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Abstract

Bacterial Foraging Optimization (BFO) is a
recently  developed nature-inspired  optimization
algorithm, which is based on the foraging behavior of
E. coli bacteria. However, BFO possesses a poor
convergence behavior over complex optimization
problems as compared to other nature-inspired
optimization techniques like Genetic Algorithm (GA)
and Particle Swarm Optimization (PSO). This paper
first analyzes how the run-length unit parameter
controls the exploration and exploitation ability of
BFO, and then presents a variation on the original
BFO algorithm, called the Self-adaptive Bacterial
Foraging Optimization (SA-BFO), employing the
adaptive search strategy to significantly improve the
performance of the original algorithm. This is
achieved by enabling SA-BFO to adjust the run-length
unit parameter dynamically during evolution to
balance  the  exploration/exploitation  tradeoff.
Application of SA-BFO on several benchmark
functions  shows a marked improvement in
performance over the original BFO.

1. Introduction

In 2001, Bacterial Foraging Optimization (BFO)
algorithm has been developed to model the bacterial
foraging behavior for solving optimization problems
[1]. Recently, the BFO algorithm has been applied
successfully to some engineering problems [2, 3, 4].
However, experimentation with complex problems
reveals that the BFO algorithm possesses a poor
convergence behavior and its performance heavily
decreases with the growth of the search space
dimensionality and the problem complexity.

In order to improve the BFO’s searching

performance, we propose the Self-adaptive Bacterial
Foraging Optimization (SA-BFO) in the present paper.
In stead of the simple description of chemotactic
behavior in original BFO, SA-BFO also incorporates
the adaptive search strategy, which allows each
bacterium strikes a good balance between exploration
and exploitation during algorithmic execution by
tuning its run-length unit self-adaptively. In order to
evaluate the performance of SA-BFO, extensive
studies based on a set of 4 well-known benchmark
functions have been carried out. For comparison
purposes, the work also implemented a real-coded
Genetic Algorithm (GA), the standard Particle Swarm
Optimization (PSO) and the original BFO on these
functions respectively. Simulation results are
encouraging: the SA-BFO algorithm has markedly
superior search performance when compared to the
original BFO, whilst maintains the similar or even
superior performance compared to PSO and GA.

The rest of the paper is organized as follows. In
Section 2, we will give the briefly reviews of the
original BFO algorithm. The in-depth analysis of the
influence of the run-length unit parameter on the
bacterial behavior is also presented here. Then our
Self-adaptive Bacterial Optimization model will be
introduced and its implementation details will be given
in Section 3. In Section 4, the experiment studies of the
proposed SA-BFO and other algorithms are presented
with descriptions of the benchmark functions,
experimental settings and the experimental results.

2. The BFO algorithm

2.1. Step-by-step algorithm

In what follows we briefly outline the original BFO
algorithm step by step:
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[Step 1] Initialize parameters #, S, N, Ny, Nyey Ne, Peg,
() (i=1,2,...,5), &. Where,

n: Dimension of the search space,

S: The number of bacterium,

N.: chemotactic steps,

N;: swim steps,

N,.: reproductive steps,

N,y elimination and dispersal steps,

P.4: probability of elimination,

C(i): the run-length unit during each run or
tumble.
[Step 2] Elimination-dispersal loop: / = /+1.
[Step 3] Reproduction loop: k= k+1.
[Step 4] Chemotaxis loop: j =j+1.
[substep a] For i = 1=1, 2,..., S, take a chemotactic
step for bacteria i as follows.
[substep b] Compute fitness function, J (i,7,k,[).
[substep ¢] Let Jis = J(i,j,k,[) to save this value since
we may find better value via a run.
[substep d] Tumble: Generate a random vector
A(i) € R” with each element A,(i), m=1,2, ..., 5, a
random number on [-1, 1].
[substep e] Move: Let

A(i)
AT (D)A(i) M

This results in a step of size C(i) in the direction of the
tumble for bacteria i.

[substep f| Compute J(i,j+1,k,1) with &(j+1,k,1).
[substep g] Swim:

(i) Let m = 0 (counter for swim length).

