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Abstract— With the advent of Internet-of-Things (IoT) 

devices, including smart meters and sensors in the smart grid, 
there has been immense research interest in big data 
management, analytics, and parallel processing of data. 
However, complex hardware and software parameters 
configurations and in-depth understanding of the data 
processing design are essential for efficient utilization of big 
data analytics platforms. In this work, we analyze the 
parallelization of load prediction by utilizing spark regression 
python library to assess the performance with workloads of up 
to 8 nodes. The results of different configurations have been 
studied and analyzed against the performance of Apache 
Spark. It was found that a trade-off between the number of 
nodes and cores is necessary to perform efficient parallel 
computing.  Multiple sets of combinations of nodes and cores 
are considered in this paper to evaluate the performance. The 
work also signifies the importance of high-performance 
computing capability for smart meters big data management. 
The obtained results indicate that the computational time is not 
only dependent on the data size but also on the number of 
compute nodes and the number of cores assigned to run the job. 

Keywords— Smart grid, load forecast, big data, parallel 
computing, Apache-Spark, high performance computing 

I. INTRODUCTION 

Smart meters play an important role in the smart grid big 
data.  The data is collected normally at a rate of 5, 10 or 15 
minutes, which accounts for approximately 35040 data points 
per meter per year [1]. Considering the number of smart 
meters installed in a grid, the amount of data generated is 
increasing tremendously. Performing load forecast on such 
huge amounts of data is challenging. Our work focuses on 
performing load forecasting on the smart meters data in a 
distributed computing environment. The proposed work 
intends to understand the performance with respect to 
distributed allocation of resources (computational nodes and 
cores) to perform the analysis.  

Big data cannot be analyzed with the traditional tools and 
techniques but needs big data technologies because of the 
volume, variety, and veracity. Spark’s parallelization has 
been used to propose the shortest path graph computing to 
solve the problem of finding the shortest path in a large 
number of vertices [2]. 

 

The data analyst would rely on the snapshots of data and 
hoped to capture the characteristics of the whole data in the 
snapshot. However, due to the recent innovation and 
emerging trends, the availability of the computing resources 
has increased and led to a decrease in the price of the 
resources. The breakthroughs in hardware and software have 
led to the revolution in the big data management industry. 
The currently available innovative software tools 
accommodate computing and data nodes to be used as one 
big pool of resources where computing, storage, networking, 
and processes can be moved from one node to another with 
ease and efficiency. 

With the virtualization technology over resources, it has 
been possible to deal with the problem of latency that existed 
whilst managing big data. The real-time applications and 
processing of big data are possible because of the support of 
distributed computing and parallel processing. 

Apache Spark is an open source cluster computing 
framework for big data management, processing and 
analytics with various built in tools [4]. It has rightfully 
succeeded the Apache Hadoop MapReduce framework with 
few improvements to it. Apache Spark is reported to be 100 
times faster than Apache Hadoop when configured correctly 
and used with appropriate job scheduler [5] [6] [7] [8]. It 
provides data abstraction, distributed data frame, linear 
scalability, and fault tolerance. Spark framework is not just 
significant in batch processing of data but also in iterative 
querying and real-time streaming of data.  

However, a thorough analysis of the Spark framework is 
crucial to guide on the selection and configuration of big data 
analytics framework like Apache Spark. In this work, a 
cluster is set up with a varying number of nodes and a varying 
number of cores to evaluate the performance of Apache 
Spark for parallel processing with respect to the application 
of load forecasting in smart grids. By varying the number of 
nodes, memory per node and number of cores per node, we 
examine the scalability of the Spark computing engine when 
additional computational resources are made available. This 
cross-performance evaluation will identify the factors 
leading to the potential performance degradation of parallel 
computing. The main contributions of this paper are (1) 
emphasis on the importance of parallel processing to perform 
load forecasting, and (2) trade-off between the optimal 
number of nodes and cores to perform distributed processing.  



  

The remainder of the paper is organized as follows. 
Section II presents the information on the background work 
and also, provides literature review on the performance 
evaluation of big data analytics platform. Section III details 
the proposed methodology and illustrates the results of the 
performance evaluation of apache Spark for different 
combinations of nodes, cores and memory. Finally, 
concluding remarks are given in section IV of the paper.  

II. RELATED WORK 

Due to the widespread adoption of the big data platforms 
such as Apache Hadoop and Spark, several research works 
have been done to improve the performance of these 
platforms [9] [10] [11] [7] [12] [13].  Most of the research 
works tried to improvise the execution of the jobs on the 
platforms using the common knowledge of the working of 
these platforms. For instance, the optimizations in the 
network are obtained by increasing the network throughput 
[14]. The optimizations in the storage infrastructure are 
obtained by the use of large in-memory cache [15]. In 
addition to the factors of network throughput and large in-
memory cache, the tradeoff between the number of cores, 
number of nodes and memory utilization for the optimized 
execution of jobs in faster times, is also an important factor 
to be considered. If the jobs are executed on hundreds of 
cores without any thought on the appropriate 
parameterization and optimization, this yields poor 
efficiency and high cost of computations with big data 
platforms [16]. Also, according to literature, it may give even 
degraded results owing to overheads [17]. In this paper, a 
systematic analysis has been performed to evaluate the 
performance of Spark to define optimized parameters of 
number of cores and number of nodes for load forecasting in 
the electric power utility. 
 

In [18], Green et al. dealt with the applications and trends 
of high-performance computing for electrical power grids. 
The usage of high-performance computing in the smart grid, 
specifically with regards to the analysis, control, and design 
of electrical systems. They mention a large amount of 
parallelism that is available in algorithms commonly 
connected with the electrical power systems analysis. They 
describe the methodologies, technologies, and algorithms 
like cloud computing, GPU computing, parallel meta-
heuristic algorithms, etc. that will provide enhanced 
distributed processing performance and efficiency. In [19], 
Marcu et al. evaluated the performance of Spark and Flink 
for different architectures and different parameter 
configurations. They compared the performance of Spark and 
Flink for different case study problems of word count, 
evaluation of text search, bulk iterations performance, and 
tera sorting. The performance has been compared in the 
metrics of scalability, resource usage, and CPU utilization. 
However, their results presented that it is not possible to 
conclusively present that one platform outperforms the other. 
Also, their work did not generalize the effect of the number 
of cores, number of nodes and memory utilizations with a 
vast majority of workloads. 
Apache Spark tries to the maximum to avoid the usage of file 
system and uses the in-memory implementation i.e. it stores 
the intermediate results of the operations across phases in a 

job so that the machine learning and clustering applications 
and methods have the results from each iteration available for 
further iterations. This gives an edge to Apache Spark over 
Apache Hadoop. Apache Spark uses an abstraction paradigm 
called Resilient Distributed Dataset (RDD) which abstracts 
the details of distribution. RDD is based on the 
transformations (namely map, filter, and join) on the datasets 
and these transformations are applied multiple times on a 
dataset. In this work, the memory for the nodes is selected in 
such a way that the memory can hold the RDD input in the 
main memory. 

 

III. METHODOLOGY AND RESULTS 

A. Software specification 

Python programming has been utilized to run the Sparks 
MLib machine learning library Linear regression [20]. 

