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Abstract The detection of gravitational waves is a long-awaited event in modern physics
and, to achieve this challenging goal, detectors with high sensitivity are being used or are
under development. In order to extract gravitational signals emitted by coalescing binary
systems of compact objects (neutron stars and/or black holes), from noisy data obtained by
interferometric detectors, the matched filter technique is generally used. Its computational
kernel is a box-constrained global optimization problem with many local solutions and a
highly nonlinear and expensive objective function, whose derivatives are not available. To
tackle this problem, we designed a real-coded genetic algorithm that exploits characteris-
tic features of the problem itself; special attention was devoted to the choice of the initial
population and of the recombination operator. Computational experiments showed that our
algorithm is able to compute a reasonably accurate solution of the optimization problem,
requiring a much smaller number of function evaluations than the grid search, which is gen-
erally used to solve this problem. Furthermore, the genetic algorithm largely outperforms
other global optimization algorithms on significant instances of the problem.
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1 Introduction

The detection of gravitational waves (DGW) from astrophysical sources is a very challeng-
ing goal in modern physics. A direct evidence of the existence of such waves will provide
a validation of Einstein’s general relativity theory and will open a path toward a new view
of the universe [1]. Networks of detectors have been recently deployed with unprecedented
capabilities, but gravitational waves have not yet been observed because of many difficulties
arising in the detection process. Among them, the weakness of the gravitational signal and the
rarity of the events that produce such waves call for highly effective data analysis techniques
to filter the detector data streams.

Coalescing binary systems of compact objects (neutron stars and/or black holes) are very
promising sources of gravitational waves for ground-based laser interferometric detectors.
In this case, the most widely used detection technique is the matched filter, which exploits
the waveform of the signal and assumes that the instrumental noise is a stationary white or
whitened Gaussian stochastic process (see [2] and the references therein). A crucial issue in
this methodology is the solution of a box-constrained global optimization problem, which is
hard to solve because of the strong nonlinearity of the objective function, the unavailability
of its derivatives, the presence of many local maxima, and the high computational cost of its
evaluation. Furthermore, the objective function is a stochastic process because of the pres-
ence of noise, and hence, for a given gravitational signal, its maximum value changes with
a specific realization of the noise.

In the astrophysics community, this optimization problem is usually solved by applying
the grid search, which evaluates the objective function in a suitable discrete set of points
belonging to the feasible domain (the grid) [2]. This set can be built to ensure that the maxi-
mum over it satisfies certain accuracy requirements (see Sect. 2), but this implies a very large
number of grid points, and hence of objective function evaluations. To reduce this number,
hierarchical strategies based on the grid search have been proposed, where a coarse grid or
another optimization approach is initially applied to identify “promising” sub-domains, and a
fine grid is then used on the sub-domains to find a good approximation of the maximum [3–5].
However, such strategies might lead to disregard, in the first phase, a sub-domain containing
the solution, thus increasing the probability of missing the signal even if it is present.1

We investigate the application of Genetic Algorithms (GAs) to the above global optimi-
zation problem, with the aim of reducing the computational cost with respect to the grid
search. These algorithms have the advantage that a priori information on the problem can
be easily incorporated in the design of genetic operators, allowing the solution of difficult
problems (see, e.g., [6]). Specifically, we present a real-coded GA designed by taking into
account characteristic features of the problem and analyze its performance vs. the grid search
and other well-established global optimization algorithms. Computational experiments on
representative instances of the optimization problem show the effectiveness of our GA.

2 Mathematical formulation of the DGW problem

The DGW problem basically consists in discovering if the output of the detector contains
a gravitational signal or if it is just the noise background. In the presence of a signal, this
output is generally modeled as

1 The matched filter technique provides a solution to the DGW problem with a certain confidence, identified
by the so-called probabilities of false alarm and detection (see Sect. 2).
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x(t) = r(t) + h(t; θ),

where t is the time, r(t) is the noise, h(t; θ) is the gravitational signal and θ is a vector of
parameters. We assume that r(t) is strictly white noise, i.e. a wide-sense stationary Gaussian
stochastic process with mean 0 and variance 1 [7]. We focus our attention on gravitational
wave signals emitted by coalescing binary systems, which can be modeled as chirp signals
[3], i.e.

h(t; θ) = Aa(t − t0; m1, m2) cos(ϕ(t − t0; m1, m2) + ϕ0),

where

θ = (A, ϕ0, t0, m1, m2),

with A, ϕ0 and t0 denoting the amplitude, the initial phase, and the arrival time of the sig-
nal, respectively, and m1 and m2 the masses of the coalescing binary system. The functions
a(t − t0; m1, m2) and ϕ(t − t0; m1, m2) are expressed in the so-called second-order restricted
post-Newtonian approximation [3]. We note that the vector of parameters θ is unknown. In
practice, the output of the detector is sampled with a certain time step, thus a segment of
data is analyzed, which is an N -dimensional vector x = (x[0], . . . , x[N − 1]); the cor-
responding sampled gravitational signal, if present, is an M-dimensional vector h(θ) =
(h[0], . . . , h[M −1]), with M < N (the dependence on θ has been neglected for simplicity).
In the following, we assume θ = (A, ϕ0, n0, m1, m2), i.e. we substitute the arrival time t0
with the index n0 of the corresponding sample, where n0 ∈ {0, . . . , N − M}.

