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Abstract. Multibiometric systems can solve a number of problems of
single-biometry approaches. A source of flaws for present systems, both
single-biometric and multibiometric, can be found in the lack of dynamic
update of parameters, which does not allow them to adapt to changes
in the working settings. They are generally calibrated once and for all,
so that they are tuned and optimized with respect to standard condi-
tions. In this work we investigate an architecture where single-biometry
subsystems work in parallel, yet exchanging information at fixed points,
according to the N-Cross Testing Protocol. In particular, the integrated
subsystems work on the same biometric feature, the face in this case,
yet exploiting different classifiers. Subsystems collaborate at a twofold
level, both for returning a common answer and for tuning to changing
operating conditions. Results demonstrate that component collaboration
increases system accuracy and allows identifying unstable subsystems.

1 Introduction

Present biometric systems generally rely on a single classifier. The main draw-
back is that they are singly vulnerable to possible attacks, as well as little robust
with respect to a number of problems (e.g. a voice altered by a cold or a dimly
lit face). In the present work we will consider the combination of some popular
classifiers to build a face identification system. We chose this biometry because
it is contact-less, fast and fairly reliable. Face recognition, however, raises a
number of non-easy to solve issues(pose, illumination or expression changes).
Indeed, none of the existing approaches for face recognition is free from limi-
tations when dealing with issues such as variation in expression, lighting, pose
and acquisition time. Recognition techniques found in literature can be grouped
in different classes. A first class includes linear methods. Among them, the two
classic Principle Component Analysis (PCA) [1] and Linear Discriminant Anal-
ysis (LDA) [2] are widely used in the appearance-based approaches. They both
solve the recognition problem within a representation space of lower dimension
than image space. In general, LDA-based algorithms outperform PCA-based
ones, but they suffer from the so-called small sample size problem (SSS) which
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exists in high-dimensional pattern recognition tasks. Neighborhood Preserving
Embedding (NPE) [3] differs from PCA because it aims at preserving the local
manifold structure instead of the global Euclidean structure though maintaining
linearity of the approach. A weight matrix is built which describes the relation-
ships between the data points in the ambient space, so that each data point can
be represented as a linear combination of the neighboring ones. Then an optimal
embedding is computed such that the neighborhood structure can be preserved
in the dimensionality reduced space. In [4] the authors introduce the Orthogo-
nal Locality Preserving Projections (OLPP) method, producing orthogonal basis
functions called Laplacianfaces. The manifold structure is modeled by a nearest-
neighbor graph preserving the local structure of the image space. Each face image
in the image space is mapped into a low-dimensional face subspace, obtained by
OLPP. Fractals are largely exploited in image compression and indexing, so that
they have also been investigated in the field of face recognition. In [5], the fractal
code of a face image is only used for training a neural network, which works as
a classifier on the face database, while in [6], the Partitioned Iterated Function
Systems (PIFS) have been explicitly adapted to recognize face.

A multiexpert system provides an effective alternative, as flaws of an indi-
vidual system can be compensated by the availability of a higher number of
cooperating algorithms [7]. This is particularly true if the subsystems exchange
information at different levels, as we shall see in presenting the N-Cross Testing
Protocol. According to the above considerations, not all classifiers are equally re-
liable on any input image. In [8] System Response Reliability (SRR) indices have
been introduced to evaluate the reliability of each response of single subsystems;
responses are considered for fusion only if the corresponding SRR is higher than
a given threshold th. This improves global system performance, but we argue
that we can go even further by considering the “history” of the system. We as-
sume the existence of a supervisor module exploiting not only single subsystems
responses and their reliability, but also the final global response, to evaluate
the overall system state and update reliability thresholds of single subsystems.
Such module would allow overcoming the invariance of present multibiometric
architectures, by implementing an algorithm converging to an optimal parame-
ters configuration independently from the starting one. Each subsystem takes as
input an image, pertaining to the corresponding biometry, and extracts salient
features; the resulting feature vectors are used to compute similarity scores, to
be inputted to the supervisor module, after a normalization step. In building
our multiexpert/multiclassifier system, we chose each subsystem classification
method from the most popular linear and non-linear techniques in the state of
the art. We aimed at combining results which suffer with significantly different
measures from the image variation problems: LDA [2], OLPP [4] and NPE [3].

