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Abstract 

Numerical simulation is nowadays established in almost every discipline of 
the product development process in automotive industry. Much effort has been 
and will be spent to improve both simulation models and analysis software. The 
existence of easy to use optimization tools has introduced multidisciplinary design 
optimization (MDO) to the virtual product and process development. Typically 
the task MDO is used if load cases like stiffness evaluation, NVH and passive 
safety are optimized at the same time. First steps have been taken to apply these 
optimization methods to multidisciplinary problem definitions. However, engi-
neers tend to mistake black-box optimization with a panacea that, applied to a 
starting design, inevitably delivers a significant improvement. 

Numerous real-world applications especially in case of passive safety have 
shown the necessity to incorporate stochastic analysis for evaluating the robust-
ness of designs as well as the robustness of the numerical model. Here the 
robustness of the design against scattering material values, loading or test condi-
tions as well as the robustness of the numerical models (the amount of numerical 
noise) is investigated. Especially in cases of high amount of “numerical noise” the 
use of simulation results for optimization purposes may lead to very pure optimi-
zation performance or useless optimization results. Therefore ensuring a high 
degree of determination for those result values, which are important for objective 
functions or constraints, is necessary. 

The paper gives a brief summary of robustness evaluation using stochastic 
analysis and multidisciplinary optimization methods. They will be characterized 
from a practical point of view and the combination of both will be emphasized. 
The benefit of robustness evaluation and sensitivity analysis to the optimization of 
a frontal impact simulation model will be shown exemplarily. 
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1 Introduction 

Virtual product and process development has become an essential part in automo-
tive engineering. High fidelity simulation models and analyses have been 
developed in order to improve simulation results for a better mapping of reality to 
numerical simulation. Along with this development there has been a growing 
demand for CAE-based optimization methodologies. First experiences with opti-
mization algorithms where mostly gained from methodically studies on single 
components or sub-structures. 
The existence of easy to use optimization tools has introduced multidisciplinary 
design optimization (MDO) to the virtual product and process development [Dud-
deck, 2005]. This meets the requirements of the short product development cycles, 
where an integrated optimization across multiple disciplines concurrently be-
comes unavoidable. The following disciplines could be part of an MDO: 
 
• Passive safety 
• Noise, vibration, harshness (NVH) 
• Stiffness and vehicle dynamics 
• Process simulation 
• Cost 
• … 
 
The combination of disciplines and the high fidelity simulation models on the one 
hand and the available time slot for an MDO in the product development process 
on the other may be conflicting objectives. Therefore MDO requires both high 
performance computing (HPC) and the collaboration and communication between 
teams of different disciplines. 
While optimization has already become an integral part in numerical simulation, 
the evaluation of design robustness, the reliable function within admissible 
boundaries, increasingly comes into focus. Numerous real-world applications 
have shown the necessity to incorporate robustness evaluations to numerical 
simulation. For single disciplines like NVH [Will, Möller, Bauer, 2004] or passive 
safety [Will, Baldauf, 2006], robustness evaluations have been successfully inte-
grated in the product development process and are performed at predefined 
milestones. Here the robustness of the design against scattering material values, 
loading or test conditions as well as the robustness of the numerical models (the 
amount of numerical noise) is investigated. Especially in cases of high amount of 
“numerical noise” the use of simulation results for optimization purposes may 
lead to very pure optimization performance or useless optimization results. There-
fore ensuring a high degree of determination for those result values, which are 
important for objective functions or constraints, is necessary. 
Consecutively it will be shown how the methodology of robustness evaluation can 
be incorporated into MDO. First a brief summary of robustness evaluation using 
stochastic analysis and multidisciplinary optimization methods is given. They will 
be characterized from a practical point of view and the combination of both will 
be emphasized. The benefit of robustness evaluation and sensitivity analysis to the 
optimization of a frontal impact simulation model will be shown exemplarily. 
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2 Methods for Stochastic Analysis and Optimization 

One fundamental difference between optimization and robustness evaluation is 
that optimization is performed within a user defined design space, but robustness 
has to be performed in a naturally given space of scattering variables. While 
optimization parameters are usually characterized by lower and upper bounds, 
definition of stochastic variables includes distribution and correlation information. 
So the design space of an optimization problem represents all possible design 
realizations. Restrictions can be considered by formulating constraints regarding 
both design parameters or result values and one or multiple objectives can be 
specified. Differently from this pure deterministic concept, the design space of a 
stochastic problem represents expected scatter around an initial design. The dif-
ferences and particular features of the methods shall be outlined in the following 
subsections. 

