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Analysis of State-Space Model based Voice Conversion 
 
 

Abstract. A new State-Space Model (SSM) based voice conversion method has been proposed recently which outperforms the traditional Gaussian 
Mixture Model (GMM) method. Although the implementation process of the new method has been elaborated, the theoretical essence of this method 
has not been analysed clearly. In this paper an exhaustive analysis of the SSM based method is given theoretically and experimentally. Through 
these analysis, much simpler equivalence form and performance upper bound of the new method are obtained. Finally possible improvements are 
discussed. 
 
Streszczenie. Przedstawiono teoretyczna i eksperymentalną analizę nowego algorytm SSM przetwarzania sygnału mowy. (Model SSM 
przetwarzania sygnałów głosowych) 
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1 Introduction 

Voice Conversion (VC) aims to modify a speaker’s voice 
to be perceived as uttered by another speaker, as shown in 
Fig.1. It can be applied to many areas. Text-To-Speech 
(TTS) would be one of the most important applications in 
which it hopes to synthesize different speaking style voices 
without a large utterance corpus [1]. By connecting VC 
module to the traditional TTS system, the output of TTS 
system can be converted into new voice with the target 
speaker’s characteristic. In this way only a small amount of 
data is needed to train the module. Obviously the new plan 
is timesaving and easy to use. 

 
 
 
 
 
 
 
 
 
 
 
 
 

Fig.1. Schematic diagram of voice conversion 
 
Since the VC problem was formulated in 1988 by Abe et 

al [2], several conversion methods have been proposed [3-
6]. Despite many breakthroughs have been achieved in this 
area, the problem is far from fully solved.  

In 2009 Xu et al proposed a new VC method using the 
SSM to model and transform the voice spectral features [7]. 
The main advantage of using SSM in voice conversion lies 
in its ability to model spectral parameter trajectory explicitly. 
The correlation between adjacent frames of speech is 
usually ignored in previous methods, especially in the 
frame-by-frame analysis framework like GMM based 
method. Additionally in this new method, the spectral 
parameters are decomposed into common information and 
differentia information. This decomposition property of SSM 
may provide a possible approach for separating the 
speaker’s characteristics from the speech parameters as 
mentioned in [8]. 

Although the implementation process of the new method 
has been elaborated, the essence of this method has not 
yet been analysed clearly. In this paper the SSM based 
voice conversion method is analysed theoretically and 
experimentally. Through the analysis, much simpler 
equivalence form and performance upper bound of the new 

method are obtained. Besides, the decomposition property 
of SSM is analysed by well-designed experiments. And 
possible improvements of this method are also discussed. 

The paper is organized as follows. In the next section, 
the SSM is briefly reviewed and the voice conversion 
method based on this model is summarized. In section 3 
the theoretical analysis of the SSM based VC method is 
presented in detail. Furthermore the simpler equivalence 
form of this method is given. And the decomposition 
property of SSM on speech is discussed and testified by 
experiments. Finally, the conclusions and discussions are 
summarized in section 4.  

 
2 SSM and Voice Conversion method 
2.1 State-Space Model 
 SSM is a model that uses (possibly unobserved) state 
variables to describe a system by a set of first-order 
differential or difference equations. More specifically, the 
system we work with is discrete time linear dynamical 
system with gaussian noise. The basic model can be written 
as [9]: 
(1) 1t t t x Ax ω  

(2) t t t y Bx υ  

where xt is a k-dimensional hidden variable, yt is a p-
dimensional observation vector. A and B are the state 
transformation and the observation matrices, respectively. 
Both ωt and υt are zero mean Gaussian error terms with 
covariance matrix Q and R, such that ωt~N(0,Q), υt~N(0, R). 
The k–vector ωt and p-vector tυ  represent the state 

evolution and observation noises respectively, which are 
independent of each other and independent of the values of 
xt and yt. Equation (1) is called state equation and equation 
(2) is called observation equation. 
 It’s assumed that the state of system at time t is 
specified by the state variable xt which can’t be observed 
directly. The output of the system yt can be accessed and 
used to estimate the hidden states and learn the model 
parameters. For a given SSM, the model parameter set is 
defined by Θ={A,B,Q,R}. 
 Given the observation yt, there are two common 
approaches to estimate the hidden states and model 
parameters: the iterative Expectation Maximum (EM) 
algorithm [10] and subspace method [11]. The result 
obtained by iterative EM method is more accurate in 
comparison with the subspace method which requires less 
computation time. The timesaving property of subspace 
method is obvious when the dimensions of state variable 
and observation vector are high. In [7] the EM algorithm is 
adopted. 