2 The Integration Scheme

Our multiexpert system significantly differs from the state of art in literature.
The algorithms implemented by the recognition subsystems to classify the input
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face are the ones presented above. The single subsystems cooperate at two dif-
ferent levels. In the first place, they exchange information about the produced
subject lists. Such lists are the final result in traditional systems, while repre-
sent an intermediate result in our one. The exploited protocol is the N-Cross
Testing Protocol [9]. Starting from this basic configuration, each subsystem can
also return a measure of reliability for its own response, which can be used to
better compute the global result. As a further increase in cooperation, a suitable
supervisor module can further exploit reliability measures to obtain the final
response and to update subsystems reliability parameters.

2.1 Reliability Margins

Subsystems involved in a multibiometric architecture might not be equally reli-
able, e.g. due to the possibly different quality of input. An unreliable response
can trigger a further check. A reliability measure is then crucial for fusion. Some
solutions use margins, measuring the “risk” associated to a single subsystem
response after observing its scores. Poh and Bengio [10] introduce a confidence
margin based on False Acceptance Rate (FAR) and False Rejection Rate (FRR).
Many responses are marked as reliable, as the margin relies on an estimate of
the actual distribution of genuine/impostor subjects’ scores. This might be inap-
propriate when very high security is required. Moreover, frequentist approaches
assume that the scores of the testing and development sets always originate from
similar distributions. We adopt the new System Response Reliability (SRR) in-
dex [8], based on a system/gallery dependent metric, and measuring the ability
of separating genuine subjects from impostors on a single probe basis. SRR can
be computed by using as basic elements either the relative distance between the
scores of the two first retrieved distinct identities, or the number of subjects near
to the retrieved identity which are present in the gallery. SRR values always fall
in the range [0, 1]. Each subsystem Tk computes, for each sk,i, i=1, . . . , in its set
of responses, a reliability measure srrk,i. Moreover, each subsystem Tk is char-
acterized by an estimated threshold thk, possibly updated over time [8], such
that a response sk,i is considered as reliable only if srrk,i ≥ thk. In general, thk

thresholds can be adjusted in a tuning phase, according to a set of samples with
similar features to those of the set used for identification (the two sets should
be different and disjoint). The limit is that thresholds do not take into account
the performances of the other subsystems.

2.2 The Supervisor Module

A revisitation of the classical multibiometric schema, where subsystems act in-
dependently, given that a suitable fusion module is able to combine their single
results, takes to global system self-tuning, with a much more flexible and ro-
bust architecture. One of the main limits of the subsystems combined within
classical architectures, and also of the reliability measure in Section 2.1, is that
they do not seize the main advantage of exploiting information coming from
other subsystems. Each component works independently and final results give
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no feedback for the overall system. On the contrary, assume the existence of
a supervisor module, which still exploits single subsystem responses and their
reliability to compute the final global response, but which also uses the latter
to evaluate the overall system state and update its parameters. Such module
would implement an algorithm to update single thresholds also according to
the behavior of the other subsystems, so converging to an optimal configuration
independently from the starting {th1, th2, ...thN} configuration. The algorithm
distinguishes two cases:

– More identities Ij , j ∈ {1, 2, . . . , |H |} share the same maximum number of
votes, e.g. when retrieved identities are all different with 1 vote each. If at
least one Tk in any such group has srrk > thk, the system returns the identity
retrieved by the subsystem with the higher srrk > thk, and the response is
marked as reliable, otherwise the response is marked as unreliable.

– One identity Ij gets more votes than the others. Ij is returned and the
response is marked as reliable.

In both cases, if the response is reliable, each subsystem Tk voting for the re-
turned identity is rewarded by lowering its threshold thk by an updating step
us, unless its current srrk is already above its thk. Each other subsystem Tk is
penalized by increasing its threshold thk by us, unless its current srrk is already
below its thk. In this way the supervisor module lowers thresholds of subsystems
voting in agreement, considering such behavior a confirmation of reliability, and
increases thresholds of discordant ones, compensating possible distortions (local
persistent distortions like lighting variations, dirt on lens).

Such an architecture does not need an adjustment phase, since the system
can start from a default configuration of its parameters and converge in any
case towards an optimal one. The speed to reach such latter configuration is a
significant system feature, so that it is important to define how to measure it.
As we want to simulate the dynamic behavior of an online identification system,
we assume that system time is beaten by performed recognition operations; we
define a probe sequence P = {p1, p2, . . . , pn} as a series of n probes presented
to the system, sharing the same acquisition characteristics (normal conditions,
right light, earrings, dirty lens). A subsystem equilibrium state (steady state) is
given by the consecutive instants when threshold fluctuations are lower than a
fixed μ, while convergence speed of a subsystem λk is defined as the ratio between
the total variation of its threshold between two steady states, and the number
of instants needed to obtain such transition. Total system convergence speed
is defined as the minimum speed among all its subsystems, i.e. λ = minkλk,
k ∈ {1, 2, 3}.