As noted in Sect. 1, a widely used technique for solving the DGW problem is the matched
filter, which is an optimal linear filter for detecting signals of known shape in stationary
Gaussian noise [2,8,9]. Its application requires the following steps:

1. correlating the output of the detector with a family of templates, consisting of chirp
signals h(θ), with θ varying in a suitable manifold;

2. finding the maximum of the correlations with respect to all the parameters;
3. comparing this maximum with a suitable threshold to decide if the output of the detector

contains a gravitational signal (a detection is announced if the maximum exceeds the
threshold).

This procedure is based on the observation that the highest Signal-to-Noise Ratio (SNR)2 of
the filter output is obtained when the values of the parameters identifying the template are the
same as in the signal, and that this SNR is equal to the maximum, with respect to the signal
parameters, of the mean value of the correlation, which is a stochastic process because of
the stochastic nature of the noise [2]. The choice of the threshold is related to the probability
of false alarm, i.e. of stating a detection in the absence of a signal, and to the probability of
detection, i.e. of stating a detection when the output contains a gravitational signal [11].

It can be shown that the maximization in step 2 can be performed with respect to only
three parameters, i.e. the masses m1 and m2, and the index n0; furthermore, it can be carried
out separately for (m1, m2) and n0 [2]. Thus, steps 1 and 2 of the matched filter can be
formulated as the following global optimization problem:

maximize
(m1,m2)∈�

F(m1, m2), (1)

2 We assume that the SNR is defined as
√

E2/σ 2, where E2 = (2/ f )
∑

i h[i], σ 2 is the power of the noise,
assumed to be white Gaussian, f is the sampling frequency, and h[i] are the samples of the signal. This
definition is adopted by the LAL package [10], which has been used for the generation of test problems in our
computational experiments (see Sect. 4).
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Fig. 1 3D plot of the objective function F , in case of noise plus gravitational signal from a binary system
with masses m1 = m2 = 1.4 M� (a), m1 = 1.4 M� and m2 = 10 M� (b), m1 = 5 M� and m2 = 10 M�
(c), and in case of noise only (d). The SNR is equal to 10. M� denotes the solar mass

where

� = {(m1, m2) ∈ �2 : l ≤ m1, m2 ≤ u}, (2)

F(m1, m2) =
√

max
n0∈{0,...,N−M}

(
C2

0 (n0, m1, m2) + C2
π/2(n0, m1, m2)

)
,

and C0(n0, m1, m2) and Cπ/2(n0, m1, m2) are the correlations between x and the normalized

quadrature components of the template, ĥ0(m1, m2) and ĥπ/2(m1, m2) [11]:

C0(n0) =
n0+M−1∑

k=n0

x[k]ĥ0[k − n0], Cπ/2(n0) =
n0+M−1∑

k=n0

x[k]ĥπ/2[k − n0]

(the dependence on m1 and m2 has been neglected for simplicity). We note that the maximum
SNR is the maximum of the mean value of the objective function in (1); as shown in Sect. 4,
this property can be used to assess the “accuracy” of the solution of problem (1) computed
by using a selected algorithm.

Problem (1) is the most critical issue in the application of the matched filter. Its solution
is a difficult task, because the objective function F is highly nonlinear and with many local
maxima (see Fig. 1), and its derivatives are not available. Furthermore, its evaluation is com-
putationally expensive, since it requires the solution of two ordinary differential equations
(ODEs) to generate the quadrature components of each template [12], and the execution of
three FFTs of length N to compute the correlations of x with them [3]. Common values of N
are O(105); the time for solving the ODEs depends on the masses of the gravitational signal
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Fig. 2 Grid ensuring a minimal
match of 97% over the domain
[1, 30] × [1, 30] (27,379 points)
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(the smaller the masses the larger the time), and is highly variable (from about 2% to 650% of
the time for computing the correlations, in our experience). In the astrophysics community,
the most widely used method for solving problem (1) is the grid search; it discretizes the
feasible domain � by using a suitable grid of points and evaluates the objective function
F at each point to determine an approximation of the global maximum. The search for the
maximum can be carried out in half of the feasible domain, since F is symmetric with respect
to m1 and m2. The main reason for choosing the grid search is that it provides information on
the “accuracy” of the computed maximum. Indeed, the grid can be built by ensuring that the
mean value of the maximum of F over it is not lower than a given percentage of the maximum
SNR, called minimal match [2]. A minimal match of at least 97% is required, leading to a
large number of grid points and hence of objective function evaluations; e.g., a grid of 27,379
points is needed to get a minimal match of 97% over the domain [1, 30]×[1, 30] (see Fig. 2).
We also note that the grid is highly non-uniform, with more points in the regions where the
objective function may have greater variability.

Reducing the computational cost in the solution of problem (1), while achieving a com-
parable accuracy in the mean value of the maximum, is a main goal in the application of the
matched filter, since it increases the number of data segments that can be analyzed. In the
next section we present a genetic algorithm developed to achieve this goal.

3 A genetic algorithm for the DGW problem

The genetic algorithms (GAs) are a class of evolutionary algorithms which apply the princi-
ples of natural evolution to find an optimal solution to a problem [13,14]. In a GA, an initial
population of candidate solutions, called individuals or chromosomes, is randomly taken,
so that coverage of the search space is assumed; three basic operators, selection, recombi-
nation (or crossover) and mutation, which mimic the corresponding natural processes, are
iteratively applied to evolve the individuals toward a better population. A fitness function is
used to measure the “goodness” of each individual. A solution to the problem is given by
the fittest individual after the last evolution step. The basic structure of a GA is outlined in
Fig. 3.

