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This study attempts to validate the effectiveness of tree 
classifiers to classify tabla strokes especially the ones 
which overlap in nature. It uses decision tree, ID3 and 
random forest as classifiers. A custom made data set of 
650 samples of 13 different tabla strokes were used for 
experimental purpose. Thirty-one different features 
with their mean and variances were extracted for clas-
sification. Three data sets consisting of 21,361, 18,802 
and 19,543 instances respectively, were used for the 
purpose. Validation was done using measures like re-
ceiver operating characteristic curve and accuracy. All 
the classifiers showed excellent results with random 
forest outperforming the other two. The effectiveness 
of random forest in classifying strokes which overlap 
in nature is evaluated by comparing the known results 
with multi-layer perceptron. 
 
Keywords: Classification, decision tree, random forest, 
tree classifiers, tabla strokes. 
 
CLASSIFICATION is the process which assigns a specific 
item to one of the categories or classes specified based on 
its features or properties. In machine learning, classifica-
tion is considered to be a task to predict the value of one 
or more outcomes. The real task in classification is to 
find a relationship among features and its associated 
classes. There are various categories of classification 
which include linear classifiers, support vector machines, 
quadratic classifiers, kernel estimation, decision trees and 
neural networks1. Among these, tree-based classifiers are 
commonly used for developing prediction algorithms for 
a target variable2. Such classifiers construct a root node 
with a population of branches which are comprised of  
internal nodes and leaf nodes. 
 Tree classifiers aim to partition datasets into groups of 
similar nature. They are said to be very effective methods 
of supervised learning, which lead to generate unique so-
lutions. In cases where impurity exists in the data and 
where there are traces of one class overstepping into 
another, tree classifiers are best suited. Unlike linear mod-
els, they map nonlinear relationships quite well. Follow-
ing are some of the advantages of using tree classifiers: 
 
• Comprehensive behaviour: Tree classifiers are the 

best predictive models as they extensively examine each 
possible outcome. The partition of data is done in a much 
deeper way compared to other classification techniques. 

• No need for tuning of parameter set: Normalization 
or scaling of the parameter set can be avoided. Where 
most classification models fail to handle nonlinearity of 
parameters, tree classifiers outperform with such data. 

• Easy to interpret: Tree classifiers make a clear dis-
tinction with all possible solutions which are repre-
sented by different nodes. A graphical view of 
classification based on rules and parameter set makes 
decision making less ambiguous. 

• Easily deal with outliers: Tree classifiers are flexible 
in handling data items with some missing feature val-
ues. Also, splitting of sub-trees is based on split range 
and not based on absolute values which depict non-
sensitivity towards outliers. 

 
Tree algorithms have been extensively used for classifi-
cation of various tasks in diverse domains. This includes 
characterizing smoking patterns of older adults3, analys-
ing students’ achievements in distance-learning mode to 
improve online teaching4, identifying core factors of pro-
duction control in agricultural investment decisions5,  
understanding behavioural patterns of different kinds of 
astronomical objects6, analysing financial data7, text clas-
sification8 and many more. In the domain of music, there 
are various applications of tree classifiers which consider 
classification of various instruments9 and speech/music 
classification and segmentation10. 
 This article is an attempt to measure the effectiveness of 
tree algorithms to classify strokes of a musical instrument 
called tabla. The Indian percussion instrument, which is 
used for solo performance as well as for an accompanied 
performance, often reports of cases where impurities exist 
in its data. In addition, one can find genuinely perceived 
instances where one stroke seemed to sidestep or overstep 
into the territory of another stroke making classification 
difficult. This makes classification of tabla strokes a fit 
case for a tree classifier. Though literature reports of a 
similar work of classification of tabla strokes using other 
classifiers11, the present work is different in the sense that 
it faces the inherent constraint of classification of tabla 
strokes head on using tree classifiers. 

Tabla instrument 

Tabla plays an important role in Hindustani music which 
is the most popular and culturally oriented tradition of 
Indian music. It is used to provide rhythmic pattern in 
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music compositions along with other Indian percussion 
instruments like Pakhwaj, Mridangam, Dholak and Dholki. 
Because of refined tonal quality and sophistication, tabla 
came to the forefront as a solo performing instrument, 
leaving behind all other instruments. 
 Tabla set, which is a combination of two drums, namely 
bayaan (left hand) and dayaan (right hand), as shown in 
Figure 1, produces strokes called bols. Bols, which are 
mnemonic syllables, can be produced using different 
techniques based on diverse musical traditions12. Table 1 
gives the list of basic strokes played on dayaan and 
bayaan individually and collectively. 
 Transcription of tabla strokes is said to be a challeng-
ing task for computer scientists13. Unlike western rhythmic 
instruments (such as drums or congo), where characteris-
tics of strokes are easily detected, tabla strokes are hard 
to detect. Tabla produces long and resonant bols which 
overlap with successive bols. Also, few bols which are 
used to represent rhythmic strokes depend on the specific 
context and may vary accordingly. There exist bols, 
which are different but sound similar. For example, Ti 
and Ta are two bols, which are played with subtle 
changes in the fingering style but are hardly identified 
correctly by even experienced listeners. 
 
