reflect the
characteristic of the sample distribution. The semisupervised

SVM framework can own both advantages of clustering and
classification, which makes clustering and classification results
achieved simultaneously effective and robust. In addition to
that, the experiment shows that the generalization performances
of the semisupervised SVM are improved with our method
and avoid support vector increases linearly with the number of
training samples.

ACKNOWLEDGMENT

The authors would like to thank Prof. D. Landgrebe for
providing the Indian Pine data sets.

REFERENCES

[1] S. Serranti, D. Cesare, F. Marini, and G. Bonifazi, “Classification of oat
and groat kernels using NIR hyperspectral imaging,” Talanta, vol. 103,
pp. 276–284, Jan. 2013.

[2] A. Villa, J. Chanussot, and J. A. Benediktsson, “Spectral unmixing for the
classification of hyperspectral images at a finer spatial resolution,” IEEE
J. Sel. Topics Signal Process., vol. 5, no. 3, pp. 521–533, Jun. 2011.

[3] L. Shijin, W. Hao, and W. Dingsheng, “An effective feature selection
method for hyperspectral image classification based on genetic algorithm
and support vector machine,” Knowl.-Based Syst, vol. 24, no. 1, pp. 40–
48, Feb. 2011.

[4] P. H. Hsu, “Feature extraction of hyperspectral images using wavelet and
matching pursuit,” ISPRS J. Photogramm. Remote Sens., vol. 62, no. 2,
pp. 78–92, Jun. 2007.

[5] W. Kim and M. Crawford, “Adaptive classification for hyperspectral im-
age data using manifold regularization kernel machines,” IEEE Trans.
Geosci. Remote Sens., vol. 48, no. 11, pp. 4110–4121, Nov. 2010.

[6] G. F. Hughes, “On the mean accuracy of statistical pattern recognizers,”
IEEE Trans. Inf. Theory, vol. IT-14, no. 1, pp. 55–63, Jan. 1968.

[7] M. Chi and L. Bruzzone, “Semisupervised classification of hyperspectral
images by SVMs optimized in the primal,” IEEE Trans. Geosci. Remote
Sens., vol. 45, no. 6, pp. 1870–1880, Jun. 2007.

[8] L. Bruzzone and M. M. Chi, “A novel transductive SVM for the semisu-
pervised classification of remote-sensing images,” IEEE Trans. Geosci.
Remote Sens., vol. 44, no. 11, pp. 3363–3373, Nov. 2006.

[9] V. G. Camps, T. V. Bandos, and D. Y. Zhou, “Semisupervised graph-based
hyperspectral image classification,” IEEE Trans. Geosci. Remote Sens.,
vol. 45, no. 10, pp. 3044–3054, Oct. 2007.

[10] F. Ratle, G. Camps-Valls, and J. Weston, “Semisupervised neural net-
works for efficient hyperspectral image classification,” IEEE Trans.
Geosci. Remote Sens., vol. 48, no. 5, pp. 2271–2282, May 2010.

[11] M. Marconcini, G. Camps-Valls, and L. Bruzzone, “A composite semisu-
pervised SVM for classification of hyperspectral images,” IEEE Geosci.
Remote Sens. Lett., vol. 6, no. 2, pp. 234–238, Apr. 2009.

[12] H. Su, H. Yang, and Q. Du, “Semisupervised band clustering for dimen-
sionality reduction of hyperspectral imagery,” IEEE Geosci. Remote Sens.
Lett., vol. 8, no. 6, pp. 1135–1139, Nov. 2011.

[13] L. Gómez-Chova, G. Camps-Valls, and J. Munoz-Mari, “Semisuper-
vised image classification with Laplacian support vector machines,” IEEE
Geosci. Remote Sens. Lett., vol. 5, no. 3, pp. 336–340, Jul. 2008.

[14] Y. Tarabalka, J. A. Benediktsson, and J. Chanussot, “Spectral–spatial
classification of hyperspectral imagery based on partitional clustering
techniques,” IEEE Trans. Geosci. Remote Sens., vol. 47, no. 8, pp. 2973–
2987, Aug. 2009.

[15] C. L. Stork and M. R. Keenan, “Advantages of clustering in the phase
classification of hyperspectral materials images,” Microsc. Microanal.,
vol. 16, no. 6, pp. 810–820, Dec. 2010.

[16] D. Q. Zhang and S. C. Chen, “Kernel-based fuzzy and possibilistic
c-means clustering,” in Proc. Int. Conf. Artif. Neural Netw., 2003,
pp. 122–125.

[17] L. Wang, K. Inoue, and K. Urahama, “Robust kernel fuzzy clustering,” in
Proc. Fuzzy Syst. Knowl. Discov., 2005, pp. 454–461.

[18] S. Zhenfeng, Z. Xiran, and L. Jun, “QaR tree method for optimal image
particle decomposing,” Geomatics Inf. Sci. Wuhan Univ., vol. 38, no. 2,
pp. 204–207, 2013.

[19] J. A. Gualtieri and S. Chettri, “Support vector machines for classification
of hyperspectral data,” in Proc. IEEE IGARSS, 2000, vol. 2, pp. 813–815.



<<
  /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