For numerical optimization problems on continuous domains of �n , real-coded GAs, i.e.
GAs where each individual is represented as a real n-dimensional vector having as genes the
vector components [15], appear a more natural choice than binary-coded GAs. In this case,
for problem (1), an individual is a pair of masses m = (m1, m2) and its genes are the single
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Fig. 3 Basic structure of a genetic algorithm

masses mi , i = 1, 2. The way GAs perform strongly depends on the design of the genetic
operators and their tuning to the specific problem under consideration. Next we describe
the genetic operators as they have been designed in our algorithm. Before them, we discuss
the choice of the initial population, which plays a fundamental role in the solution of our
problem.

3.1 Initial population

Maaranen et al. recently provided numerical evidence that the initial population may strongly
affect the speed of GAs and that a “good” initial population should combine genetic diver-
sity, i.e. the ability to reach the whole feasible set during the evolution process, with uniform
coverage, i.e. a spatial distribution in the feasible set which avoids clustering and uncovered
regions [16]. On the other hand, in the GDW problem, a suitable choice of the templates
for the matched filter technique leads to a nonuniform discretization of the feasible set, with
points clustered in the areas where the objective function may show greater variability. This
is an a priori specific information on the problem which can be included into the selection
of the initial population. The most straightforward way to do this is to randomly select the
individuals from a grid G corresponding to a widely accepted value of minimal match, such
as 97%.

To foster a uniform coverage, we combined the previous strategy with a nonaligned sys-
tematic sampling (NSS), in which the feasible box � is splitted into b2 elementary boxes with
equal side lenghts, and one individual is selected in each elementary box according to some
rule [16]. In our case, the individual is randomly chosen among the points of G belonging
to the box; furthermore, the algorithm has been slightly modified to handle the (possible)
case that a box does not contain any grid point. Given the size Np of the population, i.e. the
number of its individuals, the NSS is applied first, to select a part of the initial population;
then, the remaining individuals are randomly taken from G. The parameter b is generally
chosen to guarantee that no large areas of the feasible domain are left uncovered; b = 0
corresponds to an initial population randomly selected from G, whereas b2 = Np to an
initial population resulting only from the grid-based NSS. Because of the symmetry of the
problem with respect to m1 and m2, only the triangle m1 ≥ m2 of �, and the elementary
boxes covering it, are actually considered.

The random selection of any individual from G is performed by labelling each point of G
with an integer number from 1 to Np and by choosing the point q = 1+ int (rnd(0, 1) · Np),
where rnd(0, 1) is a random number from a uniform distribution in (0, 1) and int (x) is the
integer part of x . The same rule is applied in each elementary box, considering only the points
of G contained into the box.
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3.2 Selection of parents

The purpose of the selection operator is to choose, from the current population, a mating
pool of individuals that will potentially generate offspring through the recombination of their
chromosomes. The selection of these individuals, called parents, is based on the principle
of elitism: the individuals with higher fitness have higher probability to be picked. On the
other hand, population diversity must be kept in order to avoid a premature convergence
of the genetic algorithm, and therefore too much elitism in the selection might result in a
serious drawback, especially when many local solutions exist. Several selection operators
have been devised, such as proportional selection, tournament selection, rank-based selection
and truncation selection [17,18]. These operators are characterized by the so-called selective
pressure, which is related to the takeover time, i.e. the number of generations needed by the
best individual in the initial population to fill up the whole population, by the application of
the selection operator alone [17]. If the takeover time is large then the selective pressure is
small, and vice versa.

For our problem, we choose the binary tournament without replacement, that has a medium
selective pressure with respect to the other selection operators [18], and hence appears suit-
able for handling the existence of a large number of local solutions. Furthermore, the binary
tournament does not require for the individuals in the population to be ranked. This operator
randomly picks two individuals from the population and selects the one with better fitness
as potential parent to be put into the mating pool; the picked individuals are removed from
the population and the process is repeated again, until no individuals are available. This pro-
cedure is repeated twice, to have a number of parents equal to the size Np of the population.
In this way the best individual is selected at least twice and the worst one is discharged. We
also note that the same individual can be present in the mating pool twice, depending on its
fitness. The random selection of each individual is carried out with the rule described at the
end of Sect. 3.1, where the current number of individuals is used instead of Np at each step
of the tournament.

3.3 Recombination

Once the mating pool is defined, pairs of individuals are randomly taken from it and mated.
The number of actual parents depends on a parameter PR ∈ (0, 1), called probability of
recombination; for each individual in the mating pool, a random number r from a uniform
distribution in (0,1) is generated and, if r < PR , the individual is selected as parent. A pair
of parents is formed by two individuals consecutively selected.

As basic recombination operator we choose the BLX-α one, which is a well established and
studied technique for real-coded genetic algorithms [15,19]. Each pair of parents mm, m f

generates three offspring, m1, m2, m3. The recombination is carried out separately on each
gene by taking

m j
i = rnd(Ii ), Ii = [gi − αMi , Gi + αMi ], i = 1, 2, j = 1, 2, 3, (3)

with gi = min{mm
i , m f

i }, Gi = max{mm
i , m f

i }, Mi = Gi − gi , and |α| < 1. Ii is referred to
as action interval. We note that α is related to the size of the region around each parent, and
thus its value controls the degree of “resemblance” to a parent; α > 0 fosters exploration,
i.e. the tendency to expand the search space, whereas α < 0 fosters exploitation, i.e. the
tendency to deepen the knowledge in areas of the search space already visited. For α = 0 the
flat recombination is obtained, in which m j

i is randomly chosen between the corresponding
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genes of its parents. We considered α = 0.5, a choice allowing to balance exploration and
exploitation [15], since the new gene has the same probability to lie inside or outside the
interval defined by its parents.

