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Abstract

Recently the sparse representation (or coding) based
classification (SRC) has been successfully used in face
recognition. In SRC, the testing image is represented as
a sparse linear combination of the training samples, and
the representation fidelity is measured by the 𝑙2-norm or
𝑙1-norm of coding residual. Such a sparse coding model
actually assumes that the coding residual follows Gaus-
sian or Laplacian distribution, which may not be accurate
enough to describe the coding errors in practice. In this
paper, we propose a new scheme, namely the robust sparse
coding (RSC), by modeling the sparse coding as a sparsity-
constrained robust regression problem. The RSC seeks for
the MLE (maximum likelihood estimation) solution of the
sparse coding problem, and it is much more robust to out-
liers (e.g., occlusions, corruptions, etc.) than SRC. An
efficient iteratively reweighted sparse coding algorithm is
proposed to solve the RSC model. Extensive experiments
on representative face databases demonstrate that the RSC
scheme is much more effective than state-of-the-art meth-
ods in dealing with face occlusion, corruption, lighting and
expression changes, etc.

1. Introduction

As a powerful tool for statistical signal modeling, sparse
representation (or sparse coding) has been successfully used
in image processing applications [16], and recently has led
to promising results in face recognition [24, 25, 27] and
texture classification [15]. Based on the findings that nat-
ural images can be generally coded by structural primitives
(e.g., edges and line segments) that are qualitatively similar
in form to simple cell receptive fields [18], sparse coding
techniques represent a natural image using a small number
of atoms parsimoniously chosen out of an over-complete
dictionary. Intuitively, the sparsity of the coding coefficient
vector can be measured by the 𝑙0-norm of it (𝑙0-norm counts
the number of nonzero entries in a vector). Since the com-
binatorial 𝑙0-norm minimization is an NP-hard problem, the
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𝑙1-norm minimization, as the closest convex function to 𝑙0-
norm minimization, is widely employed in sparse coding,
and it was shown that 𝑙0-norm and 𝑙1-norm minimizations
are equivalent if the solution is sufficiently sparse [3]. In
general, the sparse coding problem can be formulated as

min
𝜶

∥𝜶∥1 s.t. ∥𝒚 −𝐷𝜶∥22 ≤ 𝜀, (1)

where 𝒚 is a given signal, 𝐷 is the dictionary of coding
atoms, 𝜶 is the coding vector of 𝒚 over 𝐷, and 𝜀 > 0 is a
constant.

Face recognition (FR) is among the most visible and
challenging research topics in computer vision and pattern
recognition [29], and many methods, such as Eigenfaces
[21], Fisherfaces [2] and SVM [7], have been proposed in
the past two decades. Recently, Wright et al. [25] applied
sparse coding to FR and proposed the sparse representation
based classification (SRC) scheme, which achieves impres-
sive FR performance. By coding a query image 𝒚 as a
sparse linear combination of the training samples via the
𝑙1-norm minimization in Eq. (1), SRC classifies the query
image 𝒚 by evaluating which class of training samples could
result in the minimal reconstruction error of it with the as-
sociated coding coefficients. In addition, by introducing an
identity matrix 𝐼 as a dictionary to code the outlier pixels
(e.g., corrupted or occluded pixels):

min
𝜶,𝜷

∥[𝜶;𝜷]∥1 s.t. 𝒚 = [𝐷, 𝐼] ⋅ [𝜶;𝜷] , (2)

the SRC method shows high robustness to face occlusion
and corruption. In [9], Huang et al. proposed a sparse rep-
resentation recovery method which is invariant to image-
plane transformation to deal with the misalignment and
pose variation in FR, while in [22] Wagner et al. proposed
a sparse representation based method that could deal with
face misalignment and illumination variation. Instead of di-
rectly using original facial features, Yang and Zhang [27]
used Gabor features in SRC to reduce greatly the size of
occlusion dictionary and improve a lot the FR accuracy.

The sparse coding model in Eq. (1) is widely used in
literature. There are mainly two issues in this model. The
first one is that whether the 𝑙1-norm constraint ∥𝜶∥1 is good
enough to characterize the signal sparsity. The second one is
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that whether the 𝑙2-norm term ∥𝒚 −𝐷𝜶∥22 ≤ 𝜀 is effective
enough to characterize the signal fidelity, especially when
the observation 𝒚 is noisy or has many outliers. Many works
have been done for the first issue by modifying the sparsity
constraint. For example, Liu et al. [14] added a nonneg-
ative constraint to the sparse coefficient 𝜶; Gao et al. [4]
introduced a Laplacian term of coefficient in sparse coding;
Wang et al. [23] used the weighted 𝑙2-norm for the spar-
sity constraint. In addition, Ramirez et al. [19] proposed a
framework of universal sparse modeling to design sparsity
regularization terms. The Bayesian methods were also used
for designing the sparsity regularization terms [11].

The above developments of sparsity regularization term
in Eq. (1) improve the sparse representation in different as-
pects; however, to the best of our knowledge, little work has
been done on improving the fidelity term ∥𝒚 −𝐷𝜶∥22 ex-
cept that in [24, 25] the 𝑙1-norm was used to define the cod-
ing fidelity (i.e., ∥𝒚 −𝐷𝜶∥1). In fact, the fidelity term has
a high impact on the final coding results because it ensures
that the given signal 𝒚 can be faithfully represented by the
dictionary 𝐷. From the viewpoint of maximum likelihood
estimation (MLE), defining the fidelity term with 𝑙2- or 𝑙1-
norm actually assumes that the coding residual 𝒆 = 𝒚−𝐷𝜶
follows Gaussian or Laplacian distribution. But in prac-
tice this assumption may not hold well, especially when
occlusions, corruptions and expression variations occur in
the query face images. So the conventional 𝑙2- or 𝑙1-norm
based fidelity term in sparse coding model Eq. (1) may not
be robust enough in these cases. Meanwhile, these prob-
lems cannot be well solved by modifying the sparsity regu-
larization term.

To improve the robustness and effectiveness of sparse
representation, we propose a so-called robust sparse cod-
ing (RSC) model in this paper. Inspired by the robust re-
gression theory [1, 10], we design the signal fidelity term
as an MLE-like estimator, which minimizes some function
(associated with the distribution of the coding residuals) of
the coding residuals. The proposed RSC scheme utilizes
the MLE principle to robustly regress the given signal with
sparse regression coefficients, and we transform the mini-
mization problem into an iteratively reweighted sparse cod-
ing problem. A reasonable weight function is designed for
applying RSC to FR. Our extensive experiments in bench-
mark face databases show that RSC achieves much better
performance than existing sparse coding based FR methods,
especially when there are complicated variations of face im-
ages, such as occlusions, corruptions and expressions, etc.

The rest of this paper is organized as follows. Section 2
presents the proposed RSC model. Section 3 presents the
algorithm of RSC and some analyses, such as convergence
and complexity. Section 4 conducts the experiments, and
Section 5 concludes the paper.

2. Robust Sparse Coding (RSC)

2.1. The RSC model

The traditional sparse coding model in Eq. (1) is equiva-
lent to the so-called LASSO problem [20]:

min
𝜶

∥𝒚 −𝐷𝜶∥22 s.t. ∥𝜶∥1 ≤ 𝜎, (3)

where 𝜎 > 0 is a constant, 𝒚 = [𝑦1; 𝑦2; ⋅ ⋅ ⋅ ; 𝑦𝑛] ∈ ℝ
𝑛 is the

signal to be coded, 𝐷 = [𝒅1,𝒅2, ⋅ ⋅ ⋅ ,𝒅𝑚] ∈ ℝ
𝑛×𝑚 is the

dictionary with column vector 𝒅𝑗 being the 𝑗th atom, and 𝜶
is the coding coefficient vector. In our problem of FR, the
atom 𝒅𝑗 is the training face sample (or its dimensionality
reduced feature) and hence the dictionary 𝐷 is the training
dataset.

We can see that the sparse coding problem in Eq. (3)
is essentially a sparsity-constrained least square estima-
tion problem. It is known that only when the residual
𝒆 = 𝒚 − 𝐷𝜶 follows the Gaussian distribution, the least
square solution is the MLE solution. If 𝒆 follows the Lapla-
cian distribution, the MLE solution will be

min
𝜶

∥𝒚 −𝐷𝜶∥1 s.t. ∥𝜶∥1 ≤ 𝜎, (4)

Actually Eq. (4) is essentially another expression of Eq. (2)
because both of them can have the following Lagrangian
formulation: min

𝜶
{∥𝒚 −𝐷𝜶∥1 + 𝜆 ∥𝜶∥1}[26].

In practice, however, the distribution of residual 𝒆 may
be far from Gaussian or Laplacian distribution, especially
when there are occlusions, corruptions and/or other varia-
tions. Hence, the conventional sparse coding models in Eq.
(3) (or Eq. (1)) and Eq. (4) (or Eq. (2)) may not be robust
and effective enough for face image representation.

