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An Efficient Dictionary Learning Algorithm and Its
Application to 3-D Medical Image Denoising
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Abstract—In this paper, we propose an efficient dictionary learn-
ing algorithm for sparse representation of given data and suggest
a way to apply this algorithm to 3-D medical image denoising. Our
learning approach is composed of two main parts: sparse coding
and dictionary updating. On the sparse coding stage, an efficient
algorithm named multiple clusters pursuit (MCP) is proposed. The
MCP first applies a dictionary structuring strategy to cluster the
atoms with high coherence together, and then employs a multiple-
selection strategy to select several competitive atoms at each it-
eration. These two strategies can greatly reduce the computation
complexity of the MCP and assist it to obtain better sparse solu-
tion. On the dictionary updating stage, the alternating optimization
that efficiently approximates the singular value decomposition is
introduced. Furthermore, in the 3-D medical image denoising ap-
plication, a joint 3-D operation is proposed for taking the learning
capabilities of the presented algorithm to simultaneously capture
the correlations within each slice and correlations across the nearby
slices, thereby obtaining better denoising results. The experiments
on both synthetically generated data and real 3-D medical images
demonstrate that the proposed approach has superior performance
compared to some well-known methods.

Index Terms—Dictionary learning, k-means clustering,
multiple-selection strategy, sparse representation, 3-D medical
image denoising.

I. INTRODUCTION

M EDICAL imaging modalities, such as computed tomog-
raphy (CT) and magnetic resonance (MR), have allowed

clinicians and medical researchers to study the structural and
functional features of the human body, thereby assisting the
clinical diagnosis. However, due to the highly controlled imag-
ing environment (e.g., limited light intensities), the imaging
process often creates noise, which seriously affects the analysis
of the medical image. Therefore, signal denoising remains an
important problem for the biomedical engineering community.

Manuscript received April 21, 2011; revised August 16, 2011 and September
29, 2011; accepted October 21, 2011. Date of publication October 27, 2011;
date of current version January 20, 2012. This work was supported in part by the
National Natural Science Foundation of China under Grant 60871096 and Grant
61172161, by the Key Project of Chinese Ministry of Education under Grant
2009-120, by the Scholarship Award for Excellent Doctoral Student granted by
the Chinese Ministry of Education, and by the Fundamental Research Funds for
the Central Universities, Hunan University. Asterisk indicates corresponding
author.

*S. Li is with the College of Electrical and Information Engineering, Hunan
University, Changsha 410082, China (e-mail: shutao_li@ yahoo.com.cn).

L. Fang and H. Yin are with the College of Electrical and Infor-
mation Engineering, Hunan University, Changsha 410082, China (e-mail:
fangleyuan@gmail.com; ocean_waves@126.com).

Color versions of one or more of the figures in this paper are available online
at http://ieeexplore.ieee.org.

Digital Object Identifier 10.1109/TBME.2011.2173935

Actually, numerous methods have been explored for this prob-
lem, such as adaptive filters [1], [2], statistical estimators [3]–[5],
transform-domain methods [6]–[9], etc.

Recently, sparse representation theory has attracted a lot of
attentions. Sparse representation models signals as sparse linear
combinations of atoms from a dictionary D ∈ R

N ×K [10]–[13].
Given a noisy signal Y ∈ R

N , this model assumes that clean
parts of the noisy signal have good sparse representations with
respect to a predefined dictionary, whereas the dictionary cannot
sparsely represent its noisy parts. A fundamental consideration
in employing this sparse model is the choice of the dictionary D.
Using learning algorithms to train the dictionary from a set of
training samples have led to methods with state-of-the-art per-
formance for the 2-D image denoising application [14], [15].
However, the complexity constraints in these learning algo-
rithms often limit the size of the dictionaries that can be trained,
and, thus, prohibit their application to 3-D image denoising
tasks. Therefore, it is important to develop efficient strategies to
accelerate the dictionary learning process.

As we know, the main process of many dictionary learning
algorithms [16]–[18] can be divided into two stages: sparse
coding and dictionary updating. Sparse coding is to find the
best, sparsest solution of the training signals, which dominates
the complexity of the dictionary learning. The most commonly
used strategy for the sparse coding is a greedy algorithm named
orthogonal matching pursuit (OMP) [19], which selects an atom
at each iteration based on a greedy selection rule. Works by
Tropp [20] and Donoho et al. [21] have shown that if the atoms
in D are adequately uncorrelated, the OMP algorithm is able
to find sufficiently good representations. However, this is not
the case for highly correlated redundant dictionaries, since high
correlation can fool the pursuit and result in wrong solutions.
Even though specific optimizations are possible for particular
classes of dictionaries, the computational complexity of this
algorithm remains very high.

