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Abstract—This paper focuses on the underdetermined blind 
signal separation problem with sparse representation. The 
algorithm is proposed to identify the parameters of mixing model 
which are unknown. The distribution of mixtures are mapping to 
a new histogram domain by Hough transform which converts the 
Cartesian image space to the normal parameterization. And then, 
fuzzy k-means clustering is employed to seek the cluster centers, 
i.e. parameters of mixing model, on the histogram. Obtaining 
accurate estimates, the sources can be recovered clearly.  The 
proposed algorithm and three existing algorithms are tested in 
the simulations. By the simulation results, our algorithm is able 
to perform a nice accuracy of estimation through a very low 
computational consumption. 

Keywords—Underdetermined Blind source separation, fuzzy 
k-means clustering, hough transform. 

I. INTRODUCTION

Blind source separation (BSS) involves recovering 
unobserved source signals from several mixed observations, 
which are typically obtained at the output of a set of sensors, 
where each sensor receives a different mixing matrix of the 
source signals. Some principle limitations of BSS is [1]:

Mutual independent assumption on original signals. 
No information is available because of the 
unobservable original signals. 
Unobservable mixing environment. In general, a 
mixing model will be focused (known), but its 
parameters are assumed unknown. 

BSS in signal processing has received considerable attention 
from researchers recently, due to its numerous promising 
applications in the areas of biomedical signal processing, 
digital communications and speech signal, sonar, image 
processing, and monitoring [1]-[6]. A number of blind 
separation algorithms have been proposed based on different 
separation models. These algorithms play increasingly 
important roles in many applications.  

In reality, the number of source signals is different in 
variable environment. However, early BSS algorithms always 
require that the sensor number must equal to the source 

number (i.e. determined condition). Therefore, hardware could 
not suitably process the general cases, until Lee et al. The 
algorithm in [7] relied on the sparse representation to deal with 
the underdetermined BSS which has more source than sensor. 
As the mixtures are encoded with two sensors, each base 
vectors of unknown mixing matrix will display on the 2-D 
plane coordinate as a directional line. Some underdetermined 
algorithms based on neural network were proposed [8]-[12].
However, if there is not sufficient prior information about the 
mixing matrix or source, only a part of the source signals can 
be successfully extracted. 

For the mixing matrix identification, Bofill and Zibulevsky 
proposed a potential function to transform an irregular mixture 
distribution to a simple curve involving some peaks (i.e. 
locations of mixing vectors) [13]. Lv and Zhang proposed a 
unified method for blind separation of sparse sources with 
unknown source number [14]. Shi et al. proposed the 
generalized exponential mixture model to approximate the 
distribution of the mixture, and this algorithm does not 
predefine any parameter [15]. The clustering methods as fuzzy 
clustering, k-means and some extension were proposed to 
search the mixing matrix [16]-[18]. These mentioned 
algorithms performed good performance in a well-condition 
mixing matrix, and assume source number is known. 

Generally, in order to get a precise mixing matrix, it will 
take some time to achieve the goal. On the contrary, the error 
is bigger when the processing time is shorter relative to the 
former. This paper proposes a mixing matrix identification 
algorithm for underdetermined BSS. The proposed method 
associates Hough transform which is usually used on the 
image processing, and Fuzzy k-means clustering to obtain a set 
of precise mixing vectors and reduce computational time. 
According to the properties of our task, the mixing signals 
from two sensors, which are transferred from the time-domain 
to the frequency spectrum first via the Fourier Transform. 
Second, converting the data points on the x-y plane to the 
normal parameterization ),( , then use the fuzzy k-means 
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clustering to find the cluster centers. (Here we assumed that 
the number of sources is known.) After that, the algorithm 
searches a maximum in a radius around each cluster center 

),( cc , that is ),( maxmax . After some mathematical 
calculation on max to get mIx  which are the mixtures of the 
mixing signals. 

The remainder of this paper was organized as follow: 
Section II presents the BSS problem definition. Section III 
describes the related method which includes Hough transform 
and Fuzzy k-means clustering. Section IV illustrates the 
proposed method, describing how it works here. Section V 
presents some simulations and results. Section VI draws a 
brief conclusion for this work. 

