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Deep Superpixel Convolutional Network
for Image Recognition

Xianfang Zeng

Abstract—Due to the high representational efficiency, superpixel
largely reduces the number of image primitives for subsequent pro-
cessing. However, superpixel is scarcely utilized in recent methods
since its irregular shape is intractable for standard convolutional
layer. In this paper, we propose an end-to-end trainable superpixel
convolutional network, named SPNet, to learn high-level repre-
sentation on image superpixel primitives. We start by treating
irregular superpixel lattices as a 2D point cloud, where the low-level
features inside one superpixel are aggregated to one feature vector.
We replace the standard convolutional layer with the PointConv
layer to handle the irregular and unordered point cloud. Besides, we
propose grid based downsampling strategies to output uniform 2D
sampling result. The resulting network largely utilizes the efficiency
of superpixel and provides a novel view for image recognition task.
Experiments on image recognition task show promising results
compared with prominent image classification methods. The vi-
sualization of class activation mapping shows great accuracy at
object localization and boundary segmentation.

Index Terms—Deep learning, representation learning, image
recognition, superpixel.

I. INTRODUCTION

UPERPIXELS are over-segmented image fragments that
S are formed by aggregating local pixels with similar low-
level features. They provide perceptionally meaningful segmen-
tation of image content, reducing the number of basic image
units for subsequent image processing. Such property makes it
become a fundamental representation in various vision tasks [1],
[2] such as saliency object detection [3], image matting [4],
semantic segmentation [5], [6], and tracking [7], [8]. However,
in the deep learning era, we can rarely find the utilization of
superpixel in recent vision algorithms that are mostly developed
on convolutional neural networks (CNNs). The behind reasons
boil down to: 1) most superpixel algorithms are in the iterative
optimization framework, which disobeys the general end-to-end
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training pipeline of deep models. 2) superpixels usually have an
irregular shape and thus the lattice constructed by superpixel is
intractable for the standard convolution operation.

To tackle the second challenge, several methods have
been proposed to fuse superpixel into standard CNNs.
Raghudeep er al. [5] propose the bilateral inception module for
semantic segmentation task to utilize the structure information
contained in superpixel. This module can be inserted to standard
CNNs and propagates feature between pixels along with object
edges. Another strategy for employing superpixel is extending
general grid pooling layer to superpixel pooling, as done in [6],
[9]. This pooling layer samples feature inside each superpixel,
which can better group similar features.

In contrast to existing methods, we do not explore using
superpixel as an auxiliary tool for standard CNNs. We propose
the superpixel convolutional network aiming at directly learning
high-level representation on superpixel image primitives. To this
end, we view the irregular lattice formed by superpixel as 2D
point cloud and it is worth nothing that some operations on
point processing can be extended to construct deep superpixel
network. We start by transforming the image features to a 2D
point cloud format via aggregating the similar low-level features
grouped by superpixel mask. This processing transfers the repre-
sentation primitive from pixel to superpixel, reducing redundant
calculations inside superpixel. The corresponding challenge is
that the neighbor features of points can occur at any posi-
tion around the reference point, while standard convolutional
layer can only handle regular neighbors. Hence, we replace
the standard convolutional layer with PointConv layer [10] to
fuse local features and learn high-level representation on points.
The PointConv layer treats the weight of convolutional kernel
as continuous function of local coordinates and generalizes
the powerful convolution operation to irregular 2D point data.
Besides, we propose three grid based downsampling strategies
for transformed 2D points. Those methods sample a specific
point from each small grid and output uniform sampling result.
As a comparison, the general 3D point sampling methods tend
to keep the outline of points. With above fundamental layers,
we can build end-to-end trainable convolutional networks for
superpixel primitives.

In summary, our contributions are two folds. 1) We propose
an end-to-end trainable superpixel convolutional network, which
takes superpixel as image primitives and provides a novel view
forimage recognition task. 2) Experiments on image recognition
task show comparable results to prominent image classification
methods. The visualization results show high precision at object
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Pipeline of our superpixel convolutional network. The input image is first fed to several convolutional layers to learn low-level representation. The

extracted feature is transformed to a 2D point cloud format via the superpixel pooling layer, where the features grouped in one superpixel are aggregated to one
feature vector. For the final class score, we stack the 2D PointConv layers and point downsampling layers to extract high-level features from the points. Note that
the main representation learning of our model is performed at the 2D point stage, where the basic unit is superpixel.

localization and boundary segmentation, which indicates a po-
tential application for weakly supervised semantic segmentation
task.