In this paper, we propose an improvement to the OMP al-
gorithm called multiple clusters pursuit (MCP) by adding a
dictionary structuring strategy and a multiple-selection strat-
egy. The dictionary structuring strategy uses the k-means clus-
tering approach [22] to modify the structure of the dictionary
by grouping the atoms with similar properties together and to
calculate the prototype atom to represent each cluster. As the
similarity measured here is based on the coherence, the clus-
tering minimizes the coherence among prototype atoms and
enables these atoms to constitute a subdictionary that is rela-
tively quasi-incoherent (the cumulative coherence in this subdic-
tionary grows slowly [20], [23]). Therefore, even for highly cor-
related dictionaries, the theoretical results of the greedy method
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based on the small coherence remain valid at the prototype
atoms. Then, a multiple-selection strategy is then performed on
the subdictionary, which allows for multiple prototype atoms
(corresponding to its clusters) to be selected at each iteration.
Finally, the search can be easily operated in the selected clusters
to obtain multiple competitive atoms. In this way, the computa-
tional complexity of the searching process is greatly decreased
due to the reduced searching space and the smaller number of
iteration.

Since several recent pursuit approaches [23]–[26] are related
to the proposed MCP algorithm, we will briefly review them
and compare their difference. On the one hand, the similar
idea of exploiting the dictionary properties to accelerate the
atom searching process is also adopted in the tree-based pur-
suit (TBP) algorithm [23] by embedding a tree structure into
the dictionary. In [23], the tree structure is constructed by a
hierarchical clustering approach, which recursively clusters the
most similar two atoms together and represents them with a
molecule atom. It is worthwhile to note that the calculation of
the prototype atom in the MCP is the same as the computation
of the molecule atom. Moreover, the dictionary structure built
by the k-means approach can be seen as a special case of the
tree structure when the tree depth is two (leaf node atoms and
one level of molecule atoms). However, the TBP algorithm only
aims to select one atom at each iteration, and thus, its whole
iteration number is larger than of the MCP. On the other hand,
the stagewise OMP (StOMP) [24], M-term pursuit (MTP) [25],
and fast MTP [26] all adopt the multiselection strategy in their
atoms searching process. Compared with the proposed MCP
algorithm, the atoms searching part in the StOMP and MTP
algorithm takes more computation cost, since they both require
searching all the atoms in the dictionary at each iteration. To ac-
celerate the searching process, the fast MTP algorithm divides
the process into two parts: the full search on all the atoms and
local search on atoms in a subdictionary. Though such a process
may be more efficient than the MTP, it is still different from that
of the proposed MCP algorithm.

After the sparse representation is found, the updating of the
dictionary is comparatively easier. The gradient descent with
iterative projection [27], singular value decomposition (SVD)
[18], and other least square methods [16], [17] are able to solve
this dictionary updating problem. In this paper, an alternating
optimization strategy [32], [33] is introduced to efficiently ap-
proximate the exact SVD computation and further accelerate
the dictionary learning algorithm.

An intuitive way to extend the proposed dictionary learning
algorithm to 3-D medical image denoising is to denoise each
slice, respectively, with different learned dictionaries. However,
the neighboring slices of medical image have strong correlations
among them (termed as the interslice correlation), while there
still exist meaningful correlations within each slice (termed as
the intraslice correlation) [8], [28]. Therefore, a more reasonable
way to denoise the 3-D image should consider the two kinds of
correlations. According to this idea, we put forward a joint 3-D
operation to process the patches from the same slice and nearby
slices jointly by adopting two types of process blocks: 3-D in-
trablock and 3-D interblock. The intrablock is constructed by a

fixed number of 2-D patches with the highest similarity to the
currently processing one, and the interblock is composed of the
2-D patches extracted from the nearby slices. Then, the joint
3-D operation concatenates all the 2-D patches in both intra-
blocks and interblocks to a single vector and trains the dictionary
on it. This takes the advantage of the learning capabilities of our
training algorithm to fully capture both intraslice and interslice
correlations in the medical slices, thereby getting better sparse
representations of them.

It is worth noting that this paper is an extension of our pre-
vious work in [29]. However, compared with [29], this paper
incorporates two new contributions: 1) combine the strength
of the dictionary structuring strategy and the multipleselection
strategy in the atom searching process; 2) propose the joint 3-D
operation to sufficiently utilize both the intraslice and interslice
correlations in the medical slices.

The rest of this paper is organized as follows. In
Section II, we introduce the MCP and combine it with the alter-
nating optimization to form our dictionary learning algorithm.
Section III describes how to apply our dictionary learning algo-
rithm to 3-D medical image denoising. The experimental results
on both synthetic data and real 3-D medical images are presented
in Section IV. Section V concludes this paper and suggests future
works.

II. DICTIONARY LEARNING

Dictionary learning is the task of learning or training a dic-
tionary such that it is well adapted to the training data. Usually,
the objective is to give one sparse representation of the training
set, making the total error as small as possible. Let the training
data constitute the columns in the matrix Y and the sparse co-
efficient vectors are the columns in the matrix X. The objective
function of the dictionary learning can be stated formally as a
minimization problem

min
D ,X

||Y − DX||2F subject to ||X||P ≤ T (1)

where the function || · ||P denotes the �P -norm.
A practical optimization strategy can be implemented by split-

ting the aforementioned problem into two parts which are alter-
nately solved within an iterative loop [16]–[18]. The two parts
are

1) sparse coding: keeping D fixed, find X;
2) dictionary updating: based on the current X (can be up-

dated within this step), find D.
Since our dictionary learning algorithm is also composed of

these two parts, the following sections will first give the new
MCP algorithm to obtain the sparse solution of the training
data, and then introduce the alternating optimization algorithm
to update the dictionary.

