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Abstract—Designing complex embedded systems requires
simultaneous optimization of multiple system performance met-
rics that can be addressed by applying Pareto-based multi-
objective optimization techniques. At the end of this type of
optimization process, designers always face Pareto fronts (PFs)
including a large number of near-optimal solutions from which
selecting the most proper system implementation is potentially
infeasible. In this letter, for the first time, we present HypAp,
a hypervolume-based automated approach to systematically help
designers efficiently choose their preferred solutions after the
optimization process. HypAp is a two-stage approach relying on
clustering Pareto optimal solutions and then finding a subset of
solutions that maximizes the hypervolume by using a genetic algo-
rithm. The performance of HypAp is evaluated through applying
HypAp to the PF by the case study of mapping applications on
network-on-chip-based heterogeneous MPSoC.

Index Terms—Design space exploration, designer support,
hypervolume, multi-objective optimization, Pareto front.

I. INTRODUCTION

NEW APPLICATIONS, such as Internet-of-things, have
driven the integration of a large number of functionali-

ties into modern embedded systems. As a result, more software
and hardware components need to be used, considerably
enlarging the design space of modern embedded systems [1].
Furthermore, the design of such systems involves the opti-
mization of multiple competing objectives (i.e., multiobjective
optimization) in which the preferred system configuration can
be realized by finding the best tradeoffs between these objec-
tives (e.g., energy, throughput, etc.) usually expressed using
fitness functions [2]. This optimization process is referred
to as the design space exploration (DSE), allowing design-
ers to find a near-optimal solution. It is worth mention-
ing that there is no unique optimal solution but rather a
set of efficient solutions, also known as Pareto solutions.
The set of all the Pareto solutions constitutes the Pareto
front (PF) [3].

A common approach for the DSE is to employ Pareto-based
multiobjective optimization techniques [4]. These approaches,
such as evolutionary algorithms [5], aims at finding the solu-
tions approximating the PF [6]. The PF represents a range

Manuscript received February 21, 2017; accepted April 3, 2017. Date of
publication April 18, 2017; date of current version August 25, 2017. This
manuscript was recommended for publication by D. Sciuto. (Corresponding
author: Rabeh Ayari.)

The authors are with the Department of Computer Engineering, École
Polytechnique de Montréal, Montreal, QC H3T 1J4, Canada (e-mail:
rabah.ayari@gmail.com).

Color versions of one or more of the figures in this paper are available
online at http://ieeexplore.ieee.org.

Digital Object Identifier 10.1109/LES.2017.2695118

of performance tradeoffs that can be achieved by adjust-
ing different design parameters. As a result, such approaches
can simultaneously optimize different competing objectives.
However, the large size of the PF constitutes the major short-
coming of such techniques: the main challenge for designers,
is how to effectively select their preferred solution(s).

From the designers’ perspective, evaluating all the near-
optimal solutions (i.e., nondominated solutions) is unrealistic.
On the other hand, selecting a preferred solution from a large
PF is potentially infeasible. Therefore, a possible solution is
to provide a refined representation of the PF optimal solutions
(i.e., a subset of solutions belonging to the PF) to which we
refer as the reduced Pareto front (RPF). The novel contribution
of this letter is in developing HypAp, a hypervolume-based
automated approach generating an RPF that is much smaller in
size compared to the PF, and yet maintains the main character-
istics of the PF. HypAp helps the system designers effectively
to choose their preferred solutions, now from an RPF includes
fewer solutions.

HypAp is a two-stage approach consisting of cluster-
ing PF solutions, and then finding a subset of solutions
from each cluster that maximizes the hypervolume by using
a genetic algorithm. We define several quality indicators,
including hypervolume, nonuniformity, and outer-diameter, to
evaluate the similarity and effectiveness of the RPF com-
pared to the PF. As a case study, we apply HypAp to
the PF of a network-on-chip (NoC) mapping optimization
problem.

The rest of this letter is organized as follows. Section II
briefly reviews related work. In Section III, we detail the
proposed two-stage approach, called HypAp. Section IV eval-
uates the effectiveness of the proposed approach and includes
the case study of an NoC mapping problem and the results.
Finally, Section V concludes this letter.

II. RELATED WORK

High-level design of embedded systems can be performed
by employing different automated approaches relying on
Pareto-based algorithms. Nevertheless, the major drawback
of such works is that designers cannot easily choose their
preferred solution(s) from the resulting large-size PF.

