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ABSTRACT 
This paper investigates the use of cross-entropy information 
measure for quantification and comparison of the impact of the 
variations of accents, speaker groups and recordings on the 
probability models of spectral features of phonetic units of speech. 
Cross-entropy measure can be used in applications such as accent 
identification, improved speech recognition, cross-accent 
phonetic-tree analysis and analysis of the influence of accents on 
different sets of speech parameters and models. For the purpose of 
this study the focus is on British English, Australian English and 
two different databases of American English accents (namely WSJ 
and TIMIT). Comparison of the cross entropies of formants and 
cepstrum features indicate that cepstrum features are less 
indicative of accents compared to formants. In particular it appears 
that the measurements of differences in formants across accents 
are less sensitive to different recording or databases. It is found 
that the cross entropies of the same phonemes across different 
accents (inter-accent distances) are significantly greater than the 
cross entropies of the same phonemes across different speaker 
groups of the same accent (intra-accent distances). The cross 
entropy measure is also used to construct cross-accent phonetic 
trees, which serve to show the structural similarities and 
differences of the phonetic systems across accents. 
Index Terms: accent, formant, cepstrum, cross entropy, phonetic-
tree clustering. 

1. INTRODUCTION 

This paper considers the issues of modelling and quantification of 
the effects of accents on phonetic units of speech and evaluates the 
effects of variability of speaker and database recording on the 
measurements of accents. The modelling of differences in accents 
is an important issue for speech recognition and synthesis. Accent 
variability has a major impact on speech recognition [1-3]. Models 
of difference in accents can also be used for accents synthesis in 
text to speech synthesis [4] and in accent morphing [5].  

Since accent and speaker characteristics variables cannot be 
modelled in isolation or quantified individually, there is a need to 
develop a method for comparative evaluation of the effects of 
accent and speaker variables on speech parameters. In addition 
since the modelling of accent often involves the use of different 
databases recorded by different equipments, there is also a need to 
explore the effect of different databases on the observed 
differences of acoustic features across accents.  In this paper the 
focus is on the effect of accents, speakers and databases on 
formants and cepstrum features of phonetic speech units. The 
cross-entropy information measure is used as a metric for 
modelling the effects of accents on phonetic speech units. 
However, the same methodology can be applied more generally to 
measurements of the effects of accents on intonation, pitch and 
duration. 

The term accent may be defined as a distinctive pattern of 
pronunciation, including lexicon and intonation characteristics, of 
a community of people who belong to a national, regional or 
social grouping. In Crystal’s dictionary of linguistics [6], an 
accent refers to pronunciation only as “the cumulative auditory 
effect of those features of pronunciation, which identify where a 
person is from regionally and socially”. Accents evolve over time 
influenced mainly by large immigrations and social and cultural 
trends as well as the mass media. For example, the Australian 
accent is considered to have been influenced by waves of mass 
immigrations to Australia and in particular by: London “Cockney” 
pronunciation, Irish pronunciation and in relatively recently times 
by American pronunciation. Similarly, Liverpool accent has been 
influenced by Irish immigration whereas the Northern Ireland 
accent has been influenced by Scottish immigration. Geographical 
variation, socio-economic classes, ethnicity, sex, age, and cultural 
trends can affect accents. In [7] Wells provides an excellent 
introduction to the linguistic structures of the accents of English 
accents.  

In general, there are two broad approaches to classification of 
the differences between accents: 

• Historical approach compares the historical roots of accents, 
the evolutionary changes in accents as various accents merge or 
diverge, the rules of pronunciation and how the rules evolve.  

• Structural, synchronic approach, first proposed by Trubetzkoy 
[8] models an accent in a system-oriented fashion in terms of 
the systematic differences in: 

• Differences in phonemic systems. 
• Differences in phonotactic (structural) distributions. 
• Differences in lexical distributions of words. 
• Differences in phonetic (acoustic) realization. 