A. Sparse Coding With MCP

Consider solving the optimization problem (1) with �P -norm
penalty over the sparse matrix X while keeping the dictionary D
fixed. This problem can be solved by optimizing each column
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x of the sparse matrix X individually

min
x

||y − Dx||22 subject to ||x||P ≤ t (2)

where y represents one signal of the training matrix Y. Notice
that the aforementioned optimization task can be easily trans-
formed to be

min
x

||y − Dx||22 + λ ||x||P . (3)

For an appropriate parameter λ, the two problems are equivalent.
If P in the function || · ||P is set to 0, the aforementioned problem
is known to be nondeterministic polynomial-time hard (NP-
hard) in general [30]. Despite the difficulty to find the best
solution, it is possible for greedy methods to seek for the solution
that is nearly optimal, under a limited class of dictionaries: D
has to be sufficiently incoherent [20], [21]. One typical greedy
algorithm is known as OMP [19]. Assuming the residual signal
Ry that is the difference between the training signal y and Dx,
the OMP algorithm selects at each iteration the best atom dg

which has the highest correlation with the Ry by searching over
the whole dictionary

dg = arg max
d i

|〈Ry ,di〉| (4)

where di is the atom of dictionary D and 〈· , ·〉 denotes the
inner product. After that, constructing a subdictionary DG by
the selected atoms, the sparse representation x can be iteratively
updated by projecting the signal y on the DG

x = (DT
GDG )−1DT

Gy. (5)

The major computational cost of the OMP lies in calculating
the inner products of all the atoms in the dictionary with the
residual signal Ry to obtain one best atom in (4). However,
a modification of the dictionary structure can greatly reduce
the complexity of this part. Furthermore, the convergence of
the OMP can be significantly accelerated if more atoms are
selected at each iteration. Based on these two key ideas, the
MCP algorithm introduces the efficient k-means clustering to
construct the dictionary and applies a multiple-selection strategy
into the searching process, which allows for several atoms to be
chosen in each iteration.

Starting from the existing dictionary D, the k-means approach
divides the dictionary into k clusters by grouping similar atoms
together, and calculates the prototype atoms to represent each
cluster. Rather than using the traditional Euclidean distance, the
square of the correlation is chosen as the similarity measure

S(di ,dj ) = |〈di ,dj 〉|2 (6)

which enables each cluster to contain the atoms that are highly
positively or negatively correlated. Given a cluster of atoms
indexed by the set Uj , the prototype atom should be closest
to all the atoms in the cluster using the similarity measure on
average. Mathematically, we find an atom cj to maximize the
sum

∑

i∈U j

|〈cj ,di〉|2 =
∑

i∈U j

cT
j (didT

i )cj = cT
j

⎛

⎝
∑

i∈U j

didT
i

⎞

⎠ cj .

Fig. 1. k-means clustering process of the MCP algorithm.

Fig. 2. Simple example of k-means to organize a dictionary D into four dif-
ferent clusters and represent each cluster by a prototype atom.

The prototype atom c∗j is obtained when cj equals to the domi-
nant left singular vector of the cluster submatrix DU j

, consisted
of the atoms in the given cluster [31]. Note that the way to com-
pute the prototype atom is derived from the TBP algorithm [23].
The main k-means procedure is to iteratively alternate between
1) reallocation of atoms di to the nearest clusters and 2) com-
putation of prototype atoms c∗j to represent the new clusters, as
shown in Fig. 1. An illustrative example of k-means clustering
to construct a dictionary D is presented in Fig. 2.

Like many greedy approaches [19], [23]–[26], the MCP al-
gorithm iteratively searches for good atoms to approximate the
residual signal Ry . Based on the organized dictionary structure,
the searching part starts at the prototype atoms. In this step,
we employ a multiple-selection strategy, which selects several
prototype atoms whose inner products with the residue signal
exceed a specially designed hard threshold. Then, the search
goes down to the selected clusters, in which the atoms that lead
to the highest amplitude of the inner product with the resid-
ual signal are finally chosen. The details of the MCP searching
process are described in Fig. 3. As shown in Fig. 3, to obtain
multiple atoms in each iteration, the searching space of the MCP
algorithm is only on the prototype atoms and the atoms in a par-
tition of clusters. Therefore, the overall atoms searching process
is more efficient than the original OMP algorithm.
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Fig. 3. Searching process of the MCP algorithm.

Nowadays, many works in the field of sparse approximation
have been done on highly redundant dictionaries, which allow
for sparser representation of signal. However, the high corre-
lation often exists in these redundant dictionaries, which will
mislead the OMP to choose wrong correlated atoms. Interest-
ingly, the k-means clustering of the dictionary can be thought as
a way to artificially lower the coherence. After this clustering
process, the atoms within the same cluster are highly correlated,
whereas the atoms from different clusters are comparatively
uncorrelated. Meanwhile, the correlations among the prototype
atoms of different clusters are sufficiently low, ensuring them
to constitute a nearly incoherent subdictionary. Thus, even for
highly correlated dictionaries, the MCP algorithm can make
right choices on the prototype atoms, and then select the atoms
that are comparatively uncorrelated.