In order to construct a more robust model for sparse cod-
ing of face images, in this paper we propose to find an MLE
solution of the coding coefficients. We rewrite the dictio-
nary 𝐷 as 𝐷 = [𝒓1; 𝒓2; ⋅ ⋅ ⋅ ; 𝒓𝑛], where row vector 𝒓𝑖 is the
𝑖th row of 𝐷. Denote by 𝒆 = 𝒚 − 𝐷𝜶 = [𝑒1; 𝑒2; ⋅ ⋅ ⋅ ; 𝑒𝑛]
the coding residual. Then each element of 𝒆 is 𝑒𝑖 =
𝑦𝑖 − 𝑟𝑖𝜶, 𝑖 = 1, 2, ⋅ ⋅ ⋅ , 𝑛. Assume that 𝑒1, 𝑒2, ⋅ ⋅ ⋅ , 𝑒𝑛
are independently and identically distributed according to
some probability density function (PDF) 𝑓𝜽(𝑒𝑖), where 𝜽
denotes the parameter set that characterizes the distribution.
Without considering the sparsity constraint of 𝜶, the likeli-
hood of the estimator is 𝐿𝜽(𝑒1, 𝑒2, ⋅ ⋅ ⋅ , 𝑒𝑛) =

∏𝑛
𝑖=1 𝑓𝜽(𝑒𝑖),

and MLE aims to maximize this likelihood function or,
equivalently, minimize the objective function: − ln𝐿𝜽 =∑𝑛

𝑖=1 𝜌𝜽(𝑒𝑖), where 𝜌𝜽(𝑒𝑖) = − ln 𝑓𝜽(𝑒𝑖).
With consideration of the sparsity constraint of 𝜶, the

MLE of 𝜶, namely the robust sparse coding (RSC), can be
formulated as the following minimization

min
𝜶

∑𝑛

𝑖=1
𝜌𝜽(𝑦𝑖 − 𝒓𝑖𝜶) s.t. ∥𝜶∥1 ≤ 𝜎, (5)
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In general, we assume that the unknown PDF 𝑓𝜽(𝑒𝑖) is sym-
metric, and 𝑓𝜽(𝑒𝑖) < 𝑓𝜽(𝑒𝑗) if ∣𝑒𝑖∣ > ∣𝑒𝑗 ∣. So 𝜌𝜽(𝑒𝑖) has the
following properties: 𝜌𝜽(0) is the global minimal of 𝜌𝜽(𝑒𝑖);
𝜌𝜽(𝑒𝑖) = 𝜌𝜽(−𝑒𝑖); 𝜌𝜽(𝑒𝑖) < 𝜌𝜽(𝑒𝑗) if ∣𝑒𝑖∣ > ∣𝑒𝑗 ∣. Without
loss of generality, we let 𝜌𝜽(0) = 0.

Form Eq. (5), we can see that the proposed RSC model
is essentially a sparsity-constrained MLE problem. In other
words, it is a more general sparse coding model, while the
conventional sparse coding models in Eq. (3) and Eq. (4)
are special cases of it when the coding residual follows
Gaussian and Laplacian distributions, respectively.

By solving Eq. (5), we can get the MLE solution to 𝜶
with sparsity constraint. Clearly, one key problem is how
to determine the distribution 𝜌𝜽 (or 𝑓𝜽). Explicitly taking
𝑓𝜽 as Gaussian or Laplacian distribution is simple but not
effective enough. In this paper, we do not determine 𝜌𝜽 di-
rectly to solve Eq. (5). Instead, with the above mentioned
general assumptions of 𝜌𝜽 , we transform the minimization
problem in Eq. (5) into an iteratively reweighted sparse cod-
ing problem, and the resulted weights have clear physical
meaning, i.e., outliers will have low weight values. By it-
eratively computing the weights, the MLE solution of RSC
could be solved efficiently.

2.2. The distribution induced weights

Let 𝐹𝜽(𝒆) =
∑𝑛

𝑖=1 𝜌𝜽(𝑒𝑖). We can approximate 𝐹𝜽(𝒆)
by its first order Taylor expansion in the neighborhood of
𝒆0: 𝐹𝜽(𝒆) = 𝐹𝜽(𝒆0) + (𝒆 − 𝒆0)𝑇𝐹 ′

𝜽(𝒆0) +𝑹1(𝒆), where
𝑹1(𝒆) is the high order residual term, and 𝐹 ′

𝜽(𝒆) is the
derivative of 𝐹𝜽(𝒆). Denote by 𝜌′𝜽 the derivative of 𝜌𝜽 , and
then 𝐹 ′

𝜽(𝒆0) = [𝜌′𝜽(𝑒0,1); 𝜌
′
𝜽(𝑒0,2); ⋅ ⋅ ⋅ ; 𝜌′𝜽(𝑒0,𝑛)], where

𝑒0,𝑖 is the 𝑖th element of 𝒆0.
In sparse coding, it is usually expected that the fidelity

term is strictly convex. So we approximate the residual term
as 𝑅1(𝒆) = 0.5(𝒆−𝒆0)𝑇𝑊 (𝒆−𝒆0), where 𝑊 is a diagonal
matrix for that the elements in 𝒆 are independent and there
is no cross term between 𝑒𝑖 and 𝑒𝑗 , 𝑖 ∕= 𝑗, in 𝐹𝜽(𝒆). Since
𝐹𝜽(𝒆) reaches its minimal value (i.e., 0) at 𝒆 = 0, we also
require that 𝐹𝜽(𝒆) has its minimal value at 𝒆 = 0. Letting
𝐹 ′
𝜽(0) = 0, we have the diagonal element of 𝑊 as

𝑊𝑖,𝑖 = 𝜔𝜽(𝑒0,𝑖) = 𝜌′𝜽(𝑒0,𝑖)/𝑒0,𝑖. (6)

According to the properties of 𝜌𝜽(𝑒𝑖), 𝜌′𝜽(𝑒𝑖) will have the
same sign as 𝑒𝑖. So each 𝑊𝑖,𝑖 is a non-negative scalar. Then

𝐹𝜽(𝒆) can be written as 𝐹𝜽(𝒆) =
1
2

∥∥𝑊 1/2𝒆
∥∥2
2
+ 𝑏, where

𝑏 is a scalar value determined by 𝒆0. Since 𝒆 = 𝒚 − 𝐷𝜶,
the RSC model in Eq. (5) can be approximated by

min
𝜶

∥∥∥𝑊 1/2 (𝒚 −𝐷𝜶)
∥∥∥
2

2
s.t. ∥𝜶∥1 ≤ 𝜎, (7)

which is clearly a weighted LASSO problem. Because the
weight matrix 𝑊 needs to be estimated using Eq. (6), Eq.

(7) is a local approximation of the RSC in Eq. (5) at 𝒆0, and
the minimization procedure of RSC can be transformed into
an iteratively reweighted sparse coding problem with 𝑊 be-
ing updated using the residuals in previous iteration via Eq.
(6). Each 𝑊𝑖,𝑖 is a non-negative scalar, so the weighted
LASSO in each iteration is a convex problem, which could
be solved easily by methods such as 𝑙1-ls [12].

Since 𝑊 is a diagonal matrix, its element 𝑊𝑖,𝑖 (i.e.,
𝜔𝜽(𝑒𝑖)) is the weight assigned to each pixel of the query
image 𝒚. Intuitively, in FR the outlier pixels (e.g. occluded
or corrupted pixels) should have low weight values. Thus,
with Eq. (7) the determination of distribution 𝜌𝜽 is trans-
formed into the determination of weight 𝑊 . Considering
the logistic function has properties similar to the hinge loss
function in SVM [28], we choose it as the weight function

𝜔𝜽(𝑒𝑖) = exp
(
𝜇𝛿 − 𝜇𝑒2𝑖

)/ (
1 + exp

(
𝜇𝛿 − 𝜇𝑒2𝑖

))
(8)

where 𝜇 and 𝛿 are positive scalars. Parameter 𝜇 controls the
decreasing rate from 1 to 0, and 𝛿 controls the location of
demarcation point. With Eq. (8), Eq. (6) and 𝜌𝜽(0) = 0,
we could get

𝜌𝜽(𝑒𝑖) =
−1

2𝜇

(
ln
(
1 + exp

(
𝜇𝛿 − 𝜇𝑒2𝑖

))− ln (1 + exp𝜇𝛿)
)

(9)
The original sparse coding models in Eqs. (3) and (4) can

be interpreted by Eq. (7). The model in Eq. (3) is the case
by letting 𝜔𝜽(𝑒𝑖) = 2. The model in Eq. (4) is the case by
letting 𝜔𝜽(𝑒𝑖) = 1/∣𝑒𝑖∣. Compared with the models in Eqs.
(3) and (4), the proposed weighted LASSO in Eq. (7) has
the following advantage: outliers (usually the pixels with
big residuals) will be adaptively assigned with low weights
to reduce their affects on the regression estimation so that
the sensitiveness to outliers can be greatly reduced. The
weight function of Eq. (8) is bounded in [0, 1]. Although
the model in Eq. (4) also assigns low weight to outliers, its
weight function is not bounded. The weights of pixels with
very small residuals will have nearly infinite values. This
reduces the stability of the coding process.

The convexity of the RSC model (Eq. (5)) depends on
the form of 𝜌𝜽(𝑒𝑖) or the weight function 𝜔𝜽(𝑒𝑖). If we
simply let 𝜔𝜽(𝑒𝑖) = 2, the RSC degenerates to the origi-
nal sparse coding problem (Eq. (3)), which is convex but
not effective. The RSC model is not convex with the weight
function defined in Eq. (8). However, for FR, a good initial-
ization can always be got, and our RSC algorithm described
in next section could always find a local optimal solution,
which has very good FR performance as validated in the
experiments in Section 4.

3. Algorithm of RSC

As discussed in Section 2.2, the implementation of RSC
can be an iterative process, and in each iteration it is a con-
vex 𝑙1-minimization problem. In this section we propose

627



such an iteratively reweighted sparse coding (IRSC) algo-
rithm to solve the RSC minimization.