        In this work the differences between accents are modeled 
using a system-based approach as explained next. The remainder 
of this paper is organized in the following format. Section 2 
briefly describes a method for modeling and estimation of 
formants and presents a comparative analysis of the formant 
spaces of British, American and Australian English accents. 
Section 3 introduces cross entropy and presents results of cross 
entropy analysis of cepstrum and formant features across accents. 
Section 4 uses cross entropy for phonetic tree clustering and 
introduces the concept of cross-accent phonetic- tree analysis and 
finally Section 5 concludes the paper. 

1.1 Databases, Features and Models 

        The databases used for accent analysis in this paper are 
Australian National Database of Spoken Language (ANDOSL), 
American Wall Street Journal database (WSJ), American TIMIT 
and Cambridge University’s British Wall Street Journal Database 
(WSJCAM0). TIMIT contains eight regional American accents; 
however, we use a mixture of these in order to compare the effect 
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of using different databases of an accent on the measured cross 
entropy results. The subset of ANDSOL of broad Australian 
accent comprises 18 female and 18 male speakers with a total of 
7200 utterances. The subset of WSJ database used for modeling 
American English contains 36 female and 38 male speakers with 
9438 utterances. The subset of WSJCAM0 of British English used 
contains 40 female and 46 male speakers with 9476 utterances. 
For speech segmentation and labeling, left-right hidden Markov 
models (HMMs) of triphone units are employed and the Viterbi 
decoder is applied in the forced-alignment mode [9, 10] with 
phonemic transcriptions supplied. Each HMM has three states and 
each state is modeled with a Gaussian mixture model with 20 
components. The speech feature vectors consist of 13 Mel-
Frequency Cepstral Coefficient (MFCCs) and their 1st and 2nd 
derivatives. The dictionaries used in this work include the BEEP 
dictionary (British accent), the Macquarie dictionary (Australian 
accent) and the CMU dictionary (American accent).  

2. COMPARISON OF FORMANTS ACROSS ACCENTS 

The HMM-based formant estimation method used here is 
described in detail in [11, 12]. A set of phoneme-dependent 
HMMs are trained to model the probability of the formants of a 
group of speakers. In the formant estimation method employed in 
this work, formants are obtained from trajectories of the poles of 
linear prediction (LP) model of speech. The poles of the LP model 
of speech are associated with the resonant frequencies, i.e. the 
formants, of speech. The resonant frequency of each significant 
pole of an LP model of speech is a formant candidate. The pole 
angle relates to the resonant frequency. The pole radius relates to 

the bandwidth of the spectral resonance. Depending on the speaker 
characteristics and the phonemes, typically voiced speech signals 
have five or six formants spanning a frequency range of 0-5 kHz.   

Using the formant estimation method described in [11, 12], 
the average formants of the vowels of British, Australian and 
American accents are calculated. Figure (1) shows the average of 
the first, second, third and fourth formants of the monophonal 
vowels for female speakers for these three accents of English. 
Figure (2) shows a comparative illustration of the formants of 
British, Australian and American accents in F1/F2 space. Some 
significant differences in the formant spaces of these accents are 
evident from Figure (2). The results conform to previous findings 
regarding the effect of accent on F1/F2 space [13].  

From Figures (1) and (2), it can be seen that, for most 
vowels, except for the aa(a), ah(ʌ) , iy(ɪ) and oh(ɒ) the 
Australian vowels have a lower value of F1 than the British 
vowels. The Australian vowels also seem to have a larger F2 than 
British and Americans. The American vowels exhibit a higher 
value of F2 than British except for er(ɜ:). On average, the 2nd 
formants of Australian vowels are 11% higher than those of 
British and 8% higher than those of American vowels.   