B. Dictionary Updating With Alternating Optimization

Given a sparse matrix X, the dictionary D can be updated by
solving the following problem:

min
D

||Y − DX||2F . (7)

In general, this problem can be solved using gradient descent
with iterative projection [27] or other least square methods [16],
[17], which update all the atoms in the dictionary as a whole. Re-
cently, Aharon et al. [18] have adopted the SVD decomposition
to optimize (7) by updating one atom together with the corre-
sponding one coefficient vector in X at a time. More specifically,
the quadratic term in (7) is first rewritten as

{dh , gh} = Arg min
dh ,gh

∥∥∥Y −
∑

j �=h

djgT
j − dhgT

h

∥∥∥
2

F

= Arg min
dh ,gh

||Eh − dhgT
h ||2F , subject to ||dh ||2 =1

(8)

where dh is the updated atom, gT
h is the coefficients row vector

in X, and Eh denotes the residual matrix. Then, (8) can be solved
by the SVD decomposition of the matrix Eh , and the atom dh

as well as gT
h can be updated. To avoid the introduction of new

nonzeros in X, the update uses only the signal vectors whose
current representations use the atom dh .

In (8), the exact SVD decomposition of the matrix Eh is quite
computationally demanding, especially for the large number of
training signals, and therefore, the alternating optimization strat-
egy [32], [33] which aims to efficiently approximate the exact
computation is introduced to solve (8). This strategy minimizes
the function (8) by alternatively restricting optimizations over
the atom dh and the sparse matrix row gT

h , i.e., setting the deriva-
tion of the function f (dh , gh) ≡ ||Eh − dhgT

h ||2F with respect
to dh and gh to zero, i.e.,
⎧
⎪⎨

⎪⎩

∂f (dh , gh)
∂dh

=
(
Eh − dhgT

h

)
gh = Ehgh − dh ‖gh‖2

2 = 0

∂f (dh , gh)
∂gh

= dT
h

(
Eh − dhgT

h

)
= dT

h Eh − dT
h dhgT

h = 0.

(9)
Since ||dh ||2 = 1, the optimizations over dh and gh are ob-

tained by
⎧
⎨

⎩
dh=

Ehgh

‖Ehgh‖2

gh = (Eh)T dh .

(10)

A single iteration of the aforementioned process can converge
to the optimum [32], [33] and provides very close results to
the full decomposition of Eh . Besides, we can observe that the
aforementioned operation avoids the SVD decomposition of the
matrix Eh , as only its products with vectors are needed.

III. 3-D MEDICAL IMAGE DENOISING

For 2-D image, Elad and colleagues [14], [15] applied the K-
SVD algorithm to learn the dictionary from the image patches of
the noisy image directly and achieved state-of-the-art denoising
performance. Following this denoising strategy, a simple way
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Fig. 4. Flowchart of the proposed joint 3-D operation.

to extend the proposed dictionary learning algorithm to the de-
noising of 3-D medical image that consists of a large number
of slices is to denoise each single slice using separately learned
dictionaries. However, in the nearby slices of the 3-D medical
image, there exist strong interslice correlations, which can be
exploited in 3-D image denoising. In addition, nonlocal meth-
ods [8], [28] have shown that the intraslice correlations within
each slice could also be effectively employed to enhance the
denoising performance. Therefore, this section proposes a joint
3-D operation that applies our learning algorithm to simulta-
neously utilize the intraslice and interslice correlations. Con-
cretely, a noisy 3-D medical image Z ∈ R

Q×P ×W is composed
of W slices Z1 ,...,Zw , ...,ZW ∈ R

Q×P , which are assumed to
be corrupted by white Gaussian noise with variance σ2 and zero
mean. Denote the ith pixel in the slice Zw as zw [i], the block of
size m × m centered on this pixel as zi

w , and the corresponding
3-D inter-block as Si,inter

w of size m × m × l, which consists of
l patches zi

w , ..., zi
w+ l−1 from the nearby slices. The outline of

the joint 3-D operation illustrated in Fig. 4 is as follows.
1) For each 2-D block zi

w in the noisy image, find h blocks
with the highest similarity to zj

w , within a 2-D Ns × Ns

searching window and construct a 3-D intra-block Si,intra
w

of size m × m × h with these found blocks. The similar-
ity is measured as the squared �2-norm of the intensities
difference between two blocks

d(zi
w , zj

w ) = ||zi
w − zj

w ||22 , j ⊂ Λ (11)

where Λ is a set that contains the coordinates of all the
searching blocks in the searching window, and the search-
ing step is Nstep . Meanwhile, extract the ith 3-D interblock
Si,inter

w from the noisy image. Subsequently, transform
each 2-D patch in both the 3-D intrablock and interblock
into a vector, and concatenate all these vectors into a single
vector yi .

2) Use the proposed dictionary learning algorithm to train
the dictionary on all the concatenated vectors {yi}M

i=1
and simultaneously denoise the vectors by addressing the

following optimization problem:

min
D ,xi

||xi ||0 subject to||yi − Dxi ||22 ≤ ε, ∀i = 1, 2, ...,M

(12)
where M is the total number of processed blocks zi

w in the
3-D image, xi is the sparse representation of vector yi , and
Dxi is the estimate of the denoised vector. Following [14],
[15], the error goal ε in (12) is chosen to be N ∗(Cσ)2 ,
where N ∗ is the dimension of the processing yi . As in [15],
the parameter C can be automatically tuned according to
the rule

P

(
‖yi‖2 ≤

√
N ∗Cσ

)
= 0.93 (13)

where P represents the probability distribution.
3) Use the estimates of denoised vectors to obtain the esti-

mates of each patch in the 3-D intrablocks and interblocks
and return the estimates to their original positions.