Designers’ preferences can be ignored [7] or considered
in different multiobjective optimization approaches before the
optimization (i.e., a-priori methods), after the optimization
(i.e., a-posteriori methods), or interactively during the opti-
mization process. An a-priori approach was presented in [8]
to guide the search in the design space toward a preferred
region. In [9], an a-priori method was proposed based on
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assigning a relative preference factor (i.e., weight) to each
design objective considering the designer’s preferences. An
a-priori technique to optimize one objective and assign other
objectives with an upper constraint was proposed in [10]. This
method can alleviate the difficulties faced by the scalariza-
tion approach when solving problems with concave PFs. Such
techniques, however, require extensive knowledge of the prob-
lem in advance and cannot guarantee the Pareto-optimality of
the obtained solutions, while missing some regions including
promising solutions.

A-posteriori preference consideration methods are employed
when the relative importance of the objectives is unknown.
Such techniques guarantee that no superior solution will be
missed and the feasible implementations are available for eval-
uation. In [11], a clustering approach was proposed to find an
RPF by applying K-means method and then picking the closest
solution to the centroid of each cluster as the candidate of that
cluster. A graphical representation, called level diagrams, for
n-dimensional PF analysis was proposed in [12]. By cluster-
ing the PF and then employing level diagrams to represent and
analyze the RPF, [13] proposed a two-stage approach aimed
at identifying a limited number of representative solutions to
be presented to the designer.

While there is no unique definition of an optimal selection,
all the aforementioned a-posteriori methods failed to com-
prehensively evaluate the quality of their RPFs in terms of
different Pareto quality indicators. In this letter, an effort is
made to find an RPF that highly represents the PF. Particularly,
we evaluate the effectiveness of the RPF in terms of several
quality indicators, such as the Pareto-coverage, distribution,
uniformity, and extent, and hence, quantify the characteristics
of the PF that have been maintained in the RPF.

III. HYPAP: OUR PROPOSED APPROACH

This section details our proposed HypAp, developed to sys-
tematically help with the design choices obtained after the
optimization process (i.e., a-posteriori approach). HypAp is
a two-stage approach: Pareto optimal solutions will be first
clustered and then a subset of solutions that maximizes the
hypervolume will be selected. Please note that different per-
formance metrics that need to be optimized during the DSE
have a large size or great variability due to their different dis-
tributions and orders of magnitudes. Consequently, this kind
of variability can lead to a knock-on effect on the clustering
result. Therefore, prior to clustering, we normalize the fitness
values by adjusting them to notionally averages (also known as
feature scaling) which leads to a better symmetry, and hence,
more reliable learning.

A. Clustering Pareto Front Optimal Solutions

The first stage of HypAp aims at clustering PF optimal solu-
tions with respect to their similarity, facilitating the application
of the genetic algorithm in the next stage. We consider using
K-means, which is an unsupervised learning algorithm [14],
to perform the clustering. K-means groups a given set of solu-
tions into k different clusters through calculating the centroid
for each cluster, and then assigning each solution to the cluster
with the nearest centroid. Finding the solutions that belong to
the same cluster, K-means considers employing the euclidean

Fig. 1. Using the elbow method to determine the number of clusters: the
percentage of variance explained versus the number of clusters.

distance. As a result, the sum of squared distances, d, between
the centroid of each cluster, xj, and the solutions on the PF,
xi, should be minimized

d =
k∑

j=1

n∑

i=1

(
xi − x̄j

)2 (1)

in which k and n are the number of clusters and solutions,
respectively.

In any clustering technique, choosing the right number of
clusters (i.e., k) is challenging. The best choice for k is often
ambiguous as it highly depends on the shape and scale of
the PF. In this letter, we consider using the Elbow method to
determine k [15]. Using this method, we consider the number
of clusters based on the percentage of variance explained1

(see Fig. 1), which is the ratio of the between-cluster variance
to the total variance. As a result, based on Fig. 1, we choose
the number of clusters k corresponding to the percentage of
variance explained of 90%, after which the variance explained
gain marginally drops, and hence, increasing the number of
clusters will no longer add significant information.

