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Abstract—This paper proposes a differential evolution with local 
information for TSK-type neuro-fuzzy system optimization. The 
differential evolution with local information consider 
neighborhood between each individual to keep the diversity of 
population. An adaptive parameter tuning based on 1/5th rule is 
used to trade off between local search and global search. For 
structure learning algorithm, the on-line clustering algorithm is 
used for rule generation. The structure learning algorithm 
generates a new rule which compares the firing strength. 
Initially, there is no rule in neuro-fuzzy system model. The rules 
are automatically generated by fuzzy measure. For parameter 
learning, the parameters are optimized by differential evolution 
algorithm. Finally, the proposed neuro-fuzzy system with novel 
differential evolution model is applied in chaotic sequence 
prediction problem. Results of this paper demonstrate the 
effectiveness of the proposed model. 

Keywords- Evolution Algorithm; Neuro-Fuzzy System; Fuzzy 
System; Differential Evolution Optimization. 

I.  INTRODUCTION  
To train the parameters in designing a neuro-fuzzy 

system (NFS), many papers had used Backpropagation (BP). 
The BP is a powerful training technique that can be applied to 
networks with a forward structure. Since the steepest descent 
approach is used in BP training to minimize the error function, 
the algorithms may reach the local minima very quickly and 
never �nd the global solution. The aforementioned 
disadvantages lead to suboptimal performance, even with a 
favorable neural fuzzy network topology. One major 
optimization category as evolutionary algorithm (EA) [1-3] for 
global solution in NFS has been proposed. These algorithms 
are heuristic and stochastic. They involve populations of 
individuals with a speci�c behavior similar to a biological 
phenomenon, like crossover or mutation. Genetic NFS [4-7] is 
a well-known case which design FSs using genetic algorithms 
(GAs).  

Another evolutionary algorithms category for FS design, 
called particle swarm optimization (PSO), appears to be better 
than the backpropagation algorithm. It is an evolutionary 
computation technique that was developed by Kennedy and 
Eberhart in 1995 [8]. The underlying motivation for the 
development of PSO algorithm is the social behavior of 
animals, such as bird flocking, fish schooling and swarm 
theory. PSO has been successfully applied to many 
optimization problems, such as feedforward neural network 

design [9-11] in control problems, with improved performance 
over GAs. 

A differential evolution algorithm (DE), similar to GA, 
has emerged as a robust numerical optimization algorithm and 
has been successfully applied to solve various difficult 
optimization problems [12-14]. The basic strategy employs the 
difference of two randomly selected individuals as the source 
of random variations for a third individual. In [15-16], the 
researcher has proposed a modi�ed   differential evolution 
(MODE) for an adaptive neural fuzzy network (ANFN-
MODE). This MODE provides a cluster-based mutation 
scheme to prevent the algorithm from being trapped in local 
optima of the search space. However, a DE that lacks the 
diversity and adaptive parameter tuning is often to affect the 
proformace[14]. 

This study proposes DE using local information (DELI) 
for TSK-type NFS optimization. The DELI consider 
neighborhood between each individual to keep the diversity of 
population. An adaptive parameter tuning based on 1/5th rule 
is used to tradeoff between local search and global search. An 
online learning algorithm, consisting of structure learning and 
parameter learning, is proposed to construct the NFS 
automatically. The structure learning algorithm generates a 
new rule which compares the fire strength. Initially, there is no 
rule in NFS model. The rules are automatically generated by 
fuzzy measure. The parameter learning algorithm is based on 
DELI to tune the free parameters in the NFS. To investigate 
the effectiveness of the proposed NFS-DELI, it is applied to 
dynamic system identification. The proposed NFS-DE model 
shows effectiveness results in simulations. 

This paper is organized as follows. Section II describes 
the basic structure and function for NFS. Section III introduces 
the rule generation and parameter optimization algorithm in 
DELI.  Section IV presents NFS design results of DELI and its 
performance comparisons with other evolutionary algorithms. 
Finally, Section V draws conclusions. 

II. THE STRUCTURE OF NFS 
A four-layered NFS is shown in Fig. 1, which is 

comprised of the input, membership function, rule, and output 
layers. The signal propagation and the basic functions in each 
layer are described as follows. 

Layer 1—Input layer: No computation is done in this 
layer. Each node in this layer, which corresponds to one input 
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variable, only transmits input values to the next layer directly. 
That is 

(1)
iO z= .                 (1) 

Where i =1,2…n are the input variables of the NFS. 
 

Layer 2—Membership function layer: Each node in this 
layer is a membership function that corresponds one linguistic 
label of one of the input variables in Layer 1. In other words, 
the membership value which specifies the degree to which an 
input value belongs to a fuzzy set is calculated in Layer 2 

2
(2)
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ij
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− −= = .                 (2) 

Where i =1,2…n, j=1,2…M,  and ijijm σ are respectively, the 
center (or mean) and the width (or variance) of the Gaussian 
membership function of input variable. M is number of rules. 
 

Layer 3—Rule layer: A node in this layer represents a 
fuzzy logic rule and performs precondition matching of a rule. 
Here, we use the AND operation for each Layer 2 node 

(3)
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The output of a layer 3 node represents the firing strength of 
the corresponding fuzzy rule. 

 
Layer 4—Output layer: Each node in this layer 

corresponds to one output variable. The node integrates all of 
the actions recommended by layers 4 and acts as a defuzzifier 
with 

0
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In this paper, the consequent part use a TSK type which 

linear combination of TSK parameters ijs and input variables. 

III. LEARNING ALGORITHMS OF THE NFS 
This section describes the basic concepts of two types of 

learning algorithm. Section III-A describes the rule generation 
based on-line clustering algorithm for structure learning. 
Section III-B describes the DELI algorithm for parameter 
optimization. 

A. Using on-line clustering algorithm for rule generation  
The first task in structure learning is to decide when to 

generate a new rule. In many study, an on-line cluster 
algorithm is used to neuro-fuzzy system for generating fuzzy 
rule [2-5]. Fig.2. shows a detailed flow chart for this online 
procedure. Initially, there is no rule in NFS. For first incoming 
data, NFS generates a first fuzzy rule. The mean of 
membership function set the value of first incoming data, the 
variance of membership function set initial value. The weights 
set value randomly between the ranges. After first incoming 
data, the firing strength is calculated by Layer 3. A maximum 

firing strength in Layer 3 has to compare with a threshold 
which pre-specified threshold between 0 and 1. If the 
maximum firing strength is smaller than threshold, then a new 
rule is generated. Next step is to assign the value of mean, 
variance, and weights for the new rule. Repeating the above 
process for every incoming piece of training data generates 
new rules, until the iteration is termination. 

B. Differential evolution with local information (DELI ) 
The DELI learning algorithm consists of three major 

phases: the initialization phase, the DE operator phase, and the 
parameter tuning phase.  

 

 
Fig. 1.  Architecture of the NFS. 
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Fig. 2.  The flow chart for on-line procedure. 

 

In the initialization phase, every individual is consisted of 
mean, variance, and TSK weights. An individual is a neuro-
fuzzy system in this paper. The detailed individual structure is 
shown in Fig.2. Before the DELI learning algorithm is applied, 
every individual must be created randomly. For evaluation of 
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performance, we adopt a fitness function to evaluate the 
performance of each individual as follows: 

2

1

1 ( )
N

i i
i

fitness y y
N =

= − ,                        (5) 

where iy  represents the model output of the ith data, 
iy  the 

desired output of the ith data, and N the number of the training 
data. 

For DE operator phase, first operation is mutation 
operator. A mutated individual is generated according to the 
following equation: 

1 2 3 1

1 2 3 1

(1 )( (1 )( ) ( ))

       ( (1 )( ) ( ))
g local

gbest

v x F x x F x x
x F x x F x x

α
α

= − + − − + −

+ + − − + −
,         (6) 

where F, commonly known as the scaling factor,  is a control 
factor, gbestx is the best fitness value up to now in the 

population and localx is the local best fitness value that 
consider the neighborhood of individual. Three individuals 
( 1 2 3,  ,and x x x ) are randomly selected in population for 
operation.  

Second operation is crossover operator which mutated 
individual iv and random individual ix  generate the offspring. 
If a random number smaller than crossover probability, the 
mutated individual iv  is selected for the element of offspring. 
Else, random individual ix  is selected. Finally, better 
individuals based on fitness function values are reserved to the 
next generation. 

To prevent the DE from being trapped in the local optima 
of the search space, an adaptive parameter tuning is used in 
this paper. This scheme uses 1/5th rule to increase the search 
capability. The basic concept of 1/5th rule is derived from the 
Evolution Strategies [17-18]. The short description of the 
1/5th rule is present in Figure 3. 
 

 
Fig. 3.  The 1/5th code in DELI. 

 

IV. SIMULATION RESULTS 

The time-series prediction problem used in this 
example is the chaotic Mackey–Glass time series, which is 
generated from the following differential equation: 
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where  > 17. In this paper, the parameter  = 30, and x(0) = 
1.2. Four past values are used to predict x(t), and the input–
output data format is given by 

[ ( 24), ( 18), ( 12), ( 6) | ( )]x t x t x t x t x t− − − −  

A total of 1000 patterns are generated from t = 124 to 
1123, where the �rst 500 patterns are used to train, and the 
last 500 are used to test. A total of 50 runs are performed for 
statistical analysis. As in the previous study [11], a �rst-order 
TSK-type FS is used. In DELI, the threshold μth is set to 
0.011  is set to 0.4,  is set to 0.9. Fig. 4 shows the average 
best-so-far training RMSE for each evaluation. DELI have 
better fitness value and learning capability. Table 1 shows the 
average training and test RMSEs over 50 runs. Comparison of 
GA, PSO , DE , MODE[15] , HGAPSO[11], DELI, the 
proposed DELI have a good performance. Fig. 5 shows the 
desired output (blue line) and actual output (red line) of 
DELI. 
The result shows the best prediction output of DELI. 
 

V. CONCLUSIONS 
This paper proposed a DELI for dynamic system 

identification. The DELI is simple evolution algorithm with 
neighborhood information, and keeps the diversity in 
population. DELI with 1/5th rule parameter tuning scheme 
tradeoff between local search and global search during 
evolution to effectively find a good solution for parameter 
optimization. An online cluster algorithm is used for rule 
generation. The experimental results demonstrate that the DELI 
obtains a smaller RMSE value than other algorithm for 
dynamic system identification.  
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Fig. 4. Training RMSEs at each performance evaluation for DELI and other 

algorithms. 
 

1.  perform the DELI for a number G of generations: 
   - keep F constant during this period. 

- count the number N of better Gbest during this 
period. 

 
2.  determine an estimate of success probability P 
 

P = N/G 
 
3.  change F according to  

/       if  P>1/5
       if  P<1/5          ,0  1

           if  P>1/5

F
F F

F

β
β β= ⋅ < <  
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Table1. Performance of the DELI and other algorithms for the chaotic sequence prediction problem. 

 GA PSO DE HGAPSO[11] MODE[15] DELI 

Rule 
number 

4 4 4 4 4 4 

Training 
RMSE 

0.081 0.066 0.069 0.035 0.041 0.016 

Testing 
RMSE 

0.090 0.077 0.072 0.047 0.053 0.020 
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Fig. 5. Results of the DELI-optimized NFS in simulation. 

 

REFERENCES 
[1] C. T. Lin and C. S. G. Lee, Neural Fuzzy Systems: A Neuro-Fuzzy 

Synergism to Intelligent System. Englewood Cliffs, NJ: Prentice-Hall, 
1996 

[2] O. Cordon, F. Herrera, F. Hoffmann, and L. Magdalena, Genetic Fuzzy 
Systems. Singapore: World Scienti�c, 2001. 

[3] E. Sanchez, T. Shibata, and L. A. Zadeh, Genetic Algorithms and 
Fuzzy Logic Systems: Soft Computing Perspectives. Singapore: World 
Scienti�c, 1997. 

[4] C. F. Juang, “A TSK-type recurrent fuzzy network for dynamic 
systems processing by neural network and genetic algorithms,” IEEE 
Trans. Fuzzy Syst., vol. 10, no. 2, pp. 155–170, Apr. 2002. 

[5] C. F. Juang, “Combination of on-line clustering and Q-value based GA 
for reinforcement fuzzy system design,”   IEEE Trans. Fuzzy Syst., vol. 
13, no. 3, pp. 289–302, Jun. 2005. 

[6] C. H. Chou, “Genetic algorithm-based optimal fuzzy controller design 
in the linguistic space,” IEEE Trans. Fuzzy Syst., vol. 14, no. 3, pp. 
372–385, Jun. 2006. 

[7] F. Hoffmann, D. Schauten, and S. Holemann, “Incremental 
evolutionary design of TSK fuzzy controllers,” IEEE Trans. Fuzzy 
Syst., vol. 15, no. 4, pp. 563–577, Aug. 2007. 

[8] J. Kennedy and R. Eberhart, “Particle swarm optimization,” in Proc. 
IEEE Int. Conf. Neural Netw., Dec., 1995, pp. 1942–1948. 

[9] C. F. Juang, “A hybrid of genetic algorithm and particle swarm 
optimization for recurrent network design,” IEEE Trans. Syst., Man, 
Cybern. B, Cybern., vol. 34, no. 2, pp. 997–1006, Apr. 2004. 

[10] K. D. Sharma, A. Chatterjee, and A. Rakshit, “A hybrid approach for 
design of stable adaptive fuzzy controllers employing Lyapunov theory 
and particle swarm optimization,” IEEE Trans. Fuzzy Syst., vol. 17, no. 
2, pp. 329–342, Apr. 2009. 

[11] C. F. Juang, C. M. Hsiao, and C. H. Hsu,” Hierarchical Cluster-Based 
Multispecies Particle-Swarm Optimization for Fuzzy-System 
Optimization,” IEEE Trans. Fuzzy Syst., vol. 18, no. 1, pp. 14–26, Feb. 
2010. 

[12] R. Storn, “System design by constraint adaptation and differential 
evolution,” IEEE Trans. Evol. Comput., vol. 3, no. 1, pp. 22–34, Apr. 
1999. 

[13] K. V. Price, R. M. Storn, and J. A. Lampinen, Differential Evolution: 
A Practical Approach toGlobal Optimization. Berlin,Germany: 
Springer- Verlag, 2005. 

[14] J. Liu and J. Lampinen, “A fuzzy adaptive differential evolution 
algorithm,” Soft Comput.—A Fusion Found., Methodol. Appl. vol. 9, 
no. 6, pp. 448–642, 2005. 

[15] C.H Chen, CJ Lin, and CT Lin, “Nonlinear System Control Using 
Adaptive Neural Fuzzy Networks Based on a Modified Differential 
Evolution” IEEE Trans. Syst. Man Cybern. Part C. 2009, pp. 459–473.  

[16] C. T. Lin, and M. F. Han, “Differential Evolution based Optimization 
of Locally Recurrent Neuro-Fuzzy System for Dynamic System 
Identification,” The 17th National Conference on Fuzzy Theory and its 
Applications, pp. 702-707, 2010. 

[17] Thomas Bäck, T., & Schwefel, H.-P., “Evolution strategies I: Variants 
and their computational implementation,” Genetic Algorithms in 
Engineering and Computer Science, pp. 111-126.  1995. 

[18] Beyer, H.-G., & Schwefel, H.-P, “Evolution strategies: A 
comprehensive introduction,” Natural Computing, 3-52, 2002. 

1006



<<
  /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 /Warning
  /CompatibilityLevel 1.6
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /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 false
  /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 false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

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

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks true
      /AddColorBars false
      /AddCropMarks true
      /AddPageInfo true
      /AddRegMarks true
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName (Japan Color 2001 Coated)
      /DestinationProfileSelector /WorkingCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 400
        /LineArtTextResolution 1200
        /PresetName <FEFF005B9AD889E367905EA6005D>
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 0
      /MarksWeight 0.283460
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /JapaneseWithCircle
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed true
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