Eventually, the denoised 3-D image can be reconstructed by
averaging the estimates of each pixel. We note that there are two
significant motivations to apply the proposed dictionary learning
algorithm in the joint 3-D operation. First, since the proposed
dictionary learning algorithm has a fast implementation, it is
easy to process signals of relatively large size (e.g., 3-D vector
here). In addition, the joint 3-D operation can take the advantage
of the learning abilities of the dictionary learning algorithm to
fully exploit both intraslice and interslice correlations in the 3-D
medical image, thereby obtaining better denoising performance.

IV. EXPERIMENTAL RESULTS

This section first evaluates the proposed dictionary learning
algorithm on synthetic data. Using synthetic data with random
dictionaries helps us to examine the ability of our learning al-
gorithm to recover dictionaries exactly (within an acceptable
squared error). Then, the proposed 3-D denoising method is
tested on real 3-D medical images, corrupted by Gaussian, Pois-
son, or speckle noise. The denoising experiments demonstrate
the superiority of our denoising method for the 3-D task.
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A. Dictionary Learning on Synthetic Data

In these experiments, three random dictionaries of size 100 ×
200, 150 × 300, and 200 × 400 are first generated by normal-
izing dictionaries with i.i.d. uniform random entries. Then, we
produce 1500 training samples of dimension 100, 150, and 200,
respectively. These samples are created by a linear combination
of ten different dictionary atoms, with uniformly distributed
i.i.d. coefficients in random and independent locations. After
that, white Gaussian noise with varying signal-to-noise ratio
(SNR) is added to the resulting training samples.

The dictionary is initialized with the training samples and the
number of training iteration in these experiments is set to 50. If
the squared error between a learned and true dictionary element
is below 0.1, it is classified as correct recovery. To allow a fair
comparison, the simulations are repeated eight times and the av-
erage dictionary recovery success rates are calculated. In Fig. 5,
the average success rates of our method, for the aforementioned
three different sizes of dictionaries, are compared with those
of the K-SVD. During these experiments, the stopping condi-
tion for the OMP in the K-SVD and the MCP in our method is
ten atoms. That is, they will stop when the number of selected
atoms exceeds ten. The threshold decrease step μ, determin-
ing the number of chosen atoms in each iteration of the MCP
algorithm, is chosen to 0.90. Through extensive experiments,
we have found that as μ increases, the dictionary recovery rate
will rise, while our method will become slightly slower. When
μ = 0.90, our method achieves a well balance between the dic-
tionary recovery rate and the execution time. The number of the
clusters in the k-means clustering is important. In these simula-
tions, we define a variable R = K/k, which is a ratio between
the number of atom in the dictionary K and the cluster number
k. In order to analyze the influence of R to the recovery results,
our method is performed under four different values of R on
three different dictionaries, as shown in Fig. 5.

As we can see in Fig. 5, our method performs better when R
is 3 and 4. In other words, the dictionary recovery rate of our
method will rise as the number of cluster increases. In addition,
we find that the behaviors of our method under the four differ-
ent values of R are better than that of the K-SVD in general.
Especially in the high noise range (SNR <20), the dictionary
recovery rate of the K-SVD is very low, whereas our method can
still recover the true dictionary in a strong possibility. This is
due to the reason that a clustering of the highly coherent random
dictionaries may assist the MCP algorithm to find better sparse
solutions in the presence of high noise.

In Table I, we also compare the computation time of the
K-SVD and our method for the aforementioned simulations.
Simulations are done in the environment of an AMD Athlon
CPU 2.81 GHz, operating under MATLAB 7.10.0. The execu-
tion time reported in this table has been averaged over all the
noise levels. As can be seen, our method is about two to three
times as fast as the K-SVD. Besides, comparing the computa-
tion time of our method on different values of R, it can be found
that the running time will slightly increase, as R declines.

To show the complexity advantage of the MCP over the OMP,
Fig. 6 gives their averaged execution time for implementing one

Fig. 5. Comparison of the dictionary recovery success rates for our method
and the K-SVD on three different sizes of dictionaries. (a) Dictionary of size
100 × 200. (b) Dictionary of size 150 × 300. (c) Dictionary of size 200 × 400.

TABLE I
COMPARISON OF EXECUTION TIME (IN SECONDS) FOR THE K-SVD AND OUR

METHOD ON THE FOUR VALUES OF R

iteration of the sparse coding operation. The parameter R here
is chosen to be 4. It can be seen that the MCP algorithm, though
containing the k-means process, runs faster than the OMP and
this speed advantage becomes more obvious along with the
increase of the dictionary size. In addition, the computation time
of the k-means clustering is also added to this comparison, which
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Fig. 6. Comparison of execution time for the OMP, MCP, and k-means clus-
tering on three different sizes of dictionaries. The execution time is averaged on
50 iterations.

demonstrates its low complexity regarding to the whole MCP
process. Furthermore, we should note that parallel techniques
can be used to further accelerate this k-means clustering process
[34].