B. Hypervolume Maximization

Although the resulted clusters from the first stage are infor-
mative, the number of solutions existing in each cluster can
still be very large for the designer to make right choices.
Furthermore, selecting solutions maintaining the information
of the PF from each cluster is challenging. We address this
problem by employing an optimization approach seeking ideal
subsets of the PF that maximizes the hypervolume, as we dis-
cuss in the following. As a result, the problem can be seen as
a variant of the maximum coverage problem where the RPF
�′, in which |�′| = k and k is the number of clusters, is
obtained in advance. Our aim is to maximize the diversity of
the solutions belonging to �′ and the coverage of the PF �.

The hypervolume indicator (also known as Lebesgue mea-
sure [16]) is one of the most popular quality indicators for
multiobjective optimization. It can solely capture the coverage
of the solutions and their distances from the true PF. Therefore,
a subset with a larger hypervolume is likely to present a better
set of tradeoffs. Considering solutions as points in an objec-
tive space, the hypervolume is the n-dimensional space that is
contained by a solution relative to a reference point defined

1In statistics, variance explained measures the proportion to which a
mathematical model accounts for the variation of a given data set.
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Fig. 2. Hypervolume indicator for the nondominated solutions with respect
to the nadir point in a biobjective optimization problem.

as the nadir point (depicted in Fig. 2) in our approach. Nadir
point is the worst-known value in each dimension.

The hypervolume indicator for a normalized PF �̄ is defined
as [17]

H
(
�̄

) =
∫

Y
1
[∃x ∈ X : f (x) ≺ y ≺ z

]
dy (2)

in which z ∈ �N is the reference point (i.e., the nadir
point in our method), f is the vector obtained by stacking
the objectives, and ≺ is the dominance operator defined as
x ≺ y ⇔ (x1 < y1) ∧ · · · ∧ (xm < ym).

The application of the hypervolume indicator has been
greatly limited by the high computation cost of existing
algorithms for the exact hypervolume computation as it is
a #P-Hard problem. We consider a methodology based on
Monte-Carlo sampling [18] to estimate the hypervolume, and
hence improve its computation time, while sacrificing the
accuracy within a tolerable limit. Since using the exact hyper-
volume values are not crucial in our optimization process,
a Monte-Carlo estimation is performed in order to compute
the percentage of random points in the performance space to
be dominated by the PF. The estimation error related to the
employed Monte-Carlo approach after considering 106 random
points is within 0.02% which is highly reasonable.

Finally, due to the increasing number of possible configu-
rations, selecting the RPF is nontrivial and considered as an
NP-hard problem. Therefore, one needs to use meta-heuristics
to find a good approximation of the optimal configuration.
In order to find this configuration, we implement a genetic
algorithm aiming on the maximization of the hypervolume.
After that, HypAp successfully identifies an RPF that highly
represents the PF, as we indicate in the next section.

IV. EVALUATIONS AND RESULTS

A. Quality Indicators

Several unary quality indicators have been proposed to eval-
uate the quality of solution sets in terms of convergence, and
diversity. In this letter, convergence is ignored since we are
assuming that the PF is the input of HypAp. In order to study
the quality of the RPF, we opted for the following.

1) Nonuniformity: An RPF with a lower nonuniformity is
more evenly distributed and better estimates the PF. Given a
normalized PF �̄, nonuniformity is given by [19]

NU
(
�̄

) =
|�̄|−1∑

i=1

∣∣di − d̄
∣∣

√
m

(∣∣�̄
∣∣ − 1

) (3)

TABLE I
COMPARING THE RPF OBTAINED USING HYPAP AND

K-MEANS WITH THE PF OF THE NOC CASE STUDY

where di is the euclidean distance between two consecutive
solutions, and d̄ defines the average distance. Also, |�̄| = k is
the number of clusters, and m is the dimension of the design
space. Please note that 0 ≤ NU(�̄) ≤ 1, where NU(�̄) = 0
means that the set is uniformly distributed.

2) Outer Diameter: The outer diameter indicator aims at
computing the distance between the ideal objective vector and
the nadir objective vector of a given PF using a distance metric.
This unary indicator is given by [20]

OD
(
�̄

) = max
1≤i≤n

wi

((
max
x∈�̄

fi(x)

)
−

(
min
x∈�̄

fi(x)

))
(4)

with weights 0 < wi ≤ 1. If ∀i ∈ [2, m], wi = 1, then the outer
diameter becomes the maximum extent over all the dimensions
of the design space. The outer diameter has a low computation
cost and it is agnostic to the problem features.