3.1. Iteratively reweighted sparse coding (IRSC)

Although in general the RSC model can only have a
locally optimal solution, fortunately in FR we are able to
have a very reasonable initialization to achieve good per-
formance. When a testing face image 𝒚 comes, in order to
initialize the weight, we should firstly estimate the coding
residual 𝒆 of 𝒚. We can initialize 𝒆 as 𝒆 = 𝒚 − 𝒚𝑖𝑛𝑖, where
𝒚𝑖𝑛𝑖 is some initial estimation of the true face from obser-
vation 𝒚. Because we do not know which class the testing
face image 𝒚 belongs to, a reasonable 𝒚𝑖𝑛𝑖 can be set as the
mean image of all training images. In the paper, we simply
compute 𝒚𝑖𝑛𝑖 as

𝒚𝑖𝑛𝑖 =𝒎𝐷, (10)

where𝒎𝐷 is the mean image of all training samples.
With the initialized 𝒚𝑖𝑛𝑖, our algorithm to solve the

RSC model, namely Iteratively Reweighted Sparse Coding
(IRSC), is summarized in Algorithm 1.

When RSC converges, we use the same classification
strategy as in SRC [25] to classify the face image 𝒚.

3.2. The convergence of IRSC

The weighted sparse coding in Eq. (7) is a local ap-
proximation of RSC in Eq. (5), and in each iteration the
objective function value of Eq. (5) decreases by the IRSC
algorithm. Since the original cost function of Eq. (5) is
lower bounded (≥0), the iterative minimization procedure
in IRSC will converge.

The convergence is achieved when the difference of the
weight between adjacent iterations is small enough. Specif-
ically, we stop the iteration if the following holds:

∥∥∥𝑊 (𝑡) −𝑊 (𝑡−1)
∥∥∥
2

/∥∥∥𝑊 (𝑡−1)
∥∥∥
2
< 𝛾, (12)

where 𝛾 is a small positive scalar.

3.3. Complexity analysis

The complexity of both SRC and the proposed IRSC
mainly lies in the sparse coding process, i.e., Eq. (3) and
Eq. (7). Suppose that the dimensionality 𝑛 of face feature
is fixed, the complexity of sparse coding model Eq. (3) ba-
sically depends on the number of dictionary atoms, i.e. 𝑚.
The empirical complexity of commonly used 𝑙1-regularized
sparse coding methods (such as 𝑙1-ls [12]) to solve Eq. (3)
or Eq. (7) is 𝑂(𝑚𝜀) with 𝜀 ≈ 1.5 [12]. For FR without
occlusion, SRC [25] performs sparse coding once and then
uses the residuals associated with each class to classify the
face image, while RSC needs several iterations (usually 2
iterations) to finish the coding. Thus in this case, RSC’s
complexity is higher than SRC.

Algorithm 1 Iteratively Reweighted Sparse Coding
Input: Normalized test sample 𝒚 with unit 𝑙2-norm, dic-
tionary 𝐷 (each column of 𝐷 has unit 𝑙2-norm) and 𝒚(1)𝑟𝑒𝑐

initialized as 𝒚𝑖𝑛𝑖.
Output: 𝜶
Start from 𝑡 = 1:

1: Compute residual 𝒆(𝑡) = 𝒚 − 𝒚(𝑡)𝑟𝑒𝑐.
2: Estimate weights as

𝜔𝜽

(
𝑒
(𝑡)
𝑖

)
=

exp
(
𝜇(𝑡)𝛿(𝑡) − 𝜇(𝑡)(𝑒

(𝑡)
𝑖 )2

)

1 + exp
(
𝜇(𝑡)𝛿(𝑡) − 𝜇(𝑡)(𝑒

(𝑡)
𝑖 )2

) , (11)

where 𝜇(𝑡) and 𝛿(𝑡) are parameters estimated in the 𝑡th

iteration (please refer to Section 4.1 for the setting of
them).

3: Sparse coding:

𝜶∗ = min
𝜶

∥∥(𝑊 (𝑡))1/2 (𝒚 −𝐷𝜶)
∥∥2
2

s.t. ∥𝜶∥1 ≤ 𝜎,

where 𝑊 (𝑡) is the estimated diagonal weight matrix
with 𝑊

(𝑡)
𝑖,𝑖 = 𝜔𝜽(𝑒

(𝑡)
𝑖 ).

4: Update the sparse coding coefficients:
If 𝑡 = 1, 𝜶(𝑡) = 𝜶∗;
If 𝑡 > 1, 𝜶(𝑡) = 𝜶(𝑡−1) + 𝜂(𝑡)

(
𝜶∗ −𝜶(𝑡−1)

)
;

where 0 < 𝜂(𝑡) < 1 is the step size, and a suitable 𝜂(𝑡)

should make
∑𝑛

𝑖=1 𝜌𝜽(𝑒
(𝑡)) <

∑𝑛
𝑖=1 𝜌𝜽(𝑒

(𝑡−1)). 𝜂(𝑡)

can be searched from 1 to 0 by the standard line-search
process [8]. (Since both 𝜶(𝑡−1) and 𝜶∗ belong to the
convex set 𝑄 = {∥𝜶∥1 ≤ 𝜎}, 𝜶(𝑡) will also belong to
𝑄.

5: Compute the reconstructed test sample:
𝒚
(𝑡)
𝑟𝑒𝑐 = 𝐷𝜶(𝑡),

and let 𝑡 = 𝑡+ 1.
6: Go back to step 1 until the condition of convergence

(described in Section 3.2) is met, or the maximal num-
ber of iterations is reached.

For FR with occlusion or corruption, SRC needs to use
an identity matrix to code the occluded or corrupted pix-
els, as shown in Eq. (2). In this case SRC’s complexity is
𝑂((𝑚 + 𝑛)𝜀). Considering the fact that 𝑛 is often much
greater than 𝑚 in sparse coding based FR (e.g. 𝑛 = 8086,
𝑚 = 717 in the experiments with pixel corruption and block
occlusion in [25]), the complexity of SRC becomes very
high when dealing with occlusion and corruption.

The computational complexity of our proposed RSC is
𝑂(𝑘(𝑚)𝜀), where 𝑘 is the number of iteration. Note that
𝑘 depends on the percentage of outliers in the face image.
By our experience, when there is a small percentage of out-
liers, RSC will converge in only two iterations. If there is a
big percentage of outliers (e.g. occlusion, corruption, etc.),
RSC could converge in 10 iterations. So for FR with occlu-
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sion, the complexity of RSC is generally much lower than
SRC. In addition, in the iteration of IRSC we can delete the
element 𝑦𝑖 that has very small weight because this implies
that 𝑦𝑖 is an outlier. Thus the complexity of RSC can be
further reduced (i.e., in FR with real disguise on the AR
database, about 30% pixels could be deleted in each itera-
tion in average).

4. Experimental Results

In this section, we perform experiments on benchmark
face databases to demonstrate the performance of RSC
(source codes accompanying this work are available at
http://www.comp.polyu.edu.hk/˜cslzhang/
code.htm). We first discuss the parameter selection of
RSC in Section 4.1; in Section 4.2, we test RSC for FR
without occlusion on three face databases (Extended Yale
B [5, 13], AR [17], and Multi-PIE [6]). In Section 4.3,
we demonstrate the robustness of RSC to random pixel
corruption, random block occlusion and real disguise.
All the face images are cropped and aligned by using the
locations of eyes, which are provided by the face databases
(except for Multi-PIE, for which we manually locate the
positions of eyes). For all methods, the training samples
are used as the dictionary 𝐷 in sparse coding.

4.1. Parameter selection

In the weight function Eq. (8), there are two parameters,
𝛿 and 𝜇, which need to be calculated in Step 2 of IRSC. 𝛿
is the parameter of demarcation point. When the square of
residual is larger than 𝛿, the weight value is less than 0.5. In
order to make the model robust to outliers, we compute the
value of 𝛿 as follows.

Denote by 𝝍 =
[
(𝑒1)

2, (𝑒2)
2, ⋅ ⋅ ⋅ , (𝑒𝑛)2

]
. By sorting 𝝍

in an ascending order, we get the re-ordered array 𝝍𝑎. Let
𝑘 = ⌊𝜏𝑛⌋, where scalar 𝜏 ∈ (0, 1], and ⌊𝜏𝑛⌋ outputs the
largest integer smaller than 𝜏𝑛. We set 𝛿 as

𝛿 = 𝝍𝑎(𝑘) (13)

Parameter 𝜇 controls the decreasing rate of weight value
from 1 to 0. Here we simply let 𝜇 = 𝑐/𝛿, where 𝑐 is a
constant. In the experiments, if no specific instructions,
𝑐 is set as 8; 𝜏 is set as 0.8 for FR without occlusion,
and 0.5 for FR with occlusion. In addition, in our exper-
iments, we solve the (weighted) sparse coding (in Eq. (2),
Eq. (3) or Eq.(7)) by its unconstrained Lagrangian formu-
lation. Take Eq. (3) as an example, its Lagrangian form

is min
𝜶

{
∥𝒚 −𝐷𝜶∥22 + 𝜆 ∥𝜶∥1

}
), and the default value for

the multiplier, 𝜆, is 0.001.

4.2. Face recognition without occlusion

We first validate the performance of RSC in FR with
variations such as illumination and expression changes but

Dim 30 84 150 300

NN 66.3% 85.8% 90.0% 91.6%
NS 63.6% 94.5% 95.1% 96.0%
SVM 92.4% 94.9% 96.4% 97.0%
SRC [25] 90.9% 95.5% 96.8% 98.3%
RSC 91.3% 98.1% 98.4% 99.4%

Table 1. Face recognition rates on the Extended Yale B database

without occlusion. We compare RSC with the popular
methods such as nearest neighbor (NN), nearest subspace
(NS), linear support vector machine (SVM), and the re-
cently developed SRC [25].