2.3 Integrating the Supervisor Module into the The N-Cross
Testing Protocol

In this architecture, N subsystems Tk, k=1, 2,, N, work in parallel, first in iden-
tification mode and then in look-up mode, and exchange information in fixed
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Fig. 1. The N-Cross Testing Protocol with SRR and Supervisor Module

points (Figure 1). At the beginning, each subsystem creates its own database
of subjects, characterized by a peculiar set of image features. Face image data
are then acquired for the probe subjects according to the specifications of each
subsystem. We can identify three operation phases, namely identification, cross
and testing. In identification phase, the N subsystems start up independently,
by extracting biometric features and computing similarities according to the im-
plemented classifiers. Each Tk, k=1, 2,, N, retrieves a list of candidate subjects
from its specific database of enrolled subjects (gallery), ordered by similarity
with the input: the lower the distance, the higher the similarity. All lists ele-
ments include the ID of a database subject and a numeric score for its similarity
with the input. For a correct fusion, scores from different subsystems are made
consistent through a suitable normalization function. Each subsystem also re-
turns an estimate of its response reliability, namely a value for the SRR index.
SRR is used in the cross operation. Afterwards the cross (verification) phase
starts. Each Tk merges only lists coming from reliable companions. Subsystems
with SRR value below their threshold still work during the fusion process, as
they can receive and merge lists from reliable companions. We remind that each
subsystem own list is not included in the merging operation in any case. In this
way all subsystems produce a merged list, which only contains identities com-
ing from reliable ones. A special case is when only one subsystem is reliable.
During cross operation, all unreliable subsystems only receive its list, which so
coincides with the merged one. The only reliable subsystem does not receive any
list, so that it should return a null subject. This case is handled by adopting a
specific rule, so that a reliable subsystem which does not receive any list during
the cross phase can return its own list as the merged one. Shared subjects get
a single score, which is the average of the original ones. Subjects belonging to only
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one list retain that score. The merged list is resorted. The SRR index assigned
to the first retrieved identity in each merged list Lp, is given by the average of
reliability indexes of subsystems in a set L̃p, namely those contributing to such
list (remind that they must all be reliable), and can be defined as:

LSRRp =
1

|L̃p|
∑

Ti∈L̃p

SRRi. (1)

Each subsystem sends its list to the supervisor module, together with its reliabil-
ity index and with the first element in its merged list. The supervisor module uses
the latter two to compute the final response and to update system thresholds.

3 Experimental Results

Experimental tests have been conducted in order to asses the performance of
the chosen classifiers when run alone or when combined in more collaborative
architectures. The classification methods to use during the experiments were
selected from those described in Section 1, due to their historical reference value
or to their good performances in the two-dimensional setting. They are are LDA,
OLPP, NPE and PIFS.

The sets of face images that have been considered as testing benchmark, were
extracted from AR Faces database [11]. This database contains 126 subjects
(70 men and 56 women) each of them was acquired in two different sessions
with 13 image sets each. Sets differ in expression (1 neutral, 2 smile, 3 anger, 4
scream), illumination (5 left light, 6 right light, 7 all side light), presence/absence
of occlusions (8 sun glasses, 11 scarf), or combinations (9 sun glasses and left
light, 10 sun glasses and right light, 12 scarf and left light, 13 scarf and right
light). Neutral images from the set 1 have been considered as the system gallery.
Seven probes (2, 3, 4, 5, 6, 8, 11) have been used for testing. The face object
detector that we used to locate the relevant regions is open source and based
on Haar features [12], implemented in the OpenCV library [13]. Unfortunately,
any automatic detector available nowadays makes some errors. As a matter of
fact, detection methods make up a research issue by themselves. When errors
happen, they are corrected by hand. After all, the focus of our work is rather on
the ability by a collaborative system to enhance single classifiers performances.
All tests were performed on an Intel Pentium IV, 2.8Ghz with 512 Mb of RAM.
Performances were measured in terms of Recognition Rate (RR), Equal Error
Rate (EER), Cumulative Match Score (CMS), and, when using SRR index,
Number of Reliable Responses (NRR).