B. Case Study

In this section, we present the case study of an NoC
mapping problem with three objectives; load variance, commu-
nication cost, and energy consumption [21]. In this problem,
TGFF [22] is used to generate a set of purely synthetic task
graphs with varying number of tasks to model the applica-
tion. The architecture model consists of p types of processing
elements interconnected by a Spidergon NoC topology.

We apply HypAp to the PF, depicted in Fig. 3(a), obtained
by mapping the generated task graphs on the NoC architecture.
HypAp first classifies the optimal solutions on the PF into four
clusters. Solutions in each cluster are indicated using a unique
color in Fig. 3(b). As can be seen, clusters represent different
aspects of the PF with respect to the cost functions.

After clustering, HypAp selects the representative solutions
(i.e., RPF), indicated in Fig. 3(b), based on maximizing the
hypervolume. Employing the quality indicators defined before,
Table I compares the RPF suggested by HypAP with the PF
of the problem. For better comparison, Table I also considers
the RPF obtained by applying the K-means method proposed
in [11]. As can be seen, HypAp achieves a high hypervol-
ume that is very close to the one for the PF, while it is also
higher than the hypervolume obtained using K-means. In other
words, HypAp proposes an RPF including only four solutions
that roughly represents the same space coverage as the PF.
Moreover, higher hypervolume also means that the selected
solutions in HypAP are among the closest ones to the true PF.
As a result, designers can easily choose from these four solu-
tions based on their preferences. Moreover, HypAp enables the
designers to refine their choices through iteratively discovering
the neighborhood of the preferred solutions: each iteration can
consider a new subset using a predefined radius r, representing
the smallest disk containing |�′| = k solutions.
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(a) (b)

Fig. 3. (a) PF obtained by mapping the generated task graphs on the NoC architecture along with its (b) 2-D illustration including the clusters and RPF.

Considering the nonuniformity results in Table I, the RPF
obtained using HypAp has a better uniformity compared with
that from K-means and even the one from the PF itself. In
other words, knowing that the PF is not uniformly distributed,
HypAP suggests an RPF that indicates a higher uniformity:
HypAp not only maintains the features of the PF in the RPF
but also improves them when it is possible. Moreover, consid-
ering the outer-diameter results, the first observation is that the
extent (i.e., spread of the data) is better using K-means, while
HypAp still provides a good extent. Nevertheless, a deeper
interpretation of the results obtained using this indicator shows
that HypAp avoids selecting the solutions that are in the bor-
ders of the PF (i.e., extremity of the PF). It is worth mentioning
that such selections are quite poor in terms of representa-
tivity: even if they result in a good extent on the PF, they
cannot provide a good-enough reference point for the refine-
ment process explained above. Consequently, designers will
be guided toward fewer directions as no more improvement
can be achieved through the selections made on the extremity
of the PF.

V. CONCLUSION

This letter presents HypAp, which systematically help
embedded systems designers choose their preferred solutions
after the optimization process. HypAp first clusters the PF
solutions, and then seeks an RPF that maximizes the hyper-
volume. The result of this preliminary work is critical for
the design of complex embedded systems, in which design-
ers require to choose from PFs including a large number of
near-optimal solutions.

REFERENCES

[1] T. A. Henzinger and J. Sifakis, “The embedded systems design
challenge,” in Proc. Int. Symp. Formal Methods, Hamilton, ON, Canada,
2006, pp. 1–15.

[2] M. D. Hill and M. Marty, “Amdahl’s law in the multicore era,”
Computer, vol. 41, no. 7, pp. 33–38, 2008.

[3] J. Legriel, C. L. Guernic, S. Cotton, and O. Maler, “Approximating the
Pareto front of multi-criteria optimization problems,” in Proc. TACAS,
Paphos, Cyprus, 2010, pp. 69–83.

[4] Y. Jin and B. Sendhoff, “Pareto-based multiobjective machine learning:
An overview and case studies,” IEEE Trans. Syst., Man, Cybern. C,
Appl. Rev., vol. 38, no. 3, pp. 397–415, May 2008.

[5] R. Drechsler et al., Evolutionary Algorithms for Embedded System
Design. Boston, MA, USA: Kluwer, 2002.

[6] T. Givargis, F. Vahid, and J. Henkel, “System-level exploration for
Pareto-optimal configurations in parameterized systems-on-a-chip,” in
Proc. ICCAD, 2001, pp. 25–30.