In the experiments, PCA (i.e., Eigenfaces [21]) is used
to reduce the dimensionality of original face features, and
the Eigenface features are used for all the competing meth-
ods. Denote by 𝑃 the subspace projection matrix com-
puted by applying PCA to the training data. Then in RSC,
the sparse coding in step 3 of IRSC becomes: 𝜶∗ =

min
𝜶

∥∥𝑃 (𝑊 (𝑡))1/2 (𝒚 −𝐷𝜶)
∥∥2
2

s.t. ∥𝜶∥1 ≤ 𝜎.

1) Extended Yale B Database: The Extended Yale B
[5, 13] database contains about 2,414 frontal face images
of 38 individuals. We used the cropped and normalized
54×48 face images, which were taken under varying illumi-
nation conditions. We randomly split the database into two
halves. One half (about 32 images per person) was used as
the dictionary, and the other half for testing. Table 1 shows
the recognition rates versus feature dimension by NN, NS,
SVM, SRC and RSC. It can be seen that RSC achieves bet-
ter results than the other methods in all dimensions except
that RSC is slightly worse than SVM when the dimension
is 30. When the dimension is 84, RSC achieves about 3%
improvement of recognition rate over SRC. The best recog-
nition rate of RSC is 99.4%, compared to 91.6% for NN,
96.0% for NS, 97.0% for SVM, and 98.3% for SRC.

2) AR database: As in [25], a subset (with only illumina-
tion and expression changes) that contains 50 males and 50
females was chosen from the AR dataset [17]. For each sub-
ject, the seven images from Session 1 were used for training,
with other seven images from Session 2 for testing. The size
of image is cropped to 60×43. The comparison of RSC and
its competing methods is given in Table 2. Again, we can
see that RSC performs much better than all the other four
methods in all dimensions except that RSC is slightly worse
than SRC when the dimension is 30. Nevertheless, when the
dimension is too low, all the methods cannot achieve very
high recognition rate. On other dimensions, RSC outper-
forms SRC by about 3%. SVM does not give good results in
this experiment because there are not enough training sam-
ples (7 samples per class here) and there are high variations
between training set and testing set. The maximal recog-
nition rates of RSC, SRC, SVM, NS and NN are 96.0%,
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Dim 30 54 120 300

NN 62.5% 68.0% 70.1% 71.3%
NS 66.1% 70.1% 75.4% 76.0%
SVM 66.1% 69.4% 74.5% 75.4%
SRC [25] 73.5% 83.3% 90.1% 93.3%
RSC 71.4% 86.8% 94.0% 96.0%

Table 2. Face recognition rates on the AR database

Dim Sim-S1 Sim-S3 Sur-S2 Sqi-S2

NN 88.7% 47.3% 40.1% 49.6%
NS 89.6% 48.8% 39.6% 51.2%
SVM 88.9% 46.3% 25.6% 47.7%
SRC [25] 93.7% 60.3% 51.4% 58.1%
RSC 97.8% 75.0% 68.8% 64.6%

Table 3. Face recognition rates on Multi-PIE database. (’Sim-
S1’(’Sim-S3’): set with smile in Session 1 (3);’Sur-S2’(’Sqi-S2’):
set with surprise (squint) in Session 2).

93.3%, 75.4%, 76.0% and 71.3%, respectively.
3) Multi PIE database: The CMU Multi-PIE database

[6] contains images of 337 subjects captured in four ses-
sions with simultaneous variations in pose, expression, and
illumination. Among these 337 subjects, all the 249 sub-
jects in Session 1 were used as training set. To make the FR
more challenging, four subsets with both illumination and
expression variations in Sessions 1, 2 and 3, were used for
testing. For the training set, as in [22] we used the 7 frontal
images with extreme illuminations {0, 1, 7, 13, 14, 16, 18}
and neutral expression (refer to Fig. 1(a) for examples). For
the testing set, 4 typical frontal images with illuminations
{0, 2, 7, 13} and different expressions (smile in Sessions 1
and 3, squint and surprise in Session 2) are used (refer to
Fig. 1(b) for examples with surprise in Session 2, Fig. 1(c)
for examples with smile in Session 1, and Fig. 1(d) for ex-
amples with smile in Session 3). Here we used the Eigen-
face with dimensionality 300 as the face feature for sparse
coding. Table 3 lists the recognition rates in four testing sets
by the competing methods.

From Table 3, we can see that RSC achieves the best
performance in all tests, and SRC performs the second best.
In addition, all the methods achieve their best results when
Smi-S1 is used for testing because the training set is also
from Session 1. The highest recognition rate of RSC on
Smi-S1 is 97.8%, more than 4% improvement over SRC.
From testing set Smi-S1 to set Smi-S3, the variations in-
crease because of the longer data acquisition time interval
(refer to Fig. 1(c) and Fig. 1(d)). The recognition rate of
RSC drops by 22.8%, while those of NN, NS, SVM and
SRC drop by 41.4%, 40.8%, 42.6% and 33.4%. This vali-
dates that RSC is much more robust to face variations than
the other methods. For the testing sets Sur-S2 and Sqi-S2,

(a) (b)

(c) (d)

Figure 1. A subject in Multi-PIE database. (a) Training samples
with only illumination variations. (b) Testing samples with sur-
prise expression and illumination variations. (c) and (d) show the
testing samples with smile expression and illumination variations
in Session 1 and Session 3, respectively.
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Figure 2. The recognition rate curves of RSC and SRC versus dif-
ferent percentage of corruption.

RSC’s recognition rates are 17.4% and 6.5% higher than
those of SRC, respectively. Meanwhile, we could also see
that FR with surprise expression change is much more dif-
ficult than FR with the other two expression changes.

4.3. Face recognition with occlusion

One of the most interesting features of sparse coding
based FR in [25] is its robustness to face occlusion by
adding an occlusion dictionary (an identity matrix). Thus,
in this subsection we test the robustness of RSC to different
kinds of occlusions, such as random pixel corruption, ran-
dom block occlusion and real disguise. In the experiments
of random corruption, we compare our proposed RSC with
SRC [25]. In the experiments of block occlusion and real
disguise, we compare RSC with SRC and the recently de-
veloped Gabor-SRC (GSRC) [27].

1) FR with pixel corruption: To be identical to the ex-
perimental settings in [25], we used Subsets 1 and 2 (717
images, normal-to-moderate lighting conditions) of the Ex-
tended Yale B database for training, and used Subset 3 (453
images, more extreme lighting conditions) for testing. The
images were resized to 96×84 pixels. For each testing im-
age, we replaced a certain percentage of its pixels by uni-
formly distributed random values within [0, 255]. The cor-
rupted pixels were randomly chosen for each test image and
the locations are unknown to the algorithm.

Fig. 2 shows the results of RSC and SRC under the per-
centage of corrupted pixels from 0% to 90%. It can be seen
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Occlusion 0% 10% 20% 30% 40% 50%

SRC [25] 1 1 0.998 0.985 0.903 0.653
GSRC [27] 1 1 1 0.998 0.965 0.874
RSC 1 1 1 0.998 0.969 0.839

Table 4. The recognition rates of RSC, SRC and GSRC under dif-
ferent levels of block occlusion.

(a) (b) (c) (d)

(e) (f)

Figure 3. An example of face recognition with disguise using
RSC. (a) A test image with sunglasses. (b) The initialized weight
map (binarized). (c) The weight map (binarized) when IRSC con-
verges. (d) A template image of the identified subject. (e) The con-
vergence curve of IRSC. (f) The residuals of each class by RSC.

that when the percentage of corrupted pixels is between
10% and 60%, both RSC and SRC correctly classify all the
testing images. However, when the percentage of corrupted
pixels is more than 60%, the advantage of RSC over SRC
is clear. Especially, RSC can still have a recognition rate of
98.9% when 80% pixels are corrupted, while SRC only has
a recognition rate of 37.5%.

2) FR with block occlusion: In this part, we test the ro-
bustness of RSC to block occlusion. We also used the same
experimental settings as in [25], i.e. Subsets 1 and 2 of Ex-
tended Yale B for training and Subset 3 for testing. The
images were resized to 96×84. Here we set 𝜏 = 0.7. Table
4 lists the results of RSC, SRC and GSRC. We see that RSC
achieves much higher recognition rates than SRC when the
occlusion percentage is larger than 30% (more than 18 %
(6%) improvement at 50% (40%) occlusion). Compared to
GSRC, RSC still gets competing results without using Ga-
bor features.

3) FR with real face disguise: A subset from the AR
database is used in this experiment. This subset consists
of 2,599 images from 100 subjects (about 26 samples per
class), 50 males and 50 females. We do two tests: one fol-
lows the experimental setting in [25], while the other one is
more challenging. The images were resized to 42×30. (For

simplicity, we let 𝛿 = 120, 𝜇 = 0.1, 𝜆 = 100, and did not
normalize the face images to have unit 𝑙2-norm).

In the first test, 799 images (about 8 samples per subject)
of non-occluded frontal views with various facial expres-
sions in Sessions 1 and 2 were used for training, while two
separate subsets (with sunglasses and scarf) of 200 images
(1 sample per subject per Session, with neutral expression)
for testing. Fig. 3 illustrates the classification process of
RSC by using an example. Fig. 3(a) shows a test image
with sunglasses; Figs. 3(b) and 3(c) show the initialized
and converged weight maps (which are binarized for better
illustration), respectively; Fig. 3(d) shows a template image
of the identified subject. The convergence of the IRSC pro-
cess is shown in Fig. 3(e) and Fig. 3(f) plots the residuals of
each class. The detailed FR results of RSC, SRC and GSRC
are listed in Table 5. We see that RSC achieves a recogni-
tion rate of 99% in FR with sunglasses, 6% and 12% higher
than that of GSRC and SRC, while in FR with scarf, much
more improvement is obtained (18% and 37.5% higher than
GSRC and SRC).