From Figure (1), the 3rd and 4th formants are consistently 
higher in the Australian accent compared to the British accent. A 
striking feature is the difference between the 3rd and 4th formants 
of the American vowel er(ɜ:) compared to those of the British and 
Australian accents. Generally there are apparent differences in the 
values of F3 and F4 across accents as can be seen in Figure (1).  
The results show that American females have a lower F3 and F4 
compared to British and Australian accents. The lower frequencies 
of F3 and F4 in American vowels compared to those in British and 
Australian English accents are consistent with the rhoticity of 
American English [14].   
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Figure 1: Comparison of the mean values of the formants of 
                Australian, British and American. 

        An analysis of the formants of vowels, in Figure (1), shows 
that the most dynamic of the formants is the 2nd formant with a 
frequency variation of up to 2 kHz. For the Australian female 
accent, the average vowel frequency of the 2nd formant varies 
from about 900 Hz for the vowel ao(ɔ:) to 2600 Hz for iy(i:). The 
range of variations of formants is converted to the Bark frequency 
scale to determine how many auditory critical bands the variations 

 
Figure 2: Comparison the formant spaces of British, 

   Australian and American English. 
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of each formant covers [15]. The second formant F2 covers 8 
Barks while F1, F3 and F4 span about 5, 2 and 2 Barks 
respectively. The results indicate that the 2nd formant is the most 
significant resonant frequency contributing to accents. Male 
speakers display a similar pattern. This result also supports the 
argument in [16] that the 2nd formant is essential for the correct 
classification of accents.  The 1st formant, with a frequency range 
of up to 1 kHz, is regarded as the second most important formant 
for accent classification. 

3. CROSS ENTROPY OF FORMANTS AND CEPSTRUM 
FEATURES ACROSS ACCENTS 

In this section the cross entropy information metric is employed to 
measure the differences between the acoustic features (formants 
and cepstrum) of phonetic units of speech spoken in different 
accents. The effect of speaker groups and databases on the 
calculation of cross entropy measures is also explored. 

3.1 Cross Entropy of Accent Models 
Cross entropy is a measure of the difference between two 

probability distributions [17]. The cross entropy definition used 
here is also known as Kullback-Leibler distance. Given the 
probability models P1(x) and P2(x) of a phoneme, or some other 
sound unit, in two different accents a measure of their differences 
is the cross entropy defined as:            
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Figure3: Cross-entropies of vowels modelled with formant features. Figure4: Cross-entropies of vowels modelled with cepstrum features. 
Plots of inter-accent and intra-accent cross-entropies of the probability models of a number of phonemes of American, British and 
Australian accents. Note each colour-keyed column shows the cross entropy of a HMM probability model trained on a group of speakers 
of one accent from another model trained on a different group of speakers of either the same accent (intra-accent) or different accent 
(inter-accent) as indicated on the horizontal axis.  
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The cross entropy is a non-negative function. It has a value of 
zero for two identical distributions and it increases with the 
increasing dissimilarity between two distributions [17].  

Cross entropy is asymmetric CE(P1,P2)≠CE(P2,P1). A 
symmetric cross entropy measure can be defined as   

                 ( )1 2 1 2 2 1( , ) ( , ) ( , ) 2symCE P P CE P P CE P P= +              (2) 

In the following the cross entropy distance refers to the 
symmetric measure and the subscript sym will be dropped. The 
cross entropy between two left-right N-states HMMs with M-
dimensional features, and state Gaussian mixture pdfs, may be 
obtained as the sum of the cross-entropies of their respective 
states:  

1
1 2 1 2 1
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where the Gaussian mixture pdf of the feature vector x in each 
state s of an HMM is obtained as 

1
( | ) ( , , )

K

i i
i

P s PN
=

=∑x x iμ Σ   (4) 

where Pi is the prior probability of ith mixture of state s, K is the 
number of Gaussian pdfs in each mixture and ( , , )i iN x μ Σ  is an 
M-variate Gaussian density. In Equation (3) the corresponding 
states of the two models are compared with each other, this is 
reasonable for short duration units such as phonemes. Given the 
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pdfs P1(x) and P2(x), the cross entropy (in Equations 1 and 3) can 
be calculated through numerical integration in a range of L times 
the variance, with L chosen large enough (L > 10) so that it 
includes all of the non-zero pdf values. 

