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ABSTRACT 
 
In this paper, we formulate the problems of image copy detection 
and image recognition in terms of sparse representation. To 
achieve robustness, security, and efficient storage of image 
features, we propose to extract compact local feature descriptors 
via constructing the basis of the SIFT-based feature vectors 
extracted from the secure SIFT domain of an image. Image copy 
detection can be efficiently accomplished based on the sparse 
representations and reconstruction errors of the features extracted 
from an image possibly manipulated by signal processing or 
geometric attacks. For image recognition, we show that the 
features of a query image can be represented as sparse linear 
combinations of the features extracted from the training images 
belonging to the same cluster. Hence, image recognition can also 
be cast as a sparse representation problem. Then, we formulate our 
sparse representation problem as an l1-minimization problem. 
Promising results regarding image copy detection and recognition 
have been verified, respectively, through the simulations conducted 
on several content-preserving attacks defined in the Stirmark 
benchmark and Caltech-101 dataset. 
 

Keywords—Sparse representation, secure SIFT, copy 
detection, image recognition, compressive sensing. 
 

1. INTRODUCTION 
 
With the increasing availability of digital multimedia data, the 
integrity verification of image data becomes more and more 
important [1]-[3]. Digital images distributed through the Internet 
may suffer from several possible manipulations [4], as illustrative 
examples shown in Fig. 1. To ensure trustworthiness, image copy 
detection techniques have emerged to search duplicates and 
forgeries. Traditionally, image copy detection can be achieved via 
image hashing [1]-[2] or watermarking [3] techniques. 
Nevertheless, current hashing techniques may be not very robust to 
some image manipulations while watermarking techniques will 
suffer from some distortions induced by data embedding. Recently, 
SIFT (scale invariant feature transform) [5] has been shown to be 
invariant to several image variabilities, and efficient to image copy 
detection [6]. Another conceptually similar problem is image 
recognition, which is one of the core problems in computer vision 
and has been extensively investigated [7]-[12]. To correctly 
recognize images with appearance variabilities induced by 
background clutter, different viewpoints, orientations, scales, 
lighting conditions, deformations, or to classify visually different 
images with the same semantic meaning into the same cluster are 
challenging, as illustrative examples shown in Fig. 2. Current 

approaches are usually based on building indices for feature 
descriptors (usually based on SIFT features), extracted from local 
image regions. Then, the descriptors are quantized into visual 
words defined in a pre-constructed vocabulary. Finally, image 
matching can be achieved via text retrieval technique [7]. Based on 
the similar idea, a more efficient architecture, called vocabulary 
tree, was also proposed [8]. Based on quantized feature descriptors, 
support vector machine (SVM) and/or nearest-neighbor (NN) 
techniques are also wildly employed for image recognition [9]-[12]. 
 

     
Fig. 1. Some examples of image manipulations defined in Stirmark 
benchmark [4]. 
 

    
(a) 

     
(b) 

Fig. 2. Some examples shown in Caltech-101 [9]: the selected 
images in the (a) “Airplanes”, and (b) “Faces_easy” clusters. 
 
In this paper, we study a secure SIFT sparse representation 
technology, which can be broadly employed in many applications. 
Here, we will examine its usefulness in image copy detection and 
image recognition. 
 
1.1. Representation of SIFT Feature 
 
To extract SIFT features from an image [5], keypoints are localized 
first based on scale-space extrema detection. Then one or more 
orientations based on local image gradient directions will be 
assigned to each keypoint. Finally, a local image descriptor is built 
for each keypoint based on the image gradients in its local 
neighborhood. In the standard SIFT keypoint descriptor 
representation [5], each descriptor is a 128-D feature vector. 

To make SIFT feature more compact, the bag-of-words (BoW) 
representation approach quantizes SIFT descriptors to a collection 
of visual words based on a pre-defined visual vocabulary [7] or 
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vocabulary tree [8]. Advanced compression for SIFT features are 
also investigated recently in [13]. 
 
1.2. Matching of SIFT Features 
 
To evaluate the similarity between two images based on their SIFT 
features, the most straightforward way is to perform keypoint 
matching [5]. For each feature vector of an image, the distances 
between the vector and all feature vectors of another image used 
for comparison will be calculated. For the BoW-based approach, 
the similarity between SIFT features can be measured via matching 
their corresponding visual words via text retrieval [7] or tree search 
[8]. Typically, the BoW-based approach achieves better search 
efficiency, but less recognition performance suffered from 
quantization loss. 
 