In the second test, we conduct FR with more complex
disguise (disguise with variations of illumination and longer
data acquisition interval). 400 images (4 neutral images
with different illuminations per subject) of non-occluded
frontal views in Session 1 were used for training, while the
disguised images (3 images with various illuminations and
sunglasses or scarf per subject per Session) in Sessions 1
and 2 for testing. Table 6 shows the results of RSC, GSRC
and SRC. Clearly, RSC achieves the best results in all the
cases. Compared to SRC, RSC advances much on the test-
ing set with scarf, about 60% improvement in each session.
Compared to GSRC, over 6% improvement is achieved by
RSC for scarf disguise. For the testing set with sunglasses in
Session 2, the recognition rate of RSC is about 35% higher
than that of GSRC. Surprisingly, GSRC has lower recog-
nition rates than SRC in the testing sets with sunglasses.
This is possibly because that Gabor analysis needs relatively
high resolution images and favors regions that are rich in
local features, i.e. the eyes. In addition, the average drop
of RSC’s recognition rate from Session 1 to Session 2 is
about 16%, compared to 25% for SRC and 30% for GSRC.
We also compute the running times of SRC and RSC (both
sparse coding by 𝑙1-ls [12] in Matlab with machine of 3.16
GHz and 3.25G RAM), which are 60.08 s (SRC) and 21.30 s
(RSC) in average, validating RSC has lower computational
cost than SRC in that case.

5. Conclusion

This paper presented a novel robust sparse coding (RSC)
model and an effective iteratively reweighted sparse cod-
ing (IRSC) algorithm for RSC. One important advantage of
RSC is its robustness to various types of outliers (i.e., oc-
clusion, corruption, expression, etc.) because RSC seeks
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Algorithms SRC [25] GSRC [27] RSC
Sunglasses 87.0% 93% 99%
Scarf 59.5% 79% 97%

Table 5. Recognition rates of RSC, GSRC and SRC on the AR
database with disguise occlusion.

Algorithms sg-1 sc-1 sg-2 sc-2

SRC [25] 89.3% 32.3% 57.3% 12.7%
GSRC [27] 87.3% 85% 45% 66%
RSC 94.7% 91.0% 80.3% 72.7%

Table 6. Recognition rates of RSC, GSRC and SRC on the AR
database with sunglasses (sg-X) or scarf (sc-X) in Session X.

for an MLE (maximum likelihood estimation) solution of
the sparse coding problem. Its associated IRSC algorithm
is essentially a sparsity-constrained robust regression pro-
cess. We evaluated the proposed method on different condi-
tions, including variations of illumination, expression, oc-
clusion and corruption as the combination of them. The ex-
tensive experimental results clearly demonstrated that RSC
outperforms significantly previous methods, such as SRC
and GSRC, while its computational complexity is compara-
ble or less than SRC.

References

[1] R. Andersen. Modern methods for robust regression, series:
Quantitative applications in the social sciences. SAGE Pub-
lications, 2008. 626

[2] P. N. Belhumeur, J. P. Hespanha, and D. J. Kriengman.
Eigenfaces vs. fisherfaces: recognition using class specific
linear projection. IEEE PAMI, 19(7):711–720, 1997. 625

[3] D. Donoho. For most large underdetermined systems of lin-
ear equations the minimal 𝑙1-norm solution is also the spars-
est solution. Comm. Pure and Applied Math., 59(6):797–
829, 2006. 625

[4] S. H. Gao, I. W. H. Tsang, L. T. Chia, and P. L. Zhao. Lo-
cal features are not lonely-laplacian sparse coding for image
classification. In CVPR, 2010. 626

[5] A. Georghiades, P. Belhumeur, and D. Kriegman. From few
to many: Illumination cone models for face recognition un-
der variable lighting and pose. IEEE PAMI, 23(6):643–660,
2001. 629

[6] R. Gross, I. Matthews, J. Cohn, T. Kanade, and S. Baker.
Multi-PIE. Image and Vision Computing, 28:807–813, 2010.
629, 630

[7] B. Heisele, P. Ho, and T. Poggio. Face recognition with
support vector machine: Global versus component-based ap-
proach. In ICCV, 2001. 625

[8] J. Hiriart-Urruty and C. Lemarechal. Convex analysis and
minimization algorithms. Springer-Verlag, 1996. 628

[9] J. Z. Huang, X. L. Huang, and D. Metaxas. Simultaneous
image transformation and sparse representation recovery. In
CVPR, 2008. 625

[10] P. J. Huber. Robust regression: Asymptotics, conjectures and
monte carlo. Ann. Stat., 1(5):799–821, 1973. 626

[11] S. H. Ji, Y. Xue, and L. Carin. Bayesian compressive sensing.
IEEE SP, 56(6):2346–2356, 2008. 626

[12] S. J. Kim, K. Koh, M. Lustig, S. Boyd, and D. Gorinevsky.
A interior-point method for large-scale 𝑙1-regularized least
squares. IEEE Journal on Selected Topics in Signal Process-
ing, 1(4):606–617, 2007. 627, 628, 631

[13] K. Lee, J. Ho, and D. Kriegman. Acquiring linear subspaces
for face recognition under variable lighting. IEEE PAMI,
27(5):684–698, 2005. 629

[14] Y. N. Liu, F. Wu, Z. H. Zhang, Y. T. Zhuang, and S. C. Yan.
Sparse representation using nonnegative curds and whey. In
CVPR, 2010. 626

[15] J. Mairal, F. Bach, J. Ponce, G. Sapiro, and A. Zisserman.
Supervised dictionary learning. In NIPS, 2009. 625

[16] J. Mairal, M. Elad, and G. Sapiro. Sparse representation for
color image restoration. IEEE IP, 17(1):53–69, 2008. 625

[17] A. Martinez and R. benavente. The AR face database. Tech-
nical Report 24, CVC, 1998. 629

[18] B. A. Olshausen and D. J. Field. Sparse coding with an over-
complete basis set: a strategy employed by v1? Vision Re-
search, 37(23):3311–3325, 1997. 625

[19] I. Ramirez and G. Sapiro. Universal sparse modeling. Tech-
nical report, arXiv:1003.2941v1[cs.IT], University of Min-
nesota, 2010. 626

[20] R. Tibshirani. Regression shrinkage and selection via the
lasso. Journal of the Royal Statistical Society B, 58(1):267–
288, 1996. 626

[21] M. Turk and A. Pentland. Eigenfaces for recognition. J.
Cognitive Neuroscience, 3(1):71–86, 1991. 625, 629

[22] A. Wagner, J. Wright, A. Ganesh, Z. H. Zhou, and Y. Ma.
Towards a practical face recognition system: Robust regis-
tration and illumination by sparse representation. In CVPR,
2009. 625, 630

[23] J. J. Wang, J. C. Yang, K. Yu, F. J. Lv, T. Huang, and Y. H.
Gong. Locality-constrained linear coding for image classifi-
cation. In CVPR, 2010. 626

[24] J. Wright and Y. Ma. Dense error correction via 𝑙1 minimiza-
tion. IEEE Transactions on Information Theory, 56(7):3540–
3560, 2010. 625, 626

[25] J. Wright, A. Y. Yang, A. Ganesh, S. S. Sastry, and Y. Ma.
Robust face recognition via sparse representation. IEEE
PAMI, 31(2):210–227, 2009. 625, 626, 628, 629, 630, 631,
632

[26] J. Yang and J. Zhang. Alternating direction algorithms for
𝑙1-problems in compressive sensing. Technical report, Rice
University, 2009. 626

[27] M. Yang and L. Zhang. Gabor feature based sparse represen-
tation for face recognition with gabor occlusion dictionary.
In ECCV, 2010. 625, 630, 631, 632

[28] J. Zhang, R. Jin, Y. M. Yang, and A. G. Hauptmann. Mod-
ified logistic regression: An approximation to SVM and
its applications in large-scale text categorization. In ICML,
2003. 627

[29] W. Zhao, R. Chellppa, P. J. Phillips, and A. Rosenfeld. Face
recognition: A literature survey. ACM Computing Survey,
35(4):399–458, 2003. 625

