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ABSTRACT
Current prevailing approaches for misaligned face recogni-

tion achieve satisfactory accuracy. However, the efficiency

and scalability have not yet been well addressed, which

limits their applications in practical systems. To address

this problem, we propose a highly efficient algorithm for

misaligned face recognition, namely misalignment-robust

locality-constrained representation (MRLR). Specifically, M-

RLR aligns the query face by appropriately harnessing the

locality constraint in representation. Since MRLR avoid-

s the exhaustive subject-by-subject search in datasets and

complex operation on large matrix, the efficiency is signifi-

cantly boosted. Moreover, we take the advantage of the block

structure in dictionary to accelerate the derived analytical so-

lution, making the algorithm more scalable to the large-scale

datasets. Experimental results on public datasets show that

MRLR substantially improves the efficiency and scalability

with even better accuracy.

Index Terms— Face recognition, misalignment-robust,

efficiency, scalability

1. INTRODUCTION

This paper aims to propose a highly efficient and scalable

misaligned face recognition algorithm. Since the success of

Sparse Representation Classification (SRC) [1] and its vari-

ants [2, 3, 4, 5], the accuracy and robustness of face recogni-

tion have been greatly improved. However, the computation-

al cost increases in unconstrained environment. For example,

[5] and [6] use an exhaustive subject-by-subject search strat-

egy to simultaneously align and recognize the query face. It

is extremely time-consuming and impractical for a real-world

systems. For this reason, it is crucial to accelerate the compu-

tation of misaligned face recognition.

*corresponding author. This work is partially supported by the Na-

tional Natural Science Foundation for Young Scientists of China (Grant no.

61402289) and Shenzhen Scientific Research and Development Funding Pro-

gram (Grant no. JCYJ20140509172609171).
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Fig. 1: An Illustration of MRLR. The red bounding box denotes the input

estimate and the green one is the output estimate. MRLR works iteratively.

There are a few previous work along this research line.

Transform-invariant sparse representation (TSR) [7] adds de-

formations in training set, simultaneously recovering the im-

age transformation and representation coefficients. Howev-

er, solving l1 minimization problem on huge matrix limits its

efficiency. Robust alignment by sparse representation (RAS-

R) [5] and sparse illumination transfer (SIT) [6] aligns the

testing image to training samples of each subject, then warp-

s training set and testing image to a unified transformation

for recognition. The exhaustive search effectively finds the

global optima, but it is extremely time-consuming, especially

when the subject number is large. [8] proposed the efficien-

t misalignment-robust representation (MRR) for face recog-

nition. By performing singular value decomposition (SVD),

they use the principal components of training set for repre-

sentation and reduce the computational complexity. However,

SVD operation therein is still time and memory consuming,

preventing MRR from being applied in large-scale datasets.

The aforementioned approaches ignore the high simi-

larity among faces of different identities. Instead of using

the training samples of every subject, we propose to use

the locality-constrained training set for alignment. With ap-

propriate locality-constrained coefficients regularization, the



training set becomes more adaptive to the testing image. In

the course of alignment, we update the locality-constrained

coefficients according to the latest transformation. After

several iterations, the algorithm eventually converges to the

accurate transformation, as demonstrated by experiments.

Our major contributions are summarized as follows:

• We propose a misalignment-robust locality-constrained

representation (MRLR) for robust face recognition, as il-

lustrated in Fig. 1. MRLR avoids the exhaustive search

in every subject of the training set, greatly reducing the

computational time.

• An analytical solution for the optimization could be de-

rived. Moreover, we could further simplify the solution by

making use of the block structure of the deformable ma-

trix. The simplified solution is not sensitive to the scale of

training set and make this approach scalable.

• The proposed algorithm do not sacrifice any accuracy per-

formance, which is demonstrated by experiments.

2. PRELIMINARIES

Each grayscale frontal face image is stacked into a vector d ∈
R

m, called atom. Combining n atoms together constitutes a

global dictionary D = [d1,d2, ...,dn] ∈ R
m×n. Assume that

training samples belong to k distinct classes, and the gallery

images of the ith class is denoted by a sub-dictionary Di .