B. Denoising 3-D Medical Images Corrupted by Gaussian
Noise

In this section, we perform denoising experiments on two
3-D CT images1: “Male-Head” (size 260 × 190 × 206) and
“Female-Ankle” (size 260 × 190 × 150), and two 3-D MR
images2: “Brain” (size 200 × 200 × 175) and “Heart” (size
200 × 200 × 138). The intensity values of each test image
are fitted to [0, 255] for compatibility with image denoising
results, and then white Gaussian noise with varying standard
deviations of 10 ≤ σ ≤ 100 is added to the test images. The
peak SNR (PNSR) is used as objective denoising measure and
the denoising results in these experiments are averaged over
eight executions.

First, the proposed method exploiting both the intraslice and
interslice correlations is abbreviated as 3-D intraslice and in-
terslice correlations (IAIRSC), and the simplified version of
the proposed method, which only utilizes the interslice corre-
lations, is denoted as 3-D intraslice correlations (IRSC). Then
these two methods are compared with other four approaches:
shape-adaptive discrete cosine transform (SA-DCT) [35], block
matching 3-D (BM3D) [36], 2-D K-SVD [14], and 3-D K-SVD.
In the 2-D image denoising application, SA-DCT and 2-D
K-SVD are two state-of-the-art denoising algorithms. However,
since the SA-DCT has not been designed for the 3-D case, our
experiments apply the SA-DCT to denoise each slice indepen-
dently. Likewise, the 2-D K-SVD first learns one dictionary
from each slice and then separately deals with each slice using
these learned dictionaries. By contrast, the 3-D K-SVD adopts
the proposed joint 3-D operation to process a set of slices as
a whole and utilizes both intraslice and interslice correlations
with the original K-SVD algorithm. In addition, the BM3D
adopted in this paper also exploits the intraslice and interslice
correlations in the 3-D image through a predictive searching
and collaborative filtering. In these tests, the parameters of the

1Download at: https://mri.radiology.uiowa.edu//VHDicom/.
2Download at: https://imaging.nci.nih.gov/ncia/sessionExpired.jsp.

Fig. 7. Comparison of the denoising results (in PSNR) of the 3-D IAIRSC
on values μ ranged from 0.60 to 0.95. The reported results are the difference
compared to the results when μ = 0.90.

TABLE II
PARAMETERS OF THE 2-D K-SVD, 3-D K-SVD, 3-D IRSC, AND 3-D IAIRSC

SA-DCT and BM3D are set the same as in [35] and [36]. Mo-
tivated by results in Fig. 5, the parameter R in our method is
set to 4, which reaches a compromise between the performance
and speed. The threshold decrease step μ is chosen to 0.90, and
Fig. 7 illustrates the effect of the different choices of μ on the
denoising performance of the 3-D IAIRSC. As can be observed,
the 3-D IAIRSC perform better when μ is set to 0.90 or 0.95.
Nevertheless, more atoms can be selected, and thus, the 3-D
IAIRSC will be faster, as μ is chosen to 0.90. The choice for
the size of 2-D patches (m × m) in the 3-D intrablocks and in-
terblocks is affected by the noise level. Specifically, our method
with the large patch performs comparatively better in the high
noise range, whereas the sized patch is more suitable for the
low noise range. This is because the large patch will create a
smoother effect for each pixel which is more appropriate for
the high noise condition, and vice versa. However, when such
patch size is chosen to 8 × 8, the proposed method achieves a
well balance in the denoising performance across all the noise
levels. Therefore, the best choice for the patch is 8 × 8. The
number l of the interblock is set to 8. It is worthwhile to note that
since the strong interslice correlations only exist in the nearby
slices, our performance will be degraded with the over-small or
over-large number of interblocks. The number h of the found
intrablock in each searching window is only chosen to 2. This
is due to the reason that when such number increases, there will
be no obvious improvement in the performance while a high
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TABLE III
COMPARISON OF DENOISING RESULTS USING THE SA-DCT [35], BM3D [36], 2-D K-SVD [14], 3-D K-SVD, 3-D IRSC, AND 3-D IAIRSC

Fig. 8. Denoising results for one slice (#98) of the 3-D medical image “Male-Head” using the SA-DCT [35], BM3D [36], 2-D K-SVD [14], 3-D K-SVD, 3-D
IRSC, and 3-D IAIRSC. (a) Original image. (b) Noisy image (PSNR = 18.58 dB, σ = 30). (c) Denoising result using the SA-DCT (PSNR = 31.52). (d) Denoising
result using the BM3D (PSNR = 33.29). (e) Denoising result using the 2-D K-SVD (PSNR = 31.04 dB). (f) Denoising result using the 3-D K-SVD (PSNR =
32.80 dB). (g) Denoising result using the 3-D IRSC (PSNR = 33.26 dB). (h) Denoising result using 3-D IAIRSC (PSNR = 33.32 dB).

computational burden will be created for the dictionary learning
part. For completeness, Table II lists the full set of parameters
used in 2-D K-SVD, 3-D K-SVD, 3-D IRSC, and 3-D IAIRSC.