II. BLIND SIGNAL SEPARATION

A. Description of Mixing Model 
The sparse source signals are unobservable in a situation, 

 is the zero-mean and is mutually  
statistically as independent as possible, where n  denotes the 
number of sources and t=1, …, N is the instant sampling time. 
Sparse means that only a small number of the si differ 
significantly from zero. The degree of sparse is evaluated by 
the probability density function (pdf): 
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where i  is the probability that a source is inactive, 
denotes Dirac’s delta and  is the pdf of the ith source 
when it is active 
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[19]. The actual acoustics has higher degree 
of sparse in frequency domain than in time domain. The 
available sensor vector , where  is the 
number of sensors, is given by: 

T
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where nmRA

mn

 is an unknown mixing matrix and non-
singular. The definition of underdetermined case satisfies 

, and the number of sensors m=2 is considered in this 
paper.

B. Source Signal Recovery 
The sparsity means that only a small number of the si differ 

significantly from zero. The base vectors of mixing matrix 
would be exhibited on space domain when signals are sparse. 
The aim is to estimate the base vectors of mixing matrix with 
sensor signals only, and then to recover the original signals by 
maximizing the posterior distribution that is formed as [15]:

                     (3) 
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According to (2) and Bayes’ rule, we can obtain the log-
likelihood by taking the logarithm of (2) as: 
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where  indicates noise covariance matrix and  is a 
constant irrelevant to s(t). In order to maximize the (4), the 
gradient of (4) is derived with respect to s(t), as: 

tptttL t
T

t sAsxAs ss log1   (5) 

Therefore, we can recover original signals gradually by follow 
iteration: 

tLtt j
t
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where the superscript of s indicates the iteration index. 

III. RELATED METHOD

A. Fuzzy k-means Clustering 
Cluster analysis could be an effective approach to clearly 

differentiate various types of samples. It divides sampling data 
into several groups so that similar data objects belong to the 
same cluster and different data objects belong to separate ones. 
Here we use it on the normal parameterization to get the 
cluster centers which the number is assumed to be known 
already.

The fuzzy k-means clustering algorithm seeks a minimum of 
a heuristic global cost function: 
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where b is a free parameter chosen to adjust the “blending” of 
different clusters and its range is between 1 and infinite, that is 
1<b< . Further more, if b is set to 0, then Jfuz is merely a sum-
of-squared errors criterion with each pattern assigned to a 
single cluster. For b>1, the criterion allows each pattern to 
belong to multiple clusters.  

For a set of unlabeled data x = {x1, x2,…, xn}, where n is the 
number of data points. The cluster membership functions are 
equivalent to the probabilities for each point are normalized as 
(8), 

njxp
c
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,                  (8) 

where  is the parameter vector for the membership functions, 
and the sum of all probabilities for each sampling point simply 
equals to the value of one. The distance between each data 
point and every cluster centers is normalized by (9).  

ˆ

2
ijij xd                                    (9) 

And the probability of category memberships for each point is 
going to be adjusted within each iteration loop of the fuzzy k-
means clustering algorithm by (10).  
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It is obvious that if we plot the possible ),(  values 
defined by each one , everyone point in Cartesian 
image space is corresponded to one sinusoids curves in the 
polar Hough parameter space. This point-to-curve
transformation is the Hough transform for straight lines. 
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At early iterations, the means locate near the center of the full 
data set because each point has a non-negligible “probability” 
in each cluster, and it will be updated by (11) during the loops 
of clustering.  

For example, there are ten points illustrated in Figure1 that 
are on the same line. They are converted to the zero-polar 
plane as Figure 2 by (12) and the range of  value here is 

]2,2[ . It is easy to see that the period in Figure 2 is .
Here in this research, the range of theta is set to be 
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All the means separate and each membership tends toward 
the value 1 or 0 at subsequent iterations. The cost function is 
minimized when cluster centers are near the points with high 
probabilities of presence. At the end of iterations, the change 
in means and probabilities are less so that clustering becomes 
convergent.[20] 

In Figure 2, the location ),(  in the -  plane where they 
crossover together indicates the line in the x-y plane that pass 
through both points. And the arctangent of mix is exactly the 
slope of the line. 

B. Hough Transform 
The Hough Transform (HT) was originally proposed by 

Hough in 1959. It is a technique to be used to isolate features 
of a particular shape within a digital image. The classical HT 
was used to detect the lines in an image at first, but later it was 
invented by Richard Duda and Peter Hart in 1972, who called 
it “generalized Hough Transform.” The generalized HT can be 
used to identify the arbitrary shapes such as circles, ellipses. 