• Spark/2.4.0-intel-2018b-Hadoop-2.7-Java-1.8-
Python-3.6.6 

• SLURM job scheduler 

B. Cluster specification 

The experiments are performed on the Terra cluster1 
provided by Texas A&M High Performance Research 
Computing. The configuration of the cluster is given below: 

• Total nodes: 320 

• Operating system: Linux (CentOS 7) 

• Memory/Node: Intel Xeon E5-2680 v4 2.40GHz 14-
core  

• Cores/Node: 9,632 

• Processor Type: IBM Power7+ , 8-core, 4.2 GHz 

• File system: General Parallel File System (GPFS) 

• Interconnect: Intel Omni-Path Fabric 100 Series 
switches. 

Three scenarios have been considered to evaluate the 
performance of apache spark with respect to the different 
number of nodes, cores, and memory. Fig. 1 shows a 
schematic view of the test cases. 

Fixed amount of memory: In this set of experiments, the total 
number of cores for all the nodes considered together is fixed 
and the number of nodes or number of cores per node is 
varied as: 8 node - 1 core/node, 4 nodes - 2 cores/node, 2 
nodes - 4 cores/node and 1 node - 8 cores/node. 

 
Fixed number of cores per node: In this set of experiments, 
the number of cores per node is fixed, and the number of 
nodes is varied. i.e. Each node has fixed four cores per node 
and the number of nodes is varied. 

 
Fixed number of nodes: In this set of experiments, the number 
of nodes is fixed to 8, and the number of cores per node is 
varied.  
 

1) Fixed amount of memory: 

 
Test Case I  

1Portions of this research were conducted with the advanced 
computing resources provided by Texas A&M High Performance 
Research Computing https://hprc.tamu.edu/wiki/Terra 



  

This work aimed to evaluate the performance of the big data 
platform, Apache Spark and compare its performance with 
no Spark Machine Learning. This quantitatively evaluates 
and compares the performance of standalone machine 
learning libraries against the distributed machine learning 
models. 
 

 
Fig. 1. Distribution of nodes and cores/node 

 

Also, it has always been expected that the performance of no 
Spark is better than the Spark when the data set is not big. 
The methodology of performance evaluation is tested on 
different sizes of data. The data set used in our methodology 
ranges from ~9000 rows to ~ 2250000 rows.  

In the initial experiments, the total number of cores 
considering all the nodes are kept constant while the number 
of nodes is altered. The experiments are performed on 
different data sizes; 1) 9000 rows data, and 2) 2250000 rows 
data.  

Figure 1, represents the performance of no spark and 
spark on a smaller data set with 9000 rows. It is very evident 
from the graph that the performance of no spark is much 
better when compared to the spark run time. The spark data 
frame performs data abstraction before the analysis of data, 
and the profiling of different execution steps revealed that the 
data abstraction of spark methodology usually takes a lot of 
time and this is very evident in the case of smaller datasets.  

Figure 2 represents the performance of no spark and 
spark on a dataset of 2250000 rows. The figure illustrates that 
even though the runtime for no spark is still less 
comparatively for a dataset that has increased ~250 times, the 
spark run time in seconds has not increased accordingly. The 
increase in the performance is seen in the reduction of the run 
time given in seconds. The reduction in run time is from 30 
secs to 15 secs for data size of 9000 rows and from 180 secs 
to 40 secs for data size of 2250000 rows. According to the 
literature, when the memory is sufficient to include the 
processing of the data set, no spark always performs better 
than a spark. Spark would perform better when the data size 
is beyond the threshold of the capacity of no spark 
applications explained in the later sections. Also, Spark 
performs better when the overhead of distribution is less than 
the overhead of the processing itself. 

 
Key take away from Fig. 2 and Fig. 3 is that as the number 

of cores is increasing from 1 to 8, the performance of Apache 

 
Fig. 2. Performance comparison of spark and no spark for a fixed number 
of total cores where the number of nodes is a variant 

 
Fig. 3. Performance comparison of spark and no spark for a fixed number 
of total cores where a number of nodes is a variant  

Spark gets better holding onto the essence of distributed 
computing. 
 
Test Case II 
 

The data size has been further increased to evaluate 
the performance of spark and no spark keeping the total 
number of cores to be fixed across nodes. The data size is 
varied from a range of 10161600 rows (~1 GB) to 203232000 
rows (~18 GB). For small amounts of data, the performance 
for the standalone machine learning library without spark is 
better than distributed machine learning using Spark. 
However, as the data size increases, distributed computing 
using Spark performs better than the non-distributed library 
as providing sufficient amount of memory is necessary in the 
latter case. This signifies the importance that for big data with 
large data sizes, load forecasting needs to be performed using 
parallel processing or distributed computing. 
 

During the experiments, it was noticed that for the data 
size of 203 million rows, standalone no-spark machine 
learning does not successfully perform computations because 
the data does not fit in the memory of one node (Table 1). 
However, for the Spark machine learning library, the fitting 
of data in the memory of one node is not required and hence, 
Spark performs computations on the large volume of data 
without out of memory error. Table 1, shows that for a same 
amount of memory provided, distributed computing executes 
the job of load forecasting successfully, but the standalone 
runs out of memory and fails the job execution. This justifies 



  

the statement mentioned in the previous sections. The failure 
of running the load forecasting on no-Spark platforms clearly 
calls for a need of distributed computing to perform load 
forecasting in the smart grid. The no spark jobs have run 
successfully when the allocated memory has been increased. 
Upon testing, if the same job is to be successful on the no-
spark standalone platform, then it requires about 40 GB of 
memory per core for a configuration of 4 cores per node. 
While spark performs the job successfully with 8 GB of 
memory per core. 

 

TABLE 1 RUN TIME FOR SPARK AND NON-SPARK EXECUTIONS 

Total memory 64GBa 
 

Nodes 
Cores 

per 
node 

Memor
y per 
core 
(GB) 

Run time (s) 

Spark (distributed) 2 4 8 3657.3 

Sklearn (non-
distributed) 

2 4 
8 

Out of memory  

a. Data size of 203,232,000 rows (~18 GB) 

b.  
Fig. 4 shows the comparison between the Spark and no Spark 
libraries in terms of execution time in seconds when the data 
size is increased between the scale of 10.2 million rows to 
203.2 million rows. As seen in Fig. 4, the run time for Spark 
is still large compared to no Spark, but this is due to the data 
size not being beyond the threshold of memory of one node. 
Moreover, when the data size increases beyond a threshold, 
the no-spark does not yield results, when the spark gives a 
good performance. Also, there are many other factors that 
need to be optimized to acquire better performance in Spark. 
The optimizing factors include the number of stages, driver 
and executor memory assigned, number of cores, memory 
partition, etc. 
 

 
Fig. 4. Comparison of execution time for distributed spark library with 
standalone with increasing data size 

Test Case III 

 
Assigning any number of cores per node is not optimal. This 
test case justifies this condition. 
 
Distribution of memory: Table 2 shows the distribution of 
64GB memory into various nodes and cores. Observations: 
8 cores per node performs better than 4 cores per node but 
the CPU efficiency is cut down to almost half. 
 