 

 
 

Figure 1. Tabla set. 
 

 
 
 

Table 1. List of basic tabla strokes 

Dayaan bols Bayaan bols Both together 
 

Ge  Na  Dha  
Ka  Tu  Dhin  
  Ti  Tin  
  Ta   
  N   
  T   
 Tra   
  Din   

Decision tree algorithms 

Decision tree algorithms are flexible, powerful and offer 
high performance for prediction problems. Without any 
pre-defined assumption and controlled parameters, these 
algorithms are capable of fitting large amount of data. In 
principle, decision tree algorithms categorize data by 
considering their attribute values. Each parent node in a 
tree represents a test on an attribute value and child node 
represents corresponding classes. 

Decision tree 

Decision tree is a supervised learning algorithm which 
has pre-defined target variables. It works for both cate-
gorical and continuous input/output variables. The split 
of sample at root node or at the internal subsequent nodes 
is based on characteristics of child node. These characte-
ristics are defined by different variables like entropy and 
Gini index. 
 In information theory, degree of disorganization in a 
system is called entropy. It can also be considered as a 
degree of randomness of elements or a measure of impur-
ity. Mathematically, it can be calculated as 
 

 ( ) ( ) log ( ),H x p x p x= −∑   
 
where, p(x), probability of target variable x, is actually 
transmitted. On the other hand, Gini index performs only 
binary splits with categorical targets like ‘success’ or ‘fail-
ure’. Higher value of Gini represents higher homogeneity. 
It is defined as 
 

 2

1
Gini ( ) ,

C

i
i

P
=
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where C is the number of classes and Pi is the probability 
of ith target variable for i ∈ {1, 2, …, C}. 

ID3 

Iterative Dichotomizer 3 (ID3) algorithm classifies data 
using attribute values. A tree consists of decision nodes 
and decision leafs which produce a homogeneous result. 
It is based on top–down greedy search to test each 
attribute at every node of a tree. It calculates the entropy 
value for each attribute14. It then splits the set into subsets 
using that attribute for which the information gain is 
maximum. Information gain is the entropy of the parent 
node minus the entropy of the child nodes and is given by 
 

 
1

Information gain ( ) ( * ( )),
C

i i
i

H X P H X
=

= −∑  

 
where H(X) is the entropy of the parent node, H(Xi) the 
entropy of the child node and Pi is the probability of ith
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Figure 2. Overview of proposed methodology. 
 
 
target variable for i ∈ {1, 2, …, C}, C being the number 
of classes. In this way, ID3 tree at every stage selects the 
node that gives the best information gain, the one with 
least impurity15. 

Random forest 

Random forest is a classifier which comprises a set of 
weak, weakly correlated and non-biased classifiers, 
namely the decision trees. It has been shown that random 
forest performs equally well or better than other methods on 
a diverse set of problems. It has been widely used in classi-
fication problems as diverse as bioinformatics16, medi-
cine17, transportation safety18 and customer behaviour19. 
 Random forest offers a useful feature that improves our 
understanding of a classification problem under scrutiny. 
It gives an estimate of the importance of each attribute 
for final prediction. It is often used for analysis when 
both classifier and identification of important variables 
are goals of the study. 
 Random forest collects votes from different decision 
trees which are randomly selected from training set data 
and decides the final class of test data. This is helpful for 
finding accurate results because a single tree might lead to a 
noise, but a set of decision trees will reduce the noise. 

Methodology 

The article proposes a methodology which classifies tabla 
strokes, wherein there exists an overlap among different 
classes, making classification difficult. The methodology, 
the overview of which is shown in Figure 2, consists of 
four steps, namely pre-processing, feature extraction, 
classification and authentication. 

Pre-processing 

As most of the publicly available datasets lack authentici-
ty, the methodology uses datasets generated exclusively 

for this work. Samples of tabla strokes were recorded in 
the required audio format. These were then clipped to 
specific time duration to have the same length for each 
stroke. Initially the duration was fixed to be 0.5 sec. 
Those bols, whose resonance does not last for such a long 
duration were clipped to 0.2–0.3 sec. A sample of differ-
ent bols used in the work is shown in the waveform in  
Figure 3. 

