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Abstract

We propose a new method for combining multi-
algorithm score-based face recognition systems,
which we call the two-step calibration method. Typ-
ically, algorithms for face recognition systems pro-
duce dependent scores. The two-step method is
based on parametric copulas to handle this depen-
dence. Its goal is to minimize discrimination loss.
For synthetic and real databases (NIST-face and
Face3D) we will show that our method is accurate
and reliable using the cost of log likelihood ratio and
the information-theoretical empirical cross-entropy
(ECE).

1. Introduction

The likelihood ratio (LR) approach of evidence
evaluation is increasingly accepted in forensic sci-
ence [7]. The LR of evidence e is defined as the ratio
between the probability of the evidence given prose-
cution and defense hypotheses, i.e,

LR(e) =
P (e|Hp)

P (e|Hd)
(1.1)

where Hp and Hd are two mutually exclusive hy-
potheses respectively supporting whether or not the
suspect is the donor of the biometric trace. This
quantitative value is computed by a forensic scientist
and can be used to support the fact finder (judge/jury)
in court to make an objective decision. The Bayesian
framework explains elegantly how the LR supports
the decision via relation

P (Hp|e)
P (Hd|e) =

P (e|Hp)

P (e|Hd)
× P (Hp)

P (Hd)
. (1.2)

This means that the LR can be interpreted as a multi-
plicative factor for the information before analyzing
the evidence (prior odds) to get the new informa-
tion after taking the evidence into account (posterior
odds).

In this paper we are studying multi-algorithm
score-based face recognition systems, in which two
or more different algorithms compute a similarity
score for any pair of face images. This means that
the evidence e is a vector of scores in which every
score describes the similarity of the image found at
the crime scene and an image of the suspect. It is
intuitively understandable that combining several al-
gorithms might be advantageous. For instance, every
individual algorithm can be selected for its good per-
formance under a specific condition, such as vary-
ing pose, illumination, or robustness. Therefore, an
appropriate combination is hoped to integrate the
complementary information of the individual algo-
rithms. Indeed, several studies [12, 22, 23] show that
a multi-algorithm method might enhance the recog-
nition performance.

Several methods of deriving the LR from a bio-
metric comparison score, which is also called cal-
ibration, have been proposed and evaluated for
single-algorithm face recognition systems; see [1, 2]
for a survey of these methods. In contrast, to the best
of our knowledge, there is no method of combin-
ing two or more face recognition systems for foren-
sic evidence evaluation. In this paper, we propose
such a method, which we will call the two-step cali-
bration method, for calibrating multi-algorithm face
recognition systems via parametric copulas. We will
compare our method to the linear logistic regres-
sion (logit) method, which is commonly used in the
field of speaker recognition [15, 16], and also to the
Gaussian Mixture Model (GMM) [17] and the sim-
ple Product of Likelihood Ratios (PLR) [25], which
are originally proposed in biometric fusion for per-
son authentication. We also show through simula-
tion and real data that the logistic regression method
used in the field of speaker recognition [15, 16] is not
recommendable for use in forensic face scenarios.

The rest of this paper is organized as follows.
Section 2 reviews the cost of log likelihood ratio and
the ECE plot, which measure the accuracy and re-



liability of calibration methods. Our two-step cal-
ibration method is presented in Section 3. Sec-
tion 4 demonstrates the excellent performance of our
method for both synthetic and real databases. Fi-
nally, our conclusions are presented in Section 5.

2. Performance Evaluation of Likelihood

Ratio Computation

There are two types of measures for the reliability
of calibration methods: application-dependent [5,
14] and application-independent [4, 26, 19, 20] mea-
sures. Since forensic scientists do not have access
to the prior odds, we will focus on application-
independent ones.