3.2 The Effects of Speakers Characteristics on Cross Entropy 

Speech models include the characteristics of the individual 
speaker or group of speakers on which the models are trained. For 
accent measurement a question arises: how much of the cross 
entropy between the voice models of two speaker groups is due to 
the difference in accents and how much of it is due to the 
differences of the voice characteristics of the speakers and 
databases? 

 In this paper we assume that the cross entropies due to the 
differences in speaker characteristics, accents and recordings are 
additive. We define an accent distance as the differences between 
the cross entropies of inter-accent models (e.g. when one set of 
models are trained on a group of British speakers and the other on 
a group of American speakers) and intra-accent models obtained 
from models trained on different speaker groups of the same 
accent. The adjusted accent distance between two speech models 
may be expressed as 

1 2 1 2 1 2( , ) ( , ) ( , )AccDist P P InterAccDist P P IntraAccDist P P= −     (5) 

where P1 and P2 are two models of the same phonetic units in two 
different accents. Inter-accent distance is the distance between 
models trained on two speaker groups across accents whereas 
intera-accent distance is the distance between models trained on 
different speaker groups of the same accents. The total distance, 
due to all variables, between Nu phonetic models trained on 
speech databases from two different accents, A1 and A2, can be 
defined as  

             (6)  ( ) (1 2 1 2
1

, (
UN

i
i

Dist A A P AccDist P i P i
=

=∑ )), ( )

where Pi is the probability of the ith speech unit.  

3.3 Cross Entropy of Spectral Features of English Accents 

This section describes experimental results on application of 
cross entropy metric for quantification of the influence of accents, 
speakers and database on formants and cepstrum features. The 
cross entropy distance is obtained from HMMs trained on 
different speaker groups using the American WSJ and TIMIT, the 
British WSJCAM and the Australian ANDOSL databases.  

The plots in Figure (3) and (4) illustrate the results of 
measurements of inter-accent and intra-accent cross entropies, 
across various speaker groups, for formant features Figure (3) and 
cepstrum features Figure (4). The motivation for using groups of 
speakers is to achieve a reasonable degree of averaging out of the 
effect of individual speaker characteristics. Eighteen different 
speakers of the same gender were used to obtain each set of 
models for each speaker group in each accent. The choice of 
number of speakers was constrained by the available databases.  

A consistent feature of the results, as evident in Figures (3) 
and (4), is that in all these cases the inter-accent differences are 
significantly greater than the intra-accent differences. 
Furthermore, the results show that the cross entropy differences 
between Australian and British accents are less than the 
differences between American and British (or Australian), 
indicating that Australian and British accents are closer in 
comparison to American English. 

A comparison of the cross entropies of formant features 
versus cepstrum features within and across the databases shows 
that the formant features are more indicative of accents than the 
cepstrum. A particularly interesting comparison is that of two 
different American databases namely WSJ and TMIT versus each 
other and other databases. A good accent indicator should indicate 
that American WSJ and TIMIT are close to each other than to 
British WSJCAM0 or Australian ANODSL. It can be seen the 
formant features consistently show a much closer distance 
between the HMMs trained on American TIMIT and the HMMs 
trained on American WSJ compared to the distances of these 
models from HMMs trained on databases of British WSJCAM0 or 
Australian ANDOSL accents. This shows that difference across 
speaker groups from different accents is not due to the recording 
conditions of the databases since in all these databases care have 
been taken to ensure that the recording process does not distort the 
signal and all the databases used have been recorded in quite 
conditions. 