According to [9], an aligned testing sample y ∈ R
m can be

well represented as a linear combination of atoms in D . The

robust face recognition can be formulated as

min
x,e
‖x‖1 + ‖e‖2 s.t. y = Dx+ e (1)

from which we can recover the sparse representation x ∈ R
n ,

and classify it based on the minimal residual ‖y−Diδi(x)‖2,

where δi(x) is a new vector whose entries are zeros expect

keeping those in x associated with class i . e ∈ R
m is the

reconstruction error between the recovered and testing image.

Now we consider the misaligned face recognition prob-

lem. A warped testing image, denoted by yw = y ◦ τ−1,

is subject to some misalignment. ◦ denotes a nonlinear oper-

ator, transforming the image y by τ−1, where τ−1 belongs

to a finite-dimensional group T of transformation in image-

plane, e.g. similarity transformation. The warped testing im-

age yw does not linearly span on the original subspace. In

other words, the sparse representation xw with respect to yw

may not reveal its label. [5] proposed to exhaustive search the

transformation τ in sub-dictionary of each subject for align-

ment, as formulated in Eq. (2).

min
x,e
‖x‖1 + ‖e‖2 s.t. yw ◦ τ = Dix+ e (2)

Although RASR performs well in misaligned face recogni-

tion, it is extremely time- and computation-consuming. We

can easily see that Eq. (2) need to repeatedly and iteratively

solve �1 minimization problem in k subjects. In this recogni-

tion framework, face alignment dominates the time complex-

ity. Therefore an efficient alignment method for face recogni-

tion is the key to reduce computational time.

3. THE PROPOSED METHOD

3.1. Formulation of MRLR

The problem in Eq. (2) is nonlinear. According to [10, 19],

a small deformation in transform can be approximately lin-

earized as yw ◦ (τ + Δτ ) = yw ◦ τ + JΔτ , where J =
∂
∂ryw ◦ τ is the Jacobian of yw ◦ τ with respect to τ . If an

initial τ is given, we can repeatedly search for an optimal Δτ
to update τ and J . Eventually the final τ will be obtained to

align the warped image yw. We replace �2 norm constraint by

local constraint and obtain the formulation of MRLR.

min
x,e
‖c� x‖22 + ‖e‖22 s.t. yw + JΔτ = Dx+ e (3)

where the notation � means the element-wise multiplication

between two vectors, and c ∈ R
n×1 is the locality adaptor

that gives different penalties on the coefficients x.

Different from [10, 11], which utilized local constraint for

recognition, MRLR explicitly incorporate the locality in the

dictionary construction for alignment. The efficiency of the

MRLR model lies in two folds. First, An analytical solution

for MRLR can be derived , which is much faster than solv-

ing �1 norm minimization. Second, we take advantage of the

block matrix inverse to design a highly efficient algorithm,

which obtains exactly the same solution in shorter time. The

MRLR algorithm is summarized as follows.

Algorithm 1 The MRLR algorithm for Face Alignment

Require: The dictionary of training samples D, the warped testing

image yw, the initial transformation τ (it can be obtained by any

off-the-shelf face detector, e.g. Viola-Jones detector), a constant

σ.

Ensure: The aligned face y
1: while not converge or reach maximal iteration do
2: Compute the locality adaptor: c ← exp(D

T y
σ

), for all i,
ci ← max(c)− ci.

3: j ← 1.

4: while not converge or reach maximal iteration do
5: ŷw(τj−1)← yw◦τj−1

‖yw◦τj−1‖2 , J ← ∂
∂τj−1

ŷw(τj−1)|τj−1 .

6:

Δτ = arg min
Δτ ,x,e

‖c� x‖22 + ‖e‖22
s.t. ŷw(τj) + JΔτ = Dx+ e

.

7: τj ← τj−1 +Δτ .

8: j ← j + 1.

9: end while
10: τ ← τj , τ0 ← τj .