Increasing the number of cores per node reduces time but 
affects the CPU and memory efficiency is an unexpected 
trend. Almost the same amount of run time is observed if the 
number of nodes is increased to 2 for 8 cores per node. 
Restricted the memory size to 20GB the memory efficiency 
has increased from close to 30% up to 90%. 
 
 Rows 2 and 9 in Table 2 clearly show that only 
20GB memory is enough to run the same job achieving 
similar run times. 

 

TABLE II RUN TIME FOR EXECUTIONS WITH DIFFERENT NUMBER OF NODES, 
CORES, AND MEMORY 

Total of 64 GB memoryc 

nodes 
Cores 

per 
node 

Mem
ory 
per 
core 
(GB) 

CPU 
eff. 

Memory 
eff. 

Memory 
Utilized 

(GB) 
Run 
time 
(s) 

1 4 16 80.36% 26.75% 17.12 622.5  
1 8 8 58.49% 28.00% 17.92 364.5 
1 10 6.4 53.95% 28.84% 18.46 351.3 
1 12 5.3 00.09% 0.00% 01.10 261.5 
1 16 4 00.06% 0.00% 01.09 274.9 
2 4 8 37.17% 26.08% 16.69 668.9 
2 8 4 23.60% 27.84% 17.82 392.6 
3 8 2.6 19.44% 27.64 17.69 366.5 

Total of 20 GB memory 
1 8 2.5 48.47% 88.20% 17.64 377.5 
1 4 5 72.46% 88.21% 16.44 649.3 

c. Data size of 30,484,800 rows ~ 2.7GB 

For the given data size and computational needs, based on the 
observations from Table 2 it can be clearly stated that having 
8 cores per node to run the job is optimal.  

2) Fixed number of cores per node: 

 
The number of cores per node have been fixed in this case 

and the number of nodes has been increased. Fig. 5 and Fig. 
6 clearly show that increasing the number of nodes reduces 
the run time.  

 
Fig. 5. Execution time for Spark and no Spark for a data size of 9000 rows 
with a fixed number of cores and varying the number of nodes.  

However, the continuous increase of the number of nodes 
does not have a tremendous impact on the run time initially. 
However, with further increase in number of nodes, the 



  

execution time definitely decreases for distributed computing 
using spark. 
 

 

Fig. 6. Execution time for spark and no spark for a data size of 2250000 
rows with a fixed number of cores and varying the number of nodes.  

3) Fixed number of nodes: 

The number of nodes has been fixed to be 8, and the number 
of cores per node have been varied. Fig. 7 and Fig. 8 depict 
that increasing the number of cores does not necessarily 
increase the performance in no spark standalone case. 

The execution time goes significantly down by 
providing 4 or more cores in spark distributed processing, but 
the performance deteriorates a little after 8 cores. The 
observation for more than 8 cores clearly shows that the 
performance doesn’t pick up with the increase in the number 
of cores. 

 

 

Fig. 7. Execution time for spark and no spark for a data size of 9000 rows 
with fixed number of nodes and varying the number of nodes.  

Even though the run time has reduced but the 
memory and CPU efficiency are significantly disturbed. It 
can be clearly stated that an optimal number of cores is 
between 4 cores per node to 8 cores per node for spark 
distributed computing based on the data size. 

 

IV. CONCLUSION  

In this paper, the performance evaluation has been 
successfully done for apache spark and no spark platforms 
for varying number of cores, nodes and different memory 
sizes. It is noted that the no-spark standalone machine 
learning performs better than the distributed computing 
spark platform only when the data fits into the memory of 
one node. 

 

Fig. 8. Execution time for spark and no spark for a data size of 2250000 
rows with fixed number of nodes and varying the number of nodes 

But, when the data becomes sufficiently huge, the no 
spark standalone machine learning runs out of memory and 
spark performs considerately. The reason is that for small 
data sizes, the overhead of distribution of resources is very 
high than the overhead of computations itself. When the data 
size becomes sufficiently large, the overhead of distribution 
of resources becomes negligible and the performance of 
spark is definitely notable. Sufficient memory is definitely 
required for the execution of a successful job in a non-
distributed condition. 

 A need for optimal number of nodes and cores has been 
studied and verified under multiple test cases. It has been 
noted that the performance increases with the increase in the 
number of nodes in a spark cluster. Also, the increase in the 
number of cores per node improves performance only when 
the number of cores is between 4 and 8. Beyond 8 cores per 
node, the performance deteriorates. However, having a very 
high amount of memory does not necessarily decrease the 
execution time.  

Future work could focus on improving the computational 
time using parallel computing compared to the non-
distributed fashion. Also, the experiments could be extended 
to deal with a very large datasets to evaluate the performance 
of Apache Spark. It will be interesting to evaluate Spark’s 
performance when the number of nodes is very high. 

ACKNOWLEDGEMENT 

This publication was made possible by NPRP grant 
[NPRP10-0101-170082] from the Qatar National Research 
Fund (a member of Qatar Foundation) and the co-funding by 
IBERDROLA QSTP LLC. The statements made herein are 
solely the responsibility of the author[s].  

 

REFERENCES 

 
[1] M. Aiello and G. A. Pagani, "The smart grid's data generating 

potentials.," in 2014 Federated Conference on Computer Science 
and Information Systems, 2014.  

[2] Y. Arfat, S. Suma, R. Mehmood and A. Albeshri, "Parallel Shortest 
Path Big Data Graph Computations of US Road Network Using 
Apache Spark: Survey, Architecture, and Evaluation," Smart 
Infrastructure and Applications, 2020.  

[3] K. Kambatla, G. Kollias, V. Kumar and G. Ananth, "Trends in big 
data analytics.," Journal of Parallel and Distributed Computing, vol. 
74, no. 7, pp. 2561-2573, 2014.  



  

[4]  M. e. a. Zaharia, "Apache spark: a unified engine for big data 
processing," 2016.  

[5]  B. H. e. al., "Mesos: A Platform for Fine-Grained Resource Sharing 
in the Data Center".  

[6]  M. A. J. a. M. G. A. B. Yoo, SLURM: Simple Linux Utility for 
Resource Management, Lect. Notes Comput. Sci. (including Subser. 
Lect. Notes Artif. Intell. Lect. Notes Bioinformatics), vol. 2862, pp. 
44–60, doi: 10.1007/10968987_3, 2003.  

[7]  B. J. Mathiya and D. Vinodkumar L., "Apache hadoop yarn 
parameter configuration challenges and optimization," in 
International Conference on Soft-Computing and Networks Security 
(ICSNS), 2015.  

[8]  W. W. L. O. T. G. X. L. H. a. J. J. X. Wei, Integrating local job 
scheduler - LSFTM with GfarmTM, in Lecture Notes in Computer 
Science (including subseries Lecture Notes in Artificial Intelligence 
and Lecture Notes in Bioinformatics), vol. 3758 LNCS, pp. 196–204, 
doi: 10.1007/11576235_25, 2005.  

