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ABSTRACT

Liveness detection is an anti-spoofing technique for dealing

with presentation attacks on biometrics authentication sys-

tems. Since biometrics are usually visible to everyone, they

can be easily captured by a malignant user and replicated to

steal someone’s identity. In particular, fingerprints can be

easily reproduced by using gummy materials and attached to

the impostor’s fingertips, making the attack go unnoticed by

security personnel and camera networks. In this paper, the

classical binary classification formulation (live/fake) is sub-

stituted by a deep metric learning framework that can gener-

ate a representation of real and artificial fingerprints and ex-

plicitly models the underlying factors that explain their inter-

and intra-class variations. The framework is based on a deep

triplet network architecture and consists of a variation of the

original triplet loss function. Experiments show that the ap-

proach can perform liveness detection in real-time outper-

forming the state-of-the-art on several benchmark datasets.

Index Terms— Biometrics, Security, Fingerprint, Live-

ness Detection, Deep Learning

1. INTRODUCTION

Currently, anti-spoofing techniques are increasingly becom-

ing critical for biometrics systems since a large number of

people use these technologies to access their personal data

and for security purposes such as passing the security checks

at airports. Among all the weak points of an authentication

system, the biometric scanner is probably the most vulnerable

part since it is in direct contact with the potential malignant

user that wants to log in. The fingerprint scanner is particu-

larly easy to spoof since the pattern on the fingertips can be

easily obtained from a high-resolution photograph or a print

left on various surfaces such as a mug. The pattern can be re-

produced on gummy materials such as silicone and gelatine,

to build a replica that can be directly applied to the sensing

device [1]. At this point, the attacker would be able to fool

the verification system by declaring the identity of the real

owner of the fingerprint. Liveness detection is a technique to

prevent these so called presentation attacks [2], by formulat-

ing a binary classification problem to establish whether the

biometrics under examination comes from the real fingertips

or an artificial replica [3].

Liveness detection systems can be classified into hard-

ware and software systems. Hardware systems [3] use addi-

tional information to spot the characteristics of a living human

fingerprint (e.g., by measuring the pulse [4]). In this work, we

propose a software system, which falls under those techniques

that can be introduced into any sensor software development

toolkit without requiring additional sensing devices.

Previous Work. A significant part of the software based live-

ness detection literature is based on the extraction of different

textural characteristics from the fingerprint pattern, followed

by a binary classifier trained to discriminate between real and

fake samples. For instance, [5] points out that the perspiration

pattern of the skin manifests itself into static and dynamic pat-

terns on the dielectric mosaic structure of the skin. The clas-

sification is performed using a neural network that takes as

input a set of measures extracted from the data.

Recently, different studies [6, 7, 8] took advantage of

the recent breakthroughs of deep learning in perceptual tasks

[9], and have shown their effectiveness for the task of fin-

gerprint liveness detection. In this paper, we principally take

into consideration the approaches of [6] and [8]. In [6] deep

Siamese networks have been considered along with classi-

cal pre-trained convolutional networks. Siamese networks

are used to learn a similarity metric between an enrollment

fingerprint, that is supposed to be a genuine acquisition, and

a real or fake sample coming from the same individual. A

limitation of this framework consists of requiring the enroll-

ment fingerprint to evaluate the liveness of any acquisition.

This is not possible every time since the fingerprint signa-

ture could have already been extracted in terms of minutiae

information and encapsulated into a document such as a bio-

metric passport. In other cases, the fingerprint could have

been extracted using a different sensor, and it is well known

that currently, cross-sensor liveness estimation lacks in ro-

bustness [8]. In [8] different convolutional neural network

architectures have been proposed. Their best performing

model is a VGG [10] architecture, previously trained on the

Imagenet dataset of natural images [11] and then finetuned

on fingerprint datasets.



Main Contribution. In this paper, we propose a liveness

detection framework that overcomes the limitations of the

current deep learning approaches. In particular, thanks to a

patch based representation, it does not require a very deep ar-

chitecture, allowing for mobile and off-line implementations.