In Table III, the denoising results (in PSNR) of the 3-D IRSC
and 3-D IAIRSC on the four test images are compared with those
from the SA-DCT, BM3D, 2-D K-SVD, and 3-D K-SVD. As
can be seen, for the noise level σ ≤ 30, the BM3D provides the
best result, while the 3-D IAIRSC is very competitive with the
BM3D for the noise level σ = 40, 50, and performs better when
the noise level σ is larger than 50. In addition, it is clear that the
3-D IAIRSC and 3-D K-SVD are substantially more effective
than the 2-D K-SVD and SA-DCT, with significant gains of

about 1 dB on average. These results demonstrate the prominent
effect of the joint 3-D operation for these 3-D tasks. Also, a close
observation is that for most of the noise levels, the 3-D IAIRSC
is superior to the 3-D IRSC due to the utilization of intraslice
correlations. Moreover, we can observe that the 3-D IAIRSC
outperforms the 3-D K-SVD in general. This is due to the better
dictionary trained by our dictionary learning method, especially
for the comparatively high noise range (σ ≥ 20). Another main
appeal is that in the execution of the experiments of Table III, the
3-D IAIRSC runs about four times faster than the 3-D K-SVD
on average, and thus, the high efficiency of our method further
makes it comparatively suitable for these 3-D tasks.
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In Fig. 8, we provide a visual comparison of various denoising
results of one slice from the image “Male-Head”. In these fig-
ures, the magnified red rectangles are used to show the regions
that contain complex detailed information. It can be seen from
these figures that the BM3D, 3-D IRSC, and 3-D IAIRSC are
generally better than other three methods in terms of the preser-
vation of fine details and reduction of the blurring. Furthermore,
compared to the 3-D IRSC and BM3D, the 3-D IAIRSC outputs
smoother surfaces in homogeneous regions and shows fewer
artifacts.

C. Denoising 3-D CT Images Corrupted by Poisson Noise

This section extends our method to denoise the Poisson
noise [37], which is easily created in imaging process of some
modalities, such as CT. Unlike Gaussian noise, removing the
Poisson noise in the signal is not an easy work, since the param-
eter of the Poisson probability density function is a function of
the underlying signal intensity. To overcome this complication,
a variance stability transform (VST) S = 2

√
Z + (3/8) [38]

is applied to the input image Z. Through the VST transforma-
tion, the noise with Poisson distribution is converted into noise
with nearly Gaussian distribution. Then, our method can be used
to denoise the transformed image with the same parameters in
the aforementioned section and the denoised result can be even-
tually transformed to the reconstructed image using an inverse
transformation Ẑ = (1/4) Ŝ2 − (3/8). Similarly, we also ap-
ply the BM3D [36] to denoise Poisson noise with the same VST
operation. Fig. 9 shows one slice from the CT image3 “Male-
Pelvis” corrupted by Poisson noise, and the corresponding slices
from denoised results obtained by the BM3D and our method
(3-D IAIRSC). As can be seen from the denoised results, our
method outperforms the BM3D in terms of PSNR. In addition,
our method exhibits fewer artifacts (e.g., regions within the red
rectangles).

D. Denoising Real Noisy 3-D Ultrasound Images

In this section, we test the proposed method on a real noisy
3-D “liver” ultrasound image, which is available on Cambridge
University website4. Since the ultrasound images are often as-
sumed to be contaminated with the speckle noise [39], the test
image is first processed by a logarithm transform, which con-
verts the multiplicative speckle noise into the additive Gaussian
noise [9], [40]. In the log-transformed image, the noise level
can be simply estimated using a Gaussian noise estimation tech-
nique [41]. After that, our method is used to train the dictionary
on the transform image and denoise this image. Finally, the en-
hanced image is obtained by applying an exponential function
to the denoised result in the transformed domain. In this experi-
ment, both the mean-to-standard-deviation ratio (MSR) [42] and
contrast-to-noise ratio (CNR) [43] are adopted as the objective
criteria to evaluate the quality of the denoised image. The MSR

3Download at: https://mri.radiology.uiowa.edu//VHDicom/.
4Download at: http://mi.eng.cam.ac.uk/∼rwp/stradwin/.

Fig. 9. Denoising results for one slice (#100) of the CT image “Male-Pelvis”
using the BM3D [36] and our method (3-D IAIRSC). (a) Original image.
(b) Noisy image (PSNR = 32.09 dB). (c) Denoising result using the BM3D
(PSNR = 43.22). (d) Denoising result using our method (3-D IAIRSC) (PSNR
= 43.88 dB).

Fig. 10. Denoising results for one slice (#109) of the real noisy 3-D liver
ultrasound image using the SRAD [44], OBNLM [45], and our method (3-D
IAIRSC). The DROI and UROI used to compute the MSR and CNR indexes
(listed in Table IV) are marked with red rectangles. (a) Original real noisy image.
(b) Denoising result using the SRAD. (c) Denoising result using the OBNLM.
(d) Denoising result using our method (3-D IAIRSC).
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TABLE IV
MSR AND CNR RESULTS OF ONE SLICE (#109) OF THE REAL NOISY 3-D
LIVER ULTRASOUND IMAGE BY THE SRAD [44], OBNLM [45], AND OUR

METHOD (3-D IAIRSC)

is computed in the desired region of interest (DROI)

MSR =
μd

σd
(14)

where μd and σd are the mean and the standard deviation in the
DROI. The CNR represents the contrast between the DROI and
the undesired region of interest (UROI), which is defined as

CNR =
|μd − μu |√
0.5(σ2

d + σ2
u )

(15)

where μu and σu are the mean and the standard deviation in the
UROI.