(i) While m < N (if have not climbed down too long)

e Let m=m+1.

o If J(ij+1,k]) < I, let Jiu = J(ij+1,k,0). then anther
step of size C(7) in this same direction will be taken as
equation (1) and use the new generated #(j+1,k,/) to
compute the new J(ij+1,k,l).

* Else let m=N,.

[substep h] Go to next bacterium (i+1): if i # S go to (b)
to process the next bacteria.

[Step 5] If j < N., go to step 3. In this case, continue
chemotaxis since the life of the bacteria is not over.
[Step 6] Reproduction:

[substep a] For the given k and /, and for each i = 1,
2, ..., S, let Jpean be the health of the bacteria. Sort
bacterium in order of ascending values.

0'(j+1,k,1)=6(j,k,1)+C(i)

N.+1

Thoan = . S0, j, k1) @)
Jj=1

[substep b] The S, bacteria with the highest Jueam
values die and the other S, bacteria with the best values

split and the copies that are made are placed at the
same location as their parent.

[Step 7] If k < N, go to step 2. In this case the number
of specified reproduction steps is not reached and start
the next generation in the chemotactic loop.

[Step 8] Elimination—dispersal: Fori=1, 2, ..., S, with
probability p.,, eliminate and disperse each bacteria,
which results in keeping the number of bacteria in the
population constant. To do this, if a bacterium is
eliminated, simply disperse one to a random location
on the optimization domain. If / < N4, then go to step 2;
otherwise end.

2.1. Single bacterial behavior in BFO

In order to get an insight into the behavior of the
virtual bacteria in BFO model, we illustrate the
bacterial trajectories in a fitness landscape by tuning
the run-length unit parameter C(i), which can
essentially influence the bacterial behaviors.

The fitness landscape is defined by the 2-D Ackley
function (Equation 3), which has one narrow global
optimum basin and many minor local optima. It is a
widely used multimodal benchmark with the global
optimum (0, 0) and the minimum is 0.

S6:)=-20exp(-021(7 +57)) .

—exp(3 (cos27x+cos27y))+20+e

Fig. 1(a) shows the contour lines of the Ackley
function together with the foraging path of two
bacteria that simultaneously start at (-1.5, 1.5) and (1.5,
-1.5) with different C(i) respectively. The precision
goal was set to 0.1. Le., the parameter setting for BFO
is S=2, N=1000, N~=4, N,~1, N.~1, C(1)=0.1 and
C(2)=0.01. Fig. 1(b) illustrates the fitness evolution
process of these two bacteria over 1000 chemotactic
steps.

From the chemotactic motions of the two virtual
bacteria as in Fig. 1(a), we can observe that the
bacterium with larger C(i)=0.1 can explore the whole
search space and stay for a while in several domains
with local optima. It can also escape from these local
optima to enter the domain with the global optimum,
but was not able to stop there. On the other hand, the
bacteria with the smaller C(7)=0.01 was attracted into
the domain with a local optima, which closed to its
start point, and exploited this local minimum with
high-precision for its whole life cycle. That is, if the
bacteria with small C(i) traps in a local minima, it is
not able to escape from it.

Obviously, in the context of original BFO model, the
bacteria with large run-length unit have the exploring
ability (global investigation of the search place) while
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Fig. 1. Bacteria evolution on Arckley. Bacterium 1: start
point (-1.5, 1.5), run-length unit parameter C(1)=0.1,
chemotactic steps to precise goal (0.1) are 184; Bacterium 2:
start point (1.5, -1.5), run-length unit parameter C(1)=0.01,
can not reach the precise goal.

the bacteria with relatively small run-length unit have
the exploiting skill (the fine search around a local
optimum). However, it is difficult to decide which
values of static run-length unit is best suited for a
given  problem. Hence, we introduce the
preprogrammed change of this parameter during the
evolution to balance exploration and exploitation,
which results in the significant improvement in
performance of the original algorithm.

3. The SA-BFO algorithm

In the SA-BFO algorithm, we introduce an
“individual run-length unit” to the i bacterium of the
colony and each bacterium can only modify the search
behavior of itself by using the current status of its own.
In this way, not only the position but also the run-
length unit of each bacterium undergoes evolution. In
SA-BFO evolution process, each bacterium displays
alternatively two distinct search states:

(1) Exploration state, during which the bacterium
employs a large run-length unit to explore the
previously unscanned regions in the search space as
fast as possible.