632



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /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 1.7
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /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 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /AbadiMT-CondensedLight
    /ACaslon-Italic
    /ACaslon-Regular
    /ACaslon-Semibold
    /ACaslon-SemiboldItalic
    /AdobeArabic-Bold
    /AdobeArabic-BoldItalic
    /AdobeArabic-Italic
    /AdobeArabic-Regular
    /AdobeHebrew-Bold
    /AdobeHebrew-BoldItalic
    /AdobeHebrew-Italic
    /AdobeHebrew-Regular
    /AdobeHeitiStd-Regular
    /AdobeMingStd-Light
    /AdobeMyungjoStd-Medium
    /AdobePiStd
    /AdobeSansMM
    /AdobeSerifMM
    /AdobeSongStd-Light
    /AdobeThai-Bold
    /AdobeThai-BoldItalic
    /AdobeThai-Italic
    /AdobeThai-Regular
    /AGaramond-Bold
    /AGaramond-BoldItalic
    /AGaramond-Italic
    /AGaramond-Regular
    /AGaramond-Semibold
    /AGaramond-SemiboldItalic
    /AgencyFB-Bold
    /AgencyFB-Reg
    /AGOldFace-Outline
    /AharoniBold
    /Algerian
    /Americana
    /Americana-ExtraBold
    /AndaleMono
    /AndaleMonoIPA
    /AngsanaNew
    /AngsanaNew-Bold
    /AngsanaNew-BoldItalic
    /AngsanaNew-Italic
    /AngsanaUPC
    /AngsanaUPC-Bold
    /AngsanaUPC-BoldItalic
    /AngsanaUPC-Italic
    /Anna
    /ArialAlternative
    /ArialAlternativeSymbol
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialMT-Black
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialRoundedMTBold
    /ArialUnicodeMS
    /ArrusBT-Bold
    /ArrusBT-BoldItalic
    /ArrusBT-Italic
    /ArrusBT-Roman
    /AvantGarde-Book
    /AvantGarde-BookOblique
    /AvantGarde-Demi
    /AvantGarde-DemiOblique
    /AvantGardeITCbyBT-Book
    /AvantGardeITCbyBT-BookOblique
    /BakerSignet
    /BankGothicBT-Medium
    /Barmeno-Bold
    /Barmeno-ExtraBold
    /Barmeno-Medium
    /Barmeno-Regular
    /Baskerville
    /BaskervilleBE-Italic
    /BaskervilleBE-Medium
    /BaskervilleBE-MediumItalic
    /BaskervilleBE-Regular
    /Baskerville-Bold
    /Baskerville-BoldItalic
    /Baskerville-Italic
    /BaskOldFace
    /Batang
    /BatangChe
    /Bauhaus93
    /Bellevue
    /BellGothicStd-Black
    /BellGothicStd-Bold
    /BellGothicStd-Light
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlingAntiqua-Bold
    /BerlingAntiqua-BoldItalic
    /BerlingAntiqua-Italic
    /BerlingAntiqua-Roman
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BernhardModernBT-Bold
    /BernhardModernBT-BoldItalic
    /BernhardModernBT-Italic
    /BernhardModernBT-Roman
    /BiffoMT
    /BinnerD
    /BinnerGothic
    /BlackadderITC-Regular
    /Blackoak
    /Bodoni
    /Bodoni-Bold
    /Bodoni-BoldItalic
    /Bodoni-Italic
    /BodoniMT
    /BodoniMTBlack
    /BodoniMTBlack-Italic
    /BodoniMT-Bold
    /BodoniMT-BoldItalic
    /BodoniMTCondensed
    /BodoniMTCondensed-Bold
    /BodoniMTCondensed-BoldItalic
    /BodoniMTCondensed-Italic
    /BodoniMT-Italic
    /BodoniMTPosterCompressed
    /Bodoni-Poster
    /Bodoni-PosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /Bookman-Demi
    /Bookman-DemiItalic
    /Bookman-Light
    /Bookman-LightItalic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolOne-Regular
    /BookshelfSymbolSeven
    /BookshelfSymbolThree-Regular
    /BookshelfSymbolTwo-Regular
    /Botanical
    /Boton-Italic
    /Boton-Medium
    /Boton-MediumItalic
    /Boton-Regular
    /Boulevard
    /BradleyHandITC
    /Braggadocio
    /BritannicBold
    /Broadway
    /BrowalliaNew
    /BrowalliaNew-Bold
    /BrowalliaNew-BoldItalic
    /BrowalliaNew-Italic
    /BrowalliaUPC
    /BrowalliaUPC-Bold
    /BrowalliaUPC-BoldItalic
    /BrowalliaUPC-Italic
    /BrushScript
    /BrushScriptMT
    /CaflischScript-Bold
    /CaflischScript-Regular
    /Calibri
    /Calibri-Bold
    /Calibri-BoldItalic
    /Calibri-Italic
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /CalisMTBol
    /CalistoMT
    /CalistoMT-BoldItalic
    /CalistoMT-Italic
    /Cambria
    /Cambria-Bold
    /Cambria-BoldItalic
    /Cambria-Italic
    /CambriaMath
    /Candara
    /Candara-Bold
    /Candara-BoldItalic
    /Candara-Italic
    /Carta
    /CaslonOpenfaceBT-Regular
    /Castellar
    /CastellarMT
    /Centaur
    /Centaur-Italic
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchL-Bold
    /CenturySchL-BoldItal
    /CenturySchL-Ital
    /CenturySchL-Roma
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /CGTimes-Bold
    /CGTimes-BoldItalic
    /CGTimes-Italic
    /CGTimes-Regular
    /CharterBT-Bold
    /CharterBT-BoldItalic
    /CharterBT-Italic
    /CharterBT-Roman
    /CheltenhamITCbyBT-Bold
    /CheltenhamITCbyBT-BoldItalic
    /CheltenhamITCbyBT-Book
    /CheltenhamITCbyBT-BookItalic
    /Chiller-Regular
    /CMB10
    /CMBSY10
    /CMBSY5
    /CMBSY6
    /CMBSY7
    /CMBSY8
    /CMBSY9
    /CMBX10
    /CMBX12
    /CMBX5
    /CMBX6
    /CMBX7
    /CMBX8
    /CMBX9
    /CMBXSL10
    /CMBXTI10
    /CMCSC10
    /CMCSC8
    /CMCSC9
    /CMDUNH10
    /CMEX10
    /CMEX7
    /CMEX8
    /CMEX9
    /CMFF10
    /CMFI10
    /CMFIB8
    /CMINCH
    /CMITT10
    /CMMI10
    /CMMI12
    /CMMI5
    /CMMI6
    /CMMI7
    /CMMI8
    /CMMI9
    /CMMIB10
    /CMMIB5
    /CMMIB6
    /CMMIB7
    /CMMIB8
    /CMMIB9
    /CMR10
    /CMR12
    /CMR17
    /CMR5
    /CMR6
    /CMR7
    /CMR8
    /CMR9
    /CMSL10
    /CMSL12
    /CMSL8
    /CMSL9
    /CMSLTT10
    /CMSS10
    /CMSS12
    /CMSS17
    /CMSS8
    /CMSS9
    /CMSSBX10
    /CMSSDC10
    /CMSSI10
    /CMSSI12
    /CMSSI17
    /CMSSI8
    /CMSSI9
    /CMSSQ8
    /CMSSQI8
    /CMSY10
    /CMSY5
    /CMSY6
    /CMSY7
    /CMSY8
    /CMSY9
    /CMTCSC10
    /CMTEX10
    /CMTEX8
    /CMTEX9
    /CMTI10
    /CMTI12
    /CMTI7
    /CMTI8
    /CMTI9
    /CMTT10
    /CMTT12
    /CMTT8
    /CMTT9
    /CMU10
    /CMVTT10
    /ColonnaMT
    /Colossalis-Bold
    /ComicSansMS
    /ComicSansMS-Bold
    /Consolas
    /Consolas-Bold
    /Consolas-BoldItalic
    /Consolas-Italic
    /Constantia
    /Constantia-Bold
    /Constantia-BoldItalic
    /Constantia-Italic
    /CooperBlack
    /CopperplateGothic-Bold
    /CopperplateGothic-Light
    /Copperplate-ThirtyThreeBC
    /Corbel
    /Corbel-Bold
    /Corbel-BoldItalic
    /Corbel-Italic
    /CordiaNew
    /CordiaNew-Bold
    /CordiaNew-BoldItalic
    /CordiaNew-Italic
    /CordiaUPC
    /CordiaUPC-Bold
    /CordiaUPC-BoldItalic
    /CordiaUPC-Italic
    /Courier
    /Courier-Bold
    /Courier-BoldOblique
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /Courier-Oblique
    /CourierStd
    /CourierStd-Bold
    /CourierStd-BoldOblique
    /CourierStd-Oblique
    /CourierX-Bold
    /CourierX-BoldOblique
    /CourierX-Oblique
    /CourierX-Regular
    /CreepyRegular
    /CurlzMT
    /David-Bold
    /David-Reg
    /DavidTransparent
    /Desdemona
    /DilleniaUPC
    /DilleniaUPCBold
    /DilleniaUPCBoldItalic
    /DilleniaUPCItalic
    /Dingbats
    /DomCasual
    /Dotum
    /DotumChe
    /EdwardianScriptITC
    /Elephant-Italic
    /Elephant-Regular
    /EngraversGothicBT-Regular
    /EngraversMT
    /EraserDust
    /ErasITC-Bold
    /ErasITC-Demi
    /ErasITC-Light
    /ErasITC-Medium
    /ErieBlackPSMT
    /ErieLightPSMT
    /EriePSMT
    /EstrangeloEdessa
    /Euclid
    /Euclid-Bold
    /Euclid-BoldItalic
    /EuclidExtra
    /EuclidExtra-Bold
    /EuclidFraktur
    /EuclidFraktur-Bold
    /Euclid-Italic
    /EuclidMathOne
    /EuclidMathOne-Bold
    /EuclidMathTwo
    /EuclidMathTwo-Bold
    /EuclidSymbol
    /EuclidSymbol-Bold