Further, it does not require the enrollment fingerprint of the

user being captured. Comparative experiments show that

along with state-of-the-art performance, superior robustness

is achieved on unseen spoof materials.

2. TECHNICAL APPROACH

In this section, we describe the proposed approach for finger-

print liveness detection based on triplet loss embedding. From

a training set of real and fake fingerprints, we collect a ran-

dom fixed sized patch from each image. The patches are then

arranged in a certain number of triplets {xi, x
+
j , x

−
k }, where

xi (anchor) and x+
j are two examples of the same class, and

x−k comes from the other class. We alternatively set the an-

chor to be a real or a fake fingerprint patch.

The architecture is composed of three convolutional net-

works with shared weights, so that three patches can be

processed at the same time and mapped into a common fea-

ture space. The single embedding network is inspired by [12]

where max-pooling units, widely used for down-sampling

purposes, are replaced by simple convolution layers with

increased stride. Table 2 contains the list of the operations

performed by each layer of the embedding networks.

We denote by r(·) the representation of a given patch

obtained from the output of one of the three networks. The

deep features obtained from the live and fake fingerprints

are compared in order to extract an intra-class distance

d(r(x), r(x+)) and an inter-class distance d(r(x), r(x−)).
The objective is to capture the cues that make two finger-

prints both real or fake. The real ones come from different

people and fingers, and their comparison is performed to find

Table 1. The architecture of the proposed embedding net-

work. In the first column, the convolution filter size (FC -

fully connected layer) along with stride (convolution sam-

pling steps) and the amount of zero added to the sides, fea-

ture mapping, eventual batch normalization (BN) and non-

linearity (ReLU - Rectified Linear Unit or SoftMax).
Layer description Output size

Input: 32x32 gray level image 1x32x32

5x5 conv, stride=1, 1 → 64 + BN + ReLU 64x28x28

3x3 conv, stride=2, Pad=1, 64 → 64 64x14x14

3x3 conv, stride=1, 64 → 128 + BN + ReLU 64x12x12

3x3 conv, stride 2, Pad=1, 128 → 128 128x6x6

3x3 conv, stride=1, 128 → 256 + BN + ReLU 256x4x4

3x3 conv, filters, stride=2, Pad=1, 256 → 256 256x2x2

FC 4x256 → 256 + Dropout p = 0.4 + ReLU 256

FC 256 → 256 + SoftMax 256

some characteristics that make them genuine. At the same

time, fake fingerprints come from numerous subjects and can

be built using several materials. The objective is to detect

anomalies that characterize fingerprints coming from a fake

replica, without regard to the material they are made of.
Given a set of triplets {xi, x

+
j , x

−
k }, where xi is the an-

chor, and x+
j and x−k are respectively two examples of the

same and the other class, the objective of the original triplet

loss [13] is to give a penalty if the following condition is vio-

lated:

d(r(xi), r(x
+
j ))− d(r(xi), r(x

−
k )) + 1 ≤ 0 (1)

At the same time, we would like to have the examples of the

same class as close as possible so that, when matching a new

fingerprint against the reference patches of the same type, the

distance d(r(xi), r(x
+
j )) is as small as possible. If we denote

by y(xi) the class of a generic patch xi, we can obtain the

desired behavior by formulating the following loss function:

L =
∑
i,j,k

{
c(xi, x

+
j , x

−
k ) + βc(xi, x

+
j )

}
+ λ‖θ‖2 (2)

where θ is a one-dimensional vector containing all the train-

able parameters of the network, y(xi) = y(xj), y(x
−
k ) �=

y(xi) and:

c(xi, x
+
j , x

−
k ) =

∣∣d(r(xi), r(x
+
j ))− d(r(xi), r(x

−
k )) + 1

∣∣
+

(3a)

c(xi, x
+
j ) = d(r(xi), r(x

+
j )) (3b)

where c(xi, x
+
j , x

−
k ) is the inter-class and c(xi, x

+
j ) the intra-

class distance term. λ‖θ‖2 is an additional weight decay term

added to the loss function for regularization purposes. During

training, we compute the subgradients and use backpropaga-

tion through the network to get the desired representation.