11: end while
12: Output the final aligned face y = yw ◦ e.



3.2. Efficient Solving Algorithm

This section presents a highly efficient solution for the MRLR

algorithm. By analyzing Algorithm 1, we find the optimiza-

tion in step 6 dominates the overall computational time. Al-

though it has an analytical solution, it contains the inversion

operation of a large-size matrix. We aim to take advantage of

the block structure of the matrix to decompose the inversion.

We first reformulate the optimization in Step 6 as

Δτ = min
Δτ
‖Cx‖22 + ‖e‖22 s.t. ŷw + JΔτ = Dx+ e (4)

where C is a diagonal matrix with the diagonal elements be-

ing the locality adaptor vector c. We can further substitute

e = ŷw − [D,−J ]
[

x
Δτ

]
into Eq. (4), we have

Δτ = arg min
x,Δτ

‖Cx‖22 +
∥
∥
∥
∥
ŷw − [D,−J ]

[
x
Δτ

]∥
∥
∥
∥

2

2

= arg min
x,Δτ

∥
∥
∥
∥

[
ŷw

0

]

−
[

D −J
C 0

] [
x
Δτ

]∥
∥
∥
∥

2

2

= argmin
z
‖u−Rz‖22

(5)

where u, R and z denote

[
ŷw

0

]
,

[
D −J
C 0

]
and

[
x
Δτ

]

respectively. It becomes a least square problem whose ana-

lytical solution is z = (RTR)−1RTu. As one can see, the

computational complexity is still high due to the large size of

R. Actually, the efficiency and the scalability can be greatly

boosted if we make good use of the block structure of the

matrix R.

Using the block matrix inversion, we can rewrite the ana-

lytical solution as

z = (RTR)−1RTu

=

([
DT CT

−JT 0

] [
D −J
C 0

])−1[
DT C
−JT 0

] [
ŷw

0

]

=

[
DTD +CTC −DTJ
−JTD JTJ

]−1[
DT

−JT

]

ŷw

=

⎡

⎢
⎢
⎣

Z−1
1

(DTD +CTC)−1

× (DTJ)Z−1
2

Z−1
2 (JTD)×

(DTD +CTC)−1 Z−1
2

⎤

⎥
⎥
⎦

[
DT

−JT

]

ŷw

(6)

We denote DTD +CTC, DTJ and JTJ as T1, T2 and T3

respectively. In particular, T1 and T−1
1 can be pre-calculated

before the inner iteration from Step 4 to Step 9. The other

variables Z1 and Z2 can be represented as Z−1
1 = (T1 −

T2T
−1
3 T T

2 )−1 and Z−1
2 = (T3−T T

2 T−1
1 T2)

−1. Eq. (6) can

be represented as

z =

[
x
Δτ

]

=

[
Z−1

1 (DT ŷw)− T−1
1 T2Z

−1
2 (JT ŷw)

Z−1
2 T T

2 T−1
1 (DT ŷw)−Z−1

2 (JT ŷw)

]

(7)

Note that the purpose of the face alignment is to search a

deformation step Δτ , so computing x is unnecessary. With-

out computing x, we can save greatly reduce the computa-

tion. Moreover, as mentioned in [12], since c usually im-

poses weak constraint on only a few atoms, suppressing most

of the atoms. We can simply keep the smallest s, (s � n)
entries in c and force other entries to be positive infinity. It

further accelerates the coding (This strategy is termed as M-

RLR2, while the former proposed one is termed as MRLR1).

We can summarize that the computational complexity is de-

creased fromO (
n3 +mn2

)
toO (

pn2 + pmn
)

for MRLR1.

The constant p is the dimension of τ , which is determined

by the transformation group. (e.g. 4 for similarity transfor-

mation, 6 for affine transformation, so p = 4 in this paper).

Furthermore, the MRLR2 only remains s atoms in locality-

constrained dictionary, its complexity can be accordingly in-

ferred as O (
ps2 + pms

)
, much less than the original one.