 

Voice 

Conversion 
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2.2 Voice Conversion Based on SSM 
 The SSM has the desirable ability to explicitly model 
spectral parameter trajectory of speech signal which can 
alleviate the discontinuity of adjoining frames in converted 
speech. Using this property, a SSM based voice conversion 
method is proposed for the first time in [7].  
 In this method, the parameter set of SSM is divided into 
two parts: Θcomm={A,Q}, denoting the common information 
and Θdiff={B,R}, denoting the differentia information. The 
conversion process can be summurized as: 
 In the training phase: 
 1) Analysing the parallel training speech data of source 
and target speakers using STRAIGHT model [12], resulting 
in the spectral parameters. Then the spectral parameters 
are converted to Linear Spectral Frequencies (LSFs) and 
time-aligned by the Dynamic Time Warping (DTW) 
algorithm. The time-aligned LSFs of source and target 
speech can be denoted as source

trainY  and target
trainY  respectively. 

More specificly: 

(3)  1 2, ,source source source source
train train train train TY y y y   

(4)  1 2, ,target target target target
train train train train TY y y y  

where T is the length of LSFs. 
 2) Estimating the parameter set and state series of 
source speaker using EM algrithm from source

trainY , resulting in: 

(5)  , , ,source source source source source  A B Q R  

(6)  1 2, , ,source source source source
train train train train TX x x x  

 3) As the training data are parallel, the state variable 
series of the SSM trained from target

trainY  are assumed to be 

the same as that trained from source
trainY , which means: 

(7) source target
train trainX X  

And so is the target
comm , which is: 

(8)  ,target source source
comm  A Q  

Then given target
trainY , target

trainX  and target
comm , target

diff  can be easily 

estimated, that is: 

(9)  ,target target target
diff  B R  

 In the conversion phase: 
 1) Analysing the new input source speech in the same 
way mentioned above resulting in the LSFs, denoted as 

source
convertY . 

 2) Estimating state series source
convertX of SSM from source

convertY  

under the constraint of Θsource which is obtained in the 
training phase. 
 3) Converted LSFs can be obtained easily using 
equation (10): 

(10) ˆ target target target target source
convert convert convertY B X B X  

where the error term υ is elimiated as its expectation is zero. 
 The experimental results in [7] show that the SSM-
based voice conversion method significantly outperforms 
the traditional GMM-based technique in the view of both 
speech quality and conversion accuracy of speaker 
individuality.  
 
3 Analysis of SSM based VC method 
 Although the implementation process and experimental 
results are described clearly in [7], there still are some 
questions about this method unresolved as yet. For 
examples: as the SSM is a linear multivariate model, is 
there any relationship between the SSM based method and 
the classic Linear Multivariate Regression (LMR) method 

[13] for VC? What is the performance upper bound of this 
new method? Can the Θcomm represent the charateristic of 
speaker and the Θdiff  and state series X represent the voice 
content information in speech? In order to find out the 
answers and get a better understanding of the SSM based 
method, a theoretical and experimental analysis is given in 
the following. 
 

3.1 Equivalent form and the performance upper bound 
 From conversion procedure discribed above, it can be 
known that after SSMs being trained from the parallel LSFs, 
the spectral parameters can be fitted by the model 
parameter and state series, as: 

(11) source source source source
t t t y B x υ  

(12) target target target target
t t t y B x υ  

where target source
t tx x  for t=1,…,T since the training data is 

parallel. In practice, the dimension of state variable p is set 
smaller than that of observation vector k [7]. Besides, as the 
training data is sufficient, it can be assumed that Bsource is 
full column rank. Then from equation (11) we have: 

(13) source source source source source
t t t

 

 x B y B υ  

where Bsource‾ is the generalized inverse matrix of Bsource 
which satisfied Bsource‾Bsource=I [14] and I is a k×k identity 
matrix. Combining equation (12) (13) we obtain: 

(14)  target target source source target target source source
t t t t

 

  y B B y υ B B υ  

where BtargetBsource‾ is a p×p matrix. And recalling that the 
zero mean Gaussian random terms source

tυ , target
tυ  are 

independent with each other, then target target source source
t t



υ B B υ  

is also zero mean Gaussian. For convenience define: 