After a certain number of iterations k, we periodically

generate a new set of triplets by extracting a different patch

from each training fingerprint. It is essential to avoid updat-

ing the triplets after too many iterations because it can result

in overfitting. At the same time, generating new triplets too

often or mining hard examples can cause convergence issues.

For testing the liveness of a new fingerprint, any dis-

tance among bag of features such as the Hausdorff dis-

tance, can be used in order to match the query fingerprint

Q = {r(Q1), r(Q2), . . . , r(Qp)} against the reference sets

RL and RF . Since the training objective drastically pushes

the distances to be very close to zero or one, a decision on the

liveness can be made by setting a single threshold τ = 0.5. It

is also faster since it does not involve sorting out the distances.

Given a fingerprint Q, for each patch Qj we count how

many distances for each reference set are below the given

threshold:

D(RL, Qj) = |{i ∈ {1, . . . , n} : d(RLi , Qj) < τ}| (4a)

D(RF , Qj) = |{i ∈ {1, . . . , n} : d(RFi , Qj) < τ}| (4b)



Then, we make the decision evaluating how many patches be-

long to the real or the fake class:

y(Q) =

{
real if

∑p
j=1 D(RL, Qj) ≥

∑p
j=1 D(RF , Qj)

fake otherwise

(5)

The above method can also be applied in scenarios where

multiple fingerprints are acquired from the same individual,

as usually happens on passport checks at airports. For in-

stance, the patches coming from different fingers can be ac-

cumulated to apply the same majority rule of Eq. (5), or the

decision can be made on the most suspicious fingerprint. See

Figure 1 for a comparison between our framework and the

Siamese approach proposed by [6].

3. EXPERIMENTS

We evaluate the proposed approach (TNet) with ten of the

most popular benchmark for fingerprint liveness detec-

tion. We compare our method with state-of-the-art methods,

specifically the pre-trained networks of [6] and [8], the Local

Contrast Phase Descriptor LCPD [14] and the dense Scale

Invariant Descriptor SID [15]. We strictly follow the com-

petition rules using the training/test splits provided by the

organizers. To establish the robustness to unseen materials,

we instead follow the setup of [6].

Datasets. The LivDet datasets [16, 17, 18] were released

since the first international fingerprint liveness detection com-

petition, with the aim of becoming a reference and allowing

researchers to compare the performance of their algorithms or

systems. The organizers released several datasets, acquired

using different fingerprint sensors and using different mate-

rials to produce the counterfeit replicas. Both LivDet 2009

and 2011 datasets have been obtained using the cooperative

method, simulating the case where the victim voluntarily puts

his/her finger on some moldable material. In the LivDet 2013

[18] competition instead, two datasets, Biometrika and Ital-

data, have been acquired using the non-cooperative method.

That is, latent fingerprints have been collected from a sur-

face, and then printed on a circuit board to generate a three-

dimensional structure of the fingerprint that can be used to

build a mold.

The size of the images, the scanner resolution, the number

of subjects/samples and the materials used to fill the molds

can be found on the reports published by the organizer of the

competition [16, 17, 18].

Preprocessing. Since the images coming from the scanners

contain a wide white area surrounding the fingerprint, we seg-

ment the images to avoid extracting background patches. We

employ a simple classification rule based on the variance of

the pixels. To exclude background noise that can interfere

with the segmentation, we compute the connected compo-

nents of the foreground mask and take the fingerprint region

as the one with the largest area. To get a smooth segmenta-

tion, we generate the convex hull image from the binary mask

using morphological operations.

Experimental Setup. For all the experiments, we evaluate

the performance in terms of Average Classification Error

(ACE). It is the average of the current standardized ISO/IEC

30107 metrics: the Normal Presentation Classification Error

Rate (NPCER) and the Attack Presentation Classification Er-

ror Rate (APCER). Since the competition did not include a

validation set, we reserved a fixed amount of 120 fingerprints

for each dataset.