Feature extraction 

Different sets of spectral and temporal features were  
considered for analysing different contents of the tabla 
strokes for classification purpose20. Features like zero-
crossing, spectral centroid, spectral roll-off, spectral flux, 
mel-frequency cepstral coefficients (MFCC0–MFCC12), 
and chroma frequencies with their mean and standard  
deviation were extracted from the audio file of individual 
strokes. A short description of these features is given  
below: 
 
Zero crossing rate: It represents the number of times 
the waveform crosses zero axis. It usually has higher  
values for high percussion sounds. 
 
Spectral centroid: It is the weighted mean of the  
frequencies present in the music piece. The value of it 
changes according to the accumulation of frequencies. 
 
Spectral roll-off: It is a measure of the shape of a  
signal. It represents the frequency at which high frequen-
cies decline to zero. 
 
Spectral flux: It is a measure of change in the power 
spectrum of a signal. It is used to determine the timbre of 
an audio data. 
 
Mel-frequency cepstral coefficient (MFCC): MFCC 
represents a set of short-term power spectrum characteris-
tics of the music piece and has been used in state-of-the-
art recognition and music categorization techniques.
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Figure 3. Sample tabla strokes. 
 
 
Altogether, 13 coefficients from MFCC0 to MFCC12 are 
identified for this feature. 
 

Chroma frequencies: Chroma frequency vector discre-
tizes the spectrum into chromatic keys and represents the 
presence of each key. It provides a robust way to describe 
a similarity measure between music pieces. 
 

These low level musical features are helpful in the classi-
fication process. 

Classification 

We have used three classifiers, namely decision tree, ID3 
and random forest to classify tabla strokes. The choice of 
tree classifiers is deliberate since it works well with miss-
ing attribute values and nonlinear working set21. For deci-
sion tree, the measures used for selecting input variables 
are entropy and Gini and split on each node is binary. ID3 
classifier makes use of information gain based on the 
training samples and builds the tree. For random forest, 
the output is determined based on the majority votes of 
the trees. As a result, random forest uses a large number 
of trees collectively.  

Authentication 

The methodology has used measures like ROC curve, tree 
structure based on Gini/entropy and accuracy to authenti-
cate the performance of classifiers. Graphical view of the 
decision tree makes it easy to interpret results along with 
other performance measures. 

Experimental results 

Detailed experiments were conducted using different  
tabla strokes. The tabla set used for recording was tuned 
to C# scale. The original data comprised 650 strokes 
which were split into 50 samples each of 13 tabla strokes 
recorded from different expert tabla players in order to 
have diversity. The recording was done using a micro-
phone input in an environment with less noise. After  
feature extraction, the three datasets of moderate size 
consisting of 21,361, 18,802 and 19,543 instances respec-
tively, were used for classification. For each classifier, 
the data were split into 70% for training and 30% for test-
ing. The sample rate was kept as 44,100 Hz. 
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Figure 4. Waveform and spectrogram of two bols: (a) ti and (b) ta respectively. 
 
 

 
 

Figure 5. Spectral centroid and zero crossing rate for two bols ti and ta respectively. 
 
 
 Pre-processing work was done with the help of Audaci-
ty22 software. The features were extracted using 
MARSYAS (music analysis, retrieval and synthesis for 
audio signals) framework23. The feature values extracted 
were stored in .csv file for further processing. Python was 
used to implement tree algorithms. Intel(R) Core i5-CPU 
with 1.70 GHz with 4 GB RAM was used for the experi-
mental purpose. 

Feature extraction 

The experiment results validated the overlapping nature 
of original tabla strokes. Features extracted demonstrate 
this clearly. For example, spectral centroid and zero 
crossing rate of audio samples of two bols ti and ta were 
considered for a representative nature. Figure 4 a and b 
show the power spectrum of these two sample bols and 
Figure 5 shows the overlap between these two features. 
 Similar features were extracted for others bols like dha, 
dhin, tin, din where we found less overlap. Figure 6 a and 
b shows these less overlapping classes. 