1.3. Security of SIFT Feature 
 
To the best of our knowledge, the security of SIFT, usually ignored 
in the literature, was first addressed in [6], where it has been shown 
that the SIFT keypoints of an image can be successfully removed 
or inserted while preserving acceptable visual quality. Nevertheless, 
all SIFT-based multimedia systems may suffer from such kind of 
attack. In [6], a secure-SIFT technique is proposed in that a secret 
key-based transformation is applied to an image before performing 
SIFT extraction. Then, the SIFT features of an image will be 
extracted from the secure-transformed domain, instead of the 
original spatial domain. Even if an image has been successfully 
attacked via removing or inserting keypoints, the SIFT features 
extracted from its secure domain are still valid. In addition, the 
quality of a transformed image is visually meaningless, which is 
also suitable for secure/privacy-preserving image retrieval [14]. 
 
1.4. Overview of our Proposed Scheme 
 
In this paper, a novel secure SIFT-based sparse representation 
scheme is proposed and used to formulate the image copy 
detection and image recognition problems. To simultaneously 
consider the compact representation and security of SIFT, we 
propose to transform an image to its secure-SIFT domain and 
extract the SIFT features from the transformed image. Then, we 
construct the basis consisting of the prototype SIFT atoms to form 
the final feature (called basis feature in this paper) of the image. To 
measure the similarity between two images based on basis feature 
matching, we propose to formulate the problem based on the sparse 
representations and reconstruction errors of the image basis 
features. Our major contribution is that robust, secure, and compact 
features can be simultaneously satisfied. 
 

2. SECURE SIFT-BASED IMAGE FEATURE 
EXTRACTION AND MATCHING 

 
2.1. Secure SIFT-based Feature Extraction 
 
For an image I, we first apply the secret key-based transformation 
proposed in [6] on I to get the transformed image I’, followed by 
applying SIFT [5] to I’ to get its local descriptors (or feature 
vectors). The transformation consists of two steps: bit reversing 
and local encryption. The bit reversing step is to make standard 
SIFT keypoint detector fail while the local encryption step aims to 
secure SIFT keypoint detection. In the original image domain, 
attackers are hard to detect and remove keypoints because the 

keypoints have been changed, and can be re-generated and 
detected in the secure domain with the secret key. Please refer to [6] 
for more details about secure SIFT. An illustrative example for 
applying the secret key-based transformation to the Lena image is 
shown in Figure 3. 
 

  
(a)                                        (b) 

Fig. 3. An illustrative example for secure SIFT: (a) a failed SIFT 
keypoint matching (58 matches) between the original Lena image 
(left) and its keypoint-removed version (PSNR = 34.72dB) (right); 
and (b) a successful SIFT keypoints matching (782 matches) 
between the secure-SIFT transformed image and its attacked 
version. 
 

Consider K secure SIFT feature vectors with length M (M = 
128 [5]) extracted from an image I, the number K of feature vectors 
(or the number of keypoints) usually ranges from hundreds to 
thousands. To make the SIFT feature more compact, we propose to 
construct the basis consisting of the prototype SIFT atoms to form 
the (compressed) basis feature of the image. A good basis can 
provide a sparse representation for each feature vector which can 
be sparsely represented as a linear combination of the atoms in the 
basis. 

Here, we apply the K-SVD algorithm proposed in [15] to 
construct the basis for a set of feature vectors of an image to form 
its basis feature. Given a set of K training feature vectors, 

1Ry ×∈ M
i , i = 1, 2, …, K, the K-SVD algorithm seeks the 

dictionary (or basis) leading to the best possible representation for 
each vector in this set with strict sparsity constraints. 

Given a set of K secure SIFT feature vectors extracted from an 
image I, we apply the K-SVD algorithm to find the basis D of size 
M×N, N << K, to be the basis feature for the image I. The basis D 
is an over-complete dictionary matrix, where D = {[dn]M×1}n = 1, 2, …, 

N 
NM ×∈ R , M < N << K, contains N prototype feature vector 

atoms as the column vectors in D. Each original feature vector 
1Ry ×∈ M

i , i = 1, 2, …, K, can be sparsely represented as a linear 
combination of the atoms defined in D, satisfying ||yi – Dxi||2 ≤ ε, 
where N

i Rx ∈  is the sparse representation coefficients of yi and 
ε ≥ 0 is an error tolerance. After obtaining the basis feature for 
each image, we will formulate the image similarity measurement 
based on basis feature matching as a sparse representation problem, 
described in Sec. 2.2. 
 