II. METHOD

We propose a novel superpixel convolutional network to learn
representation on superpixel primitives. The overall idea is that
we treat the irregular lattice formed by superpixel as 2D point
cloud and extend some operations on points to build deep neural
network on this lattice. Fig. 1 illustrates the training pipeline of
our model when given a pair of image and superpixel mask. We
start by transforming low-level features to 2D point cloud via
aggregating the similar features grouped by superpixel mask. We
then extend the general convolutional layer to handle irregular
point cloud data. The challenge is that the neighbor features
of points can occur at any position around the reference point.
To tackle this problem, we view the weight of convolutional
kernel as continuous function of local coordinates and thus a
MLP is used to estimate the convolutional kernel given the
relative coordinates with respect to the reference point. Besides,
we propose grid based downsampling strategies for uniform
sampling result. The full architecture involves three fundamental
layers: superpixel pooling layer, 2D PointConv layer, and grid
based downsampling layer. The main details of our method are
presented in three parts:

Superpixel pooling layer. As illustrated in Fig. 1, the super-
pixel pooling layer [9] provides a simple and flexible strategy for
aggregating local features. Unlike regular pooling layer which
operates the rigid neighbor features, it utilizes the superpixel
mask [11]-[15] to group near features. The grouped features
over a superpixel are aggregated to one feature vector via
the average function. This step transfers the basic feature unit
from pixel to superpixel and fuses the redundant information in
the input image. Suppose the intermediate feature map is I €
REHXW " composed of C' channels and H x W pixels. The
one-channel superpixel segmentation is denoted as S € RT*W
where S; ; = [1, N] is the integer label of the pixel at position
(i, 7). The superpixel pooling layer transforms the feature map
to 2D point cloud, represented by a feature matrix P € RV,
This process is formulated as

%O Z I (1)

where N(n) = {(¢,7) : S;,; = n} denotes the set of pixels
belong to n-th superpixel. Note that the feature is aggregated
independently at the channel dimension.
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Fig. 2. The process of conducting 2D PointConv on local regions around the
center point (po, fo), where p means coordinates and f is the learned feature.
The PointConv layer takes the local coordinates to estimate the convolution
kernel, which is utilized to fuse the input features of the K nearest neighbors.

2D PointConv layer. This extends general convolutional
layers to conduct convolution operation on irregular point cloud
data. Fig. 2 illustrates this dynamic filtering process over the
local region around one point. The input of PointConv consists
of the features coming from the K nearest neighbors and the
corresponding local coordinates. Similar to [10], we consider
the convolutional kernel estimation as nonlinear functions of
the local coordinates. The coordinates are fed to a multilayer
perceptron to estimate the convolutional weight with respect to
the center point. Then a convolution operation is performed on
the corresponding local features with the estimated kernel. Same
as the common convolution, this operation is an element-wise
multiplication followed by a summation. Consider the local
region G around the center point o = (¢, ), and (J;,d;) can
be any possible position in this region. We formulate the 2D
PointConv layer at position (4, j) as

FW.Hij= D WEo)f(i+8.5+0)). (o
(0:,05)€G

where W represents the estimated convolutional kernel, and
f(i+0;,7 + 0;) is the feature at corresponding position.

Grid based downsampling layer. The irregular and un-
ordered data is intractable to general 2D pooling layers. We
extend the common pooling layers, e.g. the average pooling, to
down sample irregular points. As shown in Fig. 3(a), we split
the whole point cloud into small grids for grouping unordered
points. We propose three grid-based downsampling methods
for pooling the points in one grid: grid-mid, grid-mean, and
grid-max. As illustrated in Fig. 3(b), grid-mid chooses the point
nearest to the grid center for the pooled set. As displayed in
Fig. 3(c), we calculate the mean point for each grid and select
it as the new feature point, named grid-mean. In grid-max,
the average reduction function is replaced by the maximum
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Fig. 3.  Grid based 2D point downsampling methods, where the gray points
are original and the red one is pooled. (a) The input points are splited to different
grids. (b) Grid-mid: the point nearest to the grid center is chosen to construct
the new set. (c) Grid-mean: calculate the average point for each grid and select
it.

function to select new points. These grid based methods behave
more like general 2D pooling layers, generating more uniform
sampling result. As a comparison, the common 3D downsam-
pling methods, e.g. farthest point sampling, tend to keep the
geometric outline. Given the original point cloud P € RE*V,
the downsampling process is formulated as

P = reduce{P.;|i : g = k}, 3)
where g; means the grid index of one point, and reduce repre-
sents a reduction function like average or mazx.