2.1. Cost of log likelihood ratio

The cost of log likelihood ratio (Cllr) is intro-
duced by Brümmer and du Preez[4] in the field of
speaker recognition, is based on a generalization of
cost evaluation metrics, and is used in forensic face
scenarios in [13]. This measure may be interpreted
as a summary of a LR computation [3]. Note that a
face recognition system does not necessarily produce
a similarity score as an LR value. Thus, a calibration
is needed to make this original score interpretable as
an accepted measure of strength of evidence in court
by mapping it into LR value, which we also call LR
score. A score is called genuine if it is associated to 2
images of the same person, and is called an impostor
score if it involves 2 images of two different persons.
Let M denote a method to calibrate original scores
into LR values. Given a set of scores, let LRp denote
the set of Ngen genuine M-calibrated scores, which
correspond to the hypothesis of the prosecution, and
LRd the set of Nimp impostor M-calibrated scores,
which correspond to the hypothesis of the defense.
The cost of log likelihood ratio Cllr is defined by

Cllr =
1

2Ngen

∑
LR∈LRp

log2

(
1 +

1

LR

)

+
1

2Nimp

∑
LR∈LRd

log2 (1 + LR) . (2.1)

To explain the name of this metric we note that
LR in formula (2.1) may be rewritten in terms of the
logarithm of LR. Interestingly, this metric can be de-
composed into a discrimination and calibration form
via relation

Cllr = Cmin
llr + Ccal

llr . (2.2)

Here, Cmin
llr and Ccal

llr denote the discrimination and
calibration loss, respectively. Discrimination loss is
the opposite of discrimination power (the ability of

the system to distinguish between genuine and im-
postor scores). The smaller the value of this quan-
tity, the higher the discrimination power. The Cmin

llr

is defined as the minimum Cllr value under evalua-
tion by preserving the discrimination power which is
attained by the Pool-Adjacent-Violators (PAV) algo-
rithm as proved in [4]. Therefore, the Cmin

llr is com-
puted by plugging the M-calibrated scores after PAV
transformation into (2.1). On the other hand, calibra-
tion loss indicates the calibration performance on a
separate evaluation set.

2.2. ECE plot

The Empirical Cross Entropy (ECE) plot is an
application-independent method of measuring the
reliability of calibration with an information theoret-
ical interpretation [19]. The ECE function is defined
as a function of the log prior odds by

ECE(lp) =
1

2Ngen

∑
LR∈LRp

log2

(
1 +

1

LR× elp

)

+
1

2Nimp

∑
LR∈LRd

log2
(
1 + LR× elp

)
(2.3)

for every lp ∈ (−∞,∞). Clearly Cllr = ECE(0)
holds, which shows that the ECE generalizes the cost
of log likelihood ratio.

Figure 1 is an example of the ECE plot of a sys-
tem. The solid red curve represents the performance
of the calibration, the dashed blue curve is the mini-
mum ECE value under evaluation by preserving the
discrimination power which is attained by PAV trans-
formation, and the dashed black curve is the entropy
of the neutral system without considering the evi-
dence, i.e., all LR values equal to 1. The difference
between the solid red and dashed blue curves is the
calibration loss. Since the ECE value can be inter-
preted as the average information loss by taking the
system into account, we can see that the system will
lose more information than the neutral system for log
prior odds greater than 2. Therefore, forensic scien-
tists should provide the usual LR and also explain
to the fact finder that he should not use the forensic
system if his log prior odds are greater than 2.

3. Evidential Value Computation of

Multi-algorithm Systems by Mini-

mizing Discrimination Loss

This section explains how to get calibrated scores
for d-algorithm face recognition systems, i.e, com-
puting the LR at evidence e = (s1, · · · , sd). Of
course, if the joint density functions of the evidence
under both hypotheses, which will be denoted by
fgen and fimp for genuine and impostor scores, re-
spectively, are known then the exact LR can be easily
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Figure 1: Example of ECE plot

obtained. However, in practice, these density func-
tions have to be estimated from data. This classi-
cal problem in statistics can be solved by parametric
(e.g., normal distribution, Weibull distribution) and
nonparametric (e.g., histogram, kernel density esti-
mation) models. However, the choice of an appro-
priate parametric model is sometimes difficult while
nonparametric estimators suffer from the difficulty
that they are sensitive to the choice of the band-
width or of other smoothing parameters, especially
for our multivariate case. Therefore, it is natural
to approach our estimation problem semiparametri-
cally, modelling the marginal densities nonparamet-
rically and the dependence between them by para-
metric copulas.