4. EXPERIMENTS

We conduct experiments on face database in constrained

and unconstrained conditions, including Extended Yale B

[13], CAS-PEAL [14] and Labeled Faces in the Wild (LFW)

dataset [15]. Comprehensive evaluations on MRLR in terms

of region of attraction, recognition rate, running time and

scalability are presented. The experimental results show that

MRLR achieves competitive performance with much less

running time, and scales better in large datasets.

4.1. Implementation details

In MRLR2 and MRR, the length (the number of atoms) of dic-

tionary for alignment is fixed to 20 for fair comparison. We

basically follow the same setting in [5], 10 classes after first

stage are remained in MRR and RASR, and one project ma-

trix of 500 rows is used in TSR. The illumination dictionary in

[6] follows its original setup, and the amount of illumination

atoms is 30 in all experiments. The maximum iteration of out-

er and inner loop for MRLR in these methods are consistently

set to 3 and 30. The l1-minimization algorithm uses the Aug-

mented Lagrange Multiplier [16]. Matlab code is available at

https://github.com/ydwen/MRLR/.

4.2. The region of attraction

The region of attraction evaluates the robustness against 2D

deformations. We compare MRLR with TSR [7], RASR [5],

MRR [8] and SIT [6] on Extended Yale B database, which in-

cludes 2414 images of 38 subjects. We use the uncropped im-

ages of 28 subjects in experiments. 32 training images per cat-

egory are randomly selected, and the rest are used for testing.

All the training images are resized to 80× 70. We get access

to the ground truth of eyes and add perturbation to them. Then

we calculate the corresponding recognition accuracy under

various initial transformations. One can see that MRLR per-

forms well and stably within a certain range of misalignment,
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Fig. 2: The region of attraction. (The amount of translation is given as a fraction of the distance between eyes) (a) Translation in the Y-direction only. (b)

Translation in the X-direction only. (c) In-plane rotation only. (d) Scale variation only.

e.g. 20 percent translation in x direction (14-16 pixels), 20

degree rotation or 30 percent scale variation. It significantly

enhances the robustness of practical recognition, because the

average misalignment of a face detector safely falls within 10

percent translation and 8 percent scale variation. MRLR1 and

MRLR2 perform almost the same as RASR, demonstrating

that locality-constrained representation effectively avoids lo-

cal minima.

4.3. Recognition performance and running time

We conduct the recognition experiments on Extended Yale

B, CAS-PEAL and LFW datasets. For Extended Yale B, we

adopt the same settings in the previous section. For CAS-

PEAL and LFW, 20 subjects were chosen, each of them in-

cluding more than 32 images. We randomly selected 20 im-

ages per subject and resized them to 80×70 for training, then

test on the remaining 12 images. The initial τ0 are automat-

ically given by Viola-Jones detector [17]. Table 1 gives the

recognition rates and average running time.

Table 1: The recognition accuracy (%) and running time (s) on Extended

Yale B, CAS-PEAL and LFW datasets.

Method

Extended Yale B CAS-PEAL LFW

Acc. Time Acc. Time Acc. Time

TSR 81.61 7.396 86.96 4.2695 73.63 4.3477

RASR 92.42 9.7587 89.92 5.4466 81.43 5.9201

MRR 90.95 0.7773 90.00 0.5684 78.84 0.6339

SIT 84.53 9.9823 86.76 6.0329 55.91 6.3751

MRLR1 92.31 0.6207 89.76 0.3307 82.98 0.3403

MRLR2 92.53 0.1783 90.43 0.1462 81.75 0.1840

From table 1 we can observe that 1) MRLR achieve the

competitive performance (92.53%, 90.43% and 82.98%) in

three datasets, slightly better than RASR (92.42%, 89.92%

and 81.43%). 2) MRLR takes only 0.18 and 0.15 second-

s to deal with a testing image, roughly accelerate 4×, 55×,

41×and59× compared to MRR, RASR, TSR and SIT re-

spectively. Because the dictionary for alignment consists of

illumination dictionary (outside samples) and single training

sample per class, it shares the same scale with RASR, result-

ing in similar running time. The experimental results demon-

strate the effectiveness and efficiency of MRLR.