III. EXPERIMENT

We first evaluate the effect of different downsampling strate-
gies and superpixel algorithms. Then we provide comparisons
against mainstream image classification models. Finally, we
visualize some class activation mappings of our model.

Implementation details. We implement our superpixel con-
volutional network using PyTorch framework. Our model is
trained by SGD with weight decay 0.0001, momentum 0.9, and
a mini-batch of 256 on 4 Tesla V100 GPUs. The learning rate
starts from 0.1 and is divided by 10 every 30 epochs. All models
are trained for 90 epochs with the standard cross entropy loss.
The MLP in PointConv consists of two 1 x 1 convolutional
layers and the number of hidden units is 8, while this number is
set as 4 in our lite variation.

Datasets and baselines. In order to evaluate the effect of
downsampling strategies, we report results on the MNIST
dataset [16]. To evaluate the representational capacity of super-
pixel convolutional network, we further conduct our ablation
study and comparisons on ImageNet-1K [17] dataset, which
collects 1.28 million training images and 50 k validation im-
ages from 1000 classes. The input in 224 x 224 resolution is
randomly cropped from a 256 x 256 resized image, with random
horizontal flipping. On ImageNet-1 k dataset, the superpixel
mask is extracted by Watershed [ 14] algorithm in pre-processing
where the markers is set as 784 and compactness is 0.001. We
compare our SPNet with three mainstream image recognition
networks: VGG [18], ResNet [19], and DenseNet [20]. All
models, including baselines and our model, are trained under
the same experimental protocol.

A. Experiments on Downsample Methods

We conduct quantitative experiments on MNIST dataset to
evaluate the effect of different downsample methods. The re-
sults are shown in Table I. The input image is resized to two
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TABLE I
CLASSIFICATION ACCURACY ON MNIST WITH DIFFERENT
DOWNSAMPLING STRATEGIES

Model 14 x 14 7 x 17
LeNet [16] 97.55 94.13
Our-random 84.33 76.22
Our-FPS 83.84 78.12
Our-grid-mid 97.17 93.80
Our-grid-max 97.95 93.66
Our-grid-mean 98.01 94.61
TABLE II

Top-1 AND TOP-5 TEST ERROR(%) ON IMAGENET DATASET OF SPNETS USING
DIFFERENT SUPERPIXEL METHODS. PATCH MEANS THAT A IMAGE PATCH IS
TREATED AS A SUPERPIXEL

Method top-1 err.(%) top-5 err.(%)
Patch 25.75 8.28
Felzenszwalb [13] 26.23 8.44
Quickshift [12] 25.65 7.94
SSN [15] 25.43 7.65
SLIC [11] 24.65 7.48
Watershed [14] 23.11 6.37

resolutions: 14 x 14 and 7 x 7, where a2 x 2 or 4 x 4 patch is
treated as a superpixel. The classic convolutional neural network,
LeNet[16], is chosen as the performance reference. We construct
the models with 5 PointConv layers for performance evaluation.
We first evaluate random sampling and farthest point sampling
(FPS), which are widely used in point cloud recognition task.
Both two methods perform significantly worse than the baseline.
We believe the reason is that those methods tend to keep the
overall geometry structure. However, image classification is
rely more on discriminative fragments to recognize objects. We
then assess three grid-based downsample methods: grid-mid,
grid-max, and grid-mean. Those methods split the whole point
cloud into different grids and choose the specific point from each
grid. For instance, grid-mean choose the mean point to represent
all points in one grid. Therefore, these methods can output more
uniform sampling result. As displayed in Table I, all grid-based
methods can achieve comparable performance to the baseline.
Among all variations, grid-mean achieves the best performance,
outperforming the baseline by 0.5% approximately on classifi-
cation accuracy.

B. Experiments on Superpixel Algorithm

To evaluate the effect of superpixel mask in our framework,
we conduct an ablation study on ImageNet dataset. Table II
shows top-1 and top-5 test error of SPNets using different super-
pixel algorithms including Felzenszwalb [13], Quickshift [12],
SSN [15], SLIC [11], and Watershed [14]. We can see that the
best result outperforms the worst by 3.12% on top-1 and 2.07%
on top-5. This shows that the selection of superpixel algorithms
has important influence on final recognition accuracy. The best
result is achieved by Watershed, which tends to segment super-
pixels with uniform size. Since the 2D points are transformed
via superpixel mask, the result also indicates that 2D points with
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regions represent the more discriminative parts. Best viewed in color.