In Fig. 10, we compare our method (3-D IAIRSC) with
two well-known speckle denoising approaches: speckle reduc-
ing anisotropic diffusion (SRAD) [44] and optimized Bayesian
nonlocal-means (OBNLM) [45]. In this figure, two DROIs and
one UROI are sampled to compute the MSR and CNR, as shown
in Table IV. It can be observed that our method is very competi-
tive with the OBNLM and much better than the SRAD in terms
of MSR, CNR, and visual quality.

We should note that our method can also be applied to de-
noise the 3-D MR images corrupted by the Rician noise through
a VST [46], which converts noise with Rician distribution into
noise with nearly Gaussian distribution. Actually, our prelimi-
nary tests on Rician denoising have already achieved promising
results, but we do not report these results in this paper to save
space.

V. CONCLUSION

In this paper, we have presented an efficient dictionary learn-
ing algorithm and applied it to 3-D medical image denoising
with a join 3-D operation. Our learning algorithm is achieved
by employing the MCP to perform the sparse coding and using
the alternating optimization to update the dictionary. Compared
to the OMP, the MCP algorithm gives better sparse solutions
and achieves a great reduction on the computation complexity
due to a dictionary structuring strategy and a multiple-selection
strategy in the atom search process. The alternating optimization
is a quick approximation way for updating dictionary, and, thus,
further accelerates the whole dictionary learning algorithm. In
addition, the joint 3-D operation takes the advantage of the learn-
ing abilities of our dictionary training algorithm to sufficiently
exploit both intraslice and interslice correlations in the medical
slices, thereby obtaining better estimates of them. Experiments
on synthetic data demonstrate the effectiveness and efficiency
of our dictionary learning algorithm, while real 3-D medical im-

age experiments show the superiority of our denoising method
in terms of both PSNR and visual quality.

Instead of adopting the fixed square patches, part of our on-
going work is to apply the shape-adaptive patches as in the
SA-DCT [35] into our denoising method. Furthermore, in the
future, there is a strong incentive to apply our dictionary learn-
ing algorithm to other large-scale applications (e.g., 3-D medical
image deblurring, super-resolution, and segmentation).
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[45] P. Coupé, P. Hellier, C. Kervrann, and C. Barillot, “Nonlocal means-based
speckle filtering for ultrasound images,” IEEE Trans. Image Process.,
vol. 18, no. 10, pp. 2221–2229, Oct. 2009.

[46] A. Foi, “Noise estimation and removal in MR imaging: The variance-
stabilization approach,” in Proc. IEEE Int. Symp. Biomed. Eng., Chicago,
IL, Apr. 2011, pp. 1809–1814.

Shutao Li (M’07) received the B.S., M.S., and Ph.D.
degrees in electrical engineering from the Hunan Uni-
versity, Changsha, China, in 1995, 1997, and 2001,
respectively.

In 2001, he joined the College of Electrical and
Information Engineering, Hunan University. From
May 2001 to October 2001, he was a Research Asso-
ciate in the Department of Computer Science, Hong
Kong University of Science and Technology. From
November 2002 to November 2003, he was a Post-
doctoral Fellow at the Royal Holloway College, Uni-

versity of London, doing research with Prof. J. Shawe-Taylor. During April
2005 to June 2005, he was a Visiting Professor in the Department of Computer
Science, Hong Kong University of Science and Technology. He is currently a
Full Professor in the College of Electrical and Information Engineering, Hunan
University. He has authored or coauthored more than 130 refereed papers. His
research interests include information fusion, image processing, and pattern
recognition.

Dr. Li has won two 2nd Grade National Awards at Science and Technology
Progress of China in 2004 and 2006. From 2007 to 2008, he served as a member
in Neural Networks Technical Committee.

Leyuan Fang (S’10) received the B.S. degree in
electrical engineering from the Hunan University of
Science and Technology, Xiangtan, China, in 2008.
Since 2008, he has been working toward the Ph.D.
degree in the College of Electrical and Information
Engineering, Hunan University, Changsha, China

Since September 2011, he has been a Visiting
Ph.D. Student in the Department of Ophthalmol-
ogy, Duke University, Durham, NC, supported by the
China Scholarship Council. His research interests in-
clude sparse representation and multiresolution anal-

ysis applied to biomedical signal/images and remote sensing images (denoising,
change detection, and segmentation).

Mr. Fang has won the Scholarship Award for Excellent Doctoral Student
granted by Chinese Ministry of Education in 2011.

Haitao Yin received the B.S. and M.S. degrees in
applied mathematics from the College of Mathemat-
ics and Econometrics, Hunan University, Changsha,
China, in 2007 and 2009, respectively. He is cur-
rently working toward the Ph.D. degree in the College
of Electrical and Information Engineering, Hunan
University.

His research interests include image processing,
sparse representation, and pattern recognition.



<<
  /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 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