However, taking α > 0 might bring to an action interval which is not included in [l, u],
where l and u are defined in (2). In order to handle the box constraints, we devised two
variants of the BLX-α strategy. In the former, if Ii �⊂ [l, u], one considers as action interval
the largest feasible interval I S

i ⊂ Ii obtained by symmetrically shrinking Ii , i.e.

I S
i = [gi − ᾱMi , Gi + ᾱMi ],

where ᾱ is the largest value such that I S
i is feasible. This strategy is called SBLX-α. In the

latter, a gene m j
i generated according to (3), that does not belong to [l, u], is replaced by

its projection onto this interval. This strategy is called PBLX-α. We observe that SBLX-α is
more conservative than PBLX-α since it works on a smaller action interval; furthermore, the
closer is a parent gene to one of its bounds, the higher is the probability for the generated
genes to be equal to the parent one.

3.4 Replacement of parents

In order to choose which individuals will survive, two main approaches can be adopted: the
overlapping-generation model and the nonoverlapping-generation model [18]. In the former
case, the parents and the offspring will compete with each other for survival; in the latter, all
parents die at each generation and the offspring compete for survival.

The overlapping-model is more elitist, thus implying a loss of genetic diversity which is
likely to lead to premature convergence to a local maximum. Because of the specific features
of our problem, we decided to use a nonoverlapping-generation model, in which every pair
of parents generates three offspring and the two offspring with better fitness survive. This
simple model is combined with an elitist strategy guaranteeing that a copy of the best indi-
vidual in the current population is forced to be selected into the new one. This individual is
not replaced by its offspring.

3.5 Mutation

The mutation operator is aimed at randomly altering some individuals in the population, in
order to introduce genetic diversity. We use the non-uniform mutation described in [14]. In
this case, a gene mi to be mutated becomes a new gene mnew

i according to the following
formula:

mnew
i =

{
mi + �(k, u − mi ) if r ≥ 0.5,

mi + �(k, mi − l) if r < 0.5,

where r is a random number taken from a uniform distribution in (0, 1) and �(k, y) =
y(1 − r (1−k/NG )2

), with k equal to the number of generations obtained so far and NG to the
maximum number of generations of the GA. This operator allows to explore the feasible
domain uniformly in the first generations, and locally in the later generations.

The number of genes to be mutated depends on a parameter PM called probability of
mutation. For each gene of each individual, a random number r is taken from a uniform
distribution in (0,1) and the gene is mutated if r < PM . To avoid the best individual to be
lost through the generations, we use an elitist strategy as in the replacement of the parents,
i.e. we preserve a copy of the best individual by avoiding mutating it.
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4 Computational experiments

Extensive computational experiments were carried out to evaluate the effectiveness of our
GA in the solution of the DGW problem and its competitiveness with the grid search. Special
attention was devoted to analyzing the effects of different choices of the initial population
and of recombination strategies handling the box constraints, which are the most distinc-
tive features of the algorithm. Further work was devoted to comparing the GA with other,
well-established, global optimization algorithms.

We generated three sets of test problems, in which the detector output consists of strictly
white noise and gravitational signal from three pair of masses, corresponding to three possible
types of configurations of the coalescing binary system [2]:

– m1 = m2 = 1.4M� (two neutron stars),
– m1 = 1.4M� and m2 = 10M� (one neutron star and one black hole),
– m1 = 5M� and m2 = 10M� (two black holes),

where M� denotes the solar mass. For each pair of masses we considered 30 realizations
of noise, thus obtaining a set of 30 detector outputs to be analyzed. The length N of such
outputs is 131,072, while the length M of the signal varies with the masses (51,207 for
m1 = m2 = 1.4, 10,823 for m1 = 1.4 and m2 = 10 and 3,216 for m1 = 5 and m2 = 10).
For all the problems, a SNR equal to 10 was chosen. The lower bound l and the upper bound
u on the masses, defining the feasible domain, were set to 1 and 30, respectively. All the
data were obtained by using the LAL package [10], which is gaining wide acceptance as a
reference tool for gravitational wave data analysis.

We note that the most significant set of test problems is the one corresponding to m1 =
m2 = 1.4, since binary systems of neutron stars are known to exist and, for some of them,
general relativistic effects in the binary orbits have been accurately measured [20]. These
problems are also the most difficult to solve, as shown by the results reported in this section.
Furthermore, problems related to the same type of binary configuration show the same level
of difficulty, therefore we do not consider other values for the pair of masses.

Our GA was implemented in the C language, in double precision, using the Mersenne
twister pseudo-random number generator [21], as implemented in the GNU Scientific Library
(version 1.11). For each set of test problems the GA was run using 30 different seeds for
initializing the above generator. The algorithm was stopped when the maximum number of
generations, NG , was achieved. We note that we did not stop the algorithm as soon as the
detection threshold was exceeded (see step 3 of the matched filter in Sect. 2), since in this
case the computed maximum of the objective function may be very far from the actual one,
thus providing poor information on the signal. On the other hand, the algorithm might not
be able to compute a maximum exceeding the threshold. However, the threshold was used to
evaluate the performance of the algorithm, as explained below. A threshold equal to 8 was
chosen, which is a typical value in the DGW problem [22]. We also verified experimentally
that other stopping criteria, e.g. based on the variation of the masses, may halt the algorithm
prematurely. The GA parameters, i.e. the probabilities of recombination and mutation, the
size of the initial population and the maximum number of generations, were set as follows:
PR = 0.7, PM = 0.05, NP = 100 and NG = 50. These values were selected mainly on the
basis of computational experiments, not reported here for the sake of space; the choice of the
values for PR and PM was suggested also by the literature [23,24].