(2) Exploitation state, during which the bacterium
uses a small run-length unit to exploit the promising
regions slowly in its immediate vicinity.

Each bacterium in the colony permanently maintains
an appropriate balance between Exploration and
Exploitation states by varying its own run-length unit
adaptively. This is achieved by taking into account two
decision indicators: a fitness improvement and no
improvement registered lately. The criteria that
determine the adjustment of individual run-length unit

and the entrance into one of the states are the following:

Criterion-1: if the bacterium discovers a new
promising domain, the run-length unit of this
bacterium is adapted to another smaller one. Here
“discovers a new promising domain” means this
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Fig. 2. Flowchart of the SA-BFO algorithm.

bacterium register a fitness improvement beyond a
certain precision from the last generation to the current.
Following Criterion-1, the bacterium’s behavior will
self-adapt into Exploitation state.

Criterion-2: if the bacterium’s current fitness is
unchanged for a number K, (user-defined) of
consecutive generations, then augment this bacterium’s
run-length unit and this bacterium enters Exploration
state. This situation means that the bacterium searches
on an un-promising domain or the domain where this
bacterium focuses its search has nothing new to offer.

The flowchart of the SA-BFO algorithm can be
illustrated by Fig. 2, where S is the colony size, ¢ is the
chemotactic generation counter from 1 to max-
generation, i is the bacterium’s ID counter from 1 to S,
X' is the i bacterium’s position of the bacteria colony,
N, is the maximum number of steps for a single
activity of Swim, flag' is the number of generations the
ith bacterium has not improved its own fitness, C'(¢) is

the current run-length unit of the itk bacterium, €/(¢) is
the required precision in the current generation of the
ith bacterium, « and B are user-defined constants,

Ciniias a0 &y are the initialized run-length unit and
precision goal respectively. As we can see, we embed
the reproduction, elimination and dispersal events in
each chemotactic generation. This can improve the
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Fig. 3. Convergence results of SA-BFO, BFO, PSO, and GA
on 2-D benchmark functions. (a) Sphere function; (b)
Rosenbrock function; (c) Rastrigrin function; (d) Griewank
function.

algorithm convergence rate significantly. We also

simplify the “bacterial health” by the bacterium’s
current fitness.

4. Experimental study

4.1. Benchmark functions

The set of benchmark functions contains four
functions that are commonly used in evolutionary
computation literature to show solution quality and

convergence rate [7, 8]. The formulas of these
functions are listed below.

1. Sphere function

=3

xe[-5.12,5.121” 5)

2. Rosenbrock function

S@=100x(5, 2 +(1-5) xel33F ©)
=l

3. Rastrigrin function

(fj,(x):zn:(xf—10cos(27zx,,)+10 xe[-5.12,5.12]” (7)
i=1

4. Griewank function

1 n ) n X b
= = —| Jcos(—%)+1 —600, 600
f1(x) 4000§x, H ( ﬁ) xel 1’ (8)

Table 1. Parameters of SA-BFO

Function S Cipitial Eiiat Ku @ B
Sphere 100 0.1 100 20 10 10
Rosenbrock 100 0.1 100 20 10 10
Rastrigrin 100 0.1 100 20 10 10
Griewank 100 10 100 20 10 10

4.2. Parameter settings for algorithms

Experiment was conducted to compare four
algorithms (including the original BFO, the real-coded
Genetic Algorithm (GA), the standard Particle Swarm
Optimization (PSO) and the proposed SA-BFO on four
benchmark functions with two dimensions. The
experiments run 30 times respectively for each
algorithm on each benchmark function and the
maximum generation is set at 1000. The mean values
and standard deviation of the results are presented.

The parameters settings for SA-BFO are
summarized in Table 1. For the original BFO algorithm,
we take C=0.1 and P,;~0.25, which is the standard set
of these two parameter values as recommended in [1].
We set $=100, N~100, N~=4, N,~=5 and N,~=2, then
BFO performs totally 1000 chemotactic steps in each
run, which make a fair comparison in regard of the
parameter values. The PSO algorithm we used is the
standard one and the parameters were given by the
default setting of [5]. The GA algorithm we executed is
a real-coded Genetic Algorithm with intermediate
crossover and Gaussian mutation (the parameters were
to be the same of [6]). The population size of all the
algorithms was set at 100.