Decision tree representation 

The work described used tree classifiers, viz. decision 
tree, ID3 and random forest on the extracted features set. 
Figure 7 shows a sample decision tree generated using Gini 
index criteria and Figure 8 shows the decision tree generat-
ed from entropy criteria using the dataset 1 in both cases. 
 It can be observed that the decision tree splits the node 
2-way. It grows depth-wise with Gini index and expands 
depth-wise with entropy. That means, Gini index favours 
the larger partition, whereas entropy favours smaller par-
titions with many distinct values. The values for Gini  
index and entropy become zero when all the observations 
belong to same class label. 
 In Figure 7 we see that the PeakRatio_Minimum_ 
Chroma_A feature is used for the initial split with Gini 
index value as 0.917. When we used entropy for the base 
calculation, a wider range of results was observed, whereas 
the Gini index capped at one. In Figure 8 PeakRatio_ 
Average_Chroma_A is chosen for the split and has entropy 
value as 3.585. 



RESEARCH ARTICLES 
 

CURRENT SCIENCE, VOL. 115, NO. 9, 10 NOVEMBER 2018 1729

 
 

Figure 6. Spectral centroid and zero crossing rate for: (a) dha and dhin; (b) tin and din strokes. 
 
 
 

 
 

Figure 7. Decision tree predicting the tabla strokes based on Gini index value. 



RESEARCH ARTICLES 
 

CURRENT SCIENCE, VOL. 115, NO. 9, 10 NOVEMBER 2018 1730

 
 

Figure 8. Decision tree predicting the tabla strokes based on entropy value. 
 
 

 
 

Figure 9. ROC curve for all the classes. 
 
 

 
 

Figure 10. Accuracy comparison among ID3, decision tree and ran-
dom forest algorithm. 
 
 
 Classifier performance varies depending upon the cha-
racteristics of data used in the classification process. We 
tried to perform various empirical evaluation strategies to 
compare classifier performance. 

ROC 

Receiver operating characteristic (ROC) curves were 
used to evaluate the tradeoff between true and false posi-
tive rates of decision tree classifier. It is considered to be 
a plot of sensitivity versus specificity for all possible 
thresholds of different classes. 

 
 

Figure 11. Comparison of accuracy of ti and ta strokes for MLP and 
random forest algorithm. 
 
 Figure 9 shows the ROC curve for the random forest 
classifier. It is observed that random forest performs well 
by classifying all the possible tabla strokes with accuracy 
close to 100%. It was found that with overlapping bols  
ti and ta, which are represented by class 8 and 9, the  
accuracy was more than 90%. 

Accuracy measurement 

Experimental results showed that random forest outper-
formed other classifiers in terms of accuracy with all 
three datasets. While random forest gave an accuracy up 
to 100%, ID3 (97%) and decision tree (99%) have also 
performed well. Figure 10 illustrates these findings. 
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Accuracy comparison of overlapping strokes 

We tried to compare the results of random forest with ear-
lier work with multilayer perceptron (MLP) classifier11 by 
considering overlapping tabla strokes of ti and ta. It was 
observed that random forest exhibited a much better ac-
curacy of around 91% while that of MLP hovered around 
80–82%, showing the effectiveness of tree algorithms, 
especially the random forest in properly classifying over-
lapping class instances. Figure 11 gives an idea about the 
supremacy of random forest as a tree classifier for tabla 
strokes classification compared to the available study in 
literature. 
 All these results show that random forest algorithm is 
well suited to classify tabla strokes and works significant-
ly better than the other two tree classifiers, namely deci-
sion tree and ID3. The performance of random forest in 
classifying overlapping classes was also showed to be 
better than the one offered by other classifiers. 

Conclusion 

The proposed work highlights the effectiveness of tree 
classifiers in classifying tabla strokes. It uses decision 
tree, ID3 and random forest as classifiers. Detailed expe-
riments were conducted using three different data sets. 
Thirty-one different features of the strokes with their 
mean and variances were extracted. The classification  
results show that random forest outperforms the other two 
classifiers. The performance of random forest was com-
pared with other known classifiers and results showed 
that random forest is better suited to classify overlapping 
classes. The work can be extended to classify strokes of 
other percussion instruments also. 
 
 

1. Sagar, S. N., A comparative study of classification techniques in 
data mining algorithms. Orient. J. Comput. Sci. Technol., 2015, 
8(1), 13–19. 

2. Yan-yan, S. and Ying, L. Decision tree methods: applications for 
classification and prediction. Shanghai Arch. Psychiatry, 2015, 
27(2), 130–135. 

3. Moon, S. S., Kang, S.-Y., Jitpitaklert, W. and Kim, S. B., Decision 
tree models for characterizing smoking patterns of older adults.  
Expert Syst. Appl., 2012, 39(1), 445–451. 