[9]  J. Zhang, W. Jian-Syuan, L. Tianrui and P. Yi, "A comparison of 
parallel large-scale knowledge acquisition using rough set theory on 
different MapReduce runtime systems," International Journal of 
Approximate Reasoning, vol. 55, no. 3, pp. 896-907, 2014.  

[10] J. G. Shanahan and D. Laing, "Large scale distributed data science 
using apache spark," in Proceedings of the 21th ACM SIGKDD 
international conference on knowledge discovery and data mining, 
2015.  

[11] X. Lu, I. Nusrat S., W.-U.-R. Md, J. Jithin, S. Hari, W. Hao and P. 
Dhabaleswar K., "High-performance design of Hadoop RPC with 
RDMA over InfiniBand," in In 2013 42nd International Conference 
on Parallel Processing, 2013.  

[12] J. G. Son, K. Ji-Woo, A. Jae-Hoon, A. Hyung-Joo, C. Hyo-Jung and 
K. Jung-Guk, "Parallel Job Processing Technique for Real-time Big-
Data Processing Framework," in International Conference on 
Research in Adaptive and Convergent Systems, 2016.  

[13] K. M. M. H. K. Wang, N. Nhan and G. Swapna, "A Model Driven 
Approach Towards Improving the Performance of Apache Spark 
Applications.," in IEEE International Symposium on Performance 
Analysis of Systems and Software (ISPASS), 2019.  

[14] N. Chaimov, M. Allen, C. Shane, I. Costin, Z. I. Khaled and S. Jay, 
"Scaling spark on hpc systems," in Proceedings of the 25th ACM 
International Symposium on High-Performance Parallel and 
Distributed Computing, 2016.  

[15] A. J. Awan, B. Mats, V. Vladimir and A. Eduard, "Performance 
characterization of in-memory data analytics on a modern cloud 
server," in 2015 IEEE Fifth International Conference on Big Data 
and Cloud Computing, 2015.  

[16] S. Michael, A. Thota and R. Henschel, "Hpchadoop: A framework to 
run hadoop on cray x-series supercomputers," in Cray USer Group 
(CUG), 2014.  

[17] N. J. Gunther, P. Puglia and K. Tomasette, "Hadoop superlinear 
scalability," Commun. ACM, vol. 58, no. 4, pp. 46-55, 2015.  

[18] R. C. Green, L. Wang and M. & Alam, "Applications and trends of 
high performance computing for electric power systems: Focusing 
on smart grid," IEEE Transactions on Smart Grid, vol. 4, no. 2, pp. 
922-931, 2013.  

[19] O. Marcu, A. Costan, G. Antoniu and M. Pérez-Hernández, "Spark 
versus flink: Understanding performance in big data analytics 
frameworks," in IEEE International Conference on Cluster 
Computing (CLUSTER), 2016.  

[20] "Classification and regression," Apache Spark 2.4.4, [Online]. 
Available: https://spark.apache.org/docs/latest/ml-classification-
regression.html#linear-regression. 

[21] B. Mathiya, "Apache hadoop yarn parameter configuration 
challenges and optimization," in V. D.-2015 I. C. on Soft, and 
undefined 2015, ieeexplore.ieee.org..  

[22] B. a. K. A. a. Z. M. a. G. A. a. J. A. D. a. K. R. H. a. S. S. a. S. I. 
Hindman, "Mesos: A platform for fine-grained resource sharing in 
the data center.," in NSDI, 2011, pp. 22--22, Volume 11. 

 
 
 
 