2.2. Sparse Representation-based Basis Feature Matching 
 
Sparse signal representation techniques have been extensively 
studied in the computer vision and pattern recognition community 
[12], [15]-[18]. In [17], it is argued that in many problems of 
interest, the sparsest linear representation of a signal in terms of a 
dictionary actually exists, and the sparse representation can be 
efficiently solved via l1-minimization. 

In this subsection, we formulate the similarity measurement 
between two images based on their basis feature matching as a 
sparse representation problem. Assume the two secure SIFT 
column feature vectors of length M, y1i, i = 1, 2, .., K1, and y2j, j = 1, 
2, .., K2, are extracted, respectively, from the two images, I1 and I2, 
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whose basis features are D1 and D2, respectively. Hence, y1i = D1x1i 
and y2j = D2x2j, where D1 and D2 are of size M×N1 and M×N2, 
respectively, and x1i and x2j are two sparse coefficient column 
vectors with length N1 and N2, respectively. The idea behind our 
approach is that if y1i and y2j can be matched, y1i can be also 
represented as the linear combination of the atoms in D2. It is also 
valid for y2j. 

To measure the similarity between I1 and I2 exploiting the 
discriminative characteristic of sparse representation, we want to 
quantify how much information presented in I1 can be extracted 
from I2. A sparse representation problem for representing each 
feature vector y2j of I2 with respect to the dictionary D = [D1|D2] 
can be defined as: 

0x
xminx jj

j

=  subject to || y2j – Dxj||2 ≤ ε,              (1) 

where ||xj||0 denotes the l0-norm of xj, counting the number of 
nonzero entries in xj with length (N1+N2), which is the sparse 
coefficient vector corresponding to y2j with length M of I2. D = 
[D1|D2] of size M×(N1+N2), i.e., concatenation of D1 and D2, and ε 
≥ 0 is an error tolerance. 

To solve the sparsest solution for xj in Eq. (1) based on recent 
development in the emerging theory of sparse representation and 
compressive sensing, the l0-minimization problem can be 
equivalent to the l1-minimization problem as: 

1x
xminx jj

j

=  subject to ||y2j – Dxj||2 ≤ ε.              (2) 

To solve Eq. (2), the problem can be formulated as a convex 
unconstrained optimization problem which can be solved via the 
“sparse reconstruction by separable approximation (SpaRSA)” 
algorithm [19], which has been shown to be very efficient. It is 
expected that the positions of nonzero coefficients in jx  (or the 
selected atoms from D) should be highly concentrated in only one 
sub-dictionary (e.g., D1 or D2), and the rest coefficients in xi should 
be zeros or small enough. 

Based on the obtained solution jx , we can calculate the 

reconstruction error as ||y2j – Dxj||2. By letting the elements in jx , 
corresponding to D2 to zeros, we can get the reconstruction error 
E1j using only the elements in D1 for reconstructing y2j. On the 
other hand, by letting the elements in jx , corresponding to D1 to 
zeros, we can get the reconstruction error E2j using only the 
elements in D2 for reconstructing y2j. If E1j < E2j, it is claimed that 
the atoms from D1 are more suitable for representing y2j than those 
from D2, and D1 will get a vote. Otherwise, y2j is more suitable to 
be represented by D2 (the original basis itself) than D1, and D2 will 
get a vote. Considering all SIFT feature vectors of I2, y2j, j = 1, 
2, …, K2, the obtained votes of D1 and D2 are denoted by V1 and 
V2, respectively. Based on voting strategy, we define the similarity 
between I1 and I2 as  

Sim(I1, I2) = V1/V2.                                    (3) 
Larger Sim(I1, I2) indicates that more feature atoms from I1 can 
well represent the feature vectors extracted from I2. This implies 
that much information presented in I1 can be extracted from I2. 
Hence, the larger the Sim(I1, I2) is, the more similar the images I1 
and I2 are. 

Obviously, if I1 is visually very different from I2, V2 is larger 
than V1. Nevertheless, if I1 is visually similar to I2, V2 will be not 
always larger than V1. That is, better (or similar) reconstruction 
performance for y2j may be achieved by using D1 as the basis than 
D2 due to some of the feature vectors extracted from I2 can be 
matched by the feature vectors extracted from I1. 