3.1. Dependence through Copula

Mathematically, a copula is a distribution func-
tion on the unit cube [0, 1]d, d ≥ 2, of which the
marginals are uniformly distributed. In practice, it is
widely used to describe the dependence of random
variables; see e.g. [6, 8] for application in economet-
rics and finance. In biometric fusion, Susyanto et
al. [24] use a specific copula called Gaussian cop-
ula to handle the dependence between classifiers. A
classical result of Sklar [21] relates any continuous
multivariate distribution function to a copula.

Theorem 3.1 (Sklar (1959)). Let d ≥ 2, and sup-
pose H is a distribution function on R

d with one
dimensional continuous marginal distribution func-
tions F1, · · · , Fd. Then there is a unique copula C
so that

H(x1, . . . , xd) = C(F1(x1), . . . , Fd(xd)) (3.1)

for every (x1, . . . , xd) ∈ R
d.

The joint density function can be computed by

taking the d-th derivative of (3.1):

h(x1, . . . , xd) = c(F1(x1), . . . , Fd(xd))

×
d∏

i=1

fi(xi) (3.2)

where c is the copula density and fi is the i-th
marginal density for every i = 1, · · · , d. We can
see that the density h is a product of the copula
density depending only on the marginal distributions
F1, · · · , Fd and its marginal densities. It means that
we can estimate separately the dependence structure
represented by the copula density c and the individ-
ual densities fi in order to get the joint density h. If
Cα is determined by a finite dimensional Euclidean
parameter α then it is called parametric copula. In
this case, we can estimate the dependence parameter
α based on i.i.d. observations

X1, . . . ,Xn

with

Xi = (X1i, . . . , Xdi) ∀i = 1, . . . , n

by the pseudo-maximum likelihood estimator
(PMLE). Mathematically, the PMLE of α has to
maximize

1

n

n∑
i=1

log cα

(
F̂1(X1i), . . . , F̂d(Xdi)

)
(3.3)

where

F̂j(x) =
1

n+ 1

n∑
i=1

1{Xji≤x}, ∀1 ≤ j ≤ d

is a modified empirical distribution function and cα
is the copula density.

Let Cgen and Cimp be the copula corresponding
to genuine and impostor scores with copula densi-
ties cgen and cimp, respectively. In view of (1.1) and
(3.2), the likelihood ratio at e = (s1, · · · , sd) can be
written as

LR(e) =
cgen(Fgen,1(s1), · · · , Fgen,d(sd))

cimp(Fimp,1(s1), · · · , Fimp,d(sd))

×
d∏

i=1

LRi(si) (3.4)

where Fgen,i and Fimp,i denote the distribution func-
tions of genuine and impostor scores, respectively.
The i-th individual LR can be computed for each
i = 1, . . . , d by the PAV algorithm, which is opti-
mal for calibrating 1-dimensional scores. Therefore,
we only need to estimate the first factor at the right
hand side of (3.4): the copula part.



3.2. Two-step Calibration Methods

As noted before, the density functions fgen and
fimp have to be estimated, which implies that the
copula densities cgen and cimp must be estimated
as well. Estimating copula density functions non-
parametrically will lead to the same problems as
when estimating the original density functions di-
rectly. Therefore, we will approximate the copula
part of (3.4) by some well-known parametric cop-
ulas. We will use the following copulas: Gaussian
copula (GC), Student’s t (t), Frank (Fr), Clayton
(Cl), and Gumbel (Gu). We also include the inde-
pendent (ind) to guarantee that our combined system
is better than the simple product of likelihood ratios.
Readers interested in copulas are referred to [11] for
a more detailed explanation. To have more depen-
dence models and because the Clayton and Gum-
bel copulas are not symmetric, their flipped forms
(flipped Clayton (fCl) and flipped Gumbel (fGu))
will be included as well (if U has copula C then 1−U
has copula flipped C). Therefore, the copulas cgen
and cimp are chosen from the copula family