4.4. Scalability

We vary the number of subject from 10 to 100 and resize the

images from 40 × 35 to 160 × 140, to evaluate the scala-

bility of our algorithm on CAS-PEAL. Table 2 and Table 3

show the experimental results. One can observe that TSR,

RASR and SIT cost too much time, far from being applica-

ble in real-time systems. The running time of TSR remains

relatively stable as the dimension increases, but rises linearly

with more subjects. MRR maintains excellent real-time ca-

pability with the growth of the subject number. However, its

running time rises dramatically when the resolution of image

increasing. Unlike the abovementioned approaches, MRLR1

and MRLR2 are not very sensitive to the dimension or num-

ber of subjects, preserving competitive performance. MRLR2

costs the least running time and the lowest increasing rate as

we enlarge the dimension or number of subjects, showing the

best scalability among state-of-the-art approaches.

Table 2: Running time (s) under different dimensions (image size).

Method 40×35 64×56 80×70 120×105 160×140

TSR 3.645 3.861 4.270 4.672 5.468

RASR 3.499 4.452 6.110 10.324 17.111

MRR 0.133 0.342 0.593 2.259 5.997

SIT 3.564 4.637 6.565 11.035 19.215

MRLR1 0.085 0.195 0.331 0.569 0.940

MRLR2 0.066 0.118 0.146 0.303 0.505

Table 3: Running time (s) under different amount of classes.

Method 10 20 40 70 100

TSR 2.1533 3.2825 5.5280 8.4034 11.5327

RASR 2.7377 4.6596 8.8647 15.4644 22.1281

MRR 0.5776 0.5928 0.6082 0.6394 0.6994

SIT 2.86 5.1996 9.9817 17.6875 27.1734

MRLR1 0.1977 0.2819 0.513 0.8552 1.4096

MRLR2 0.1318 0.1373 0.1559 0.197 0.2616

5. CONCLUDING REMARKS

In this paper, we proposed an efficient misalignment-robust

locality representation algorithm, namely MRLR, for face

alignment. The locality constraint therein avoids the exhaus-

tive search in every subject, greatly reducing running time

while still preserving accurate alignment. Moreover, moti-

vated by the block structure of dictionary, we proposed an

efficient solving algorithm to speed up the alignment. Com-

putational complexity analysis and extensive experiments

showed that MRLR considerably reduced the running time

with even better performance.



6. REFERENCES

[1] John Wright, Allen Y Yang, Arvind Ganesh, Shankar S

Sastry, and Yi Ma, “Robust face recognition via sparse

representation,” Pattern Analysis and Machine Intelli-
gence, IEEE Transactions on, vol. 31, no. 2, pp. 210–

227, 2009. 1

[2] Zihan Zhou, Andrew Wagner, Hossein Mobahi, John

Wright, and Yi Ma, “Face recognition with contigu-

ous occlusion using markov random fields,” in Comput-
er Vision, 2009 IEEE 12th International Conference on.

IEEE, 2009, pp. 1050–1057. 1

[3] Meng Yang, Lei Zhang, Jian Yang, and David Zhang,

“Robust sparse coding for face recognition,” in Comput-
er Vision and Pattern Recognition (CVPR), 2011 IEEE
Conference on. IEEE, 2011, pp. 625–632. 1

[4] Lei Zhang, Meng Yang, and Xiangchu Feng, “Sparse

representation or collaborative representation: Which

helps face recognition?,” in Computer Vision (ICCV),
2011 IEEE International Conference on. IEEE, 2011,

pp. 471–478. 1

[5] Andrew Wagner, John Wright, Arvind Ganesh, Zihan

Zhou, Hossein Mobahi, and Yi Ma, “Toward a practi-

cal face recognition system: Robust alignment and il-

lumination by sparse representation,” Pattern Analysis
and Machine Intelligence, IEEE Transactions on, vol.