To achieve this goal, we propose to apply K-SVD algorithm 
[15] to train D1 with different parameters from those used for 
training D2 to make D1 be finer than D2. We set that the number of 
the atoms in D1 should be larger than that in D2, i.e., N1 > N2. We 
also set that the number of iterations K-SVD performs for training 
D1 should be larger than that for training D2. When I1 is visually 
similar to I2 and D1 is finer than D2, the l1-minimization for solving 
Eq. (2) may seek more promising atoms from D1 than D2 to 
reconstruct y2j, resulting in V1 > V2 and larger Sim(I1, I2). 
Otherwise, when I1 is visually different from I2, most atoms for 
reconstructing y2j will be selected from D2, resulting in V1 < V2 
and smaller Sim(I1, I2). This similarity measure metric can be 
directly applicable to image copy detection described in Sec. 3. 
 

3. SECURE SIFT-BASED SPARSE REPRESENTATION 
FOR IMAGE COPY DETECTION 

 
A valid image user can perform image copy/duplicate detection to 
verify whether a received image is a duplicate or not. For the sake 
of security and privacy, the user can only receive some compact 
feature/hash extracted from the original image together with a 
secret key for copy detection purpose. In the proposed scheme, the 
“secret key” contains the parameters for basis feature extraction, 
including the key for transforming the image to its secure-SIFT 
domain, the dictionary size, the number of iterations for K-SVD 
dictionary training. 

Consider an original image I1 and a possibly manipulated 
version of I1, denoted by I2. After receiving the basis feature D1 of 
size M×N1 of I1 and the secret key from the image owner, the 
user/server can extract the secure SIFT feature vectors y2j with 
length M, j = 1, 2, .., K2, from I2, and the basis feature D2 of size 
M×N2 of I2. Based on the received “secret key” from the owner, the 
user can extract D2 of size M×N2 of I2 to maintain that D2 is coarser 
than D1 by letting  N2 < N1 and the number of training iterations for 
D2 is smaller than that for D1. Then, the dictionary D can be 
formed as D = [D1|D2] of size M×(N1+N2). The user/server can 
solve Eq. (2) via the l1-minimization algorithm proposed in [19], 
followed by calculating the respective reconstruction errors, E1j 
and E2j, for reconstructing y2j with respect to the solved 
coefficients jx  corresponding to the atoms in D1 and D2, 
respectively. Finally, based on Eq. (3), the similarity between I1 
and I2 can be calculated as Sim(I1, I2). Given an empirically 
determined threshold τ, if Sim(I1, I2) ≥ τ, I1 and I2 can be 
determined to be relevant. Otherwise, I1 and I2 can be determined 
to be irrelevant. 
 

4. SECURE SIFT-BASED SPARSE REPRESENTATION 
FOR IMAGE RECOGNITION 

 
In this section, we consider the image recognition problem as 
follows. Consider a well-classified image dataset, where each 
cluster includes several images with the objects of the same 
semantic meaning, but with appearance variabilities. For example, 
in the Caltech 101 dataset [9], there are 101 image categories, 
where most categories have about 50 images, as illustrative 
examples shown in Fig. 2. Given a query image, a user may 
enquire whether the image or related images with the same 
semantic meaning have been in the database. If the answer is 
“yes,” the user may want to know which cluster the query image 
belongs to, retrieve the relevant images from the same cluster, or 
insert the query image to the same cluster. The related applications 
include object recognition, image classification, and data 
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update/insertion in image database. 
On the other hand, the conclusions in [17] pose a problem that 

whether their sparse representation-based face recognition 
approach can be useful for object detection and recognition. It is 
claimed that their algorithm should be extended to less constrained 
conditions (e.g., variations in object pose or misalignment). We 
believe that our approach exploiting both variability-invariant 
features and sparse representation has addressed this problem and 
solved it to a certain extent, as elaborated as follows. 
 
4.1. Sparse Representation-based Image Recognition 
 
Based on the discussions in Sec. 2.2, if two secure SIFT feature 
vectors, y1i and y2j, respectively, extracted from the two images, I1 
and I2, can be matched, then y1i can be linearly represented with 
respect to the atoms in the basis D2 of I2. Consider a dataset 
consisting of several images categorized into S clusters, where 
each cluster contains T selected training images. Based on the 
respective basis features of the T training images in a cluster, the 
basis feature of the cluster can be extracted via training the basis 
whose atoms can linearly represent any feature vectors of each 
training image belonging to this cluster. Here, we apply the K-
SVD algorithm [15] to generate the basis feature of each cluster in 
the dataset. The basis features of all the clusters can form the 
dictionary for the dataset as Ddataset = [d1,1, d1,2, …, d1,N, d2,1, 
d2,2, …, d2,N, …, ds,1, ds,2, …, ds,N, …, dS,1, dS,2, …, dS,N] of size 
M×(S×N), where di,j denotes the j-th atom in the basis feature (with 
N atoms) of the i-th cluster, i = 1, 2, …, S, j = 1, 2, …, N. 