The first experiment consisted in analyzing the performances of the different
subsystems, which are summarized in Table 1. In the table, the better obtained
results are in boldface for readability. We can notice that PIFS outperforms
the other classifiers, on a regular basis in relation with RR and in most cases
in relation with EER and CMS computed for rank 5. NPE appears as a fully
complementary competitor, as it reaches the best performances of all classifiers,
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Table 1. Performances of the single classifiers

DATASETS

CLASSIFIERS

LDA OLPP NPE PIFS 

RR EER CMS(5) RR EER CMS(5) RR EER CMS(5) RR EER CMS(5) 

SET 2 0.944 0.044 0.991 0.925 0.094 0.972 0.953 0.028 1.000 0.953 0.039 0.981 

SET 3 0.822 0.075 0.944 0.879 0.135   0.925 0.869   0.043   0.981 0.962 0.036 0.981 

SET 4 0.430   0.170   0.738 0.402   0.251   0.710 0.551   0.091   0.850 0.588 0.108 0.822 

SET 5 0.626   0.095   0.841 0.879   0.102   0.972 0.262   0.118   0.617 0.953 0.020 0.990 

SET 6 0.206 0.108   0.813 0.636   0.132   0.860 0.206   0.175   0.439 0.869 0.076 0.934 

SET 8 0.290   0.208   0.579 0.393   0.232   0.617 0.374   0.127   0.664 0.850 0.06 0.943 

SET 11 0.065   0.325   0.243 0.178   0.352   0.383 0.028   0.429   0.112 0.803 0.123 0.906 

in relation with EER and CMS for rank 5 (see for example EER = 0.028 for
smiling subjects in set 2) just where PIFS obtains suboptimal results, even if
in all other cases it obtains changeable results. From this point of view LDA,
OLPP and NPE all show performances that vary with their robustness to specific
variations. For example, NPE badly reacts to changes in light (sets 5 and 6,
with RR = 0.262 and RR = 0.206 respectively) and even worse to significant
occlusions, with RR = 0.028 and CMS(5) = 0.112 for subjects with scarf in set
11. In the latter case, PIFS is the only classifier reaching more than acceptable
results. Notice the scarce performances of all classifiers with screaming subjects
in set 4. In this case, the best result in relation to RR is obtained by PIFS with
RR = 0.588, which is far below its average behavior. This can be explained with
the fact that, as for screaming subjects, the whole face expression undergoes
a deformation process, especially the mouth region where we have something
comparable to an occlusion. As a matter of fact, the same low performances are
obtained by almost all classifiers with subjects wearing a scarf in set 11.

Given the discussed results, the following tests aimed at investigating if a more
strict cooperation among subsystems running the given classifiers can improve
the best performances obtained by the single methods. The results are reported
in Table 2. We remind that NRR measures the number of reliable responses. As
the simple NCT does not exploit reliability measures, the NRR column in that
case always shows the total number of responses.

The basic N-Cross-Testing architecture provides worse performances than
PIFS alone, as for RR at least, while EER follows an alternating trend. This
is surely due to the fact that the global response is influenced by the scarce
results obtained by the other classifiers. However, it is worth noticing how the
result obtained for the screaming subjects of set 4 is better than PIFS one, that
was the worst for this classifier, and the best till now for that set. In this par-
ticular case, were PIFS performances were low, the contribution of the other
classifiers was significant. This seems to suggest that, when only one classifier
shows a good behavior, its contribution might be overwhelmed by bad results
from the others. However, in a situation where all classifiers encounter some
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Table 2. Performances of N-Cross Testing in different cooperation settings

DATASETS

ARCHITECTURES

SIMPLE
N-CROSS-TESTING

SUPERVISED
N-CROSS-TESTING

RR EER NRR RR EER NRR

SET 2 0.962 0.018 126 0.990 0.004 121 

SET 3 0.971 0.014 126 0.989 0.005 116 

SET 4 0.652 0.17 126 0.962 0.018 94 

SET 5 0.744 0.127 126 0.940 0.029 118 

SET 6 0.584 0.207 126 0.905 0.047 112 

SET 8 0.522 0.238 126 0.849 0.075 102 

SET 11 0.359 0.320 126 0.975 0.012 94 

troubles, unity is strength. The best performances are reached with supervised
NCT, with the addition of a supervisor module providing dynamic feedback to
the single subsystems about the global performances. Both RR and EER give
better results in general, and most of all on the average, and the number of
reliable responses significantly increases even in critical cases. The worst results
are with set 4 and set 11, where about 75% of the responses were considered
as reliable anyway. Notice the values obtained with screaming subjects of set 4.
In this case we pass from RR = 0.588 and EER = 0.108 of PIFS alone (never-
theless, the best result among all classifiers) to RR = 0.962 and EER = 0.018
with supervised NCT, which is the higher proportional improvement obtained
over all considered image sets. Again, the more critical are the identification con-
ditions, the higher the advantage obtained by combining more classifiers. This
latter results fully confirm our working hypotheses.