The triplets set for training is generated by taking one

patch from each fingerprint and arranging them alternatively

in two examples of one class and one of the other class. The

set is updated every k = 100, 000 triplets that are fed to

the networks in batches of 100. We use stochastic gradi-

ent descent to minimize the triplet loss function, setting a

learning rate of 0.5 and a momentum of 0.9. The learning

rate is annealed so that after ten epochs it is reduced by half.

The weight decay term of Eq. (2) is set to λ = 10−4 and

β = 0.002 as in [19].

After each epoch, we check the validation error. Instead

of using the same accuracy measured at test (the average clas-

sification error), we construct 100, 000 triplets using the val-

idation set patches but taking as anchor the reference patches

selected from the training set and used to match the test sam-

ples. The error consists of the number of violating triplets and

reflects how much the reference set failed to classify patches

never seen before. Instead of fixing the number of iterations,

we employ early stopping based on the concept of patience

[20]. Each time the validation error decrease, we save a snap-

shot of the network parameters, and if in 20 consecutive it-

erations the validation error has not diminished, we stop the

training and evaluate the accuracy on the test set using the last

saved snapshot.

Experimental Results. In this section, we present the perfor-

mance of the proposed fingerprint liveness detection system

in different scenarios.

In Table 2 we list the performance in terms of average

classification error on the LivDet competition test sets. With

Table 2. Average Classification Error on the test datasets.
Dataset TNet VGG [8] LCPD [14] SID [15]

Biometrika’09 0.71 4.1 1 3.8

CrossMatch’09 1.57 0.6 3.4 3.3

Identix’09 0.044 0.2 1.3 0.7

Biometrika’11 5.15 5.2 4.9 5.8

Digital’11 1.85 3.2 4.7 2.0

Italdata’11 5.1 8 12.3 11.2

Sagem’11 1.23 1.7 3.2 4.2

Biometrika’13 0.55 1.8 1.2 2.5

Italdata’13 0.5 0.4 1.3 2.7

Swipe’13 0.66 3.7 4.7 9.3

Average 1.74% 2.89% 3.8% 4.5%
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Fig. 1. Comparison between the (a) Siamese [6] and our (b) triplet architecture. While the Siamese network requires the

enrollment database, our method evaluates the liveness by comparison with the same fingerprint set of patches used for training.

Table 3. Robustness to unseen materials on Biometrika 2013.

Training Testing TNet Siamese [6] GoogLeNet [6]

ACE APCER NPCER ACE APCER NPCER ACE APCER NPCER

All All 0.55% 0% 1.1% 6.95% 6.1% 7.8% 3.4% 4.3% 2.5%

All Ecoflex 0% 0% 0% 6.35% 4.9% 7.8% 1.25% 0% 2.5%

All Gelatin 0% 0% 0% 13.85% 19.9% 7.8% 6.25 10% 2.5%

All Latex 0.25% 0% 0.5% 4.95% 2.1% 7.8% 3.5% 4.5% 2.5%

All Modasil 1% 0% 2% 4.85% 1.9% 7.8% 2.75% 3% 2.5%

All WoodGlue 1.5% 0% 3% 6.85% 7.8% 5.9% 3.25% 4% 2.5%

All w/o Ecoflex All 1.45% 2.4% 0.5% 5.2% 6.1% 4.3% 3.8% 3.2% 4.4%

All w/o Ecoflex Ecoflex 0.3% 0% 0.6% 3.4% 2.5% 4.3% 2.2% 0% 4.4%

All w/o Gelatin All 2.5% 4.8% 0.2% 4.7% 4.7% 4.7% 7.25% 7% 7.5%

All w/o Gelatin Gelatin 2.5% 4.7% 0.3% 11.65% 18.3% 5% 11.6% 21% 2.2%

All w/o Latex All 1.7% 2.7% 0.7% 12.6% 17.7% 7.5% 3.5% 5.5% 1.5%

All w/o Latex Latex 1.35% 2% 0.7% 9.5% 11.5% 7.5% 4.8% 8% 1.6%

All w/o Modasil All 1.6% 2.5% 0.7% 3.35% 3.9% 2.8% 3.7% 4.8% 2.6%

All w/o Modasil Modasil 0.7% 0.5% 0.7% 1.4% 0% 2.8% 3.1% 3.5% 2.7%

All w/o WoodGlue All 1.25% 1.8% 0.7% 7.25% 10% 4.5% 3.45% 3.4% 3.5%

All w/o WoodGlue WoodGlue 0.55% 0.5% 0.6% 9.35% 14.2% 4.5% 2.5% 1.5% 3.5%

respect to the currently best-performing methods [8, 14, 15]