Consider a query image I which belongs to, but may be not 
exactly the same as any training images in the s-th cluster, each 
secure SIFT feature vector yi with length M, i = 1, 2, .., K, of I can 
be represented with respect to the atoms in the basis feature of the 
s-th cluster as: 

yi = xi, s,1ds,1 + xi,s,2ds,2 + … + xi,s,Nds,N,                  (4) 
where xi,s,j denotes the sparse coefficient corresponding to the atom 
ds,j, j = 1, 2, …, N. Then, Eq. (4) can be further sparsely and 
linearly represented as: 

yi = Ddatasetxi,                                       (5) 
where xi = [0, 0, …, 0, xi, s,1, xi,s,2, …, xi,s,N, 0, 0, …, 0]T with length 
S×N is the sparse coefficient vector corresponding to yi. Here xi 
can be solved using l1-minimization formulated as: 

1x
xx̂ min ii

i

=  subject to ||yi – Ddatasetxi||2 ≤ ε,            (6) 

where xi is the sparse coefficient vector corresponding to yi, and ε 
≥ 0 is an error tolerance. Ideally, the entries of ix̂  should be zeros 
except that those with respect to the cluster that the image I 
belongs to may have some nonzero coefficients. We solve Eq. (6) 
via SpaRSA algorithm [19] and calculate the respective 
reconstruction errors, E1i, E2i, …, and ESi, for reconstructing yi with 
respect to the solved coefficients in ix̂  corresponding to the atoms 
in the basis features of the 1-st, 2-nd, …, and S-th clusters, 
respectively. The one corresponding to the minimum 
reconstruction error is the cluster that yi belongs to. Similar to the 
voting strategy employed in Sec. 2.2, by considering the voting 
statuses for all yi, i = 1, 2, .., K, it can be recognized that the query 
image I belongs to the cluster with the most votes, as an illustrative 
example shown is Fig. 4. 

The proposed sparse representation-based image recognition 
scheme is in spirit similar to the sparse representation-based face 
recognition scheme presented in [17], where the key is that the 
distribution of multiple clusters can be modeled as a mixture 

subspace model with one subspace for each cluster. Nevertheless, 
the major difference distinguishing between [17] and our scheme is 
that the former employs the image feature that is not variability-
invariant (e.g., down-sampled image pixel data), and hence, image 
data are assumed to be well-aligned, while our scheme presents 
secure SIFT image feature that is essentially variability-invariant 
and privacy preserved, which can be applicable for object 
recognition in privacy preserving video surveillance applications 
[20]. 

It is worth noting that if the feature size of a query image is 
critically crucial for applications in wireless sensor networks [18], 
each feature vector yi of length M can be further compressed via 
the compressive sensing technique [21] via zi = Фyi, where zi of 
length m is the measurement vector of yi, m < M, and Ф is a 
sampling matrix (whose entries are drawn randomly from a 
distribution), which should be incoherent with Ddataset. Then, Eq. (5) 
can be re-expressed by 

zi = Фyi = ФDdatasetxi = Axi,                             (7) 
where A = ФDdataset, and xi can be similarly solved via solving l1-
minimization problem. 
 

 
Fig. 4. Illustration of the proposed image recognition scheme. 

 