4 Conclusions

Biometric systems are generally somehow penalized from limits deriving from
the adopted classification techniques. Multibiometric/multiclassifier systems re-
solve a number of problems of single-biometry ones, but suffer from the lack of
communication among subsystems, and from the invariance of their parameters,
making them unable to adapt to changes in the conditions of their working en-
vironment. In this paper, we propose an architecture aiming at overcoming such
limitations, through the introduction of a collaboration protocol and of a super-
visor module. Such additional component collects information from the different
subsystems and exploits them to modify the internal conditions (parameters)
of each subsystem, aiming at improving the global response. The experimental
results show that the tighter is the cooperation among different classifiers, the
better results are obtained. This work opens a line to further investigations,
where aspects such as a deeper action of the supervisor module on the internal
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subsystems state, or template updating, represent potential integrations to the
architecture presented herein.

Acknowledgements

This work has been partially supported by the Provincia di Salerno Administra-
tion, Italy.

References

1. Turk, M., Pentland, A.: Eigenfaces for recognition. Journal of Cognitive Neuro-
science 3, 71–86 (1991)

2. Swets, D.L., Weng, J.J.: Using discriminant eigenfeatures for image retrieval. IEEE
Trans. Pattern Analysis and Machine Intelligence 18, 831–836 (1996)

3. Yan, S., He, X., Cai, D., Zhang, H.-J.: Neighborhood preserving embedding.
In: IEEE International Conference on Computer Vision, ICCV 2005, vol. 2,
pp. 1208–1213 (2005)

4. Han, J., Cai, D., He, X., Zhang, H.-J.: Orthogonal laplacianfaces for face recogni-
tion. IEEE Transactions on Image Processing 15, 3608–3614 (2006)

5. He, F., Kouzani, A.Z., Sammut, K.: Fractal face representation and recognition.
In: IEEE International Conference on Systems, Man, and Cybernetics, vol. 2,
pp. 1609–1613 (1997)

6. Riccio, D., Tortora, G., Abate, A.F., Nappi, M.: Rbs: A robust bimodal system
for face recognition. International Journal of Software Engineering and Knowledge
Engineering 17, 497–514 (2007)

7. Ross, A., Jain, A.K., Qian, J.-Z.: Information fusion in biometrics. In: Bigun,
J., Smeraldi, F. (eds.) AVBPA 2001. LNCS, vol. 2091, pp. 354–359. Springer,
Heidelberg (2001)

8. Riccio, D., De Marsico, M., Abate, A.F., Nappi, M.: Data normalization and fusion
in multibiometric systems. In: International Conference on Distributed Multimedia
Systems, DMS 2007, pp. 87–92 (2007)

9. Riccio, D., De Marsico, M., Abate, A.F., Nappi, M.: Face, ear and fingerprint:
Designing multibiometric architectures. In: Proceedings of the 14th International
Conference on Image Analysis and Processing - ICIAP 2007, pp. 437–442 (2007)

10. Poh, N., Bengio, S.: Improving fusion with margin-derived confidence in biometric
authentication tasks. In: Kanade, T., Jain, A., Ratha, N.K. (eds.) AVBPA 2005.
LNCS, vol. 3546, pp. 474–483. Springer, Heidelberg (2005)

11. Martinez, A.M., Benavente, R.: The ar face database - cvc technical report n.24.
Technical Report (1998)

12. Viola, P., Jones, M.: Rapid object detection using a boosted cascade of simple
features. In: Proceedings of the IEEE Computer Society Conference on Computer
Vision and Pattern Recognition (CVPR), vol. 1, pp. 511–518 (2001)

13. Opencv. Website, 2008-06-06


	A Self-updating Multiexpert System for Face Identification
	Introduction
	The Integration Scheme
	Reliability Margins
	The Supervisor Module
	Integrating the Supervisor Module into the The N-Cross Testing Protocol

	Experimental Results
	Conclusions



<<
  /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
  /CreateJDFFile false
  /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 150
  /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 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 600
  /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

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice




