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Abstr act

In the context of planning and building offshore windfarms within the inner German Bight, this
study tries to provide a method for evaluation of future long-term monitoring datain order to as-
sess possible effects on fishes. Data collected by the German Small-scale Bottom Trawl Survey
(GSBTS) during the summer cruises 1996-2000 in a small area of the inner German Bight were
supplied by the German Institute of Sea Fisheries as an example data set for spatial anaysis.
Geostatistical tools were used to discover characteristics and persistence of spatial structures of
two different size classes of the demersal fish species dab, Limanda limanda (Linnaeus, 1758),
as ameasure of natural variability. Spatial autocorrelation was detected in the catch data for both
size classes, and spatia structuring was persistent throughout the time of investigation. Both size
classes could be characterised by a moderate degree of spatial dependency within the catch rates.
Furthermore, larger dab tend to aggregate in patches 3.2 km in diameter, whereas medium-sized
dab aggregated in patches with average diameters of 1.1 km. The modelled structures were used
to calculate the mean c.p.u.e. of dab within the survey area. This kriged mean was compared
with the calculated arithmetic mean. Furthermore, the geostatistical variance of the arithmetic
mean was compared to the ‘classical’ variance (neglecting the spatia structures). The contour
plots of biomassindex, estimated by kriging based on the model s fitted to the mean structures for
al years, displayed no locations with persistently increased fish biomass index for either size
class throughout the years.

Key-words: dab, geostatistics, Limanda limanda, mean semivariogram, ordinary blockkriging,
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1 I ntroduction

The inner part of the German Exclusive Economic Zone (EEZ) is a preferred area for construct-
ing offshore windfarms. One of the questions is how to detect possible effects on fish popula-
tions after the windfarms have been put into operation. Classical methods to obtain quantitative
information within fish assemblages and to detect possible changes over time are based on bot-
tom trawl surveys, which are carried out under standard survey protocol conditions, including
standard fishing gear and sampling strategies.

Stations randomly distributed over an area can yield unbiased estimates of the variable of interest
only if the sampling-point observations are independent (Petitgas, 2001). When random sam-
pling is carried out at an appropriate spatial scale, it effectively extinguishes any underlying spa-
tial structure in the distribution of organisms. However, the scale of spatia distribution of the
target species is usually unknown, and this factor may result in a bias in the calculation of esti-
mates (Maynou, 1998). The presence of a spatial structure isindicated by spatial autocorrelation
between pairs of samples, viz. the realisation of a regionalised variable (e.g. biomass of organ-
isms) at one location influences the realisations at neighbouring locations. Thus, when samples
are not taken independently of one another and when the population sampled is spatialy struc-
tured, the computation of any variance requires a model of the spatial correlation in the popula-
tion (Matheron, 1971). Spatia autocorrelation present in a data set can be analysed and modelled
mathematically by geostatistics.

Geostatistics was initially developed for the mining industry to optimise the exploration of natu-
ral resources (Clark and Harper, 2001; Isaaks and Srivastava, 1989; Journel and Huijbregts,
1978). In the past 25 yr, applications of this methodology in ecology have increased continu-
oudly (Legendre, 1993; Robertson, 1987; Ross et al., 1992). In fisheries, geostatistics is used to
optimise sampling strategies (Petitgas, 1996), to estimate catch data and corresponding vari-
ances, taking into account the existence of spatial structures (Conan et al., 1992; Fernandes and
Rivoirard, 1999; Maynou, 1998; Warren, 1997), aswell as to map the estimated distributions and
gpatial patterns of organisms (Lembo et al., 1999; Maravelias et al., 1996). Therefore the geosta-
tistical approach was employed to investigate the persistence and changes of spatial patterns with
time. Additionally, the computation of unbiased estimates of the mean fish biomass within an
area of interest can be achieved by this method.

The German Institute for Sea Fisheries provided for this study catch data from the German
Small-scale Bottom Trawl Survey (GSBTS) sampled in an area of about the same size as an off-
shore windfarm with approximately 200 windmills. The development of the spatial characteris-
tics of the non-target flatfish species dab (Limanda limanda), the most common flatfish species
in the North Sea, is described. Although this species carries out seasonal migrations between
feeding and spawning areas, the spatial distributions of the fish in spring and summer are sup-
posed to be stable (Rijnsdorp et al., 1992). The objective of this study was the application of
geostatistical tools for the assessment of spatial structures and the estimation and mapping of a
demersal species. The advantages of a spatial analysis as a means of providing information on
natural variability and possible effects of windfarms on the fish population were highlighted.
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2 M ethods
21  Survey areaand fishing surveys

The data used for thisanalysis are from an area of the inner German Bight (box A, Figure 1), one
of the eleven standard sampling areas of the GSBTS in the North Sea (Ehrich et al., 1998). Sam-
pling took place from 1996 to 2000 during summer. Catch data were assembled aboard the Ger-
man research vessel “Walther Herwig I11”. Fishing was carried out under standard IBTS (Inter-
national Bottom Trawl Survey) protocol using a standard net GOV (Chalut a Grande Ouverture
Verticae), with a trawling time of 30 min at a trawling speed of 4 knots (1 knot = 0.514 m s%).
The locations of sampling stations (21 to 24) as well as trawl directions were selected randomly
within the area of investigation for each year of the survey. The trawl positions were taken as
midpoint of the haul converted to an absolute measure in km (easting and northing) relative to
54°27°'N and 6°58"E.

2.2  Biological categories considered

In order to explore spatia structures depending on biological categories, such as size (age) of
fish (Fernandes and Rivoirard, 1999), the catch data for dab were separated into two size classes:
9.5-19.5 cm (2-7 yr old; referred to as d2) and > 19.5 cm (older than 7 yr; referred to as d3) fol-
lowing Heessen and Daan (1996). The size-class < 9.5 cm was excluded from the analysis as
there were too few juveniles in the catches. The group d2 is supposed to be the most important
one, because dabs will mature at alength of 13 cm (Rijnsdorp et al., 1992).

2.3  Preparatory data analysis

Numbers per 30 min trawl time within each size class were converted into biomass (kg30min™
trawl time; c.p.u.e.) on the basis of the following length-weight relationship (unpublished data):

weight [g] = a - length [cm]b witha=0.0074 and b = 3.113 D

All catch data were tested for normality using the Shapiro-Wilk test (Royston, 1982). In cases of
deviation from normality, c.p.u.e.s were log-transformed and the log-transformed data were used
for further analysis. Catch data that had to be transformed were d2 and d3 in 1997, d3 in 1998
and d3 in 1999. Further linear and non-parametric regressions with one covariate (Bowman and
Azzalini, 1997) (north and east co-ordinates) were carried out to investigate possible trends
within the c.p.u.e.s (Kaluzny et al., 1998). Significant linear trends within the catch data with
east co-ordinates were detected for d2 in 1997 and 1998 and with north co-ordinates for d2 in
1999. These trends were taken into account for the subsequent spatial analysis.

24  Geodtatistical analysis
24.1 Variography

First an experimental semivariogram was calculated to analyse the spatial structure of dab, fol-
lowed by fitting of a theoretical variogram model. Using the spatial structure defined, ordinary
blockkriging, a linear method of spatial prediction was used to estimate the annual mean c.p.u.e.
within box A. For mapping predicted distributions of dab, ordinary pointkriging was employed.
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The structure of spatia variability of Z(x) (kg30min™ per size class) was assessed by an experi-
mental covariance function. Experimental semivariograms y(h) were used to describe the spatia
structure of fish biomass. The semivariogram outlines the spatia correlation of data, measuring
the half variability between data points as a function of their distance. In the absence of spatia
autocorrelation among samples, the semivariance is equal to the variance of z(x). A monotonic
increase of the semivariance with increasing separation distance (h) of the sampling positions
indicates the presence of spatial autocorrelation. When a linear trend was present, c.p.u.e.s were
detrended (Kaluzny et al., 1998). Only omnidirectional semivariograms were computed using
the classical estimator (Matheron, 1971):

()= {1/ [2n(h] }ﬁ[z<xi+h>—z<xi>]2 @

and the robust estimator (“modulus’), which is supposed to be resistant against extreme values,
introduced by Cressie and Hawkins (1980):

N(h) 05)4
?(h):{[ 1/ [N(h)] ]Z|Z(xi+h)—2(xi)| } / [0914+0.988 /N()]  (3)

where z(x) isthe realisation of biomass (c.p.u.e.) of dab for one size class at station x, z(x +h)
is another realisation separated from x; by a discrete distance h (measured in km) and N(h) isthe

number of pairs of observations separated by h. Furthermore, to improve knowledge of spatial
structures, for each size class, average semivariograms (survey years 1996-2000) were computed
(Rivoirard et al., 2000). The absolute average semivariogram represents the average of the dif-
ferent individual semivariograms, weighted by the number of pairs at each distance. It was thus
assumed that the different spatial distributions can be described by the same ecological process.

In many cases a transformation of the data is recommended, since the structure of the trans-
formed variable often is more regular than that of the untransformed variable (Rivoirard et al.,
2000). This would lead to a biased estimate of the raw structure. However, to allow ecologically
sound interpretations and to establish the structure of the raw variable, an appropriate back trans-
formation is required after performing the structural analysis. We used the following equation for
the log-transformed data (Guiblin et al., 1995):

y(h) = [mz ; var(Z)} { 1- exp—[ o2y, (h)/ var(L)}} (43)
with
o2 =log [ 1+var(2)/ sz (4b)

where mis the mean of Z(x), L is the logarithmic transformation of the variable and 5, (h) isthe

structure of the transformed variable. A simulation study described in Rivoirard et al. (2000)
showed that the use of log-transformation, associated with a back transformation, provides an
improved method for estimating variogram parameters and estimation variance. Subsequently,
parameters (nugget, sill and range) of spherica and linear models were fitted automatically
(Cressie, 1991), to reduce subjectivity and to ensure reproducibility of the fit (Fernandes and
Rivoirard, 1999). Following Webster and Oliver (2001), firstly the types of models regarding the
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genera trends of the semivariogram curve (log back semivariograms) were selected, and then
models were fitted using a weighted least-squares method with suitable weights. Least-squares
methods are based on finding the model which is*“visually” close to the semivariogram curve by
minimising the sum of squares of the differences between the generic semivariogram estimator
and amodel (Chilés and Delfiner, 1999). Here a weighted | east-squares procedure recommended
by Cressie (1991) was employed, where more weight is given to the points near the origin, which
isthe crucial part in determining the variogram parameters:

NG| GO o) |- ©)

where N(h) is the number of pairs used to compute the experimental semivariogram j(h) and
y(h) is the fitted model (spherical, exponentia or linear). In order to assess the goodness-of-fit

(gof) of the different models, for each fitting procedure an index recommended by Fernandes and
Rivoirard (1999) was computed:

gof = {;@(h) [7(h) - v(h)] 2}/ {Zh:w(h) (] 2} (6)

where o(h) is the number of pairs used to compute the semivariogram, 7(h)is the experimental
semivariogram and y(h) is the fitted model. The closer the gof to zero, the better the fit. Further-

more, the strength of spatial dependence (SpD) was cal culated (Robertson and Freckmann, 1995)
as:

D = (1- nugget /sill ) -100 0

This information was used to compare changes in the development of spatial autocorrelation in
catch data with time and among size classes. The greater this value (ranging from O to 100), the
greater the spatial dependence. Low spatial dependency indicates a high sampling and/or analyti-
cal error, or aspatial variability occurring at scales smaller than the minimum distance separating
small sampling pairs (Robertson and Freckmann, 1995). Sokal and Oden (1978) related the di-
ameter of an aggregation of a species to the modelled range. Therefore the effective range (eR)
was compared for each model fitted, in order to detect characteristics and changes of spatial pat-
terns with time. The effective range for spherical modelsis equa to the estimated range. In addi-
tion, the observed data were cross-validated by ordinary kriging, which provides a measurement
of the reproduction of the data by the model defined and the kriging procedure. The results of
this jack-knifing method are given by standardised errors. If the mean of this standardised error
(Zscore) is zero and the standard deviation (SD-Zscore) approximately 1, then the model and the
method employed provide an adequate reproduction of the data (Isaaks and Srivastava, 1989).

2.4.2 Ordinary kriging

Mapping of density surfaces of the predicted dab biomass index was carried out for both size
classes with ordinary pointkriging. This method estimates the variable values at unsampled loca-
tions using the observed values z(x,) in the surrounding neighbourhood as follows (Matheron,

1971):

2X,)= D 42(X,) ®
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where /4, are charging weights attributed to each z(x.) subject to 3 =1 in order to guarantee un-
biased estimates (Cressie, 1991). The uncertainty of the estimation of ordinary pointkriging was
expressed by mapping the kriging variance (Petitgas and Lafont, 1997). Mean catch rate esti-

mates over box A for both size classes 7(x,) of dab were obtained by ordinary blockkriging, a

method used as a direct method of biomass assessment in fisheries (Maynou, 1998). The com-
puterised algorithm requires the area to be finely discretised. The discretisation used here is a
grid of 35 x 35 blocks, which was found to optimise speed and precision of the computation.
Variances were expressed as coefficients of variation of the arithmetic mean (m) and were calcu-
lated using the classical estimator, which does not take into account the spatial autocorrelation
within the sampled data:

CVe =(s*/n)"° 1m )

class —

with & as data variance and n as number of stations. cv . was compared with the geostatistica
estimation variance of the arithmetic mean (Matheron, 1971):

v, =(0.%) " /m (10)
with o, as the global estimation variance (Petitgas and Lafont, 1997), which is influenced by

the geographical position of the stations, the shape of the survey area and the mode fitted.

Computations were done using R (version 1.7.1), a programming environment for data analysis
and graphics (http://www.r-project.org/) and R-geo (http://sal.agecon.uiuc.edu/csss’/Rgeo/ in-
dex.html), spatial data analysis (see also http://www.est.uf pr.br/geoRY/).

3 Results
3.1  Spatial population structures

Semivariograms revealed that the two size classes of dab displayed different spatial structures
during the time of investigation (Figure 2 - 3). For both size groups of dab, amost all spatia
structures, including the mean structures (Figure 3), could be successfully described by spherical
and linear models (1997, d2, d3). The parameters nugget, sill and range of the models fitted, the
values of goodness-of-fit statistic, the measure of strength of spatial dependency (Equation 7),
the effective range, as well as the results of the cross-validation, are compiled in Table 1, indicat-
ing valid models throughout the years and size classes.

Models fitted to the semivariograms showed values for the goodness-of -fit statistic (gof) close to
zero for both size classes, pointing to reliable fitting procedures. For both size classes the effec-
tive ranges and values of spatial dependence peaked in 2000 (d2: 8.62, 78.09; d3: 6.94, 77.62;
Table 1). On the average, d2 and d3 developed a medium strength of spatial dependency, indi-
cated by the values of SpD (d2: 43.21; d3: 40.74) of the mean structures. Size class d3 tend to
aggregate in patches with a diameter of 3.2 km, which is more than double the mean patch di-
ameter of d2 (1.1 km).

3.2  Geostatistical estimation of biomass (mean catch in weight)

The biomass index (c.p.u.e., kg30min™) of d2 varied between 26.5 (1996) and 40.2 (2000),
whilst c.p.u.e. of d3 ranged from 9.2 (1996) to 43.0 (1998) (Figure 4a, 4b). The c.p.u.e. of me-
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dium-sized dab (d2) showed a slow increase from 1996 to 2000, whereas the biomass index of
d3 increased from 1996 to 1998 and decreased in 1999 and 2000 (Figure 4a, 4b). The estimated
geostatistical and arithmetic means were in good agreement. With one exception (1996, d3), the
geodtatistical estimation variance (CVye) Was aways smaller than the classical one (CV gass)
(Fgure 4a, 4b). The largest difference between the two coefficients of variation was found in
1997 for both size classes.

3.3  Geostatistical mapping

The patchiness of the distribution of both size classes was different in shape and size for each
year. For both size classes, the estimated maps of fish biomass index showed no persistent area,
with high density in box A throughout the years (Figure 5, 6). Similarities of the geographical
locations of the patch centres between size classes were obtained for 1996, 1997 and 2000. The
mapped uncertainties for the kriged biomass index demonstrate that the estimated locations,
shapes and sizes of the patches are reliable.

4 Discussion

Although the structural analysis of the biomass index of dab was carried out at the limit for an
application of geostatistics, due to the low numbers of sampling stations, the presence of spatia
autocorrelation was discovered for both biological categories considered. A minimum of 30-50
sampling points is recommended by Legendre (1993), whereas here only 21 to 24 stations per
survey were available. Hence data have been transformed, and also the classical and modulus es-
timator has been used, both leading to less erratic semivariograms. Finally, due to the modelling
of the log-back transformed semivariograms and the results of the goodness-of-fit statistic and
cross-validation, one can have confidence in the modelled structures (Table 1). Furthermore, by
computing the mean semivariograms of the biomass indices of d2 and d3, derived from summer
surveys in box A and based on the survey design applied, the persistence of spatial structures
was obvious (Figure 3). Although the spatial structuring of d2 and d3 in the German Bight was
only moderate, one has to take into account the presence of spatial autocorrelation when estimat-
ing the mean catch rate of dab or assessing variability. At least in part this may be due to the
fishing gear used in this survey (GOV), which is not specifically designed for catching dab, so
that the population structure of this species might not have been resolved completely.

In 2000, the strength of spatial autocorrelation in the catch rates of d2 and d3 were highest, also
the greatest patch diameters (d2: 8.6 km; d3: 7 km) were detected, and throughout the investiga-
tion period, size class d3 aggregated in larger patches. Thisis consistent with the idea that larger
fish may tend to form larger associations than smaller fish (Rivoirard et al., 2000). An analysis
of the length frequency within one size class showed that, in most cases, alength of 16.5 cm was
predominant within the medium-sized class d2 and 19.5 cm was the dominant length in d3. The
difference between the modal values of the length frequencies seems to be large enough to cause
varying spatial patterns.

Distinguishing two size classes of a fish speciesin order to investigate different spatial structures
is related to the idea that fish distribution depends on the size of the individuals rather than on
their age (Fernandes and Rivoirard, 1999; Guiblin and Rivoirard, 1996). A further reduction of
variability and an improved assessment of spatial structuring may be obtained when taking into
account other biological categories such as sex. Furthermore, an improvement of a spatial analy-
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sis when the c.p.u.e. of female and male dab are taken into account raises the question whether
reproduction may cause the development of spatial patterns of fish density. Thiswould be likely,
because spawning occurs from Jan to Sep (Rijnsdorp et al., 1992) and takes place in well-defined
nursery areas situated in the south-eastern North Sea (Daan et al., 1990). Other marine organ-
isms, especially benthic ones, often develop patches, which could result from social behaviour or
reproduction (Valiela, 1995). Patch formation of dab may be also caused by sediment composi-
tion (Ehrich, 1988), distribution of the prey species (epizoobenthos) and fish behaviour due to
reproduction. Additionaly, abiotic variables may also induce a spatial pattern, but salinity and
temperature were more or less homogeneous within the study area.

Because of the persistence of spatial patterns found for both size classes of dab throughout the
time of investigation, the models fitted to the mean structures were used for estimating the den-
sity maps (Figure 5, 6). The detected conformance of the locations of the patch centres in 1996,
1997 and 2000 could be explained by reproduction, when biomass indices of two size classes
were aimost identical with fractions of female and male dab. The variability of the location of
high-density spots may be due to the fact that the area of investigation is homogeneous, and
probably a preferred feeding site for dab does not exist.

During the time of investigation, the variability of the catch rates of d2 was small, whereas the
c.p.u.e. of d3 varied by more than 30 kg30min™. This may be explained by increased fishing ef-
fort in 1999 or a weak recruitment. The geostatistical coefficient of variation in ailmost all cases
showed lower values than the classical one, although differences between the two coefficients
were small. The geostatistical variance depends on the model specified, sample locations, shape
of investigation area and intensity of sampling (Petitgas, 1996, 2001). Therefore, the low number
of sampling stations (21-24) of the surveys may have resulted in increased geostatistical vari-
ances.