(15) transform target sourceB B B  

(16) transform target target source source
t t t



 υ υ B B υ  

Then we can rewrite equation (14) as: 

(17) target transform source transfrom
t t t y B y υ  

 From equation (17) we know that the conversion 
equation (10) can be expressed in another way as: 

(18) ˆ target transform source
convert convertY B Y  

where the error term υ is elimiated the same as that in 
equation (10).  
 Now the SSM based VC procedure can be reinterpret as 
follows: 
 In training phase, the parameter Btransform is estimated 
from parallel training data using EM algorithm.  In the 
conversion phase, the converted LSFs are obtained by 
equation (18) using Btransform estimated in training phase. 
 Obviously this procedure is structurally equivalent to the 
LMR based method which has been used in [13].  
 For LMR, the coefficient Btransform is trained by Least 

Square (LS) algorithm minimizing the sum of 
2transform

tυ  over 

all the training data. As the error term transform
tυ  is 

Independently Identically Distributed (IID) and obeys normal 
distribution for all t, the result estimated by LS method is 
also the ML (Maximum Likelihood) estimate. But for Btransform 
which is trained in the SSM based method through EM 
algorithm, the result is trying to approach the ML estimate 
but hardly can be. In other words, the result obtained in 
LMR based method should be the performance upper 
bound of SSM based method. In summary, we can 
conclude that the SSM based method is structurally 
equivalent to the LMR method while its conversion 
performance upper bound is that of LMR method using LS 
algorithm. 
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 In order to demonstrate the conclusions made above, 
comparison experiments are carried out using the two 
methods for voice conversion. The results are evaluated 
both objectively and subjectively. The experiments 
presented here are using the parallel SLT (US Female) and 
BDL (US Male) of CMU ARCTIC databases [15] for male to 
female and female to male conversion tasks. The first 300 
sentences are chosen for training with 100 sentences 
selected randomly from the remaining database to be used 
for conversion. LSFs order is set to 16 and state order is set 
to 9 according to [7].  
 The speech data is first preprocessed to get the time 
aligned LSFs according to the procedure in SSM based 
method. Then SSM and LMR based methods are used for 
spectral conversion respectively. In the evaluation process, 
the Average Spectral Distortion Measure (ASDM) [16] is 
used to evaluate the objective performance of the two 
methods: 

(19) 
    2

10 100
1

1 1
ˆ10log 10log

ASDM

N

t t
t

d
N





  




    s s
 

where st and ˆts  represent the target and converted power 

spectra of the tth frame in speech. The evaluation results 
are shown in Fig.2. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig.2. ASDM for SSM and LMR based VC methods against number 
of training data 
 
 As shown in Fig.2, it’s obvious that the LMR based 
method outperforms the SSM based method. 
 In the subjective evaluation, a similarity listening test is 
conducted. 5 listeners give scores between 1 and 5 for 
measuring the similarity of the converted speeches 
produced by the two methods. 1 means totally dissimilar 
and 5 means identical. The averaged results are shown in 
Table 1 which means the outputs of the two methods are 
almost identical. 
 
Table 1. Subjective similarity evaluation of the two methods 

 Averaged Scores 
Female to Male conversion 5 
Male to Female conversion 5 

 
 From the subjective experiment, we know that the 
conversion results produced by the two methods are almost 
identical which validates the structurally equivalence of the 
two methods. And the objective evaluation result 
demonstrates the conclusion that the performance of LMR 
based VC method trained by LS algorithm is the upper 
bound of SSM based method. 
 

3.2 Analysis of the decomposition property 
 By recalling the VC procedure in SSM method, we know 
that the conversion process is implemented by substituting 
the Bsource with Btarget in equation (10) to produce the 
converted LSFs. Besides the state series X is assumed to 
be the the same between parallel speech data. And the 
parameter set Θ of one speaker is considered to be 
unchanged across the whole conversion process.  
 In other words, under the assumption of SSM method 
the parallel speech data from different speakers can have 
the same state series X and each speaker has his/her own 
invariant Θdiff. The converison is accomplished by 
combining the X of source speech and the target speaker’s 
B of his/her Θ by equation (10). 
 Then we can infer that the parameter B contains 
speaker’s charateristic information of the speech otherwise 
the voice converted by this procedure can’t sound like the 
tagart speaker’s. Further more, another inference can be 
made that the SSM trained by EM algorithm using LSFs has 
the ability to decompose the speech parameters into 
speaker’s characteristic information which is contained in 
Θdiff and voice content related information which is repres-
ented by X. 
 If these inferences held, SSM based VC method would 
pioneer a path for seperating the speaker’s characteristic 
information and voice content related information of speech. 
The successful seperation of these two parts can not only 
be beneficial to VC process, but also be helpful to other 
areas in speech processing. But whether or not the SSM 
based VC method really accomplished, these should to be 
verified. 
 As we know, the EM algorithm which is used for training 
the SSM model is a method for finding maximum likelihood 
estimates of parameters in statistical models, where the 
model depends on unobserved latent variables. And the EM 
is an iterative method which alternates between performing 
an expectation (E) step, which computes the expectation of 
the log-likelihood evaluated using the current estimate for 
the latent variables, and a maximization (M) step, which 
computes parameters maximizing the expected log-
likelihood found on the E step. So the results obtained by 
the EM algorithm is an approximation to the ML estimate. 
As mentioned above, the error term transform