[7] R. Ayari et al., “Multi-objective mapping of full-mission sim-
ulators on heterogeneous distributed multi-processor systems,”
J. Defense Model. Simulat. Appl. Methodol. Technol., 2016,
doi: 10.1177/1548512916657907.

[8] R. Ayari, I. Hafnaoui, G. Beltrame, and G. Nicolescu, “Schedulability-
guided exploration of multi-core systems,” in Proc. 27th Int. Symp.
Rapid Syst. Prototyping Shortening Path Specification Prototype,
Pittsburgh, PA, USA, 2016, pp. 121–127.

[9] K. Miettinen and M. M. Mäkelä, “On scalarizing functions in
multiobjective optimization,” OR Spectr., vol. 24, no. 2, pp. 193–213,
2002.

[10] Y. Y. Haimes et al., “On a bicriterion formulation of the problems of
integrated system identification and system optimization,” IEEE Trans.
Syst., Man, Cybern., vol. SMC-1, no. 3, pp. 296–297, Jul. 1971.

[11] P. M. Chaudhari, R. V. Dharaskar, and V. M. Thakare, “Computing the
most significant solution from Pareto front obtained in multi-objective
evolutionary,” Int. J. Adv. Comput. Sci. Appl., vol. 1, no. 4, pp. 63–67,
2010.

[12] X. Blasco, J. M. Herrero, J. Sanchis, and M. Martínez, “A new graph-
ical visualization of n-dimensional Pareto front for decision-making in
multiobjective optimization,” Inf. Sci., vol. 178, no. 20, pp. 3908–3924,
2008.

[13] E. Zio and R. Bazzo, “A clustering procedure for reducing the number of
representative solutions in the Pareto front of multiobjective optimization
problems,” Eur. J. Oper. Res., vol. 210, no. 3, pp. 624–634, 2011.

[14] J. A. Hartigan and M. A. Wong, “Algorithm AS 136: A k-means clus-
tering algorithm,” J. Roy. Stat. Soc. C (Appl. Stat.), vol. 28, no. 1,
pp. 100–108, 1979.

[15] R. Tibshirani, G. Walther, and T. Hastie, “Estimating the number
of clusters in a data set via the gap statistic,” J. Roy. Stat. Soc.
B (Stat. Methodol.), vol. 63, no. 2, pp. 411–423, 2001.

[16] C. A. C. Coello, G. B. Lamont, and D. A. Van Veldhuizen, Evolutionary
Algorithms for Solving Multi-Objective Problems, vol. 5. New York, NY,
USA: Springer, 2007.

[17] E. Zitzler, D. Brockhoff, and L. Thiele, “The hypervolume indicator
revisited: On the design of Pareto-compliant indicators via weighted
integration,” in Proc. Int. Conf. Evol. Multi Criterion Optim., Münster,
Germany, 2007, pp. 862–876.

[18] W. K. Hastings, “Monte Carlo sampling methods using Markov chains
and their applications,” Biometrika, vol. 57, no. 1, pp. 97–109, 1970.

[19] C. Erbas, System-Level Modelling and Design Space Exploration for
Multiprocessor Embedded System-On-Chip Architectures. Amsterdam,
The Netherlands: Amsterdam Univ. Press, 2006.

[20] E. Zitzler, J. Knowles, and L. Thiele, “Quality assessment of Pareto set
approximations,” in Multiobjective Optimization. Heidelberg, Germany:
Springer, 2008, pp. 373–404.

[21] D. Belkacemi, Y. Bouchebaba, M. Daoui, and M. Lalam, “Network on
chip and parallel computing in embedded systems,” in Proc. IEEE 10th
Int. Symp. Embedded Multicore Many Core Syst. Chip (MCSoC), 2016,
pp. 146–152.

[22] R. P. Dick, D. L. Rhodes, and W. Wolf, “TGFF: Task graphs for free,”
in Proc. Workshop Hardw. Softw. Codesign, Seattle, WA, USA, 1998,
pp. 97–101.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /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 /Warning
  /CompatibilityLevel 1.4
  /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 false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Helvetica
    /Helvetica-Bold
    /HelveticaBolditalic-BoldOblique
    /Helvetica-BoldOblique
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /Times-Bold
    /Times-BoldItalic
    /Times-Italic
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryITCbyBT-MediumItal
    /ZapfChancery-MediumItalic
    /ZapfDingBats
    /ZapfDingbatsITCbyBT-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /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 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /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 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /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 (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /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 <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Recommended"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