    /EuclidSymbol-BoldItalic
    /EuclidSymbol-Italic
    /EucrosiaUPC
    /EucrosiaUPCBold
    /EucrosiaUPCBoldItalic
    /EucrosiaUPCItalic
    /EUEX10
    /EUEX7
    /EUEX8
    /EUEX9
    /EUFB10
    /EUFB5
    /EUFB7
    /EUFM10
    /EUFM5
    /EUFM7
    /EURB10
    /EURB5
    /EURB7
    /EURM10
    /EURM5
    /EURM7
    /EuroMono-Bold
    /EuroMono-BoldItalic
    /EuroMono-Italic
    /EuroMono-Regular
    /EuroSans-Bold
    /EuroSans-BoldItalic
    /EuroSans-Italic
    /EuroSans-Regular
    /EuroSerif-Bold
    /EuroSerif-BoldItalic
    /EuroSerif-Italic
    /EuroSerif-Regular
    /EuroSig
    /EUSB10
    /EUSB5
    /EUSB7
    /EUSM10
    /EUSM5
    /EUSM7
    /FelixTitlingMT
    /Fences
    /FencesPlain
    /FigaroMT
    /FixedMiriamTransparent
    /FootlightMTLight
    /Formata-Italic
    /Formata-Medium
    /Formata-MediumItalic
    /Formata-Regular
    /ForteMT
    /FranklinGothic-Book
    /FranklinGothic-BookItalic
    /FranklinGothic-Demi
    /FranklinGothic-DemiCond
    /FranklinGothic-DemiItalic
    /FranklinGothic-Heavy
    /FranklinGothic-HeavyItalic
    /FranklinGothicITCbyBT-Book
    /FranklinGothicITCbyBT-BookItal
    /FranklinGothicITCbyBT-Demi
    /FranklinGothicITCbyBT-DemiItal
    /FranklinGothic-Medium
    /FranklinGothic-MediumCond
    /FranklinGothic-MediumItalic
    /FrankRuehl
    /FreesiaUPC
    /FreesiaUPCBold
    /FreesiaUPCBoldItalic
    /FreesiaUPCItalic
    /FreestyleScript-Regular
    /FrenchScriptMT
    /Frutiger-Black
    /Frutiger-BlackCn
    /Frutiger-BlackItalic
    /Frutiger-Bold
    /Frutiger-BoldCn
    /Frutiger-BoldItalic
    /Frutiger-Cn
    /Frutiger-ExtraBlackCn
    /Frutiger-Italic
    /Frutiger-Light
    /Frutiger-LightCn
    /Frutiger-LightItalic
    /Frutiger-Roman
    /Frutiger-UltraBlack
    /Futura-Bold
    /Futura-BoldOblique
    /Futura-Book
    /Futura-BookOblique
    /FuturaBT-Bold
    /FuturaBT-BoldItalic
    /FuturaBT-Book
    /FuturaBT-BookItalic
    /FuturaBT-Medium
    /FuturaBT-MediumItalic
    /Futura-Light
    /Futura-LightOblique
    /GalliardITCbyBT-Bold
    /GalliardITCbyBT-BoldItalic
    /GalliardITCbyBT-Italic
    /GalliardITCbyBT-Roman
    /Garamond
    /Garamond-Bold
    /Garamond-BoldCondensed
    /Garamond-BoldCondensedItalic
    /Garamond-BoldItalic
    /Garamond-BookCondensed
    /Garamond-BookCondensedItalic
    /Garamond-Italic
    /Garamond-LightCondensed
    /Garamond-LightCondensedItalic
    /Gautami
    /GeometricSlab703BT-Light
    /GeometricSlab703BT-LightItalic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /GeorgiaRef
    /Giddyup
    /Giddyup-Thangs
    /Gigi-Regular
    /GillSans
    /GillSans-Bold
    /GillSans-BoldItalic
    /GillSans-Condensed
    /GillSans-CondensedBold
    /GillSans-Italic
    /GillSans-Light
    /GillSans-LightItalic
    /GillSansMT
    /GillSansMT-Bold
    /GillSansMT-BoldItalic
    /GillSansMT-Condensed
    /GillSansMT-ExtraCondensedBold
    /GillSansMT-Italic
    /GillSans-UltraBold
    /GillSans-UltraBoldCondensed
    /GloucesterMT-ExtraCondensed
    /Gothic-Thirteen
    /GoudyOldStyleBT-Bold
    /GoudyOldStyleBT-BoldItalic
    /GoudyOldStyleBT-Italic
    /GoudyOldStyleBT-Roman
    /GoudyOldStyleT-Bold
    /GoudyOldStyleT-Italic
    /GoudyOldStyleT-Regular
    /GoudyStout
    /GoudyTextMT-LombardicCapitals
    /GSIDefaultSymbols
    /Gulim
    /GulimChe
    /Gungsuh
    /GungsuhChe
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /Helvetica
    /Helvetica-Black
    /Helvetica-BlackOblique
    /Helvetica-Bold
    /Helvetica-BoldOblique
    /Helvetica-Condensed
    /Helvetica-Condensed-Black
    /Helvetica-Condensed-BlackObl
    /Helvetica-Condensed-Bold
    /Helvetica-Condensed-BoldObl
    /Helvetica-Condensed-Light
    /Helvetica-Condensed-LightObl
    /Helvetica-Condensed-Oblique
    /Helvetica-Fraction
    /Helvetica-Narrow
    /Helvetica-Narrow-Bold
    /Helvetica-Narrow-BoldOblique
    /Helvetica-Narrow-Oblique
    /Helvetica-Oblique
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Humanist521BT-BoldCondensed
    /Humanist521BT-Light
    /Humanist521BT-LightItalic
    /Humanist521BT-RomanCondensed
    /Imago-ExtraBold
    /Impact
    /ImprintMT-Shadow
    /InformalRoman-Regular
    /IrisUPC
    /IrisUPCBold
    /IrisUPCBoldItalic
    /IrisUPCItalic
    /Ironwood
    /ItcEras-Medium
    /ItcKabel-Bold
    /ItcKabel-Book
    /ItcKabel-Demi
    /ItcKabel-Medium
    /ItcKabel-Ultra
    /JasmineUPC
    /JasmineUPC-Bold
    /JasmineUPC-BoldItalic
    /JasmineUPC-Italic
    /JoannaMT
    /JoannaMT-Italic
    /Jokerman-Regular
    /JuiceITC-Regular
    /Kartika
    /Kaufmann
    /KaufmannBT-Bold
    /KaufmannBT-Regular
    /KidTYPEPaint
    /KinoMT
    /KodchiangUPC
    /KodchiangUPC-Bold
    /KodchiangUPC-BoldItalic
    /KodchiangUPC-Italic
    /KorinnaITCbyBT-Regular
    /KozGoProVI-Medium
    /KozMinProVI-Regular
    /KristenITC-Regular
    /KunstlerScript
    /Latha
    /LatinWide
    /LetterGothic
    /LetterGothic-Bold
    /LetterGothic-BoldOblique
    /LetterGothic-BoldSlanted
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LetterGothic-Slanted
    /LetterGothicStd
    /LetterGothicStd-Bold
    /LetterGothicStd-BoldSlanted
    /LetterGothicStd-Slanted
    /LevenimMT
    /LevenimMTBold
    /LilyUPC
    /LilyUPCBold
    /LilyUPCBoldItalic
    /LilyUPCItalic
    /Lithos-Black
    /Lithos-Regular
    /LotusWPBox-Roman
    /LotusWPIcon-Roman
    /LotusWPIntA-Roman
    /LotusWPIntB-Roman
    /LotusWPType-Roman
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSans-Typewriter
    /LucidaSans-TypewriterBold
    /LucidaSans-TypewriterBoldOblique
    /LucidaSans-TypewriterOblique
    /LucidaSansUnicode
    /Lydian
    /Magneto-Bold
    /MaiandraGD-Regular
    /Mangal-Regular
    /Map-Symbols
    /MathA
    /MathB
    /MathC
    /Mathematica1
    /Mathematica1-Bold
    /Mathematica1Mono
    /Mathematica1Mono-Bold
    /Mathematica2
    /Mathematica2-Bold
    /Mathematica2Mono
    /Mathematica2Mono-Bold
    /Mathematica3
    /Mathematica3-Bold
    /Mathematica3Mono
    /Mathematica3Mono-Bold
    /Mathematica4
    /Mathematica4-Bold
    /Mathematica4Mono
    /Mathematica4Mono-Bold
    /Mathematica5
    /Mathematica5-Bold
    /Mathematica5Mono
    /Mathematica5Mono-Bold
    /Mathematica6
    /Mathematica6Bold
    /Mathematica6Mono
    /Mathematica6MonoBold
    /Mathematica7
    /Mathematica7Bold
    /Mathematica7Mono
    /Mathematica7MonoBold
    /MatisseITC-Regular
    /MaturaMTScriptCapitals
    /Mesquite
    /Mezz-Black
    /Mezz-Regular
    /MICR
    /MicrosoftSansSerif
    /MingLiU
    /Minion-BoldCondensed
    /Minion-BoldCondensedItalic
    /Minion-Condensed
    /Minion-CondensedItalic
    /Minion-Ornaments
    /MinionPro-Bold
    /MinionPro-BoldIt
    /MinionPro-It
    /MinionPro-Regular
    /MinionPro-Semibold
    /MinionPro-SemiboldIt
    /Miriam
    /MiriamFixed
    /MiriamTransparent
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MonotypeSorts
    /MSAM10
    /MSAM5
    /MSAM6
    /MSAM7
    /MSAM8
    /MSAM9
    /MSBM10
    /MSBM5
    /MSBM6
    /MSBM7
    /MSBM8
    /MSBM9
    /MS-Gothic
    /MSHei
    /MSLineDrawPSMT
    /MS-Mincho
    /MSOutlook
    /MS-PGothic
    /MS-PMincho
    /MSReference1
    /MSReference2
    /MSReferenceSansSerif
    /MSReferenceSansSerif-Bold
    /MSReferenceSansSerif-BoldItalic
    /MSReferenceSansSerif-Italic
    /MSReferenceSerif
    /MSReferenceSerif-Bold
    /MSReferenceSerif-BoldItalic
    /MSReferenceSerif-Italic
    /MSReferenceSpecialty
    /MSSong
    /MS-UIGothic
    /MT-Extra