 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.7
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /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 true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /AbadiMT-CondensedLight
    /ACaslon-Italic
    /ACaslon-Regular
    /ACaslon-Semibold
    /ACaslon-SemiboldItalic
    /AdobeArabic-Bold
    /AdobeArabic-BoldItalic
    /AdobeArabic-Italic
    /AdobeArabic-Regular
    /AdobeHebrew-Bold
    /AdobeHebrew-BoldItalic
    /AdobeHebrew-Italic
    /AdobeHebrew-Regular
    /AdobeHeitiStd-Regular
    /AdobeMingStd-Light
    /AdobeMyungjoStd-Medium
    /AdobePiStd
    /AdobeSongStd-Light
    /AdobeThai-Bold
    /AdobeThai-BoldItalic
    /AdobeThai-Italic
    /AdobeThai-Regular
    /AGaramond-Bold
    /AGaramond-BoldItalic
    /AGaramond-Italic
    /AGaramond-Regular
    /AGaramond-Semibold
    /AGaramond-SemiboldItalic
    /AgencyFB-Bold
    /AgencyFB-Reg
    /AGOldFace-Outline
    /AharoniBold
    /Algerian
    /Americana
    /Americana-ExtraBold
    /AndaleMono
    /AndaleMonoIPA
    /AngsanaNew
    /AngsanaNew-Bold
    /AngsanaNew-BoldItalic
    /AngsanaNew-Italic
    /AngsanaUPC
    /AngsanaUPC-Bold
    /AngsanaUPC-BoldItalic
    /AngsanaUPC-Italic
    /Anna
    /ArialAlternative
    /ArialAlternativeSymbol
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialMT-Black
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialRoundedMTBold
    /ArialUnicodeMS
    /ArrusBT-Bold
    /ArrusBT-BoldItalic
    /ArrusBT-Italic
    /ArrusBT-Roman
    /AvantGarde-Book
    /AvantGarde-BookOblique
    /AvantGarde-Demi
    /AvantGarde-DemiOblique
    /AvantGardeITCbyBT-Book
    /AvantGardeITCbyBT-BookOblique
    /BakerSignet
    /BankGothicBT-Medium
    /Barmeno-Bold
    /Barmeno-ExtraBold
    /Barmeno-Medium
    /Barmeno-Regular
    /Baskerville
    /BaskervilleBE-Italic
    /BaskervilleBE-Medium
    /BaskervilleBE-MediumItalic
    /BaskervilleBE-Regular
    /Baskerville-Bold
    /Baskerville-BoldItalic
    /Baskerville-Italic
    /BaskOldFace
    /Batang
    /BatangChe
    /Bauhaus93
    /Bellevue
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlingAntiqua-Bold
    /BerlingAntiqua-BoldItalic
    /BerlingAntiqua-Italic
    /BerlingAntiqua-Roman
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BernhardModernBT-Bold
    /BernhardModernBT-BoldItalic
    /BernhardModernBT-Italic
    /BernhardModernBT-Roman
    /BiffoMT
    /BinnerD
    /BinnerGothic
    /BlackadderITC-Regular
    /Blackoak
    /blex
    /blsy
    /Bodoni
    /Bodoni-Bold
    /Bodoni-BoldItalic
    /Bodoni-Italic
    /BodoniMT
    /BodoniMTBlack
    /BodoniMTBlack-Italic
    /BodoniMT-Bold
    /BodoniMT-BoldItalic
    /BodoniMTCondensed
    /BodoniMTCondensed-Bold
    /BodoniMTCondensed-BoldItalic
    /BodoniMTCondensed-Italic
    /BodoniMT-Italic
    /BodoniMTPosterCompressed
    /Bodoni-Poster
    /Bodoni-PosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /Bookman-Demi
    /Bookman-DemiItalic
    /Bookman-Light
    /Bookman-LightItalic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolOne-Regular
    /BookshelfSymbolSeven
    /BookshelfSymbolThree-Regular
    /BookshelfSymbolTwo-Regular
    /Botanical
    /Boton-Italic
    /Boton-Medium
    /Boton-MediumItalic
    /Boton-Regular
    /Boulevard
    /BradleyHandITC
    /Braggadocio
    /BritannicBold
    /Broadway
    /BrowalliaNew
    /BrowalliaNew-Bold
    /BrowalliaNew-BoldItalic
    /BrowalliaNew-Italic
    /BrowalliaUPC
    /BrowalliaUPC-Bold
    /BrowalliaUPC-BoldItalic
    /BrowalliaUPC-Italic
    /BrushScript
    /BrushScriptMT
    /CaflischScript-Bold
    /CaflischScript-Regular
    /Calibri
    /Calibri-Bold
    /Calibri-BoldItalic
    /Calibri-Italic
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /CalisMTBol
    /CalistoMT
    /CalistoMT-BoldItalic
    /CalistoMT-Italic
    /Cambria
    /Cambria-Bold
    /Cambria-BoldItalic
    /Cambria-Italic
    /CambriaMath
    /Candara
    /Candara-Bold
    /Candara-BoldItalic
    /Candara-Italic
    /Carta
    /CaslonOpenfaceBT-Regular
    /Castellar
    /CastellarMT
    /Centaur
    /Centaur-Italic
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchL-Bold
    /CenturySchL-BoldItal
    /CenturySchL-Ital
    /CenturySchL-Roma
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /CGTimes-Bold
    /CGTimes-BoldItalic
    /CGTimes-Italic
    /CGTimes-Regular
    /CharterBT-Bold
    /CharterBT-BoldItalic
    /CharterBT-Italic
    /CharterBT-Roman
    /CheltenhamITCbyBT-Bold
    /CheltenhamITCbyBT-BoldItalic
    /CheltenhamITCbyBT-Book
    /CheltenhamITCbyBT-BookItalic
    /Chiller-Regular
    /Cmb10
    /CMB10
    /Cmbsy10
    /CMBSY10
    /CMBSY5
    /CMBSY6
    /CMBSY7
    /CMBSY8
    /CMBSY9
    /Cmbx10
    /CMBX10
    /Cmbx12
    /CMBX12
    /Cmbx5
    /CMBX5
    /Cmbx6
    /CMBX6
    /Cmbx7
    /CMBX7
    /Cmbx8
    /CMBX8
    /Cmbx9
    /CMBX9
    /Cmbxsl10
    /CMBXSL10
    /Cmbxti10
    /CMBXTI10
    /Cmcsc10
    /CMCSC10
    /Cmcsc8
    /CMCSC8
    /Cmcsc9
    /CMCSC9
    /Cmdunh10
    /CMDUNH10
    /Cmex10
    /CMEX10
    /CMEX7
    /CMEX8
    /CMEX9
    /Cmff10
    /CMFF10
    /Cmfi10
    /CMFI10
    /Cmfib8
    /CMFIB8
    /Cminch
    /CMINCH
    /Cmitt10
    /CMITT10
    /Cmmi10
    /CMMI10
    /Cmmi12
    /CMMI12
    /Cmmi5
    /CMMI5
    /Cmmi6
    /CMMI6
    /Cmmi7
    /CMMI7
    /Cmmi8
    /CMMI8
    /Cmmi9
    /CMMI9
    /Cmmib10
    /CMMIB10
    /CMMIB5
    /CMMIB6
    /CMMIB7
    /CMMIB8
    /CMMIB9
    /Cmr10
    /CMR10
    /Cmr12
    /CMR12
    /Cmr17
    /CMR17
    /Cmr5
    /CMR5
    /Cmr6
    /CMR6
    /Cmr7
    /CMR7
    /Cmr8
    /CMR8
    /Cmr9
    /CMR9
    /Cmsl10
    /CMSL10
    /Cmsl12
    /CMSL12
    /Cmsl8
    /CMSL8
    /Cmsl9
    /CMSL9
    /Cmsltt10
    /CMSLTT10
    /Cmss10
    /CMSS10
    /Cmss12