4. CROSS ACCENT PHONETIC TREE CLUSTERING 

In this section the minimum cross entropy (MCE) information 
criterion is used, in a bottom-up hierarchical clustering process, to 
construct phonetic trees for different accents of English. These 
trees show the structural similarities and the differences of 
phonetic units from different accents. To illustrate the clustering 
process, assume that we start with M clusters C1, …, CM. Each 
cluster may initially contain only one item. For the phoneme 
clustering process considered here, each cluster initially contains 
the HMM probability model of one phoneme. At the first step of 
the clustering process, starting with M clusters, the two most 
similar clusters are merged into a single cluster to form a reduced 
set of M-1 clusters. This process is iterated until all clusters are 
merged. 

 A measure of the similarity (or dissimilarity) of two clusters 
is the average CE of their merged combination. Assuming that the 
cluster Ci has Ni elements with probability models Pi,k, and cluster 
Cj has Nj elements with probability models Pj,l, the average cross 
entropy of the two clusters is given by  

, ,
1 1

1( , ) ( , )
ji NN

i j i k j l
k li j

CE C C CE P P
N N = =

= ∑∑                  (7) 

The MCE rule for selecting the two most similar clusters, 
among N clusters, for merger at each stage are 

  
1: 1:

[ , ] arg min arg min ( , )i j i j
i N j N

j i

C C CE C C
= =

≠

=     (8) 

The results of the application of MCE clustering for 
construction of phonetic-trees of American, British and Australian 
English are shown in Figures (5), (6) and (7). The phonetic-tree of 
the American accent, Figure (5), confirms the reputation of the 
American English as being a ‘phonetic accent’ (i.e. an accent in 
which phonemes are clearly pronounced).   

 The clustering of American phonemes more or less 
corresponds to how one would expect the phonemes to cluster. 
The phonetic trees of British and Australian accents, Figures (6) 
and (7) are more similar to each other than to American phonetic 
tree. Figure (8) shows a cross-accent phonetic-tree between British 
and Australian accents. This tree shows how the vowels in British 
accent cluster with the vowels in Australian accent. 
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5. CONCLUSION 

In this paper the cross-entropy information measure is applied for 
the quantification and comparison of differences of accents and 
for construction of cross accent phonetic-trees. Through the use of 
cross entropy measure of comparison of the probability 
distributions it is established that formants are a stronger indicator 
of accents than cepstrum features. It is also established that the 
major difference observed between the cross entropies of different 
intra-accent and inter-accent groups is also evident across speaker 
groups taken from different databases of the same accent. The 
cross entropy was used to construct phonetic trees of American, 
British and Australian accents. The consistency of phonetic-trees 
for different groups of the same accent shows that cross-entropy is 
a good measure for hierarchical clustering. The cross entropy of 
inter-accent groups compared to that of the intra-accent groups 
clearly shows the level of dissimilarity of phonetic models due to 
effect of accents. Further work is being carried out on the use of 
cross entropy to measure the accents of individuals. 

REFERENCES 

[1]  Hansen J. H. L, Yapanel U., Huang R., Ikeno A., (2004), 
“Dialect analysis and modelling for automatic classification”, 
Interspeech, Jeju, pp. 1569–1572.  

[2] Köhler J., (1996), “Multi-lingual Phoneme Recognition 
Exploiting Acoustic-Phonetic Similarities of Sounds”, 
ICSLP, Philadelphia, pp. 2195–2198. 

[3] Ten Bosch, L., (2000), “ASR, dialects and 
acoustic/phonological distances”, ICSLP, Beijing (pp. 1009–
1012).  

[4] Miller, C.A., (1998), “Pronunciation modeling in speech 
synthesis”, PhD thesis, University of Pennsylvania.  

[5]  Yan Q., Vaseghi S., (2002), “A Comparative Analysis of UK 
and US English Accents in Recognition and Synthesis” IEEE 
Conference on Acoustics Speech and Signal Processing 
(ICASSP) pp.413-417. 