4. Wilton, W. T., Fok, H. C., Yi, J., Li, S., Au Yeung, H. H., Ying, 
W. and Fang, L., Data mining application of decision trees for 
student profiling at the Open University of China. In IEEE 13th  
International Conference on Trust, Security and Privacy in Compu-
ting and Communications, Beijing, 2014, pp. 732–738. 

5. Lu, J., Liu, Y. and Li, X., The decision tree application in agricul-
tural development. In Artificial Intelligence and Computational 
Intelligence (eds Deng, H. et al.), AICI 2011, Lecture Notes in 
Computer Science, Springer, Berlin, Heidelberg, vol. 7002. 

6. Franco-Arcega, A., Flores-Flores, L. G. and Gabbasov, R. F.,  
Application of decision trees for classifying astronomical objects. 

In 12th Mexican International Conference on Artificial Intelli-
gence, Mexico City, 2013, pp. 181–186. 

7. Yu, G. and Wenjuan, G., Decision tree method in financial analy-
sis of listed logistics companies. In International Conference on 
Intelligent Computation Technology and Automation, Changsha, 
2010, pp. 1101–1106. 

8. Srinivasan Ramaswamy, Multiclass text classification a decision 
tree based SVM Approach, CS294 Practical Machine Learning 
Project, Citeseer, 2006. 

9. Kursa, M., Rudnicki, W., Wieczorkowska, A., Kubera, E. and  
Kubik-Komar, A., Musical instruments in random forest. In Foun-
dations of Intelligent Systems (eds Rauch, J. et al.), ISMIS 2009. 
Lecture Notes in Computer Science, Springer, Berlin, Heidelberg, 
vol. 5722. 

10. Lavner, Y. and Ruinskiy, D., A decision-tree-based algorithm for 
speech/music classification and segmentation. EURASIP J. Audio, 
Speech, Music Processing, 2009. 

11. Deolekar, S. and Abraham, S., Classification of tabla strokes using 
neural network. In Computational Intelligence in Data Mining – 
Volume 1 (eds Behera, H. and Mohapatra, D.), Advances in Intelli-
gent Systems and Computing, Springer, New Delhi, 2016, vol. 410. 

12. Courtney, D., Learning the Tabla, M. Bay Publications, 2001, vol. 
2, ISBN 0786607815. 

13. Chordia, P., Segmentation and recognition of tabla strokes. Inter-
national Conference on Music Information Retrieval, 2005,  
pp. 107–114. 

14. Navada, A., Ansari, A. N., Patil, S. and Sonkamble, B. A.,  
Overview of use of decision tree algorithms in machine learning. 
In IEEE Control and System Graduate Research Colloquium  
(ed. Shah Alam), 2011, pp. 37–42. 

15. Jin, C., De-lin, L. and Fen-Xiang, M., An improved ID3 decision 
tree algorithm. In the Proceedings of 4th International Conference 
on Computer Science and Education, 2009, pp. 127–130. 

16. Qi, Y., Random forest for bioinformatics. In Ensemble Machine 
Learning (eds Zhang, C. and Ma, Y.), Springer, Boston, MA, 
2012, pp. 307–323. 

17. Dubrava, S. et al., Using random forest models to identify corre-
lates of a diabetic peripheral neuropathy diagnosis from electronic 
health record data. Pain Med., 2017, 34, 107–115. 

18. Saha, D., Alluri, P. and Gan, A., A random forests approach to 
prioritize Highway Safety Manual (HSM) variables for data  
collection. J. Adv. Transport., 2016, 50, 522–540. 

19. Armando Vieira, Predicting online user behaviour using deep 
learning algorithms. Computing Research Repository – arXiv.org, 
2015, http://arxiv.org/abs/1511.06247. 

20. Brent, W., Physical and perceptual aspects of percussive timbre, 
UCSanDiego Electronic Theses and Dissertations, 2010. 

21. Chattamvelli, R., Data Mining Methods, Alpha Science Interna-
tional, Oxford, UK, 2009. 

22. Audacity® software is copyright © 1999–2017 Audacity Team. 
website: https://audacityteam.org/. It is free software distributed 
under the terms of the GNU General Public License. The name 
Audacity® is a registered trademark of Dominic Mazzoni. 

23. George Tzanetakis and Perry Cook, MARSYAS: a framework for 
audio analysis. Org. Sound, 1999, 4(3), 169–175. 

 
ACKNOWLEDGEMENTS. We thank Mr Arun Kundekar and his 
team for their help in recording tabla strokes and offering their exper-
tise in the domain. 
 
Received 28 December 2017; revised accepted 13 May 2018 
 
doi: 10.18520/cs/v115/i9/1724-1731 

 

 



<<
  /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
  /CreateJDFFile false
  /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

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