C = {ind,GC, t, Fr, Cl,Gu, fCl, fGu}.
We can choose the best copula for cgen and cimp

from the family C for fgen and fimp by a goodness-
of-fit test as provided in [9]. However, this method
only guarantees that the selected copulas are closest
to cgen and cimp, but not necessarily good enough to
model cgen/cimp. Therefore, we propose to choose
the best copula pair directly by minimizing the dis-
crimination loss as explained in Section 2.1. Since
the estimated copula pair is not the true copula and
only minimizing the discrimination loss among other
pairs, the combined scores can be poorly calibrated.
To solve this problem, we apply the PAV algorithm
once combined scores have been obtained via the
best copula pair.

Given a set C of nc candidate copulas and a train-
ing set, our two-step calibration method is very sim-
ple. The first step is computing the product of the in-
dividual likelihood ratios by the PAV algorithm and
multiplying this product by each of all copula pairs
ĉgen/ĉimp in which the dependence parameters have
been estimated by the PMLEs as defined in (3.3).
Of the nc × nc resulting different combined scores
we choose the one that minimizes the discrimination
loss. The second step is transforming the combined
scores by the PAV algorithm so that the final scores
have high discrimination power and are also well-
calibrated.

4. Experimental Results

To study the performance of our two-step cal-
ibration method we apply it to synthetic and real

databases, which are split up into training and test-
ing sets. Given a training set, we will compute the
product of the individual likelihood ratios, select the
best copula pair, and calibrate the combined scores.
The corresponding testing set is used for evaluation
only. The ECE plot is chosen for evaluation be-
cause it is more general than the cost of log likeli-
hood ratio. On the real databases, beside plotting
the ECE curves, we also highlight the discrimina-
tion loss and the ECE values for log prior odds
−2, 0, and 2; see Table 1. We compare our two-
step method to the logit method studied in [16] and
the GMM method where the number of the mixture
components is automatically estimated by the min-
imum message length criterion as proposed in [10].
For all experiments, the maximum value of the num-
ber of the mixture components is 20.

Given genuine and impostor scores

W1, . . . ,Wngen

and
B1, . . . , Bnimp

in the training set, our procedure to choose the best
copula pair is simple. We randomize the genuine
(impostor) scores and take two disjoint subsets with
size

nb = min {10000, �ngen/2�}
and

nw = min {10000, �nimp/2�}.
This re-sampling method is aimed at increasing the
computation speed because it will be repeated 100
times to see the consistency. Once the product of the
individual likelihood ratios is computed, it is mul-
tiplied by the 64 copula pair estimates ĉgen/ĉimp.
After all 64 combined scores are obtained using the
first subset, the discrimination loss is then computed.
The final discrimination loss for each copula pair is
the average over all 100 experiments. The best cop-
ula pair is the pair having the smallest average of the
discrimination loss values. If there are several pairs
having the same averages, we choose the pair with
the smallest variance. If there is still more than one
pair having the smallest means and variances then
we choose one of them at random.

4.1. Synthetic data

To get synthetic data that behave like real data,
we take two algorithms presented in [23]. The first
algorithm measures the similarity of the left half of
the face between two images and the second one the
similarity of the right half. The density and distribu-
tion functions of the genuine and impostor scores for
each algorithm are estimated by kernel density esti-
mation. To obtain scores with explicit dependence
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Figure 2: Performance on synthetic data. On the
x-axis the databases are indicated in 9 groups of 4,
each group having the same dependence level pair
for each of the 4 chosen copula pairs. Database 1-4
has low and low dependence levels for genuine and
impostor scores, 5-8 low and moderate, 9-12 low and
high, 13-16 moderate and low, etc.

that can be represented by a copula C, we generate
random samples of the copula C and apply the in-
verse transform technique, using the estimates of the
two marginal distribution functions. In this way the
generated scores have as marginal distribution func-
tions these estimates of the distribution functions of
data generated by the two algorithms. Recall that
if F is a continuous distribution function then U is
uniformly distributed if and only if F−1(U) has dis-
tribution function F .