we obtained competitive performance for all the datasets, es-

pecially for Italdata 2011, and Swipe 2013. Overall, our ap-

proach has an average error of 1.74% in comparison to the

2.89% of [8]. We point out that we did not use the dataset

CrossMatch 2013 for evaluation purposes because the orga-

nizers of the competition found anomalies in the data and dis-

couraged its use for comparative evaluations [21].

In Table 3 we show the performance in the cross-material

scenario, simulating the case where a material unknown at

training is given as a presentation attack. Also in this case, our

approach is very competitive with respect to the pre-trained

deep networks and the Siamese architecture of [6]. The spoof-

ing materials easiest to detect are Ecoflex and Modasil with an

average error of 0.3% and 0.6%, respectively. Gelatin is in-

stead the most dangerous one since it presents an APCER of

nearly 5%, way higher than the false negatives of other mate-

rials when hidden from training. Therefore, it is important to

include gelatin samples to the training set to lower the classi-

fication error for all the materials.

The time to compute the deep representation from a sin-

gle fingerprint, extracting 100 patches, is of 0.6ms using a

single GPU and 0.3s using a Core i7-5930K 6 Core 3.5GHz

desktop processor (single thread). The matching procedure

takes 5.2ms on a single GPU and 14ms on the CPU. Finally,

the training process converges after an average of 135 iter-

ations. At each training iteration, the networks take 84s to

handle 100, 000 triplets. On validation, since the weights are

not updated, only 20s are required.

4. CONCLUSIONS

In this paper, we introduced a novel framework for fingerprint

liveness detection which incorporates the recent advance-

ments in deep metric learning. We validated the effectiveness

of our approach in a scenario where the test fingerprints are

acquired using the same sensing devices used for training. We

also evaluated the robustness against unseen spoof materials

for a particular sensor device. We obtained competitive or

better performance for all the datasets. The method is found

to be suitable for practical applications.

5. ACKNOWLEDGMENT

This work was supported in part by NSF grant 1330110 and

ONR grant N00014-12-1-1026 . The contents of the informa-

tion do not reflect the position or policy of US Government.



6. REFERENCES

[1] T. Matsumoto, H. Matsumoto, K. Yamada, and

S. Hoshino, “Impact of artificial “gummy” fingers

on fingerprint systems,” in Proceedings, Conference
on Optical Security and Counterfeit Deterrence Tech-
niques, 2002, vol. 4677, pp. 275–289.

[2] C. Sousedik and C. Busch, “Presentation attack detec-

tion methods for fingerprint recognition systems: a sur-

vey,” IET Biometrics, vol. 3, no. 4, pp. 219–233, 2014.

[3] J. Galbally, S. Marcel, and J. Fierrez, “Biometric anti-

spoofing methods: A survey in face recognition,” IEEE
Access, vol. 2, pp. 1530–1552, 2014.

[4] K. Seifried, “Biometrics-what you need to know,” Se-
curity Portal, vol. 10, 2001.

[5] R. Derakhshani, S. A. C. Schuckers, L. A. Hornak, and

L. O’Gorman, “Determination of vitality from a non-

invasive biomedical measurement for use in fingerprint

scanners,” Pattern Recognition, vol. 36, no. 2, pp. 383–

396, 2003.

[6] E. Marasco, P. Wild, and B. Cukic, “Robust and interop-

erable fingerprint spoof detection via convolutional neu-

ral networks (hst 2016),” in Proceedings, IEEE Sympo-
sium on Technologies for Homeland Security, 2016, pp.

1–6.