Specifically applied in this research, in order to separate the 
mixing signals, the HT is used to detect the lines on the sparse 
distribution image such as Figure 4, and the slope of the lines 
represent the mixture of the mixing vectors. The way of how it 
works will be explained in Section IV later.  

The HT maps the straight line on a Cartesian image 
space  into a point on another coordinate plane which is 
called normal parameterization

),( yx
),(  via (12): 

,sincos yx                                 (12) 

Figure.1 Ten points on the x-y plane where is the distance from the origin to the line which is 
passed through one point in the Cartesian plane, and the slope 
of line is varied from 0 to 2 .  is the orientation of with 
respect to the x-axis.  

The HT can start by choosing a discrete set of and to use. 
For each pixel in the image, it computes (12) for each 
value of 

),( yx
and place the result in the appropriate position in 

the ),( array. At the end, the values of ),( with the 
highest values in the array will correspond to strongest lines in 
the image. There are two derivative formulas which are 
showed below: 

(14)                                                 )sin(

(13)          )sincos(
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Figure. 2 Two points correspond to two sinusoid on the zero-polar space
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Fuzzy k-means clustering is employed to cluster the 
superimposed centers in the polar space directly. The three 
means vectors are given in random at first, the particles 

 are equal to xj in (9), then it starts to update the values 
of means (11) and membership functions (10) in terms till 
there is almost nothing to change. After the three cluster 
centers are found, in order to find the maximum of 
superimposed number in this region, we chose a radius r to
form three circles around them. The maximum 
superimpositions are indicated to three coordinates 

),( jj

),( ii in
each circle, where i is the number of cluster centers. These 
three points are corresponded back to three straight lines in 
Cartesian plane in Figure 4.  

IV. PROPOSED METHOD

This section describes how the algorithm works and the flow 
chart is shown in Figure 3. In the beginning, three continuous 
and non-periodic source signals are received by two sensors, 
that the mixed signals are named and  and the mixing 
matrix A is assumed already. Because the sparse characteristic 
is more obvious in frequency domain, we use Fourier 
transform to transfer data in time domain to frequency 
spectrum, M1 and M2 are denoted the real based of FT 
representation of and separately. For the property of
sparse representation, the vectors of M1 and M2 form the 
gathered lines of mixtures on a 2-D coordinate plane in Figure 
4. But in reality, there may be some noise to cause non-sparse 
points in general cases. Therefore, the gathered lines often 
seemed as distributed tendency of mixtures. 

1m 2m

1m 2m

The next step is using HT to convert data points from the 2-D 
coordinate plane to zero-polar plane. The vectors M1 and M2 
are corresponded to x and y in (12). In Figure 4, it is obvious 
that the distance from the original point to all the 
directional lines is closed to zero. Each one point in Cartesian 
plane is converted to a sinusoid in the zero-polar plane, and 
those sine waves are crossoverred to form three central 
intersections near around the theta axis, i.e., rho is closed to 
zero. Due to the theorem of HT, we know that the three 
gathered lines in Figure 4 are corresponded to three 
intersections in Figure 5. 

)0,0(

Figure 5 shows all the sine curves transferred from the data 
points in the Cartesian plane, and Figure 6 shows the amount 
of superimpositions where the curves are overlapped in Figure 
5.  Because the amount of superimpositions are less at 

20 and very unclearly, the scale bound in Figure 6 is set 
to be 20 .

Figure. 4 The sparse mixture in a 2-D space (involve three distinguishable 
base vectors) 

Figure. 5 The sparse mixture in a 2-dimensional space is converted to the 
zero-polar plane  

Figure. 3 The flow chart of the proposed algorithm 
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Figure. 6 The amount of superimpositions at 20

The mixing matrix are equaled to the slope of directional 
lines in Figure 4, also the mix  as mentioned in Figure 1. In the 
end, if the value of i  is positive, then it has to be subtracted 
by 2 ; On the contrary, if it is negative, then add 2  on 
it.[21] 

V. SIMULATION 

In order to confirm the efficiency and robustness of the 
proposed algorithm, the BSS simulations consider one kind of 
mixing matrix and three numbers of source signals, and 
implement three existing algorithms for performance 
comparison, conveniently they are named CPSO [22], PF [13],
FC [17] later. The sampling number we take from each mixing 
signals is 30,000, and the source signals are shown in the 
Figure 7, which the frequency spectrum is shown in Figure 8 
in order to present the sparse characteristic. 