In our experiment, we generate 10,000 genuine
and 1,000,000 impostor scores in the way as ex-
plained above. The dependence is made by putting 4
different copula pairs

{(GC,GC), (t, fCl), (fGu,GC), (Cl,Gu)}
completed with 9 dependence level pairs obtained
from the cross pairs {low,moderate, high}. The
low, moderate, and high dependence levels are set to
have correlation values 0.1, 0.5, and 0.9 for Gaussian
and Student’s t copulas while for other copulas we
put 1, 10, and 50. Student’s t copula has 3 degrees
of freedom for all experiments.

Figure 2 is the plot of discrimination loss of our
36 simulated databases. The true LR can be com-
puted exactly because the underlying distributions
are known. We can see that our two-step method out-
performs the others. As expected, the PLR method
performs poorly when the dependence between al-
gorithms is moderate or high because much infor-
mation will lose by assuming the independence be-
tween algorithms. The GMM method is the second
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Figure 3: ECE plot of NIST-face

best method but the computation time is much longer
than for the two-step method. We can also see that
the logistic regression method, which is commonly
used in the field of speaker recognition, has the worst
performance among all methods.

4.2. NIST-face BSSR1 database

The NIST-face BSSR1 database is published by
National Institute of Standards and Technology [18].
The data contain similarity scores from two face sys-
tems run on images from 3000 subjects with each
subject having two probe images and one gallery im-
age. We only take 2992 subjects because the scores
of the other 8 subjects on the first system are always
−1. It is reported that these images are not accepted
by the facial recognition system and are therefore ex-
cluded. To evaluate the performance of our bench-
mark calibration methods, we randomize the sub-
jects and split the set into two disjoint sets with size
1496. We follow the procedure explained at the be-
ginning of this section and the pair (ind,GC) is ob-
tained as the best copula pair. We repeat this experi-
ment 20 times and all of them give almost the same
result. Therefore, we decided to show only one of
these results.

The GMM, PLR, and our two-step method have
almost the same performance as seen from the ECE
plot in Figure 3. Although the logit method performs
reasonably well for small values of the log prior
odds, it has the highest calibration loss among all
methods and it is even dangerous for use in forensic
face scenarios for large values of the log prior odds
(greater than 2). By only considering the discrimina-
tion loss, Table 1 of the NIST-face part tells us that
the GMM is the best calibration method. However,
the ECE values show that the two-step method is ac-
tually the best one.



−2 0 2
0

0.1

0.2

0.3

Prior log
10

(odds)

E
m

pi
ric

al
 c

ro
ss

−
en

tr
op

y
Alg 1

−2 0 2
0

0.1

0.2

0.3

Prior log
10

(odds)

E
m

pi
ric

al
 c

ro
ss

−
en

tr
op

y

Alg 2

−2 0 2
0

0.1

0.2

0.3

Prior log
10

(odds)

E
m

pi
ric

al
 c

ro
ss

−
en

tr
op

y

Alg 3

−2 0 2
0

0.1

0.2

0.3

Prior log
10

(odds)

E
m

pi
ric

al
 c

ro
ss

−
en

tr
op

y

GMM

−2 0 2
0

0.1

0.2

Prior log
10

(odds)

E
m

pi
ric

al
 c

ro
ss

−
en

tr
op

y

Logit

−2 0 2
0

0.1

0.2

Prior log
10

(odds)

E
m

pi
ric

al
 c

ro
ss

−
en

tr
op

y

PLR

−2 0 2
0

0.1

0.2

Prior log
10

(odds)