    /MT-Symbol
    /MT-Symbol-Italic
    /MVBoli
    /Myriad-Bold
    /Myriad-BoldItalic
    /Myriad-Italic
    /MyriadPro-Black
    /MyriadPro-BlackIt
    /MyriadPro-Bold
    /MyriadPro-BoldIt
    /MyriadPro-It
    /MyriadPro-Light
    /MyriadPro-LightIt
    /MyriadPro-Regular
    /MyriadPro-Semibold
    /MyriadPro-SemiboldIt
    /Myriad-Roman
    /Narkisim
    /NewCenturySchlbk-Bold
    /NewCenturySchlbk-BoldItalic
    /NewCenturySchlbk-Italic
    /NewCenturySchlbk-Roman
    /NewMilleniumSchlbk-BoldItalicSH
    /NewsGothic
    /NewsGothic-Bold
    /NewsGothicBT-Bold
    /NewsGothicBT-BoldItalic
    /NewsGothicBT-Italic
    /NewsGothicBT-Roman
    /NewsGothic-Condensed
    /NewsGothic-Italic
    /NewsGothicMT
    /NewsGothicMT-Bold
    /NewsGothicMT-Italic
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NimbusMonL-Bold
    /NimbusMonL-BoldObli
    /NimbusMonL-Regu
    /NimbusMonL-ReguObli
    /NimbusRomNo9L-Medi
    /NimbusRomNo9L-MediItal
    /NimbusRomNo9L-Regu
    /NimbusRomNo9L-ReguItal
    /NimbusSanL-Bold
    /NimbusSanL-BoldCond
    /NimbusSanL-BoldCondItal
    /NimbusSanL-BoldItal
    /NimbusSanL-Regu
    /NimbusSanL-ReguCond
    /NimbusSanL-ReguCondItal
    /NimbusSanL-ReguItal
    /Nimrod
    /Nimrod-Bold
    /Nimrod-BoldItalic
    /Nimrod-Italic
    /NSimSun
    /Nueva-BoldExtended
    /Nueva-BoldExtendedItalic
    /Nueva-Italic
    /Nueva-Roman
    /NuptialScript
    /OCRA
    /OCRA-Alternate
    /OCRAExtended
    /OCRB
    /OCRB-Alternate
    /OfficinaSans-Bold
    /OfficinaSans-BoldItalic
    /OfficinaSans-Book
    /OfficinaSans-BookItalic
    /OfficinaSerif-Bold
    /OfficinaSerif-BoldItalic
    /OfficinaSerif-Book
    /OfficinaSerif-BookItalic
    /OldEnglishTextMT
    /Onyx
    /OnyxBT-Regular
    /OzHandicraftBT-Roman
    /PalaceScriptMT
    /Palatino-Bold
    /Palatino-BoldItalic
    /Palatino-Italic
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Palatino-Roman
    /PapyrusPlain
    /Papyrus-Regular
    /Parchment-Regular
    /Parisian
    /ParkAvenue
    /Penumbra-SemiboldFlare
    /Penumbra-SemiboldSans
    /Penumbra-SemiboldSerif
    /PepitaMT
    /Perpetua
    /Perpetua-Bold
    /Perpetua-BoldItalic
    /Perpetua-Italic
    /PerpetuaTitlingMT-Bold
    /PerpetuaTitlingMT-Light
    /PhotinaCasualBlack
    /Playbill
    /PMingLiU
    /Poetica-SuppOrnaments
    /PoorRichard-Regular
    /PopplLaudatio-Italic
    /PopplLaudatio-Medium
    /PopplLaudatio-MediumItalic
    /PopplLaudatio-Regular
    /PrestigeElite
    /Pristina-Regular
    /PTBarnumBT-Regular
    /Raavi
    /RageItalic
    /Ravie
    /RefSpecialty
    /Ribbon131BT-Bold
    /Rockwell
    /Rockwell-Bold
    /Rockwell-BoldItalic
    /Rockwell-Condensed
    /Rockwell-CondensedBold
    /Rockwell-ExtraBold
    /Rockwell-Italic
    /Rockwell-Light
    /Rockwell-LightItalic
    /Rod
    /RodTransparent
    /RunicMT-Condensed
    /Sanvito-Light
    /Sanvito-Roman
    /ScriptC
    /ScriptMTBold
    /SegoeUI
    /SegoeUI-Bold
    /SegoeUI-BoldItalic
    /SegoeUI-Italic
    /Serpentine-BoldOblique
    /ShelleyVolanteBT-Regular
    /ShowcardGothic-Reg
    /Shruti
    /SimHei
    /SimSun
    /SnapITC-Regular
    /StandardSymL
    /Stencil
    /StoneSans
    /StoneSans-Bold
    /StoneSans-BoldItalic
    /StoneSans-Italic
    /StoneSans-Semibold
    /StoneSans-SemiboldItalic
    /Stop
    /Swiss721BT-BlackExtended
    /Sylfaen
    /Symbol
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /Tci1
    /Tci1Bold
    /Tci1BoldItalic
    /Tci1Italic
    /Tci2
    /Tci2Bold
    /Tci2BoldItalic
    /Tci2Italic
    /Tci3
    /Tci3Bold
    /Tci3BoldItalic
    /Tci3Italic
    /Tci4
    /Tci4Bold
    /Tci4BoldItalic
    /Tci4Italic
    /TechnicalItalic
    /TechnicalPlain
    /Tekton
    /Tekton-Bold
    /TektonMM
    /Tempo-HeavyCondensed
    /Tempo-HeavyCondensedItalic
    /TempusSansITC
    /Times-Bold
    /Times-BoldItalic
    /Times-BoldItalicOsF
    /Times-BoldSC
    /Times-ExtraBold
    /Times-Italic
    /Times-ItalicOsF
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Times-RomanSC
    /Trajan-Bold
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /TwCenMT-Bold
    /TwCenMT-BoldItalic
    /TwCenMT-Condensed
    /TwCenMT-CondensedBold
    /TwCenMT-CondensedExtraBold
    /TwCenMT-CondensedMedium
    /TwCenMT-Italic
    /TwCenMT-Regular
    /Univers-Bold
    /Univers-BoldItalic
    /UniversCondensed-Bold
    /UniversCondensed-BoldItalic
    /UniversCondensed-Medium
    /UniversCondensed-MediumItalic
    /Univers-Medium
    /Univers-MediumItalic
    /URWBookmanL-DemiBold
    /URWBookmanL-DemiBoldItal
    /URWBookmanL-Ligh
    /URWBookmanL-LighItal
    /URWChanceryL-MediItal
    /URWGothicL-Book
    /URWGothicL-BookObli
    /URWGothicL-Demi
    /URWGothicL-DemiObli
    /URWPalladioL-Bold
    /URWPalladioL-BoldItal
    /URWPalladioL-Ital
    /URWPalladioL-Roma
    /USPSBarCode
    /VAGRounded-Black
    /VAGRounded-Bold
    /VAGRounded-Light
    /VAGRounded-Thin
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VerdanaRef
    /VinerHandITC
    /Viva-BoldExtraExtended
    /Vivaldii
    /Viva-LightCondensed
    /Viva-Regular
    /VladimirScript
    /Vrinda
    /Webdings
    /Westminster
    /Willow
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /WNCYB10
    /WNCYI10
    /WNCYR10
    /WNCYSC10
    /WNCYSS10
    /WoodtypeOrnaments-One
    /WoodtypeOrnaments-Two
    /WP-ArabicScriptSihafa
    /WP-ArabicSihafa
    /WP-BoxDrawing
    /WP-CyrillicA
    /WP-CyrillicB
    /WP-GreekCentury
    /WP-GreekCourier
    /WP-GreekHelve
    /WP-HebrewDavid
    /WP-IconicSymbolsA
    /WP-IconicSymbolsB
    /WP-Japanese
    /WP-MathA
    /WP-MathB
    /WP-MathExtendedA
    /WP-MathExtendedB
    /WP-MultinationalAHelve
    /WP-MultinationalARoman
    /WP-MultinationalBCourier
    /WP-MultinationalBHelve
    /WP-MultinationalBRoman
    /WP-MultinationalCourier
    /WP-Phonetic
    /WPTypographicSymbols
    /XYATIP10
    /XYBSQL10
    /XYBTIP10
    /XYCIRC10
    /XYCMAT10
    /XYCMBT10
    /XYDASH10
    /XYEUAT10
    /XYEUBT10
    /ZapfChancery-MediumItalic
    /ZapfDingbats
    /ZapfHumanist601BT-Bold
    /ZapfHumanist601BT-BoldItalic
    /ZapfHumanist601BT-Demi
    /ZapfHumanist601BT-DemiItalic
    /ZapfHumanist601BT-Italic
    /ZapfHumanist601BT-Roman
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 2.00333
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 1.30
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.00333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 1.30
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00167
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e5c4f5e55663e793a3001901a8fc775355b5090ae4ef653d190014ee553ca901a8fc756e072797f5153d15e03300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc87a25e55986f793a3001901a904e96fb5b5090f54ef650b390014ee553ca57287db2969b7db28def4e0a767c5e03300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV <>
    /HUN <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020d654ba740020d45cc2dc002c0020c804c7900020ba54c77c002c0020c778d130b137c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor weergave op een beeldscherm, e-mail en internet. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for on-screen display, e-mail, and the Internet.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToRGB
      /DestinationProfileName (sRGB IEC61966-2.1)
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing false
      /UntaggedCMYKHandling /UseDocumentProfile
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