Our first experiments were aimed at studying the impact of the choice of the initial popu-
lation on the GA behaviour. We compared three different strategies:
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Fig. 4 Initial populations of 100 individuals generated by using the RAND (a), RAND-NSS (b) and RAND-
GRID (c) strategies

Table 1 GA behaviour with different strategies for the selection of the initial population

m1 m2 Init. population fmean fstd success (%) relerr

1.4 1.4 RAND 6.8133 1.6225 20.9 0.322

RAND-NSS 6.9053 1.6852 24.0 0.312

RAND-GRID 9.8058 1.2655 92.0 0.024

1.4 10 RAND 9.6069 1.5763 87.9 0.065

RAND-NSS 9.5351 1.5918 86.0 0.072

RAND-GRID 10.2358 1.0716 99.0 0.004

5 10 RAND 10.2734 1.0383 99.0 0.001

RAND-NSS 10.2767 1.0319 99.3 0.001

RAND-GRID 10.1993 1.0448 98.7 0.008

SBLX-0.5 is used as recombination operator

– random generation of individuals from a uniform distribution in [1, 30]×[1, 30] (RAND);
– NSS with b2 = NP elementary boxes, with a random choice of individuals from a uniform

distribution in each box (RAND-NSS);
– combination of random choice of individuals from the grid corresponding to a minimal

match of 97% and of grid-based NSS with b = 4, as explained in Sect. 3.1 (RAND-GRID).

Initial populations generated with these three strategies are shown in Fig. 4. Table 1 shows
the numerical results obtained by running the GA with the three strategies, using SBLX-0.5
as recombination operator, for each set of test problems. The mean value of the computed
maximum of the objective function F over 900 runs (30 realizations of noise × 30 seeds
for the pseudo-random number generator) and the related standard deviation are reported in
the fmean and fstd columns; the percentage of runs in which the maximum of F exceeds the
selected threshold, and hence a signal detection is stated, is reported in the success column;
finally, the absolute value of the difference between the mean value of the maximum of
F computed by the grid search and that computed by the GA, divided by the first one, is
reported in the relerr column (this also includes the runs where the maximum computed by
the GA does not exceed the threshold). We recall that the reference value for the mean of the
computed maximum of F is the SNR, i.e. 10.

As expected, a choice of the initial population which provides a uniform coverage of
the feasible domain without taking into account the specific characteristics of the objec-
tive function (RAND-NSS) does not produce any significant improvement with respect to
a uniform random choice of the population in the whole feasible domain (RAND). On the
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Table 2 GA behaviour with the RAND-GRID strategy, varying the parameter b in the grid-based NSS, and
with the SBLX-0.5 recombination operator

SBLX-0.5

m1 m2 b fmean fstd success (%) relerr evmean evstd

1.4 1.4 0 9.8617 1.2057 93.7 0.018 4202 1404

4 9.8058 1.2655 92.0 0.024 4206 1454

8 9.6272 1.4666 87.2 0.041 4232 1465

1.4 10 0 10.2529 1.0399 99.4 0.003 3992 1476

4 10.2358 1.0716 99.0 0.004 4046 1448

8 10.1993 1.1088 98.3 0.008 4021 1522

5 10 0 10.1592 1.0421 98.8 0.012 3608 1589

4 10.1993 1.0448 98.7 0.008 3577 1663

8 10.2669 1.0361 98.9 0.002 3638 1615

other hand, a very strong improvement can be observed for m1 = m2 = 1.4 when the
problem-driven approach (RAND-GRID) is adopted; indeed, for this set of test problems,
neglecting the information provided by the grid leads to a mean value of the maximum of
F that is very far from the SNR and exceeds the threshold in at most 24% of the runs. The
problem-driven approach produces also a significant improvement in the case m1 = 1.4 and
m2 = 10, whereas it does not produce any improvement the case m1 = 5 and m2 = 10.
Similar results hold if PBLX-0.5 is used as recombination operator. However, we report that
for m1 = m2 = 1.4 the use of PBLX-0.5 produces higher percentages of success when the
RAND and RAND-NSS strategies are used (59.9% and 57.3%, respectively); this is due to
the fact that the projection of a gene that is out of its bounds onto the interval with endpoints
the corresponding genes of the parents produces more individuals close to (1.4, 1.4). The
previous results show that a selection of the initial population based on the a priori knowledge
of the problem is a key issue for the performance of the GA.

Taking into account the previous considerations, we performed a deeper analysis of the
GA behaviour with the RAND-GRID strategy, varying the value of the parameter b in the
grid-based NSS, and applying the recombination rules SBLX-0.5 and PBLX-0.5 described in
Sect. 3.3. The corresponding results are reported in Table 2 for SBLX-0.5 and in Table 3 for
PBLX-0.5. By looking at Table 2, we see that b = 0 and b = 4 lead to very close results for
all the test sets; their behaviour is satisfactory, as shown by the mean value of the computed
maximum, which, in our problem, can be considered very close to the mean value of the
maximum over the grid (see the relerr column), and by the high percentage of success. We
note that the lower percentage of success for m1 = m2 = 1.4 is also due to the fact that
one of the 30 instances of this class of problems has a maximum value of F lower than the
detection threshold (the maximum computed by the grid search algorithm is 7.02). Therefore,
the success cannot exceed 96.7% in this case. The choice b = 8, in which more than one
third of the population is generated by the grid-based NSS, degrades the GA performance
for m1 = m2 = 1.4, while slightly improves it for m1 = 5 and m2 = 10. The previous
comments apply also to the results in Table 3, concerning PBLX-0.5. However, we see that
SBLX-0.5 leads to slightly greater mean values of the maximum of F ; it generally gives
also greater percentages of success (about 99%) for the problems with larger masses. This
suggests that a more conservative strategy to handle the constraints should be preferred. It is
worth noting that computational experiments with the BLX-0 operator, which never violates
the box constraints, led to poor percentages of success.
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Table 3 GA behaviour with the RAND-GRID strategy, varying the parameter b in the grid-based NSS, and
with the PBLX-0.5 recombination operator

PBLX-0.5

m1 m2 b fmean fstd success (%) relerr evmean evstd

1.4 1.4 0 9.7514 1.0979 93.6 0.029 3865 1568

4 9.7036 1.1397 92.8 0.034 3827 1615

8 9.5714 1.2943 88.4 0.047 3885 1616

1.4 10 0 10.1143 1.1139 96.8 0.016 3654 1660

4 10.0773 1.1449 96.4 0.020 3579 1660

8 10.0442 1.1221 96.4 0.023 3559 1692

5 10 0 10.1344 1.0571 98.0 0.014 3437 1698

4 10.1286 1.0717 97.8 0.015 3480 1682

8 10.2434 1.0449 99.4 0.004 3682 1648

We observe that the mean and the maximum number of objective function evaluations
over all the experiments, in NG generations of the GA, are 5,821 and 5,914, respectively, i.e.
less than 22% of those required by the grid search (27,379). Furthermore, the actual number
of objective function evaluations to achieve the computed optimal solution is generally lower,
as shown by its mean value (evmean) and standard deviation (evstd) reported in Tables 2 and
3. Therefore, the GA approach allows a significant saving of the computational time with
respect to the grid search.

The GA was also compared with three global optimization algorithms: Price’s controlled
random search (CRS) [25], particle swarm pattern search (PSwarm) [26], and DIRECT [27].
CRS and PSwarm are population-based, i.e. they maintain a population of candidate solu-
tions evolving toward an optimal solution. DIRECT generates a sample of points that, as the
number of iterations goes to infinity, form a dense subset of the search space. A descrip-
tion of the previous algorithms is beyond the scope of this paper; for details the reader is
referred to the above references. We only note that CRS is “fully” heuristic, in the sense
that no convergence results are available for it (at least for its original version); PSwarm,
under appropriate assumptions, is globally convergent with probability 1 to first-order critical
points; finally, DIRECT is deterministic, since its so-called “everywhere dense” convergence
property guarantees that the algorithm is able to generate points arbitrarily close to a global
optimum.

CRS was implemented in C, using the same pseudo-random number generator chosen for
our GA. The following stopping criterion was applied: the difference between the maximum
and the minimum value of F in the current population is lower than a specified tolerance,
or the maximum number of objective function evaluations is achieved. In our experiments
the previous tolerance and maximum number were set to 10−4 and 30,000, respectively.
A C implementation of PSwarm was downloaded from http://www.norg.uminho.pt/aivaz/
pswarm/. It combines different stopping criteria, based on various concepts (the norm of the
velocity vector, the mesh size parameter and the clustering of the particles); default values
were used for the related tolerances, as well as for the various parameters of the algorithm (see
[26]). A maximum number of 30,000 objective function evaluations was also imposed, as for
CRS. Finally, a Fortran 90 implementation of DIRECT was provided by G. Liuzzi, S. Lucidi
and V. Piccialli, who developed it as a part of the work described in [28]. A maximum number
of 30,000 function evaluations was used to stop this algorithm too. The parameter ε, used to
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identify the so-called potentially optimal hyperintervals, was set to 10−4 [27]. The possibility
of choosing between an initial population randomly extracted from a uniform distribution
(default) or generated by RAND-GRID was added to CRS and PSwarm.

A further stopping criterion was introduced in the three previous implementations, which
was combined with the other criteria through a logical “or”:

FGA − FMAX < FGA · TOL, (4)

where, for each problem instance in a test set, FGA is the mean value of the maxima of F
computed by the GA (with SBLX-0.5) over the corresponding 30 runs, FMAX is the max-
imum value of F at the current iteration of the algorithm under consideration, and T O L
is a tolerance, set to 10−3 in our experiments. Note that, in CRS and PSwarm, FGA refers
to the GA using the same initial population, while in DIRECT it refers to the GA with the
RAND-GRID strategy, using the best value of b for each test set (b = 8 for m1 = 5 and
m2 = 10, b = 0 for the remaining problems). This criterion was introduced to compare
the three solvers with the GA in terms of the number of objective function evaluations for
computing a solution “close” to the GA solution.

The previous optimization solvers were run on all the test problems described at the
beginning of this section. An initial population of 100 individuals was chosen for CRS
and PSwarm, using both the default and the RAND-GRID strategy. Like the GA, the two
non-deterministic algorithms were run 30 times for each problem instance. For the sake of
space, we report in detail only the results concerning the most significant test set (m1 =
m2 = 1.4) and comment more briefly on the other results. CRS and PSwarm generally per-
form better with RAND-GRID, therefore we discuss the results obtained with this strategy.

CRS and DIRECT are more efficient than the GA on the test set corresponding to m1 = 5
and m2 = 10, since they satisfy criterion (4) on 100% of the problems, and hence achieve
100% of success, with a number of objective function evaluations smaller than the GA.
PSwarm is less efficient, since it gets at most 97.3% of success, with (4) satisfied in 40.7%
of the cases (actually, this is the only case where the RAND strategy produces better results
than the RAND-GRID one, showing 97.9% of success with (4) satisfied in 64.4% of the
cases). For m1 = 1.4 and m2 = 10, CRS and DIRECT do not outperform the GA. CRS
achieves a high percentage of success, i.e. 98–99%, with (4) satisfied in more than 91% of
the cases; the number of objective function evaluations has a mean value ranging from 3,312
to 3,926 (depending on the value of b in the RAND-GRID strategy), but its largest value var-
ies between 15,332 and 16,359, resulting much greater than for the GA. DIRECT gets 100%
of success, with 90% of runs satisfying (4), but the mean value of the number of objective
function evaluations is 12,438; furthermore the algorithm stops in 10% of the cases because
the maximum number of objective function evaluations has been reached. As for m1 = 5
and m2 = 10, PSwarm is less effective than the GA, since it achieves a smaller percentage
of success, i.e. at most 95.9%, with (4) satisfied in about 20% of the cases. The performance
of CRS, PSwarm and DIRECT strongly deteriorates for m1 = m2 = 1.4, as shown by
the results reported in Table 4 (the stop column reports the percentage of runs where the
algorithm stops by satisfying (4)). The percentage of success of the three algorithms is very
low (at most 43.4% with PSwarm), as well as the percentage of cases where (4) is satisfied
(at most 27% with CRS), showing that the three algorithms are not able to compute solutions
as good as the GA ones. Actually, the mean of the computed optimal values is smaller than 8,
i.e. it does not reach the threshold used to measure the success of the algorithms. The worst
results are obtained with DIRECT, which achieves only 23.3% of success and a mean of the
optimal values equal to 7.2031. On the other hand, we verified that DIRECT, according to
its convergence properties, is able to get solutions comparable to the GA ones, if a number
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Table 4 Performance of CRS, PSwarm and DIRECT for m1 = m2 = 1.4

m1 = m2 = 1.4

Algorithm b fmean fstd success (%) stop (%) evmean evstd

CRS 0 7.7629 1.9030 40.3 24.1 5478 3828

4 7.5542 1.8758 35.3 22.1 5839 3888

8 7.4862 1.9000 31.6 27.0 5977 3912

PSwarm 0 7.8202 2.0224 43.2 21.6 1783 3948

4 7.8268 2.0145 43.4 22.8 2258 4660

8 7.7596 2.0119 40.9 23.9 3039 5838

DIRECT – 7.2031 1.8919 23.3 10.0 28029 6562

The RAND-GRID strategy, with different values of the parameter b, is used by CRS and PSwarm

of objective function evaluations much larger than 30,000 is allowed. Of course, in this case
DIRECT is far from being competitive with the GA and the grid search.

In conclusion, we developed a GA tailored to the DGW optimization problem, which
is able to compute solutions comparable to those obtained by the grid search, but allows
a strong reduction of the computational cost, thus providing a more powerful tool in the
analysis of the noisy outputs of interferometers. The GA resulted also much more efficient
than the CRS, PSwarm and DIRECT algorithms on the most significant and difficult set of
problem instances used in the experiments. Future work will be devoted to improving the GA
by introducing additional a priori information on the problem, and to exploring the effects of
using multiple populations. We are also interested in comparing the GA with further global
optimization algorithms [29,30].

Acknowledgments We thank G. Liuzzi, S. Lucidi and V. Piccialli for making available the implementation
of DIRECT used in the computational experiments. We thank also the anonymous referees, whose comments
and suggestions led us to improve the paper. This work was supported by the Italian MIUR, under the PRIN
Project Nonlinear Optimization, Variational Inequalities and Equilibrium Problems, and by the Italian MAE
and the Mexican CONACYT, under the Scientific and Technological Cooperation Project Inverse Problems
in Hydrology: Novel Numerical Methodologies. Susana Gomez was supported also by INdAM-GNCS.

References

1. Thorne, K.S. : Gravitational radiation. In: Hawking, S.W., Israel, W. (eds.) 300 Years of Gravita-
tion, pp. 330–458. Cambridge University Press, Cambridge (1987)

2. Babak, S., Balasubramanian, R., Churches, D., Cokelaer, T., Sathyaprakash, B.S.: A template bank to
search for gravitational waves from inspiralling compact binaries I: physical models. Class. Quantum
Grav. 23, 5477–5504 (2006)

3. Mohanty, S.D.: Hierarchical search strategy for the detection of gravitational waves from coalescing
binaries: extension to post-newtonian waveforms. Phys. Rev. D 57(2), 630–658 (1998)

4. Sengupta, A.S., Dhurandhar, S., Lazzarini, A.: Faster implementation of the hierarchical search algo-
rithm for detection of gravitational waves from inspiraling compact binaries. Phys. Rev. D 67(8),
082,004 (2003)

5. Milano, L., Barone, F., Milano, M.: Time domain amplitude and frequency detection of gravitational
waves from coalescing binaries. Phys. Rev. D 55(8), 4537–4554 (1997)