4.3. Simulation results and discussion

The representative results obtained are presented in
Table 2, including the best, worst, mean and
standarddeviation of the function values found in 30
runs. Fig. 3 present the evolution process for all
algorithms according to the reported results in Table 2.

From the results, we observe that SA-BFO achieved
significantly better performance on all benchmark
functions than the original BFO algorithm. SA-BFO
surpasses all other algorithms on function 1, which is
the unimodal function that adopted to assess the
convergence rates of optimization algorithm. SA-BFO
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Fig. 4. Single bacterium self-adaptive foraging trajectories of
SA-BFO model on 2-D benchmark functions. (a) Sphere

function; (b) Rosenbrock function; (c) Rastrigrin function; (d)
Griewank function.
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Fig. 5. Dynamics of the run-length unit automatically
produced by the self-adaptive criterion during the single
bacterium foraging on 2-D benchmark functions. (a) Sphere
function; (b) Rosenbrock function; (¢) Rastrigrin function; (d)
Griewank function.

0 20 a0 40 S0 w0 700 @0 s0 o0
Chemotactic Steps

performs better on multimodal functions 4 when the
other algorithms miss the global optimum basin.

In order to further analyze the adaptive foraging
behaviors of the proposed SA-BFO model, we simulate
the self-adaptive behaviors in SA-BFO to show how
the algorithm decides by itself when to explore and
when to exploit the searching space. In this simulation,
we exclude the reproduction, elimination and
dispersion events to illustrate the bacterial behaviors
clearly. Fig. 4(a)~(d) illustrate the trajectories of a
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single bacterium on the four benchmark functions
respectively, namely the 2D Dejong, Rosenbrock,
Rastrigrin and Griewank function, which are contour
plotted. In all the cases, the evolution process proceeds
1000 chemotatic steps, and we choose the same
parameters setting as in Table 4, except S = 1.

As we can see, our self-adaptive strategy is
important because it permits the bacteria refining its
foraging behavior adaptively. We can observe that the
bacterium switches between exploitation and
exploration states by self-adapting its run-length unit.
Fig. 9 (a) and (b) illustrate bacterial trajectories in the
2-D unimodal function (Sphere and Rosenbrock). At
the beginning of the simulation, the bacterium starts
exploring the search space using a large run-length unit.
In this way, the bacterium does not waste much time
before finding the promising region that contains the
global optimum because of the large run-length unit
encourages long-range search. Then the bacterium
slows down (i.e. the bacterium gradually decreases its
run-length unit) near the optimum to pursue the more
and more precise solutions. Fig. 9(c) and (d) present
the bacterial trajectories in the contour plotted 2-D
multimodal function. We can observe that whenever
the bacterium encounters a fitness improvement, this
forager starts searching intensively in this promising
region. Whereas, whenever it is highly probable that
the good solutions lying in this region have been found,
it move away from this region and start exploring the
other regions of the search space until another better
region is discovered. Finally, the bacterium finds the
domain that contains the global optimum. Clearly, this
result captures the important aspects of the self-
adaptive behaviors that take place in nature.

In Fig. 5, we also illustrated the associated evolution
processes of the run-length unit of this bacterium
during foraging. This provides an intuitive explanation
of what is happening during the execution of SA-BFO.
From Fig. 5, we can notice that when the bacterium
finds difficulties during an exploit state (with low run-
length unit), then it increases the run-length unit to
improve the exploration, and vice versa.

5. Conclusion

In this paper, we firstly analyzed the foraging
behavior of the bacteria in the original BFO model.
Specifically, we have studied the influence of the run-
length unit parameter on the exploration/exploitation
tradeoff for the bacterial foraging behaviors. That is,
the bacteria with large run-length unit have the
exploring ability while the bacteria with relatively
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Table 2. Comparison among SA-BFO, BFO, PSO and GA. In bold are the best results.