tυ  in SSM is IID 

and obeys normal distribution for all t , then its ML estimate 
is also the LS result, which is: 

(20) 
2

{ , , }
{ , , } arg min -t t

t

 
B R X

B R X y Bx  

 From this, it’s known that the parameters esitimated by 
EM algorithm are trying to minimize the sum of the squared 
error in observation equation over all t iteratively. Guided 
only by this direction, definitely no guarantee can be made 
to insure that the algorithm can seperate the speech 
parameters into speaker’s characteristic information and 
voice content related information. In the followings, a simple 
expriment is carried out to testify this conclusion.  
 Through the experiment, the invariability of paremeter B 
is examined. No doubt, if Θdiff contains the speaker’s 
characteristic information of speech, the parameter B in Θdiff 
should be almost invariant when the training data is 
different and sufficient while collected from the same people 
under the same acquisition environment. In the experiment, 
the SLT (US Female) and BDL (US Male) of CMU ARCTIC 
databases are used as the training data. Each time 300 
sentences are selected randomly from one person’s speech 
corpus as training data. The SSM for each person is trained 
5 times, then the difference of B for each speaker and the 
difference of B between the two speakers are compared. 
The difference for each speaker is obtained by: 
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(21)  
1

1 I

inter i
i

d s
I 

  B B  

where B  is the mean matrix of Bi for i=1,…,I and I is the 
number of training times for each speaker. Function s 
calculates the sum of the matrix’s elements. 
 The difference for the two speakers is given by: 

(22)  exter SLT BDLd s B B  

 The results are shown in Table 2. The SLT and BDL are 
acquired from people of different sexes, so the 
characteristic difference between them should be quite 
obvious. However, from the results we know that the 
differences of B inside each speaker and between the two 
speakers aren’t big enough to lead us to the invariability 
conclusion about B. Thus it can be seen that the parameter 
B can’t be said representing the speaker’s characteristic 
information of speech. In addition the inference made about 
the SSM method’s seperation ability is faulty too. 
 
Table 2. The comparisons of the differences of B 

 SLT BDL SLT vs. BDL
The difference of B 8966 5044 10934 

 
4. Conclusions and discussions 
 From the theoretical analysis and experimental results, 
the following conclusions are reached: 1) the SSM based 
VC method is structurally equivalent to the LMR based 
method; 2) the conversion results of LMR based method 
trained by LS algorithm is the performance upper bound of 
that obtained by SSM based method; 3) the SSM method 
doesn’t have the ability to separate speaker’s characteristic 
information and voice content related information from 
speech parameters. 
 The reason why speaker’s characteristics can be 
transformed in the SSM method lies in the fact that it 
embeds an affine transformation, as shown by equation 
(18). The merit of this method which makes it outperform 
over GMM method maybe attribute to its ability to model 
spectral envelope evolution of speech. By this mean the 
discontinuity between adjacent frames in GMM method can 
be alleviated. 
 Although the SSM based method doesn’t bring a 
breakthrough for VC, it does present some new ideas for 
guiding future research on VC. On one hand, it introduces a 
new model for analyzing the speech data which can 
alleviate the discontinuity between adjacent frames by 
modelling spectral parameter trajectory. In the current work, 
only the most general linear SSM is used which 
underestimates the complexity of the relationship between 
hidden variables and observation results in speech signal. 
In the future work, nonlinear SSM can be tried to model this 
relationship in order to get a better fitting results surpassing 
the perform-ance upper bound of currunt work. 
 On the other hand, there is a brand new idea embedded 
in the current work: seperating the common and the 
differentia information of speech parameters and implem-
enting the VC process based on the seperation. Although in 
[7] the two parts don’t be named as speaker characteristic 
information and voice content related information, this 
underlying meaning can be infered from the conversion 
process. Whatever the seperation result is, the way by 
which VC was performed is very illuminating. In the future 
work, the restrictions which can guide the direction of the 
seperation in SSM method rather than towards the LS result 
should be explored. Maybe under some suitable directions, 

the speaker characteristic information and voice content 
related information can be properly seperated from speech 
in the framework of SSM. Then the performance of SSM 
based method will be improved fundamentally. 
 