    /CMSS12
    /Cmss17
    /CMSS17
    /Cmss8
    /CMSS8
    /Cmss9
    /CMSS9
    /Cmssbx10
    /CMSSBX10
    /Cmssdc10
    /CMSSDC10
    /Cmssi10
    /CMSSI10
    /Cmssi12
    /CMSSI12
    /Cmssi17
    /CMSSI17
    /Cmssi8
    /CMSSI8
    /Cmssi9
    /CMSSI9
    /Cmssq8
    /CMSSQ8
    /Cmssqi8
    /CMSSQI8
    /Cmsy10
    /CMSY10
    /Cmsy5
    /CMSY5
    /Cmsy6
    /CMSY6
    /Cmsy7
    /CMSY7
    /Cmsy8
    /CMSY8
    /Cmsy9
    /CMSY9
    /Cmtcsc10
    /CMTCSC10
    /Cmtex10
    /CMTEX10
    /Cmtex8
    /CMTEX8
    /Cmtex9
    /CMTEX9
    /Cmti10
    /CMTI10
    /Cmti12
    /CMTI12
    /Cmti7
    /CMTI7
    /Cmti8
    /CMTI8
    /Cmti9
    /CMTI9
    /Cmtt10
    /CMTT10
    /Cmtt12
    /CMTT12
    /Cmtt8
    /CMTT8
    /Cmtt9
    /CMTT9
    /Cmu10
    /CMU10
    /Cmvtt10
    /CMVTT10
    /ColonnaMT
    /Colossalis-Bold
    /ComicSansMS
    /ComicSansMS-Bold
    /Consolas
    /Consolas-Bold
    /Consolas-BoldItalic
    /Consolas-Italic
    /Constantia
    /Constantia-Bold
    /Constantia-BoldItalic
    /Constantia-Italic
    /CooperBlack
    /CopperplateGothic-Bold
    /CopperplateGothic-Light
    /Copperplate-ThirtyThreeBC
    /Corbel
    /Corbel-Bold
    /Corbel-BoldItalic
    /Corbel-Italic
    /CordiaNew
    /CordiaNew-Bold
    /CordiaNew-BoldItalic
    /CordiaNew-Italic
    /CordiaUPC
    /CordiaUPC-Bold
    /CordiaUPC-BoldItalic
    /CordiaUPC-Italic
    /Courier
    /Courier-Bold
    /Courier-BoldOblique
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /Courier-Oblique
    /CourierStd
    /CourierStd-Bold
    /CourierStd-BoldOblique
    /CourierStd-Oblique
    /CourierX-Bold
    /CourierX-BoldOblique
    /CourierX-Oblique
    /CourierX-Regular
    /CreepyRegular
    /CurlzMT
    /David-Bold
    /David-Reg
    /DavidTransparent
    /Dcb10
    /Dcbx10
    /Dcbxsl10
    /Dcbxti10
    /Dccsc10
    /Dcitt10
    /Dcr10
    /Desdemona
    /DilleniaUPC
    /DilleniaUPCBold
    /DilleniaUPCBoldItalic
    /DilleniaUPCItalic
    /Dingbats
    /DomCasual
    /Dotum
    /DotumChe
    /DoulosSIL
    /EdwardianScriptITC
    /Elephant-Italic
    /Elephant-Regular
    /EngraversGothicBT-Regular
    /EngraversMT
    /EraserDust
    /ErasITC-Bold
    /ErasITC-Demi
    /ErasITC-Light
    /ErasITC-Medium
    /ErieBlackPSMT
    /ErieLightPSMT
    /EriePSMT
    /EstrangeloEdessa
    /Euclid
    /Euclid-Bold
    /Euclid-BoldItalic
    /EuclidExtra
    /EuclidExtra-Bold
    /EuclidFraktur
    /EuclidFraktur-Bold
    /Euclid-Italic
    /EuclidMathOne
    /EuclidMathOne-Bold
    /EuclidMathTwo
    /EuclidMathTwo-Bold
    /EuclidSymbol
    /EuclidSymbol-Bold
    /EuclidSymbol-BoldItalic
    /EuclidSymbol-Italic
    /EucrosiaUPC
    /EucrosiaUPCBold
    /EucrosiaUPCBoldItalic
    /EucrosiaUPCItalic
    /EUEX10
    /EUEX7
    /EUEX8
    /EUEX9
    /EUFB10
    /EUFB5
    /EUFB7
    /EUFM10
    /EUFM5
    /EUFM7
    /EURB10
    /EURB5
    /EURB7
    /EURM10
    /EURM5
    /EURM7
    /EuroMono-Bold
    /EuroMono-BoldItalic
    /EuroMono-Italic
    /EuroMono-Regular
    /EuroSans-Bold
    /EuroSans-BoldItalic
    /EuroSans-Italic
    /EuroSans-Regular
    /EuroSerif-Bold
    /EuroSerif-BoldItalic
    /EuroSerif-Italic
    /EuroSerif-Regular
    /EUSB10
    /EUSB5
    /EUSB7
    /EUSM10
    /EUSM5
    /EUSM7
    /FelixTitlingMT
    /Fences
    /FencesPlain
    /FigaroMT
    /FixedMiriamTransparent
    /FootlightMTLight
    /Formata-Italic
    /Formata-Medium
    /Formata-MediumItalic
    /Formata-Regular
    /ForteMT
    /FranklinGothic-Book
    /FranklinGothic-BookItalic
    /FranklinGothic-Demi
    /FranklinGothic-DemiCond
    /FranklinGothic-DemiItalic
    /FranklinGothic-Heavy
    /FranklinGothic-HeavyItalic
    /FranklinGothicITCbyBT-Book
    /FranklinGothicITCbyBT-BookItal
    /FranklinGothicITCbyBT-Demi
    /FranklinGothicITCbyBT-DemiItal
    /FranklinGothic-Medium
    /FranklinGothic-MediumCond
    /FranklinGothic-MediumItalic
    /FrankRuehl
    /FreesiaUPC
    /FreesiaUPCBold
    /FreesiaUPCBoldItalic
    /FreesiaUPCItalic
    /FreestyleScript-Regular
    /FrenchScriptMT
    /Frutiger-Black
    /Frutiger-BlackCn
    /Frutiger-BlackItalic
    /Frutiger-Bold
    /Frutiger-BoldCn
    /Frutiger-BoldItalic
    /Frutiger-Cn
    /Frutiger-ExtraBlackCn
    /Frutiger-Italic
    /Frutiger-Light
    /Frutiger-LightCn
    /Frutiger-LightItalic
    /Frutiger-Roman
    /Frutiger-UltraBlack
    /Futura-Bold
    /Futura-BoldOblique
    /Futura-Book
    /Futura-BookOblique
    /FuturaBT-Bold
    /FuturaBT-BoldItalic
    /FuturaBT-Book
    /FuturaBT-BookItalic
    /FuturaBT-Medium
    /FuturaBT-MediumItalic
    /Futura-Light
    /Futura-LightOblique
    /GalliardITCbyBT-Bold
    /GalliardITCbyBT-BoldItalic
    /GalliardITCbyBT-Italic
    /GalliardITCbyBT-Roman
    /Garamond
    /Garamond-Bold
    /Garamond-BoldCondensed
    /Garamond-BoldCondensedItalic
    /Garamond-BoldItalic
    /Garamond-BookCondensed
    /Garamond-BookCondensedItalic
    /Garamond-Italic
    /Garamond-LightCondensed
    /Garamond-LightCondensedItalic
    /Gautami
    /GeometricSlab703BT-Light
    /GeometricSlab703BT-LightItalic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /GeorgiaRef
    /Giddyup
    /Giddyup-Thangs
    /Gigi-Regular
    /GillSans
    /GillSans-Bold
    /GillSans-BoldItalic
    /GillSans-Condensed
    /GillSans-CondensedBold
    /GillSans-Italic
    /GillSans-Light
    /GillSans-LightItalic
    /GillSansMT
    /GillSansMT-Bold
    /GillSansMT-BoldItalic
    /GillSansMT-Condensed
    /GillSansMT-ExtraCondensedBold
    /GillSansMT-Italic
    /GillSans-UltraBold
    /GillSans-UltraBoldCondensed
    /GloucesterMT-ExtraCondensed
    /Gothic-Thirteen
    /GoudyOldStyleBT-Bold
    /GoudyOldStyleBT-BoldItalic
    /GoudyOldStyleBT-Italic
    /GoudyOldStyleBT-Roman
    /GoudyOldStyleT-Bold