2-D BFO ABFO, PSO GA

fi Best 5.6423¢-007 0 5.0576¢-124 2.8638e-048
Worst 3.3404¢-005 0 2.4892e-114 1.0587¢-045
Mean 1.4291e-005 0 8.5226e-116 2.3105e-046
Std 9.6035¢-006 0 4.5408e-115 2.7237e-046

fo Best 1.5294¢-006 7.8886¢-031 0 6.8564¢-010
Worst 9.2935e-004 2.1905e-014 5.3075e-025 3.8578e-005
Mean 1.7353e-004 7.3528e-016 3.9893¢-026 1.9021e-006
Std 2.1344e-004 3.9983¢-015 1.1947e-025 7.0743¢-006

fi Best 9.0825¢-004 4.6509¢-011 0 0
Worst 0.1256 2.7349e-009 0 0
Mean 0.0259 1.2655e-009 0 0
Std 0.0306 7.4950e-010 0 0

fi  Best 0.0296 0 0.0311 0
Worst 2.9974 7.7411e-005 3.8791 0.0271
Mean 0.9975 5.1542¢-006 1.1178 0.0063
Std 0.8142 1.5892e-005 1.0521 0.0061

small run length unit have the exploiting skill. Then,
we present the Self-adaptive Bacterial Foraging
Optimization algorithm, which cast Bacterial Foraging
Optimization into the adaptive fashion by changing the
value of the run-length unit during the algorithm
execution.

Four widely used benchmark functions have been
used to test the SA-BFO algorithm in comparison with
the original BFO, the standard PSO and the real-coded
GA. The simulation results are encouraging: the SA-
BFO is definitely better than the original BFO for all
the test functions and appear to be comparable with the
standard PSO and GA. The proposed algorithm
achieves this by decreasing the run-length unit of each
bacterium to encourage exploitation when it enters the
promising region with high fitness, while increasing it
to improve the exploration when the bacterium finds
difficulties during exploitation. These automatic
alternate shifting between exploitation and exploration
during execution is a noticeable feature of the adaptive
mechanisms we proposed, because it shows how the
algorithm decides by itself when to explore and when
to exploit the searching space.

We also simulated the self-adaptive foraging process
of single bacterium based on the proposed model. The
results evidently illustrate the dynamics of bacteria
foraging that takes place in nature.

There are ways to improve our proposed algorithms.
The further research efforts should focus on the tuning
of the user-defined parameters for ABFO algorithms
based on extensive evaluation on many benchmark
functions and real-world problems.

6. References

[1] K. M. Passino, “Biomimicry of bacterial foraging”, IEEE
Control Systems Magazine, pp. 52—-67, June, 2002.

[2] S. Mishra, “A hybrid least square-fuzzy bacterial
foraging strategy for harmonic estimation”, /EEE Trans.
Evolutionary Computation, vol. 9, pp. 61-73. 2005.

[3] M. Tripathy, S. Mishra, L. L. Lai, and Q .P. Zhang,
“Transmission Loss Reduction Based on FACTS and
Bacteria Foraging Algorithm”, in Proc. 9th Int. Conf. on
Parallel Problem Solving from Nature, pp. 222-231, 2006.
[4] D.H. Kim, J.H. Cho, “Adaptive tuning of PID controller
for multivariable system using bacterial foraging based
optimization”, in Proc. 3rd Int. Atlantic Web Intelligence
Conf., Lodz, Poland, 2005, pp. 231-238.

[5] M. Clerc and J. Kennedy, “The particle swarm-explosion,
stability, and convergence in a multidimensional complex
space,” [EEE Trans. Evol. Comput., vol. 6, pp. 58-73, Feb.
2002.

[6] S. Sumathi, T. Hamsapriya, P. Surekha, Evolutionary
Intelligence: An Introduction to Theory and Applications
with Matlab, Springer, 2008.

[71 Y. Shi, R. C. Eberhart, “Empirical study of particle
swarm optimization.” in Proc. of the IEEE Congress on
Evolutionary Computation, Piscataway NJ, pp. 1945-1950,
1999.

[8] H. N. Chen, Y. L. Zhu, “Optimization Based on
Symbiotic Multi-Species Coevolution.” Applied Mathematics
and Computation, unpublished.

1031

Authorized licensed use limited to: Princeton University. Downloaded on September 14,2023 at 20:23:39 UTC from IEEE Xplore. Restrictions apply.




<<
  /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 /Warning
  /CompatibilityLevel 1.6
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /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 false
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /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
    /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
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /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 150
  /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 1200
  /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

  /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 "Required"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