4.2. Recognition Strategy based on Hierarchical Parallel 
Structure 
 
In practice, if the size of the dictionary Ddataset is too large, the 
complexity for solving Eq. (6) will be very expensive and the 
performance may be degraded. Based on the compressive sensing 
theory [21], it is stated that a f-sparse signal x with length r, i.e., 
||x||0 = f, can be accurately reconstructed by taking only m = 
O(f×log(r/f)), where f < m << r, linear and non-adaptive 
measurements from the random projection z = Фx, where Ф is an 
m×r sampling matrix with entries drawn from a standard Gaussian 
distribution. This theory is for the projection matrix with random 
Gaussian distribution, different from the employed redundant/over-
complete dictionary in our case, which cannot be directly applied. 
Nevertheless, it can still be observed that the number of 
measurements (in our case, it is the length M of a secure SIFT 
feature vector, M = 128) required for sparse signal recovery is 
highly related to the length of the original signal (the number of 
atoms in Ddataset, i.e., the length of xi in our case). If the number of 
atoms in Ddataset is too large, it will induce that the length of the 
sparse coefficient is too long. To recover such lengthy signal, it is 
required that each secure SIFT feature vector should be longer. 
Nevertheless, the feature vector length is fixed to 128 based on [5]. 
On the other hand, if we reduce the basis feature size for each 
cluster to keep the size of Ddataset to be smaller, we will lose a 
certain amount of information and sacrifice recognition 
performance. In the sparse representation-based face recognition 
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scheme presented in [17], each training image has only one simple 
feature vector with length 120 due to the considered images are all 
well-aligned face images without needing complex variability-
invariant features. In one of the simulations conducted in [17], in 
the total 38 clusters, each one consists of 32 vectors (with length 
120 for each), resulting in total 1,216 training feature vectors. 
Hence, the size of training dataset is not an important issue in [17]. 
Nevertheless, in our simulations (presented in Sec. 5), e.g., in the 
total 101 clusters, we extract 200 basis feature vectors (with length 
128 for each) for each cluster, resulting in total 20,200 training 
feature vectors. Hence, memory requirement and computation 
complexity will be important for our scheme to fit practical use. 
 In view of this, we propose a hierarchical parallel structure for 
performing our sparse representation-based image recognition. In 
the first hierarchy, we divide the dictionary Ddataset into several sub-
dictionaries with equal size, i.e., equal number of clusters. Then, 
given a query image, we perform image recognition via solving Eq. 
(6) individually for each sub-dictionary. This process can be 
performed in a concurrent manner if parallel processors are 
supported. For each recognition process, we can get a cluster 
candidate the query image belongs to. For each sub-dictionary, if 
the votes from the query image almost equally distribute over all 
clusters in it, this sub-dictionary will be directly rejected due to its 
indistinguishableness. Otherwise, the candidate cluster obtained 
from this sub-dictionary will be further considered in the next 
hierarchy. In the second hierarchy, all the candidate clusters 
selected from the previous hierarchy will be divided into several 
sub-dictionaries with equal size. Then, the recognition process will 
be individually and parallelly performed again for each sub-
dictionary. Similarly, all the selected candidate clusters will be 
kept for the next hierarchy. The recognition process can be 
hierarchically and parallelly performed until only one candidate 
cluster is obtained, which can be decided to be the final recognition 
result. 
 

5. SIMULATION RESULTS 
 
Simulations conducted on publicly available benchmarks for 
evaluation of image copy detection and recognition are presented. 
 
5.1. Evaluation of Image Copy Detection 
 
To evaluate the proposed image copy detection scheme, eight 
512×512 standard test images, Barbara, Baboon, Boat, F16, 
Goldhill, Lena, Pepper, and Sailboat images were used. Each 
image was manipulated by 204 attacks defined in the Stirmark 3.1 
and 4.0 benchmarks (e.g., signal processing attacks and geometric 
attacks) [4]. 

For each original image I1, the owner extracts the basis feature 
D1 of size M×N1 of I1, where M = 128 [5] and N1 = 200. In 
applying K-SVD for training D1, the number of iterations was set 
to 20. For each possibly manipulated version I2 of I1, the 
user/server extracts the basis feature D2 of size M×N2, where N2 = 
100 and the K-SVD iteration number was set to 10. Hence, D1 is 
kept to be finer than D2. 

To evaluate the true positive rate (TPR), the proposed scheme 
was conducted between each image and its 204 manipulated 
versions. To evaluate the false positive rate (FPR), the proposed 
scheme was conducted for each image and the 204 manipulated 
versions of each of the other seven images. The receiver operating 
characteristic (ROC) curves (TPR-FPR curve) obtained from the 
proposed scheme by adjusting the threshold τ, and the “feature 

points hash” scheme [2] for image copy detection for the eight test 
images are shown in Fig. 5. The “feature points hash” scheme uses 
an iterative feature detector to extract visually significant feature 
points which are invariant under perceptually insignificant 
distortions. It can be observed that the performance of the proposed 
scheme significantly outperforms the “feature points hash” scheme 
[2]. 

 

 
Fig. 5. Comparisons of ROC curves obtained using the proposed 
scheme and the “feature points hash” scheme [2] for image copy 
detection. 
 