    /GoudyOldStyleT-Italic
    /GoudyOldStyleT-Regular
    /GoudyStout
    /GoudyTextMT-LombardicCapitals
    /GSIDefaultSymbols
    /Gulim
    /GulimChe
    /Gungsuh
    /GungsuhChe
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /Helvetica
    /Helvetica-Black
    /Helvetica-BlackOblique
    /Helvetica-Bold
    /Helvetica-BoldOblique
    /Helvetica-Condensed
    /Helvetica-Condensed-Black
    /Helvetica-Condensed-BlackObl
    /Helvetica-Condensed-Bold
    /Helvetica-Condensed-BoldObl
    /Helvetica-Condensed-Light
    /Helvetica-Condensed-LightObl
    /Helvetica-Condensed-Oblique
    /Helvetica-Fraction
    /Helvetica-Narrow
    /Helvetica-Narrow-Bold
    /Helvetica-Narrow-BoldOblique
    /Helvetica-Narrow-Oblique
    /Helvetica-Oblique
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Humanist521BT-BoldCondensed
    /Humanist521BT-Light
    /Humanist521BT-LightItalic
    /Humanist521BT-RomanCondensed
    /Imago-ExtraBold
    /Impact
    /ImprintMT-Shadow
    /InformalRoman-Regular
    /IrisUPC
    /IrisUPCBold
    /IrisUPCBoldItalic
    /IrisUPCItalic
    /Ironwood
    /ItcEras-Medium
    /ItcKabel-Bold
    /ItcKabel-Book
    /ItcKabel-Demi
    /ItcKabel-Medium
    /ItcKabel-Ultra
    /JasmineUPC
    /JasmineUPC-Bold
    /JasmineUPC-BoldItalic
    /JasmineUPC-Italic
    /JoannaMT
    /JoannaMT-Italic
    /Jokerman-Regular
    /JuiceITC-Regular
    /Kartika
    /Kaufmann
    /KaufmannBT-Bold
    /KaufmannBT-Regular
    /KidTYPEPaint
    /KinoMT
    /KodchiangUPC
    /KodchiangUPC-Bold
    /KodchiangUPC-BoldItalic
    /KodchiangUPC-Italic
    /KorinnaITCbyBT-Regular
    /KristenITC-Regular
    /KrutiDev040Bold
    /KrutiDev040BoldItalic
    /KrutiDev040Condensed
    /KrutiDev040Italic
    /KrutiDev040Thin
    /KrutiDev040Wide
    /KrutiDev060
    /KrutiDev060Bold
    /KrutiDev060BoldItalic
    /KrutiDev060Condensed
    /KrutiDev060Italic
    /KrutiDev060Thin
    /KrutiDev060Wide
    /KrutiDev070
    /KrutiDev070Condensed
    /KrutiDev070Italic
    /KrutiDev070Thin
    /KrutiDev070Wide
    /KrutiDev080
    /KrutiDev080Condensed
    /KrutiDev080Italic
    /KrutiDev080Wide
    /KrutiDev090
    /KrutiDev090Bold
    /KrutiDev090BoldItalic
    /KrutiDev090Condensed
    /KrutiDev090Italic
    /KrutiDev090Thin
    /KrutiDev090Wide
    /KrutiDev100
    /KrutiDev100Bold
    /KrutiDev100BoldItalic
    /KrutiDev100Condensed
    /KrutiDev100Italic
    /KrutiDev100Thin
    /KrutiDev100Wide
    /KrutiDev120
    /KrutiDev120Condensed
    /KrutiDev120Thin
    /KrutiDev120Wide
    /KrutiDev130
    /KrutiDev130Condensed
    /KrutiDev130Thin
    /KrutiDev130Wide
    /KunstlerScript
    /Latha
    /LatinWide
    /LetterGothic
    /LetterGothic-Bold
    /LetterGothic-BoldOblique
    /LetterGothic-BoldSlanted
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LetterGothic-Slanted
    /LevenimMT
    /LevenimMTBold
    /LilyUPC
    /LilyUPCBold
    /LilyUPCBoldItalic
    /LilyUPCItalic
    /Lithos-Black
    /Lithos-Regular
    /LotusWPBox-Roman
    /LotusWPIcon-Roman
    /LotusWPIntA-Roman
    /LotusWPIntB-Roman
    /LotusWPType-Roman
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSans-Typewriter
    /LucidaSans-TypewriterBold
    /LucidaSans-TypewriterBoldOblique
    /LucidaSans-TypewriterOblique
    /LucidaSansUnicode
    /Lydian
    /Magneto-Bold
    /MaiandraGD-Regular
    /Mangal-Regular
    /Map-Symbols
    /MathA
    /MathB
    /MathC
    /Mathematica1
    /Mathematica1-Bold
    /Mathematica1Mono
    /Mathematica1Mono-Bold
    /Mathematica2
    /Mathematica2-Bold
    /Mathematica2Mono
    /Mathematica2Mono-Bold
    /Mathematica3
    /Mathematica3-Bold
    /Mathematica3Mono
    /Mathematica3Mono-Bold
    /Mathematica4
    /Mathematica4-Bold
    /Mathematica4Mono
    /Mathematica4Mono-Bold
    /Mathematica5
    /Mathematica5-Bold
    /Mathematica5Mono
    /Mathematica5Mono-Bold
    /Mathematica6
    /Mathematica6Bold
    /Mathematica6Mono
    /Mathematica6MonoBold
    /Mathematica7
    /Mathematica7Bold
    /Mathematica7Mono
    /Mathematica7MonoBold
    /MatisseITC-Regular
    /MaturaMTScriptCapitals
    /Mesquite
    /Mezz-Black
    /Mezz-Regular
    /MICR
    /MicrosoftSansSerif
    /MingLiU
    /Minion-BoldCondensed
    /Minion-BoldCondensedItalic
    /Minion-Condensed
    /Minion-CondensedItalic
    /Minion-Ornaments
    /MinionPro-Bold
    /MinionPro-BoldIt
    /MinionPro-It
    /MinionPro-Regular
    /Miriam
    /MiriamFixed
    /MiriamTransparent
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MonotypeSorts
    /MSAM10
    /MSAM5
    /MSAM6
    /MSAM7
    /MSAM8
    /MSAM9
    /MSBM10
    /MSBM5
    /MSBM6
    /MSBM7
    /MSBM8
    /MSBM9
    /MS-Gothic
    /MSHei
    /MSLineDrawPSMT
    /MS-Mincho
    /MSOutlook
    /MS-PGothic
    /MS-PMincho
    /MSReference1
    /MSReference2
    /MSReferenceSansSerif
    /MSReferenceSansSerif-Bold
    /MSReferenceSansSerif-BoldItalic
    /MSReferenceSansSerif-Italic
    /MSReferenceSerif
    /MSReferenceSerif-Bold
    /MSReferenceSerif-BoldItalic
    /MSReferenceSerif-Italic
    /MSReferenceSpecialty
    /MSSong
    /MS-UIGothic
    /MT-Extra
    /MTExtraTiger
    /MT-Symbol
    /MT-Symbol-Italic
    /MVBoli
    /Myriad-Bold
    /Myriad-BoldItalic
    /Myriad-Italic
    /Myriad-Roman
    /Narkisim
    /NewCenturySchlbk-Bold
    /NewCenturySchlbk-BoldItalic
    /NewCenturySchlbk-Italic
    /NewCenturySchlbk-Roman
    /NewMilleniumSchlbk-BoldItalicSH
    /NewsGothic
    /NewsGothic-Bold
    /NewsGothicBT-Bold
    /NewsGothicBT-BoldItalic
    /NewsGothicBT-Italic
    /NewsGothicBT-Roman
    /NewsGothic-Condensed
    /NewsGothic-Italic
    /NewsGothicMT
    /NewsGothicMT-Bold
    /NewsGothicMT-Italic
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NimbusMonL-Bold
    /NimbusMonL-BoldObli
    /NimbusMonL-Regu
    /NimbusMonL-ReguObli