34, no. 2, pp. 372–386, 2012. 1, 2, 4.1, 4.2

[6] Liansheng Zhuang, Allen Y Yang, Zihan Zhou,

S Shankar Sastry, and Yi Ma, “Single-sample face

recognition with image corruption and misalignment vi-

a sparse illumination transfer,” in Computer Vision and
Pattern Recognition (CVPR), 2013 IEEE Conference on.

IEEE, 2013, pp. 3546–3553. 1, 4.1, 4.2

[7] Junzhou Huang, Xiaolei Huang, and Dimitris Metaxas,

“Simultaneous image transformation and sparse repre-

sentation recovery,” in Computer Vision and Pattern
Recognition, 2008. CVPR 2008. IEEE Conference on.

IEEE, 2008, pp. 1–8. 1, 4.2

[8] Meng Yang, Lei Zhang, and David Zhang, “Efficien-

t misalignment-robust representation for real-time face

recognition,” in Computer Vision–ECCV 2012, pp. 850–

863. Springer, 2012. 1, 4.2

[9] Ronen Basri and David W Jacobs, “Lambertian re-

flectance and linear subspaces,” Pattern Analysis and
Machine Intelligence, IEEE Transactions on, vol. 25,

no. 2, pp. 218–233, 2003. 2

[10] Yu-Wei Chao, Yi-Ren Yeh, Yu-Wen Chen, Yuh-Jye

Lee, and Yu-Chiang Frank Wang, “Locality-constrained

group sparse representation for robust face recognition,”

in Image Processing (ICIP), 2011 18th IEEE Interna-
tional Conference on. IEEE, 2011, pp. 761–764. 3.1

[11] Xi Peng, Lei Zhang, Zhang Yi, and Kok Kiong Tan,

“Learning locality-constrained collaborative representa-

tion for robust face recognition,” Pattern Recognition,

vol. 47, no. 9, pp. 2794–2806, 2014. 3.1

[12] Jinjun Wang, Jianchao Yang, Kai Yu, Fengjun Lv,

Thomas Huang, and Yihong Gong, “Locality-

constrained linear coding for image classification,” in

Computer Vision and Pattern Recognition (CVPR), 2010
IEEE Conference on. IEEE, 2010, pp. 3360–3367. 3.2

[13] Athinodoros S Georghiades, Peter N Belhumeur, and

David J Kriegman, “From few to many: Illumination

cone models for face recognition under variable light-

ing and pose,” Pattern Analysis and Machine Intelli-
gence, IEEE Transactions on, vol. 23, no. 6, pp. 643–

660, 2001. 4

[14] Wen Gao, Bo Cao, Shiguang Shan, Xilin Chen, Delong

Zhou, Xiaohua Zhang, and Debin Zhao, “The cas-peal

large-scale chinese face database and baseline evalua-

tions,” Systems, Man and Cybernetics, Part A: Systems
and Humans, IEEE Transactions on, vol. 38, no. 1, pp.

149–161, 2008. 4

[15] Gary B Huang, Manu Ramesh, Tamara Berg, and Erik

Learned-Miller, “Labeled faces in the wild: A database

for studying face recognition in unconstrained environ-

ments,” Tech. Rep., Technical Report 07-49, University

of Massachusetts, Amherst, 2007. 4

[16] Allen Y Yang, S Shankar Sastry, Arvind Ganesh, and

Yi Ma, “Fast l1-minimization algorithms and an appli-

cation in robust face recognition: A review,” in Image
Processing (ICIP), 2010 17th IEEE International Con-
ference on. IEEE, 2010, pp. 1849–1852. 4.1

[17] Paul Viola and Michael Jones, “Rapid object detection

using a boosted cascade of simple features,” in Comput-
er Vision and Pattern Recognition, 2001. CVPR 2001.
Proceedings of the 2001 IEEE Computer Society Con-
ference on. IEEE, 2001, vol. 1, pp. I–511. 4.3

View publication statsView publication stats

https://www.researchgate.net/publication/307516360


<<
  /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