The main focus of the present study was to develop a strategy to evaluate long-term monitoring
data to assess possible effects of offshore windfarms on a fish population within a meso-scaled
area. The main advantage of the procedure used was that the detected spatia autocorrelation
within the catch data has been taken into account. Furthermore, additional information about the
gpatial characteristics of the species studied, which may be correlated with population dynamics
(Warren, 1997), is provided. The species-specific aggregation within an area is an interesting
measure of variability. With this method, the differentiation of natural and experimental variabil-
ity is possible, after the sampling strategy has been optimised. Then the natural variability within
an area may be explored and possible effects of offshore windmills on fish populations can be
defined and evaluated, provided that an appropriate reference areais available.
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Table 1: Estimated parameters” of spherical and linear semivariogram models fitted with a least-

sguares method to c.p.u.e. data for dab in the German Bight (sampling areabox A, Figure 1).

Year Group Model Co a Spd gof Zscore D-Zscore

1996 d2 Sph 132 46 39 258 0.06 0.00 0.96
1997 d2 Lin 8 12 n.a 0.0 0.04 n.a n.a
1998 d2 Nug 124 0 0.0 0.0 0.06 n.a n.a
1999 d2 Sph 61 90 18 595 0.03 0.00 1.14
2000 d2 Sph 41 145 86 781 004 -0.01 1.28
Mean d2 Sph 30 23 11 432 0.01 0.00 5.15
1996 d3 Sph 12 19 23 618 0.05 -0.01 1.09
1997 d3 Lin 10 8 na 00 0.04 n.a n.a
1998 d3 Sph 118 271 21 69.6 0.02 0.00 2.55
1999 d3 Sph 15 11 71 417 001 0.00 3.65
2000 d3 Sph 12 41 69 776 0.06 -0.01 1.15
Mean d3 Sph 162 112 3.2 40.7 0.00 0.00 1.76

4Group: size groups d2 and d3; Sph: spherical; Lin: linear; Nug: pure nugget; Co: nugget; C: sill (for linear models =

slope); a range ; SpD: spatial dependency (Equation 7); gof: measure of the goodness-of-fit (Equation 6); Zscore:

mean standardised error of the crossvalidation; SD-Zscore: standard deviation of the standardised error (see Methods
section for details).
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Figure 1: Survey area “box A” within the German Bight, with locations of the sampling
stationsin 1996 as an example of the survey design.
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Figure 2: Experimental semivariograms of c.p.u.e. catch data for dab size class d2 and d3 (1996-
1999) with fitted spherical and linear (1997) models. Note that for the structural analysisin 1998
and 2000 of d3 the modulus estimator was used. Note: Figure 2 (f) variesin scale
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Figure 3: Mean spatial structures (1996-2000) of dab size class d2 and d3 with fitted spherical
models (model parametersin Table 1).
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Figure 4: Arithmetic mean c.p.u.e., geostatistical mean c.p.u.e. of dab size class d2 (above, a)
and d3 (below, b), estimated with oridinary blockkriging (OBK), and coefficients of variation
CV gass (%0) and CV e (%) (Equations 9, 10) of the arithmetic mean c.p.u.e. (see Methods section
for details).
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Figure 5: Density of c.p.u.e. biomass index for dab size class d2 within box A estimated with or-
dinary pointkriging (left panel) and estimated kriging variance (right panel) for the summer sur-

veys 1996 —1999 (a-€).



V. Stelzenmiiller et al: Meso-scaled investigation of spatial distribution of Limanda limanda

16

North (km)

North (km)

North (km)

North (km)

North (km)

d3

(a) 96

8
6
4
2 (d) 99
(05
N
6
A
N
0y
N
6,
A
) -~ (e)00
0

0 2 4 6 8 10 12 14 16 18
East (km)

38 30 22 14 6

Figure 6: Density of c.p.u.e. biomass index for dab size class d3 within box A estimated with or-
dinary pointkriging (left panel) and estimated kriging variance (right panel) for the summer sur-

veys 1996 —1999 (a-e).

. o
™
. O"
.
0 2 4 6 8 10 12 14 16 18

East (km)

284 268 252 236 220
B





<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /SyntheticBoldness 1.00
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

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