TABLE III
TopP-1 AND TOP-5 TEST ERROR(%) AS WELL AS MODEL SIZE AND
COMPLEXITY ON IMAGENET DATASET

Model top-1 err.(%) top-5 err.(%) Params(M) GFLOPs
VGG-19 [18] 25.76 8.15 143.68 19.7
DenseNet-169 [20] 24.00 7.00 14.15 342
ResNet-34 [19] 26.70 8.58 21.80 3.68
ResNet-50 [19] 23.85 7.13 25.56 4.12
Our-lite 24.93 7.23 13.40 3.46
Our 23.11 6.37 21.15 6.98

uniform distribution are able to achieve higher performance on
image recognition task.

C. Classification on ImageNet-1 k

Table III shows the top-1 and top-5 test error on the ImageNet-
1 k dataset. We build models with approximately 50 layers
to perform quantitative comparisons against mainstream image
recognition networks. The number of learnable parameters and
GFLOPs are utilized to assess model size and complexity.
Our full model outperforms other mainstream classification
networks. With a smaller model size, our model achieves an
improvement of 0.74% on top-1 error and 0.76% on top-5 error
over ResNet-50. Our lite variation (Our-lite) reduces 37% model
size by decreasing the number of hidden units in PointConv from
8 to 4. For similar model size, Our-lite achieves a decrease of
0.93% on top-1 over DenseNet-169. Itis areasonable result since
Our-lite has less layers and no dense connection mechanism. For
the similar network structure, it has a improvement of 1.77% on
top-1 and 1.35% on top-5 over ResNet-34, with less GFLOPs
and model size.

D. Class Activation Mapping

To understand superpixel convolutional network, we show the
class activation mapping (CAM) on Fig. 4 via Grad-CAM [21],
where the more discriminative areas are covered with the
brighter color. Compared with ResNet-50, the CAM generated
by superpixel convolutional network performs better at object

bulbul matchstick

sewing machine car

Visualization of class activation mapping for different methods. ‘+superpixel’ means the maps of ResNet post-processed by superpixel. The brighter

boundary and localization accuracy. For object boundary, CAM
generated by SPNet has more clear boundary for thin and long
objects such as ‘sea snake’ and ‘vulture’. For some compli-
cated classes like ‘harvestman’ and ‘harvester,” both methods
can cover the object regions, while our method tends to focus
on body parts to avoid involving the background. As for lo-
calization accuracy, our SPNet has activation map that marks
head rather than feet as discriminative area for ‘bulbul, in
line with human intuition. Another case is that the CAM of
ResNet improperly highlights the human finger for ‘matchstick’
class. As displayed in the last two columns, we also show
some failure case of ResNet: It wrongly recognizes ‘people’ as
‘sewing machine,” and incorrectly highlights the background for
‘car’.

To further evaluate the effect of superpixel in activation maps,
we also visualize the CAM of the revised ResNet (‘+super-
pixel’), which adopts the watershed superpixel algorithm [14].
Specifically, we replace the last average pooling layer in ResNet-
50 with superpixel pooling layer. Both the original and the
revised ResNet-50 have similar activation maps on all classes.
This indicates that the difference of visualization results between
the ResNet-50 and SPNet is more likely caused by the network
architecture rather than the utilization of superpixel. The ability
of SPNet in precisely locating the class activation mapping
provides a potential application for weakly supervised semantic
segmentation task.

IV. CONCLUSION

We propose a novel superpixel convolutional network, named
SPNet, which is an end-to-end trainable deep network on image
superpixel primitives. Due to the representational efficiency, our
model can reduce redundant calculations inside superpixels for
subsequent processing. Experiments on image recognition task
show that our SPNet achieves comparable results to prominent
image classification methods. Meanwhile, the visualization re-
sults indicate a potential application of SPNet in weakly super-
vised semantic segmentation task.

Authorized licensed use limited to: Zhejiang University. Downloaded on September 27,2021 at 10:42:56 UTC from IEEE Xplore. Restrictions apply.



926

(1]

(2]

(3]

(4]

(3]

(6]

(71
(8]

(91
[10]

REFERENCES

Q. Wang, Y. Yuan, P. Yan, and X. Li, “Saliency detection by multiple-
instance learning,” IEEE Trans. Cybern., vol. 43, no. 2, pp. 660-672,
Apr. 2013.

Q. Wang, J. Gao, and Y. Yuan, “A joint convolutional neural networks and
context transfer for street scenes labeling,” IEEE Trans. Intell. Transp.
Syst., vol. 19, no. 5, pp. 1457-1470, May 2018.