Acknowledgement 
The authors wish to acknowledge the financial support of 
Natural Science Foundation of Jiangsu Province in 
2009(BK2009059) and Pre-research Foundation of PLA 
University of Sci. & Tech. in 2009(2009TX08). 
 

REFERENCES 
[1] Stylianou Y., (2008). Voice Transformation: A survey, Springer 

Handbook of Speech Processing, ICASSP, (2009), 3585-3588 
[2] Abe M., Nakamura S., Shikano K., Kuwabara H., Voice 

conversion through vector quantization, ICASSP, (1988), 655-
658 

[3] Stylianou Y., Cappe O., Moulines E., Continuous probabilistic 
transform for voice conversion, Speech and Audio Processing, 
IEEE Transactions on, 6(1998), No. 2, 131-142 

[4] Shuang Z., Bakis R., Qin Y., IBM Voice Conversion Systems 
for 2007 TC-STAR Evaluation, Tsinghua Science & Technology, 
13(2008), No. 4, 510-514 

[5] Erro D., Moreno A., Bonafonte A., Voice Conversion based on 
Weighted Frequency Warping, Audio, Speech, and Language 
Processing, IEEE Transactions on, 18(2010), No. 5, 922-931 

[6] Narendranath M., Murthy H. A., Rajendran, S., Yegnanarayana 
B., Transformation of formants for voice conversion using 
artificial neural networks, Speech Commun., 16(1995), No. 2, 
207-216 

[7] Xu N., Yang Z., Zhang L. H., Zhu W. P., Bao, J. Y., Voice 
conversion based on state-space model for modelling spectral 
trajectory, Electronics Letters, 45(2009), No. 14, 763-764 

[8] Popa V., Nurminen J., Gabbouj M., A Novel Technique for 
Voice Conversion Based on Style and Content Decomposition 
with Bilinear Models, the Proc. of the 10th Annual Conference 
of the International Speech Communication Association, (2009), 
2655-2658 

[9] Roweis S., Ghahramani Z., A unifying review of linear 
Gaussian models, Neural Comput., 11(1999), No. 2, 305-345 

[10] Tanizaki H., Nonlinear Filters: Estimation and Applications (2nd 
edn.), Berlin: Springer-Verlag, (1996) 

[11] Ljung L., System identification: theory for the user (2nd edn.), 
Upper Saddle River, NJ: Prentice Hall PTR, (1999) 

[12] Kawahara H., Masuda-Katsuse I., de Cheveign, A., 
Restructuring speech representations using a pitch-adaptive 
time-frequency smoothing and an instantaneous-frequency-
based F0 extraction: Possible role of a repetitive structure in 
sounds, Speech Communication, 27(1999), No. 3-4, 187-207 

[13] Valbret H., Moulines E., Tubach J. P., Voice transformation 
using PSOLA technique, Speech Communication, 11(1992), 
No. 2-3, 175-187 

[14] Ben-Israel A., Greville T. N. E., Generalized inverses theory 
and applications (2nd edn.), New York: Springer, (2003) 

[15] Kominek J., Black A. W., CMU ARCTIC databases for speech 
synthesis, 5th ISCA Speech Synthesis Workshop, (2003), 223-
224 

[16] Xydeas C. S., Papanastasiou, C., Split matrix quantization of 
LPC parameters, Speech and Audio Processing, IEEE 
Transactions on, 7(1999), No. 2, 113-125 

 
 
 
Authors: 
Jian Sun, Postgraduate Team 2, Institute of Communications 
Engineering, Biaoyin 2, Yudao Street, Nanjing, China, 210007, 
Email: sunjian001@gmail.com; 
Xiongwei Zhang, Institute of Command Automation, PLA Univ. of 
Sci. & Tech. 
 

 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /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 true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /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 true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /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 1200
  /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 ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /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 <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /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 [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