[7] D. Menotti, G. Chiachia, A. Pinto, W. R. Schwartz,

H. Pedrini, A. X. Falcao, and A. Rocha, “Deep rep-

resentations for iris, face, and fingerprint spoofing de-

tection,” IEEE Transactions on Information Forensics
and Security, vol. 10, no. 4, pp. 864–879, 2015.

[8] R. F. Nogueira, R. de Alencar Lotufo, and R. C.

Machado, “Fingerprint liveness detection using convo-

lutional neural networks,” IEEE Transactions on Infor-
mation Forensics and Security, vol. 11, no. 6, pp. 1206–

1213, 2016.

[9] I. Goodfellow, Y. Bengio, and A. Courville, Deep
Learning, MIT Press, 2016, http://www.
deeplearningbook.org.

[10] K. Simonyan and A. Zisserman, “Very deep convo-

lutional networks for large-scale image recognition,”

arXiv preprint arXiv:1409.1556, 2014.

[11] Olga R., Jia D., Hao S., Jonathan K., Sanjeev S., Sean

M., Zhiheng H., Andrej K., Aditya K., Michael B.,

Alexander C. B., and Li F., “Imagenet large scale visual

recognition challenge,” International Journal of Com-
puter Vision, vol. 115, no. 3, pp. 211–252, 2015.

[12] J. T. Springenberg, A. Dosovitskiy, T. Brox, and

M. Riedmiller, “Striving for simplicity: The all con-

volutional net,” arXiv preprint arXiv:1412.6806, 2014.

[13] E. Hoffer and N. Ailon, “Deep metric learning using

triplet network,” in Proceedings, International Work-
shop on Similarity-Based Pattern Recognition (SIMBAD
2015). Springer, 2015, pp. 84–92.

[14] D. Gragnaniello, G. Poggi, C. Sansone, and L. Verdo-

liva, “Local contrast phase descriptor for fingerprint

liveness detection,” Pattern Recognition, vol. 48, no.

4, pp. 1050–1058, 2015.

[15] D. Gragnaniello, G. Poggi, C. Sansone, and L. Verdo-

liva, “An investigation of local descriptors for biomet-

ric spoofing detection,” IEEE Transactions on Informa-
tion Forensics and Security, vol. 10, no. 4, pp. 849–863,

2015.

[16] G. L. Marcialis, A. Lewicke, B. Tan, P. Coli, D. Grim-

berg, A. Congiu, A. Tidu, F. Roli, and S. Schuckers,

“First international fingerprint liveness detection com-

petition — livdet 2009,” in Proceedings, International
Conference on Image Analysis and Processing (ICIAP
2009). 2009, pp. 12–23, Springer Berlin Heidelberg.

[17] D. Yambay, L. Ghiani, P. Denti, G. L. Marcialis, F. Roli,

and S. Schuckers, “Livdet 2011 - fingerprint liveness

detection competition 2011,” in Proceedings, IAPR In-
ternational Conference on Biometrics (ICB 2011), 2012,

pp. 208–215.

[18] L. Ghiani, D. Yambay, V. Mura, S. Tocco, G. L. Mar-

cialis, F. Roli, and S. Schuckcrs, “Livdet 2013 fin-

gerprint liveness detection competition 2013,” in Pro-
ceedings, International Conference on Biometrics (ICB
2013), 2013, pp. 1–6.

[19] D. Cheng, Y. Gong, S. Zhou, J. Wang, and N. Zheng,

“Person re-identification by multi-channel parts-based

cnn with improved triplet loss function,” in Proceed-
ings, IEEE Conference on Computer Vision and Pattern
Recognition (CVPR 2016), 2016.

[20] Y. Bengio, “Practical recommendations for gradient-

based training of deep architectures,” in Neural Net-
works: Tricks of the Trade, pp. 437–478. Springer, 2012.

[21] L. Ghiani, D. A. Yambay, V. Mura, G. L. Marcialis,

F. Roli, and S. A. Schuckers, “Review of the fingerprint

liveness detection (livdet) competition series: 2009 to

2015,” Image and Vision Computing, 2016 (in press).



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Required"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