2.1 Sensitivity Analysis 
A sensitivity analysis is recommended as a preliminary of optimization tasks. 
Sensitivity analysis is used to scan the design space by varying design optimiza-
tion parameters within upper and lower bounds. Either systematic sampling 
methods (koshal linear / quadratic, D-optimal, full factorial, central composite, 
…), so called Design of Experiment (DoE) schemes can be applied to generate 
designs, or stochastic sampling methods (Plain Monte Carlo, Latin Hypercube 
Sampling) can be used. Stochastic sampling methods are recommended for most 
engineering problems with multiple parameters in order to apply statistic post-
processing. For keeping the number of design evaluation small, Latin Hypercube 
Sampling is the stochastic sampling method of choice. The following results are 
obtained by a global sensitivity analysis: 
 
• Global sensitivities (which optimization parameter influences which response?) 

by correlation analysis 
• Estimation of variation of the responses based on the defined design space 
• Identification of important input parameters and possible reduction of the 

design space dimension for optimization 
• Better understanding of the optimization problem, detecting optimization po-

tential and extracting start designs for optimization 
 
How this is done successfully for a frontal impact model is described in the fol-
lowing chapter. 

2.2 Multidisciplinary Optimization 
Multidisciplinary design optimization is a methodology for improving design of 
engineering systems including multiple disciplines concurrently. The design space 
is searched for solutions which have a minimum objective value and fulfill all 
constraints. Due to the high non-linearity of problem definitions and analysis tools 
with significant solver noise, not all optimization methods are suitable for solving 
MDO problems. The optimizer should be able to: 
 
• Handle noisy solver responses 
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• Process multiple designs parallel for taking advantage of HPC infrastructures 
• Handle failed designs 
 
Therefore two categories of algorithms are recommended for MDO: Evolutionary 
algorithms (Genetic algorithms, Evolution strategies) and Response surface meth-
ods. 

2.2.1 Evolutionary Algorithms 
Evolutionary algorithms (EA) are stochastic search methods which try to mimic 
processes of biological evolution like adaption, selection and variation. Within an 
EA a population of artificial individuals, each representing a possible solution, 
search the design space for gradually finding better solutions and detecting or 
approximating optima. 
The optimization starts with the random initialization of the first population. 
Alternatively existing knowledge about good solutions can be incorporated by 
specifying a start population. After initialization the actual iteration loop starts, 
where every loop represents a generation. Genetic operators like selection, cross-
over and mutation are applied to generate offspring individuals. A replacement 
scheme is used to form the next generation. The iteration continues until a stop-
ping criterion is fulfilled. Figure 1 illustrates the general flow of an evolutionary 
algorithm. 

 
Figure 1: General flowchart of an evolutionary algorithm 

 
Two main variants of an EA have been established: genetic algorithms (GA) and 
evolution strategies (ES). The main difference between both algorithms is the way 
variation is introduced to the population. Recombination of genes using crossover 
operators represents the main variation within genetic algorithms, while for evolu-
tion strategies (adaptive) mutation introduces variation to the population. 
GA is a suitable method for globally searching the design space if there is only 
little a priori knowledge about the problem. For improving pre-optimized designs 
respectively evolution of best practice designs, ES are recommended. Both strate-
gies can handle different types of variables (continuous, discrete and binary) and a 
large quantity of them (up to many thousands). 

2.2.2 Response Surface Methods 
The response surface methodology (RSM) is used to approximate responses in a 
multi-dimensional space. For calculating the response surface, a surrogate model 
of the real response, both appropriate approximation functions and support points 
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are necessary. Design of experiment schemes are applied to generate optimal 
support points for the approximation function. Gradient-based optimization meth-
ods or EA can be used for finding optima of the surrogate model. 
 

 
Figure 2: Response surface of an objective function based on the linear approxi-

mation of responses 
 
The quality of results depends on the accuracy of the approximation, which is 
influenced by the number of support points, the kind of approximation function 
used and the design space itself. The accuracy of the approximation increases if 
the range of the approximated sub region is decreased. This principle is used for 
the adaptive response surface method (ARSM) where the approximation of re-
sponses is calculated for a sub region of the design space. By adaptively zooming 
and shifting this sub region, the quality of the approximation is gradually in-
creased. 
The application of RSM as well as ARSM is limited by the number of design 
variables. Otherwise the number of support points exceeds practicable limits for 
optimization problems with many parameters. Because ARSM shows good opti-
mization performance using simple approximation functions (linear 
approximation) in combination with D-optimal support point sets, the methodol-
ogy is attractive up to 15 parameters. If sensitivity analysis can be used to reduce 
the dimension of the optimization problem, ARSM may be a good choice for the 
pre-optimization of MDO-problems, followed by an evolutionary improvement of 
the pre-optimized design. 

2.3 Robustness Evaluation 
The reliable function of a numerical model within admissible boundaries is inves-
tigated by robustness evaluation. Scatter of input parameters is considered by 
assigning distribution and correlation information to the scattering input variables. 
A basic knowledge of realistic input scatter is necessary for the definition of 
stochastic analysis. Usually it can be derived from test series results, manufacturer 
information or experience values. 
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Possible design realizations are generated by stochastic sampling methods, where 
Latin Hypercube Sampling is recommended for keeping the number of design 
evaluations small. Statistic postprocessing is used to estimate variation and prob-
ability of responses as well as the correlation between the scattering inputs and the 
scattering results. 
Therefore the sensitivity of input scatter to the variation of responses is identified 
by linear and quadratic correlation analysis as a result of robustness evaluation. 
This causality can be quantified by the coefficient of determination, which speci-
fies how much of the response variation can be explained by correlation to the 
input variables [Will, Bucher, 2006]. Especially the coefficient of determination is 
a valid measurement for quantifying the rate of numerical noise. If the coefficient 
of determination based on linear and quadratic correlation hypothesis is still far 
away from 100% after removing “outliers” and clusters, the amount of numerical 
noise may be significant. Gained from our experience of the last four years of 
introducing robustness evaluations to different disciplines, it can be stated that in 
cases of coefficients of determination less than 80% numerical noise was signifi-
cant, for coefficients of determination less than 60% numerical noise had a very 
strong influence to the response values. 
Further statistical methods can be applied to the results like principal component 
analysis (PCA), which identifies the most important mechanisms involving multi-
ple inputs and responses, or the automatic fitting of distribution functions to 
deterministic histograms for estimating probabilities of exceeding possible limit 
values. 

3 Robustness Evaluation and Optimization of Frontal 
Impact Simulation Model 

The following example is a simplified frontal impact car model consisting of 6181 
nodes and 5458 shell, beam and solid elements. The frontal impact of a small car 
body with a rigid pole is simulated for a 120 ms time interval. The initial vehicle 
velocity is 100 km/hr. The numerical simulation is done using the explicit analysis 
tool LS-DYNA. See Figure 3 and 4 for a visualization of the model. 
 

Figure 3: Frontal impact FE-Model 
with pole 

Figure 4: Deformed frontal impact 
model (view from top) 

 
Optimization of the car body regarding mass of the car body will be performed. 
Possible optimization parameters are the thicknesses of plate and material proper-
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ties like yield stress of different parts. Various optimization strategies will be 
applied to the problem and the results will be compared. 
Having the simulation model and the set of parameters, one could think of taking 
an optimization tool and starting the optimizer. It will be shown in the following 
subsections that it is essential to verify simulation results by means of robustness 
evaluation and helpful to prepare the optimization problem in advance in order to 
obtain useful results from the optimization. 

3.1 Verification of simulation results by means of Robust-
ness Evaluation 

Before starting any optimization, the quality of simulation results of the reference 
model regarding the quantity of “numerical noise” has to be verified. The system 
response is analyzed regarding a realistic amount of input scatter, which repre-
sents real-world uncertainties of material and test conditions and is incorporated 
into the model by defining stochastic variables with distribution information. The 
table below contains examples of assumptions for input scatter and associated 
distribution functions for different model parameters. 
 
velocity: yield stress: thickness of plate: 

 
• uniform distribution 
• ± 3% 

• lognormal distribution 
• CoV 5% 

• truncated normal 
• ± 6% / 2σ bounds 

 
For the simplecar example 25 parameters were defined: impact velocity, yield 
stress of 12 different parts and the corresponding thickness of plate. Output values 
are energies, forces, displacements and accelerations (36 in total). Latin Hyper-
cube Sampling is used for generating 200 design realizations. The stochastic 
analysis is performed using optiSLang, whose statistic postprocessing provides 
the following results: 
 
• Linear and quadratic correlations 
• Principal components of the linear correlation structure 
• Variation and distribution of responses 
• Coefficients of determination 
 
The first evaluation of robustness revealed a high variation of many responses. 
Not all of them could be explained sufficiently by correlation to the input vari-
ables. This could be identified by low coefficients of determination. Numerical 
problems concerning hourglass energy were determined by visualizing the array 
of curves of all designs evaluated and all considered responses. Designs with 
hourglass problems could be identified and were excluded from further evaluation 
(see Fig. 5 and 6). 
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Figure 5: Hourglass energy time series 
of all designs evaluated and reference 

run (blue) 

Figure 6: Hourglass energy time series 
of the reduced set of designs and refer-

ence run (blue) 
 
By removing designs with hourglass problems the coefficients of determination of 
responses could be improved and a set of responses could be designated for the 
formulation of optimization constraints. A coefficient of determination of 80% 
can be recommended as threshold value for using responses in objectives and 
constraints of the following optimization procedure. Especially the variation of 
relative displacements of the engine could be determined to a high degree. Fig. 7-
10 illustrate the improvement of determination for a single response. 
 

Figure 7: Relative displacement of the 
engine time series of all designs evalu-

ated and reference run (blue) 

Figure 8: Relative displacement of the 
engine time series of the reduced set of 

designs and reference run (blue) 
 
The reason of numerical instabilities could be identified and the quality of simula-
tion results could be improved as a result of robustness evaluation. The 
visualization of time series was helpful to determine instabilities of the model, 
which is always recommended, if responses are extracted as peak values of time 
series. To avoid the identified hourglass problems for the following optimization, 
a criterion was formulated for automatically removing designs with hourglass 
problems. Alternatively the meshing of critical parts could have been improved, 
but we wanted to use the public model without modifications. 
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Figure 9: Coefficient of determination 
of the relative displacement of the 

engine considering all designs evalu-
ated 

Figure 10: Coefficient of determination 
of the relative displacement of the 
engine based on the reduced set of 

designs 
 

3.2 Preparation of the optimization problem 
After robustness evaluation was used to verify prognosis quality of simulation 
results, sensitivity analysis will be applied for the preparation and formulation of 
the optimization problem. Possible optimization parameters are varied within 
upper and lower bounds of the design space. Note that this design space signifi-
cantly differs from the space of stochastic parameters used for robustness 
evaluation. Instead of admissible or expected scatter, the parameter range for 
sensitivity analysis is chosen according to manufacturing restrictions or physical 
limits. 
For this example 24 optimization parameters were defined: yield stress of 12 parts 
of the car body (140 … 200 N/mm²) and corresponding thicknesses of plate d 
(0.5d … 2d). It is obvious that the impact velocity is not considered, because it is 
not adjustable for this problem definition. The analyzed responses are maximum 
hourglass energy, relative displacements of the engine and the mass of the car 
body. Additionally a cost function based on the material property and mass of 
parts is evaluated. Global sensitivities of the responses due to the variation of 
optimization parameters are analyzed. 
The 200 design realizations for the sensitivity analysis were generated again by 
Latin Hypercube Sampling. The most important input parameters, which influ-
ence the variation of responses, could be identified. Fig. 11 and 12 illustrate the 
results for the mass of the car body, showing both the histogram of the response 
and the linear coefficients of correlation regarding input parameters. 
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Figure 11: Histogram of the output 
term: mass of the car body 

Figure 12: Linear coefficients of corre-
lation of the mass of the car body 

regarding input parameters 
 
The dimension of the optimization problem could be reduced to 10 important 
variables. This reduces the number of required support points for one ARSM 
iteration from 38 (for 24 parameters, D-optimal, linear approximation) to 17 (for 
10 parameters, D-optimal, linear approximation). 
As a further result of the sensitivity analysis the potential for the optimization was 
analyzed. Constraints for the relative displacements of the engine were formulated 
based on the analysis of variation and visualization of response time series. For 
other examples it can also become necessary to shift or modify parameter ranges 
in order to meet the desired response range. 
 

 
Figure 13: Time series of the relative displacement of the engine with reference 

run (blue) from sensitivity analysis 

3.3 Comparison of different optimization strategies 
After a comprehensive preparation of the optimization problem, different optimi-
zation methods were applied to the example. For the evolutionary algorithm with 
global search characteristic a problem definition consisting of all 24 optimization 
parameters was used: yield stress of 12 parts of the car body (140 … 200 N/mm²) 
and corresponding thicknesses of plate d (0.5d … 2d). The reduced set of the most 
important parameters, as obtained by sensitivity analysis, was used for the ARSM 
optimization. The considered objective is the mass of the car body. Additionally 5 
inequality constraints for the relative displacements of the engine were formu-
lated. For all optimization runs the number of design evaluations was limited to a 

Weimarer Optimierungs- und Stochastiktage 3.0 –  November 23-24, 2006                10 



feasible quantity. The settings used for the different optimization algorithms are 
listed in Tab. 1 and Tab. 2. The results of the different optimization methods 
regarding the mass of the car body are compared in Tab. 3. 
Both optimization methods applied provided a significant improvement of the 
reference model. They were able to handle failed designs resulting from numerical 
instabilities and to smooth numerical noise. The best result was obtained by the 
ARSM optimization, but note that for this method a modified problem definition 
was used, considering only 10 parameters. For the full parameter set 586 design 
evaluations would have been necessary. Furthermore it should be mentioned that 
all results were obtained using optiSLang default settings or presets for the algo-
rithmic parameters. 
 

EA parameter Value 
Population size 10 
Number of offspring individu-
als 10 

Number of generations 20 

Parent selection method stochastic universal sam-
pling 

Crossover method uniform crossover 
Crossover probability 0.5 
Mutation rate 0.2 
Mutation standard deviation 0.1 (start), 0.01 (end) 
Adaptive mutation no 

Table 1: Evolutionary algorithm settings for global search strategy 
 

ARSM parameter Value 
Approximation method linear 
Sampling method D-optimal 
Start range in % of global 
range 50 

Optimization method on RS GA & NLPQL 
Number of iterations 15 

Table 2: Algorithm settings of the ARSM optimization 
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Optimization method Number of 

design evalua-
tions 

Total mass of 
the car body 
[kg] 

Relative mass 
reduction 

Reference run - 656.78                 

Evolutionary Algorithm 
(global search) 200 558.58 15 % 

Adaptive Response Sur-
face Method (ARSM) 271 535.38 18.5 % 

Stochastic Design Search 
using LHS (Sensitivity 
analysis) 