Figure. 7 The three source signals in time domain 

Figure. 8 The three source signals in the frequency spectrum 

Each simulation is carried out 20 independent runs. The 
sparse source signals are the actual sounds. A performance 
evaluation is defined as: 

k

EbvRbv
PI

k

i
ii

1                               (21) 

where  denotes the ith actual mixing vector, and 
denotes the ith estimation. PI means the error percent of the 
mixing matrix, that is the larger the PI is, the more unprecise 
result is. In final, the average of PI by 20 independent runs 
will be presented. In this case, three source signals and a 
mixing matrix are involved. The mixing matrix with scatter 
base vectors, 

iRbv iEbv

1  ,2  ,5.2Rbv , are presented as: 

7071.00.89449285.0
7071.00.44723714.0

A

The received mixtures are assumed already and the 2-D plane 
are plotted in Figure 4, and the predefined parameters of 
involved algorithms are:  

Proposed algorithm: grid scale of =0.01 and  =0.1, 

 b=1.5, r=0.05  

CPSO: 10sz , 6k , 95  and 50maxg

PF: the grid scale I=720 and =55

FC: the tolerant error  is 10-3

And the averages of estimated base vectors and PI are present 
in TABLE I.

TABLE The comparisons of identity accuracy and run time 
Algorithms 

Real Proposed 
method CPSO PF FC 

bv1 2.5 2.4979 2.5000 2.5882 2.4161
bv2 -2 -2.0024 -1.9959 -1.9522 -2.0386
bv3 1 1.0092 0.9999 1.0220 0.9588

PI 0.0031 0.0018 0.1027 0.0819
Time(s) 0.8299 1.6165 2.1676 1.5120

Apparently, under the same condition, the proposed 
algorithm is the fastest one. Compare with the CPSO, although 
the mixture they got was almost two times precisely than us, 
but the time they took was two times than us, too. The FC uses 
Fuzzy C-means clustering to cluster the data in the 2-D plane 
directly. The difference between FC and us is that we use 
Hough transform before we do the fuzzy k-means clustering. 
After we converted the coordinate and use another type of data, 
the result we got was more precise than FC. Also the 
computational time is much less than them. 

In conclusion, on the viewpoint of saving time and get a 
precise value that the error is small and acceptable meanwhile, 
our proposed algorithm can achieve both of them in the same 
time. 
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. CONCLUSION

The mixing matrix identification which has good accuracy and 
low cost of computation was proposed in this paper. The 
received mixtures are converted to frequency spectrum. 
Parameters of the blind mixing matrix can be clearly visible on 
the zero-polar plane when mixtures had been transferred by 
Hough transform. The precise parameters are further found out 
by fuzzy k-means clustering.  At last, because the value we 
get so far is the orientation of with respect to the x-axis in 
Figure 1, the mixture is the slope of the directional line. In 
order to get the mixture, the value need to be plus or 

subtracted by 
2

to get .mix

From the simulation results, performance of the proposed 
algorithm is better than those of PF algorithm and FC 
algorithm, and as accuracy as that of CGPSO. Additionally, it 
only spends about half computational time of others. By the 
advantages, the proposed algorithm has a benefit to deal with 
an on-line BSS problem. 

REFERENCES

[1] A. Cichocki, and R. Unbehauen, “Robust neural networks with on-line 
learning for blind identification and blind separation of sources,” IEEE 
Trans. on circuits and systems-I: fundamental theory and applications,
vol. 43, 1996. 

[2] Y. cZhang and S. A. Kassam, “Robust rank-EASI algorithm for blind 
source separation,” IEE Proceedings-Communications, vol. 151, issue: 1, 
pp. 15-19, 2004. 

[3] A. Tonazzini, L. Bedini, and E. Salerno, “A markov model for blind 
image separation by a mean-field EM algorithm,” IEEE Trans. on Image 
Processing, vol. 15, issue: 2, pp. 473-482, 2006. 