To consider the flipping manipulation defined in the Stirmark 
benchmark, standard SIFT keypoint matching can only match few 
keypoints due to the directions of the original corresponding 
feature vectors become to be opposite. Nevertheless, by applying 
our scheme, the feature vectors of one image can be sparsely and 
linearly represented by the basis feature of its flipped version. 

On the other hand, a SIFT removal attack [6] can remove most 
keypoints from an image while keeping acceptable visual quality, 
resulting in mismatch between the original and attacked images (as 
shown in Fig. 3). Nevertheless, by applying our scheme, for an 
image whose keypoints have been removed, the feature vectors can 
still be extracted from its secure-SIFT transformed domain. 
 
5.2. Evaluation of Image Recognition 
 
To evaluate the proposed image recognition scheme, we used 
Caltech-101 dataset [9] consisting of 101 image categories 
(including animals, vehicles, flowers, and etc.) with high shape 
variability, where there are 31 to 800 images per category. Most 
categories have about 50 images. We followed the common setup 
for testing Caltech-101 dataset. We randomly selected 5, 15 and 30 
training images per category, respectively, and tested on the rest 
images. We repeated the simulations 10 times with different 
randomly selected training images and averaged the recognition 
rate obtained from each run. 

In the proposed scheme, we extract the basis feature (with 
length 128 for each atom/vector) with 100 atoms from each 
training image. For each image cluster, we extract the basis feature 
with 200, 250, and 300 atoms for the number of training images set 
to 5, 15, and 30, respectively, via applying KSVD [15] to all the 
basis feature atoms of the training images belonging to this cluster. 
That is, the parameters used in Sec. 4.1 were M = 128, N = 200, 
250, or 300, S = 101, and T = 5, 15, or 30. The number of KSVD 
training iterations for extracting basis feature from each cluster for 
5, 15, and 30 training images were set to 10, 30, and 50, 
respectively. For simplicity, we divided the dictionary Ddataset into 
20 sub-dictionaries with the basis feature atoms from 5 clusters for 
each, and an additional 1 cluster. For each query image, we apply 
the proposed hierarchical parallel structure to perform the 
recognition process for each sub-dictionary. Then, we can get 20 
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candidate clusters which can be further divided into 4 sub-
dictionaries of 5 clusters for each. Finally, we perform the 
recognition process again for the dictionary formed by the 4 
candidate clusters and the additional 1 cluster to find the final 
cluster result. 

The recognition rates obtained by selecting 5, 15, and 30 
training images per cluster using the proposed recognition scheme, 
the SVM-KNN (support vector machine-K nearest-neighbor) [10], 
NBNN (naive-Bayes nearest-neighbor) [11], and ScSPM (linear 
spatial pyramid matching that uses linear kernel on spatial-pyramid 
pooling of SIFT sparse codes) [12] schemes are shown in Table 1. 
It can be observed from Table 1 that the performances obtained 
from the proposed scheme can outperform or be comparable to 
those of the schemes used for comparisons. 
 

Table 1. Recognition rates (%) tested on Caltech 101 dataset. 
 

Schemes 5 training 
images 

15 training 
images 

30 training 
images 

Ours 57.08 68.04 73.91 
ScSPM [12] - 67.00 73.20 
NBNN [11] 50.00 65.00 70.40 

SVM-KNN [10] 45.10 59.10 66.20 
 

The performances of the proposed scheme are mainly restricted 
by the computational complexity. That is, the basis feature size for 
each cluster cannot be too large in order to keep the overall dataset 
dictionary size and the computational complexity for solving l1-
minimization to be reasonable. However, the novelties of our 
scheme includes: (i) applying sparse representation technique to 
general object recognition without relying on SVM or NN-based 
classification techniques; and (ii) for object recognition 
applications in unreliable environment (e.g., SIFT keypoints may 
be removed [6]), our scheme can still survive.  
 

6. CONCLUSIONS 
 
In this paper, we have proposed a secure SIFT-based image feature 
extraction technology and incorporated it with sparse 
representation techniques for image copy detection and image 
recognition. In our scheme, the feature size for training image can 
be substantially reduced, compared to the standard SIFT feature 
size. The feature size for query image can also be reduced via the 
compressive sensing technique. By exploiting the discriminative 
property of sparse representation, image copy detection and image 
recognition can be efficiently achieved. Moreover, the above 
applications can be readily conducted in a privacy-preserving 
manner using secure SIFT [6]. 
 