    /NimbusRomNo9L-Medi
    /NimbusRomNo9L-MediItal
    /NimbusRomNo9L-Regu
    /NimbusRomNo9L-ReguItal
    /NimbusSanL-Bold
    /NimbusSanL-BoldCond
    /NimbusSanL-BoldCondItal
    /NimbusSanL-BoldItal
    /NimbusSanL-Regu
    /NimbusSanL-ReguCond
    /NimbusSanL-ReguCondItal
    /NimbusSanL-ReguItal
    /Nimrod
    /Nimrod-Bold
    /Nimrod-BoldItalic
    /Nimrod-Italic
    /NSimSun
    /Nueva-BoldExtended
    /Nueva-BoldExtendedItalic
    /Nueva-Italic
    /Nueva-Roman
    /NuptialScript
    /OCRA
    /OCRA-Alternate
    /OCRAExtended
    /OCRB
    /OCRB-Alternate
    /OfficinaSans-Bold
    /OfficinaSans-BoldItalic
    /OfficinaSans-Book
    /OfficinaSans-BookItalic
    /OfficinaSerif-Bold
    /OfficinaSerif-BoldItalic
    /OfficinaSerif-Book
    /OfficinaSerif-BookItalic
    /OldEnglishTextMT
    /Onyx
    /OnyxBT-Regular
    /OzHandicraftBT-Roman
    /PalaceScriptMT
    /Palatino-Bold
    /Palatino-BoldItalic
    /Palatino-Italic
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Palatino-Roman
    /PapyrusPlain
    /Papyrus-Regular
    /Parchment-Regular
    /Parisian
    /ParkAvenue
    /Penumbra-SemiboldFlare
    /Penumbra-SemiboldSans
    /Penumbra-SemiboldSerif
    /PepitaMT
    /Perpetua
    /Perpetua-Bold
    /Perpetua-BoldItalic
    /Perpetua-Italic
    /PerpetuaTitlingMT-Bold
    /PerpetuaTitlingMT-Light
    /PhotinaCasualBlack
    /Playbill
    /PMingLiU
    /Poetica-SuppOrnaments
    /PoorRichard-Regular
    /PopplLaudatio-Italic
    /PopplLaudatio-Medium
    /PopplLaudatio-MediumItalic
    /PopplLaudatio-Regular
    /PrestigeElite
    /Pristina-Regular
    /PTBarnumBT-Regular
    /Raavi
    /RageItalic
    /Ravie
    /RefSpecialty
    /Ribbon131BT-Bold
    /Rockwell
    /Rockwell-Bold
    /Rockwell-BoldItalic
    /Rockwell-Condensed
    /Rockwell-CondensedBold
    /Rockwell-ExtraBold
    /Rockwell-Italic
    /Rockwell-Light
    /Rockwell-LightItalic
    /Rod
    /RodTransparent
    /RunicMT-Condensed
    /Sanvito-Light
    /Sanvito-Roman
    /ScriptC
    /ScriptMTBold
    /SegoeUI
    /SegoeUI-Bold
    /SegoeUI-BoldItalic
    /SegoeUI-Italic
    /Serpentine-BoldOblique
    /ShelleyVolanteBT-Regular
    /ShowcardGothic-Reg
    /Shruti
    /SILDoulosIPA
    /SimHei
    /SimSun
    /SimSun-PUA
    /SnapITC-Regular
    /StandardSymL
    /Stencil
    /StoneSans
    /StoneSans-Bold
    /StoneSans-BoldItalic
    /StoneSans-Italic
    /StoneSans-Semibold
    /StoneSans-SemiboldItalic
    /Stop
    /Swiss721BT-BlackExtended
    /Sylfaen
    /Symbol
    /SymbolMT
    /SymbolTiger
    /SymbolTigerExpert
    /Tahoma
    /Tahoma-Bold
    /Tci1
    /Tci1Bold
    /Tci1BoldItalic
    /Tci1Italic
    /Tci2
    /Tci2Bold
    /Tci2BoldItalic
    /Tci2Italic
    /Tci3
    /Tci3Bold
    /Tci3BoldItalic
    /Tci3Italic
    /Tci4
    /Tci4Bold
    /Tci4BoldItalic
    /Tci4Italic
    /TechnicalItalic
    /TechnicalPlain
    /Tekton
    /Tekton-Bold
    /TektonMM
    /Tempo-HeavyCondensed
    /Tempo-HeavyCondensedItalic
    /TempusSansITC
    /Tiger
    /TigerExpert
    /Times-Bold
    /Times-BoldItalic
    /Times-BoldItalicOsF
    /Times-BoldSC
    /Times-ExtraBold
    /Times-Italic
    /Times-ItalicOsF
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Times-RomanSC
    /Trajan-Bold
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /TwCenMT-Bold
    /TwCenMT-BoldItalic
    /TwCenMT-Condensed
    /TwCenMT-CondensedBold
    /TwCenMT-CondensedExtraBold
    /TwCenMT-CondensedMedium
    /TwCenMT-Italic
    /TwCenMT-Regular
    /Univers-Bold
    /Univers-BoldItalic
    /UniversCondensed-Bold
    /UniversCondensed-BoldItalic
    /UniversCondensed-Medium
    /UniversCondensed-MediumItalic
    /Univers-Medium
    /Univers-MediumItalic
    /URWBookmanL-DemiBold
    /URWBookmanL-DemiBoldItal
    /URWBookmanL-Ligh
    /URWBookmanL-LighItal
    /URWChanceryL-MediItal
    /URWGothicL-Book
    /URWGothicL-BookObli
    /URWGothicL-Demi
    /URWGothicL-DemiObli
    /URWPalladioL-Bold
    /URWPalladioL-BoldItal
    /URWPalladioL-Ital
    /URWPalladioL-Roma
    /USPSBarCode
    /VAGRounded-Black
    /VAGRounded-Bold
    /VAGRounded-Light
    /VAGRounded-Thin
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VerdanaRef
    /VinerHandITC
    /Viva-BoldExtraExtended
    /Vivaldii
    /Viva-LightCondensed
    /Viva-Regular
    /VladimirScript
    /Vrinda
    /Webdings
    /Westminster
    /Willow
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /WNCYB10
    /WNCYI10
    /WNCYR10
    /WNCYSC10
    /WNCYSS10
    /WoodtypeOrnaments-One
    /WoodtypeOrnaments-Two
    /WP-ArabicScriptSihafa
    /WP-ArabicSihafa
    /WP-BoxDrawing
    /WP-CyrillicA
    /WP-CyrillicB
    /WP-GreekCentury
    /WP-GreekCourier
    /WP-GreekHelve
    /WP-HebrewDavid
    /WP-IconicSymbolsA
    /WP-IconicSymbolsB
    /WP-Japanese
    /WP-MathA
    /WP-MathB
    /WP-MathExtendedA
    /WP-MathExtendedB
    /WP-MultinationalAHelve
    /WP-MultinationalARoman
    /WP-MultinationalBCourier
    /WP-MultinationalBHelve
    /WP-MultinationalBRoman
    /WP-MultinationalCourier
    /WP-Phonetic
    /WPTypographicSymbols
    /XYATIP10
    /XYBSQL10
    /XYBTIP10
    /XYCIRC10
    /XYCMAT10
    /XYCMBT10
    /XYDASH10
    /XYEUAT10
    /XYEUBT10
    /ZapfChancery-MediumItalic
    /ZapfDingbats
    /ZapfHumanist601BT-Bold
    /ZapfHumanist601BT-BoldItalic
    /ZapfHumanist601BT-Demi
    /ZapfHumanist601BT-DemiItalic
    /ZapfHumanist601BT-Italic
    /ZapfHumanist601BT-Roman
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 2.00333
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.00333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00167
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata pogodnih za pouzdani prikaz i ispis poslovnih dokumenata koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