[4] I. Schiessl, M. Stetter, J. E. W. Mayhew, N. McLoughlin, J. S. Lund, and 
K. Obermayer, “Blind signal separation from optical imaging recordings 
with extended spatial decorrelation,” IEEE Trans. on Biomedical 
Engineering, vol. 47, issue: 5, pp. 573-577, 2000. 

[5] E. Tangdiongga, N. Calabretta, P. C. W. Sommen, and H. J. S. Dorren, 
“WDM monitoring technique using adaptive blind signal separation,” 
IEEE Photonics Technology Letters, vol. 13, issue: 3, pp. 248-250, 2001. 

[6] O. Yilmaz and S. Rickard, “Blind separation of speech mixtures via 
time-frequency masking,” IEEE Trans. on Acoustics, Speech, and Signal 
Processing, vol. 52, issue: 7, pp. 1830-1847, 2004. 

[7] T. W. Lee, M. S. Lewicki, M. Girolami, and T. J. Sejnowski, “Blind 
source separation of more sources than mixtures using overcomplete 

representations,” Signal Processing Letters, vol. 6, issue: 4, pp. 87-90, 
1999. 

[8] Y. Li and J. Wang, “Sequential blind extraction of instantaneously 
mixed sources,” IEEE Trans. on Acoustics, Speech, and Signal 
Processing, vol. 50, issue: 5, pp. 997-1006, 2002. 

[9] J. Even and E. Moisan, “Blind source separation using order statistics,”
Signal Processing, vol. 85, issue: 9, pp. 1744-1758, 2005. 

[10] P. Pajunen, “Blind source separation using algorithmic information 
theory,” Neurocomputing, vol. 22, issue: 1-3, pp. 35-48, 1998. 

[11] D. T. Pham and F. Vrins, “Local minima of information-theoretic 
criteria in blind source separation,” IEEE Signal Processing Letters, vol. 
12, issue: 11, pp. 788-791, 2005. 

[12] T. P. Dinh, “Mutual information approach to blind separation of 
stationary sources,” IEEE Trans. on Information Theory, vol. 48, issue: 7, 
pp. 1935-1946, 2002. 

[13] P. Bofill and M. Zibulevsky, “Underdetermined blind source separation 
using sparse representations,” Signal Processing, vol. 81, pp. 2353-2362, 
2001. 

[14] Q. Lv and X. D. Zhang, “A unified method for blind separation of sparse 
sources with unknown source number,” IEEE Signal Processing Letters,
vol. 13, issuse: 1, pp. 49-51, 2006. 

[15] Z. Shi, H. Tang, W. Liu, and Y. Tang, “Blind source separation of more 
sources than mixtures using generalized exponential mixture models,” 
Neurocomputing, vol. 61, pp. 461-469, 2004. 

[16] P. O. Grady and B. Pearlmutter, “Soft-LOST: EM on a mixture of 
oriented lines,” in Proc. of ICA 2004, ser. Lecture Notes in Computer 
Science Granada, Spain. 3195, pp. 430-436, 2004. 

[17] C. C. Liu, T. Y. Sun, K. Y. Li, and C. L. Lin, “Underdetermined blind 
signal separation using fuzzy cluster on mixture accumulation,” in Proc. 
Int. Symp. on Intelligent Signal Processing and Communication Systems,
pp. 455-458, 2006. 

[18] S. V. Vaerenbergh and I. Santamaria, “A spectral clustering approach to 
underdetermined postnonlinear blind source separation of sparse 
sources,” IEEE Trans. on Neural Networks, vol. 17, issue: 3, pp. 811-
814, 2006. 

[19] D. Luengo, I. Santamaria, and L. Vielve, “A general solution to blind 
inverse problems for sparse input signals: deconvolution, equalization 
and source separation,” Neurocomputing, vol. 69, pp. 198-215, 2005. 

[20] R.O.Duda, P.E.Hart, and D.G.Stork, Pattern classification, Canada,2001 
[21]  A.Mcandrew, Introduction to digital image processing with matlab, 

Course techonology,2004 
[22] C. C. Liu, T. Y. Sun, K. Y. Li, S. T. Hsieh, and S. J. Tsai, “Blind sparse 

source separation using cluster particle swarm optimization technique,” 
in Proc. Int. Conf. on Artificial Intelligence and Applications, pp. 549-
217, 2007. 

1688



<<
  /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 1.6
  /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 false
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /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 true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /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 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /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 <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 "Recommended"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