7. REFERENCES 
 
[1] C. S. Lu and C. Y. Hsu, “Geometric distortion-resilient image 

hashing scheme and its applications on copy detection and 
authentication,” Multimedia Systems, vol. 11, no. 2, 2005. 

[2] V. Monga and B. L. Evans, “Perceptual image hashing via 
feature points: performance evaluation and tradeoffs,” IEEE 
Trans. on Image Processing, vol. 15, no. 11, pp. 3453–3466, 
2006 (source codes available from http://users.ece.utexas.edu/ 
~bevans/projects/hashing/software.html). 

[3] V. Licks and R. Jordan, “Geometric attacks on image 
watermarking systems,” IEEE Multimedia, vol. 12, 2005. 

[4] F. A. P. Petitcolas, “Watermarking schemes evaluation,” 
IEEE Signal Processing Magazine, vol. 17, no. 5, 2000. 

[5] D. G. Lowe, “Distinctive image features from scale-invariant 
keypoints,” Int. J. of Computer Vision, vol. 60, no. 2, pp. 91–
110, 2004. 

[6] C. Y. Hsu, C. S. Lu, and S. C. Pei, “Secure and robust SIFT,” 
in Proc. of ACM Int. Conf. on Multimedia, China, 2009. 

[7] J. Sivic and A. Zisserman, “Video Google: a text retrieval 
approach to object matching in videos,” Proc. of ICCV, 2003. 

[8] D. Nistér and H. Stewénius, “Scalable recognition with a 
vocabulary tree,” in Proc. of CVPR, 2006. 

[9] L. Fei-Fei, R. Fergus, and P. Perona, “Learning generative 
visual models from few training examples: an incremental 
Bayesian approach tested on 101 object categories,” in Proc. 
of CVPR Workshop on Generative-Model Based Vision, 2004. 

[10] H. Zhang, A. Berg, M. Maire, and J. Malik, “SVM-KNN: 
discriminative nearest neighbor classification for visual 
category recognition,” in Proc. of CVPR, 2006. 

[11] O. Boiman, E. Shechtman, and M. Irani, “In defense of 
nearest-neighbor based image classification,” in Proc. of 
CVPR, 2008. 

[12] J. Yang, K. Yu, Y. Gong, and T. Huang, “Linear spatial 
pyramid matching using sparse coding for image 
classification,” in Proc. of CVPR, 2009. 

[13] M. Makar, C. L. Chang, D. Chen, S. S. Tsai, and B. Girod, 
“Compression of image patches for local feature extraction,” 
in Proc. of ICASSP, 2009. 

[14] W. Lu, A. L. Varna, A. Swaminathan, and M. Wu, “Secure 
image retrieval through feature protection,” in Proc. of 
ICASSP, 2009. 

[15] M. Aharon, M. Elad, and A. M. Bruckstein, “The K-SVD: an 
algorithm for designing of overcomplete dictionaries for 
sparse representation,” IEEE Trans. on Signal Processing, vol.  
54, no. 11, pp. 4311–4322, 2006. 

[16] J. Wright, Y. Ma, J. Mairal, G. Sapiro, T. Huang, and S. Yan, 
“Sparse representation for computer vision and pattern 
recognition,” to appear in Proceedings of the IEEE. 

[17] J. Wright, A. Y. Yang, A. Ganesh, S. S. Sastry, and Y. Ma, 
“Robust face recognition via sparse representation,” IEEE 
Trans. on Pattern Analysis and Machine Intelligence, vol. 31, 
no. 2, pp. 210–227, 2009. 

[18] A. Y. Yang, M. Gastpar, R. Bajcsy, S. S. Sastry, “Distributed 
sensor perception via sparse representation,” to appear in 
Proceedings of the IEEE. 

[19] S. J. Wright, R. D. Nowak, and M. A. T. Figueiredo, “Sparse 
reconstruction by separable approximation,” IEEE Trans. on 
Signal Processing, vol. 57, no. 7, pp. 2479-2493, July 2009. 

[20] M. Cossalter, M. Tagliasacchi, and G. Valenzise, “Privacy-
enabled object tracking in video sequences using compressive 
sensing,” in Proc. of IEEE Int. Conf. on Advanced Video and 
Signal Based Surveillance, Genova, Italy, Sept. 2009. 

[21] E. Candes and M. Wakin, “An introduction to compressive 
sampling,” IEEE Signal Processing Magazine, vol. 25, no. 2, 
pp. 21-30, March 2008. 

1253



<<
  /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 1.6
  /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