[6]  Crystal D., (2003), “A dictionary of linguistics and 
phonetics”, Blackwell: Malden. Fletcher. 

[7] Wells J.C., (1982), “Accents of English”, Cambridge 
University Press. 

[8] Trubetzkoy, N.S., (1931), Phonologie et géographie 
linguistique. Travaux du Cercle Linguistique de Prague 
4.228-234. 

[9] Humphries J., (1997), “Accent Modeling and Adaptation in 
Automatic Speech recognition”, PhD Thesis, Cambridge 
University Engineering Department. 

aa     ow   ay    eh      ih  uw      r    ey    y     w   n    b     d      v   th       t    hh   z    jh  zh
aw     ao   ae     ah     uh   er     oy     iy   l     m  ng   dh    g    f      k      p     s    ch  sh   

aa ae aw  oy eh  ow ia l     n     r   ax   ih iy y    p    g     t    v     f    s    ch sh
oh   ah  ay   ea  er ey ao m   ng w  uh  uw ua b   d     k   dh  hh th z    jh zh  

                    Figure 5: Phonetic-tree of American accent.                           Figure 6: Phonetic-tree of British accent. 
 

aa  oh  aw    l   oy    n   w   ae   er  ow  ia   ih uw   ua  d    k    p    v    ch   f    s     z
ah   ay  ao  uh   m   ng   r   eh   ey  ea   ax  iy   y    b   g     t    dh  hh   jh  th  sh     zh      

aa ah          ayoy        ae     ia eh         ey                 ao l       ax ih            ua m    n ng y    r
aw           oh                                 ea er    ow uh iy        uw w 

aa ah   oh oy ay   eh   ea ia     ae          ow  er      ao ax ih   iy        uw m   n     ng y    r                
aw ey   ua l                     uh                           w        

                   Figure 7: Phonetic-tree of Australian accent.                           Figure 8: Cross-accent phonetic-tree between British 
                                         and Australian (bold). 

[10] Young S., Evermann G., Kershaw D., Moore G., Odell J. 
Ollason D., Dan P., Valtchev, Woodland P., (2002), “The 
HTK Book”. V3.2. 

[11] Ho Ching-Hsiang, (2001), “Speaker Modelling for Voice 
Conversion”, PhD thesis, School of Engineering and Design, 
Brunel University.  

[12] Acero A., (1999), “Formant Analysis and Synthesis Using 
Hidden Markov Models”, Proc. of the Eurospeech 
Conference, Budapest. 

[13] Harrington J., Cox F., Evans Z., (1997), “An Acoustic 
Phonetic Study of Broad, General, and Cultivated Australian 
English Vowels”, Australian J. of Linguistics 17, pp.155-
184. 

[14] Boyce S. E., Espy-Wilson C. Y., (1997), “Coarticulatory 
Stability in American English /r/”, J. Acoustic. Soc. Am., 101 
(6), pp.3741-3753. 

[15] Zwicker E., Flottorp G., Stevens S.S., (1957), “Critical 
bandwidth in Loudness Summation” J. Acoustic. Soc. Am. 29 
pp.548-557. 

[16] Arslan L.M., Hansen H., (1997), “A Study of Temporal 
Features and Frequency Characteristics in American English 
Foreign Accent”, J. Acoustic. Soc. Am. Vol. 102(1), pp.28-
40. 

[17] Jaynes E.T., (1982), “On the rationale of maximum entropy 
methods,” Proc. IEEE, vol. 70, pp. 939-952, Sep.   

 

©2007 EURASIP 2369

15th European Signal Processing Conference (EUSIPCO 2007), Poznan, Poland, September 3-7, 2007, copyright by EURASIP


	MAIN MENU
	Front Matter
	Sessions
	Author Index

	Search
	Print
	View Full Page
	Zoom In
	Zoom Out
	Go To Previous Document
	Help


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /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 /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /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 false
  /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

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  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 /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