E
m

pi
ric

al
 c

ro
ss

−
en

tr
op

y

Proposed

 

 

LR values
After PAV
LR=1 always

Figure 4: ECE plot of Face3D

4.3. Face-3D database

This database is used in [22, 23] for 3D face
recognition. It is quite realistic for the forensic face
problem, because both the training and the testing set
contain very different images (taken with different
cameras, backgrounds, poses, expressions, illumina-
tions and time). In his papers, the author proposes
60 classifiers operating on 30 different facial regions
with 2 different image registration methods. In our
experiment, we only take 3 classifiers out of these
60: similarity of the full face, the left and the right
half. The results of these 3 classifiers are rather cor-
related, of course. This choice is made to see the
performance of our benchmark methods in handling
the dependence among classifiers. Although they are
not different algorithms, we use these 3 classifiers
to have different types of data and see the perfor-
mance our two-step method for multi-classifiers sce-
nario as well. By following our procedure, we get as
the best copula pair (ind, t). The performances on
this database are provided by Figure 4 for the ECE
plot and Table 1 for the discrimination loss and some
values of the ECE.

We can see that our two-step method is the best
one using all evaluation metrics (Cmin

llr , Cllr, ECE
at small prior odds, and ECE at high prior odds).
As before, the logit method performs poorly on this
database since the underlying distributions are not
gaussian. Surprisingly, the GMM method also has
poor performance on this database; it is even worse
than the simple PLR. This may be because the num-
ber of the mixture components is more than the the
maximum value that we set. However, if we increase
the number of components then we will have a prob-
lem with the limitation of the sample size.

Methods
NIST-Face Face 3D

Cmin
llr

ECE
Cmin

llr

ECE
-2 0 2 -2 0 2

BSS 0.187 0.153 0.189 0.037 0.162 0.012 0.210 0.073
GMM 0.131 0.123 0.139 0.033 0.125 0.013 0.256 0.260
Logit 0.150 0.138 0.174 0.055 0.159 0.020 0.598 0.828
PLR 0.137 0.123 0.139 0.028 0.155 0.012 0.197 0.066

Proposed 0.134 0.120 0.136 0.027 0.112 0.009 0.132 0.040

Table 1: Discrimination loss and ECE of different
methods on the real databases. BSS: Best Single
System, GMM: Gaussian Mixture Model, Logit: Lo-
gistic Regression, PLR: Product of Likelihood Ra-
tios. The bold number is the best one in every col-
umn.

5. Conclusion

We propose a two-step calibration method to
compute the likelihood ratio of multi-algorithm
score-based face recognition systems in forensic ev-
idence evaluation. The first step of the two-step
method is computing the product of the individual
likelihood ratios multiplied by the density ratio of the
best copula pair determined by minimizing discrim-
ination loss. The simple second step is applying the
PAV algorithm in order to get well-calibrated scores.
Using several synthetic data sets, we have shown that
our approach performs very well in handling all de-
pendence levels (low, moderate, and high). We also
see that our two-step method on the real databases
NIST-face BSSR1 and Face3D. We conclude that
the GMM method, which works quite well in bio-
metric fusion for person authentication, can some-
how perform poorly in forensic face scenarios. We
also recommend to avoid the logistic method, which
is commonly used in the field of speaker recogni-
tion, to compute the likelihood ratio in forensic face
recognition because it has high discrimination loss
and sometimes it is much worse than the neutral sys-
tem.
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sification i. chapter An Introduction to Application-
Independent Evaluation of Speaker Recognition Sys-
tems, pages 330–353. Springer-Verlag, Berlin, Hei-
delberg, 2007.



<<
  /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 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 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 /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 290
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.01667
  /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
  /CropGrayImages true
  /GrayImageMinResolution 290
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.03333
  /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
  /CropMonoImages true
  /MonoImageMinResolution 800
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 2400
  /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 <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV <>
    /HUN <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. 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 <>
  >>
  /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 /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [2834.646 2834.646]
>> setpagedevice