6. Barrón, C., Gómez, S., Romero, D., Saavedra, A.: A genetic algorithm for Lennard–Jones atomic clus-
ters. Appl. Math. Lett. 12(7), 85–90 (1999)

7. Papoulis, A.: Probability, Random Variables, and Stochastic Processes. 3rd edn. McGraw-Hill, New
York (1991)

123



J Glob Optim (2010) 48:41–55 55

8. Sathyaprakash, B.S., Dhurandhar, S.V.: Choice of filters for the detection of gravitational waves from
coalescing binaries. Phys. Rev. D 44(12), 3819–3834 (1991)

9. Dhurandhar, S.V., Sathyaprakash, B.S.: Choice of filters for the detection of gravitational waves from
coalescing binaries. II. Detection in colored noise. Phys. Rev. D 49(4), 1707–1722 (1994)

10. Allen, B., et al.: LAL Software Documentation. Revision 1.44 (2005). Available at http://www.lsc-group.
phys.uwm.edu/lal/

11. Mohanty, S.D., Dhurandhar, S.V.: Hierarchical search strategy for the detection of gravitational waves
from coalescing binaries. Phys. Rev. D 54(12), 7108–7128 (1996)

12. Blanchet, L., Rlyer, B., Wiseman, A.G.: Gravitational waveforms from inspiralling compact binaries to
second-post-Newtonian order. Class. Quantum Grav. 13, 575–584 (1996)

13. Holland, J.: Adaptation in Natural and Artificial Systems. University of Michigan Press, Ann Arbor (1975)
14. Michalewicz, Z.: Genetic Algorithms + Data Structures = Evolution Programs. 3rd edn. Springer, New

York (1998)
15. Herrera, F., Lozano, M., Verdegay, J.L.: Tackling real-coded genetic algorithms: operators and tools for

behavioural analysis. Artif. Intell. Rev. 12(4), 265–319 (1998)
16. Maaranen, H., Miettinen, K., Penttinen, A.: On initial populations of a genetic algorithm for continuous

optimization problems. J. Glob. Optim. 37(3), 405–436 (2007)
17. Bäck, T., Fogel, D.B., Michalewicz, Z. (eds.): Evolutionary Computation 1: Basic Algorithms and Oper-

ators. IOP Publishing, Bristol (2000)
18. De Jong, K.A.: Evolutionary Computation: A Unified Approach. MIT press, Cambridge (2006)
19. Herrera, F., Lozano, M., Sánchez, A.M.: A taxonomy for the crossover operator for real-coded genetic

algorithms: an experimental study. Int. J. Intell. Syst. 18(3), 309–338 (2003)
20. Rasio, A.R., Shapiro, S.L.: Coalescing binary neutron stars. Class. Quantum Grav. 16(6), R1–R29 (1999)
21. Matsumoto, M., Nishimura, T.: Mersenne twister: a 623-dimensionally equidistributed uniform pseudo-

random number generator. ACM Trans. Model. Comp. Sim. 8(1), 3–30 (1998)
22. Mitra, S., Dhurandhar, S.V., Finn, L.S.: Improving the efficiency of the detection of gravitational wave

signals from inspiraling compact binaries: Chebyshev interpolation. Phys. Rev. D 72, 102,001 (2005)
23. Back, T.: Mutation parameters. In: Back, T., Fogel, D.B., Michalewicz, Z. (eds.) Evolutionary Computation

2: Advanced Algorithms and Operators, pp. 142–151. IOP Publishing, Bristol (2000)
24. Vajda, P., Eiben, A., Hordijk, W.: Parameter control methods for selection operators in genetic algorithms.

In: Parallel problem solving from nature—PPSN X, Lecture Notes in Computer Science, pp. 620–630.
Springer, Berlin/Heidelberg (2008)

25. Price, W.: A controlled random search procedure for global optimisation. Comput. J. 20, 367–370 (1977)
26. Vaz, A.I.F., Vicente, L.N.: A particle swarm pattern search method for bound constrained global optimi-

zation. J. Glob. Optim. 39(2), 197–219 (2007)
27. Jones, D.R., Perttunen, C.D., Stuckman, B.E.: Lipschitzian optimization without the Lipschitz constant.

J. Optim. Theory Appl. 79(1), 157–181 (1993)
28. Liuzzi, G., Lucidi, S., Piccialli, V.: A direct-based approach exploiting local minimizations for the solution

of large-scale global optimization problems. Comput. Optim. Appl. (2008)
29. Strongin, R.G.: Algorithms for multi-extremal mathematical programming problems employing the set

of joint space-filling curves. J. Glob. Optim. 2(4), 357–378 (1992)
30. Strongin, R.G., Sergeyev, Y.D.: Global Optimization with Non-Convex Constraints Sequential and

Parallel Algorithms, Nonconvex Optimization and its Applications vol. 45. Kluwer, Dordrecht (2000)

123

http://www.lsc-group.phys.uwm.edu/lal/
http://www.lsc-group.phys.uwm.edu/lal/

	A genetic algorithm for a global optimization problem arising in the detection of gravitational waves
	Abstract
	1 Introduction
	2 Mathematical formulation of the DGW problem
	3 A genetic algorithm for the DGW problem
	3.1 Initial population
	3.2 Selection of parents
	3.3 Recombination
	3.4 Replacement of parents
	3.5 Mutation

	4 Computational experiments
	Acknowledgments
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 149
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 149
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 599
  /MonoImageMinResolutionPolicy /Warning
  /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 <<

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

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /DEU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