S. He, R. W. Lau, W. Liu, Z. Huang, and Q. Yang, “Supercnn: A super-
pixelwise convolutional neural network for salient object detection,” Int.
J. Comput. Vis., vol. 115, no. 3, pp. 330-344, 2015.

X. Li, K. Liu, and Y. Dong, “Superpixel-based foreground extraction with
fast adaptive trimaps,” IEEE Trans. Cybern., vol. 48,1n0. 9, pp. 2609-2619,
Sep. 2018.

R. Gadde, V. Jampani, M. Kiefel, D. Kappler, and P. V. Gehler, “Superpixel
convolutional networks using bilateral inceptions,” in Proc. Eur. Conf.
Comput. Vis., 2016, pp. 597-613.

S. Kwak, S. Hong, and B. Han, “Weakly supervised semantic segmentation
using superpixel pooling network,” in Proc. AAAI Conf. Artif. Intell.,
vol. 31, no. 1, 2017, pp. 4111-4117.

F. Yang, H. Lu, and M.-H. Yang, “Robust superpixel tracking,” IEEE Trans.
Image Process., vol. 23, no. 4, pp. 1639-1651, Apr. 2014.

Y. Yuan, J. Fang, and Q. Wang, “Robust superpixel tracking via depth fu-
sion,” IEEE Trans. Circuits Syst. Video Technol., vol. 24, no. 1, pp. 15-26,
Jan. 2014.

M. Schuurmans, M. Berman, and M. B. Blaschko, “Efficient semantic
image segmentation with superpixel pooling,” 2018, arXiv:1806.02705.
W. Wu, Z. Qi, and L. Fuxin, “Pointconv: Deep convolutional networks
on 3D point clouds,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit.,
2019, pp. 9621-9630.

[11]

[12]
[13]

[14]

[15]

[16]

[17]
[18]

[19]

[20]

[21]

IEEE SIGNAL PROCESSING LETTERS, VOL. 28, 2021

R. Achanta, A. Shaji, K. Smith, A. Lucchi, P. Fua, and S. Siisstrunk, “Slic
superpixels compared to state-of-the-art superpixel methods,” IEEE Trans.
Pattern Anal. Mach. Intell., vol. 34, no. 11, pp. 2274-2282, Nov. 2012.
A. Vedaldi and S. Soatto, “Quick shift and kernel methods for mode
seeking,” in Proc. Eur. Conf. Comput. Vis., 2008, pp. 705-718.

P. F. Felzenszwalb and D. P. Huttenlocher, “Efficient graph-based image
segmentation,” Int. J. Comput. Vis., vol. 59, no. 2, pp. 167-181, 2004.

Y. Deng, B. S. Manjunath, and H. Shin, “Color image segmentation,”. in
Proc IEEE Comput. Soc. Conf. Comput. Vis. Pattern Recognit., vol. 2,
1999, pp. 446-451.

V. Jampani, D. Sun, M.-Y. Liu, M.-H. Yang, and J. Kautz, “Superpixel
sampling networks,” in Proc. Eur. Conf. Comput. Vis., 2018, pp. 352-368.
Y. LeCun, L. Bottou, Y. Bengio, and P. Haffner, “Gradient-based learn-
ing applied to document recognition,” Proc. IEEE, vol. 86, no. 11,
pp. 2278-2324, Nov. 1998.

O. Russakovsky et al., “Imagenet large scale visual recognition challenge,”
Int. J. Comput. Vis., vol. 115, no. 3, pp. 211-252, 2015.

K. Simonyan and A. Zisserman, “Very deep convolutional networks for
large-scale image recognition,” in Proc. Int. Conf. Learn. Represent.,2015.
K. He, X. Zhang, S. Ren, and J. Sun, “Deep residual learning for image
recognition,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit., 2016,
pp. 770-778.

G. Huang, Z. Liu, L. Van Der Maaten, and K. Q. Weinberger, “Densely
connected convolutional networks,” in Proc. IEEE Conf. Comput. Vis.
Pattern Recognit., 2017, pp. 4700-4708.

R. R. Selvaraju, M. Cogswell, A. Das, R. Vedantam, D. Parikh, and
D. Batra, “Grad-cam: Visual explanations from deep networks via
gradient-based localization,” in Proc. IEEE Int. Conf. Comput. Vis., 2017,
pp. 618-626.

Authorized licensed use limited to: Zhejiang University. Downloaded on September 27,2021 at 10:42:56 UTC from IEEE Xplore. Restrictions apply.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /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 <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. 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 PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