200 575.88 12 % 

Table 3: Comparison of results of different optimization methods 
 

Figure 14: History of the total mass of 
the car body as result of the EA optimi-

zation 

Figure 15: Corresponding history of the 
optimization parameter thickness_6 

 

Figure 16: History of the total mass of 
the car body as result of the ARSM 

optimization 

Figure 17: Corresponding history of the 
optimization parameter thickness_15 

 

Weimarer Optimierungs- und Stochastiktage 3.0 –  November 23-24, 2006                12 



4 Conclusions 

The benefit of robustness evaluation and sensitivity analysis to the optimization of 
a frontal impact simulation model could be shown exemplarily. First robustness 
evaluation was used to verify prognosis quality of simulation results and to iden-
tify model instabilities. The coefficients of determination, a measure of how much 
variation can be explained, could be increased significantly for all responses used 
in the following optimization. It was recommended, only to consider highly de-
termined responses (coefficient of determination > 80 %) within an optimization. 
Sensitivity analysis was used to prepare the optimization problem by globally 
searching the design space of optimization parameters for global sensitivities to 
the responses. An identification of the most important optimization parameters 
and a reduction of the dimension of the problem were the results of this analysis. 
Finally different optimization methods were compared regarding efficiency and 
performance. Both tested algorithms were suitable for solving the optimization 
problem. The choice of the method rather depends on the number of optimization 
parameters. The results show that for optimizing a well prepared problem formu-
lation no specialist knowledge about the algorithm is needed, as all results were 
obtained with default algorithmic settings. 
In a second phase of the project we will benchmark further optimization algo-
rithms without introducing pre-optimized designs or best practice designs. In a 
third phase we will test the optimization algorithms introducing pre-optimized or 
best practice designs, in our case extracted from the sensitivity study or from 
ARSM optimization. The complete benchmark will be published soon at 
www.dynardo.de. 

References 

DUDDECK, F.: Multidisciplinary Optimization in the Product Development Proc-
ess of Automotive Industry, Proceedings of Optimization and Stochastic Days 
2.0, Weimar, 2005 

WILL, J.; BALDAUF, H.: Integration of Computational Robustness Evaluations to 
Simulation Analysis of Passive Safety Systems at the BMW Group, Proceed-
ings VDI Congress "Numerical Analysis and Simulation in Vehicle 
Engineering", pp. 851-873, Wuerzburg, 2006 

WILL, J.; BUCHER, C.: Statistical Measures for Computational Robustness Evalua-
tions of Numerical Simulation Models, submitted for Proceedings of 
Optimization and Stochastic Days 3.0, Weimar, 2006 

WILL, J.; MÖLLER, J.-ST.; BAUER, E.: Robustheitsbewertungen des Fahrkomfort-
verhaltens an Gesamtfahrzeugmodellen mittels stochastischer Analyse, VDI 
Berichte Nr. 1846, 2004, S. 505-527 

optiSLang – the Optimizing Structural Language Version 2.1, DYNARDO 
GmbH, Weimar, 2006, www.dynardo.de 

Weimarer Optimierungs- und Stochastiktage 3.0 –  November 23-24, 2006                13 


	Introduction
	Methods for Stochastic Analysis and Optimization
	Sensitivity Analysis
	Multidisciplinary Optimization
	Evolutionary Algorithms
	Response Surface Methods

	Robustness Evaluation

	Robustness Evaluation and Optimization of Frontal Impact Sim
	Verification of simulation results by means of Robustness Ev
	Preparation of the optimization problem
	Comparison of different optimization strategies

	Conclusions


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /SyntheticBoldness 1.00
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -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
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /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
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /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 ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /Description <<
    /FRA <>
    /ENU (Use these settings to create PDF documents with higher image resolution for improved printing quality. The PDF documents can be opened with Acrobat and Reader 5.0 and later.)
    /JPN <FEFF3053306e8a2d5b9a306f30019ad889e350cf5ea6753b50cf3092542b308000200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e30593002537052376642306e753b8cea3092670059279650306b4fdd306430533068304c3067304d307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e30593002>
    /DEU <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


