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Group-Sparse Representation With Dictionary
Learning for Medical Image Denoising and Fusion

Shutao Li∗, Member, IEEE, Haitao Yin, and Leyuan Fang, Student Member, IEEE

Abstract—Recently, sparse representation has attracted a lot of
interest in various areas. However, the standard sparse representa-
tion does not consider the intrinsic structure, i.e., the nonzero ele-
ments occur in clusters, called group sparsity. Furthermore, there
is no dictionary learning method for group sparse representation
considering the geometrical structure of space spanned by atoms.
In this paper, we propose a novel dictionary learning method, called
Dictionary Learning with Group Sparsity and Graph Regular-
ization (DL-GSGR). First, the geometrical structure of atoms is
modeled as the graph regularization. Then, combining group spar-
sity and graph regularization, the DL-GSGR is presented, which
is solved by alternating the group sparse coding and dictionary
updating. In this way, the group coherence of learned dictionary
can be enforced small enough such that any signal can be group
sparse coded effectively. Finally, group sparse representation with
DL-GSGR is applied to 3-D medical image denoising and image
fusion. Specifically, in 3-D medical image denoising, a 3-D pro-
cessing mechanism (using the similarity among nearby slices) and
temporal regularization (to perverse the correlations across nearby
slices) are exploited. The experimental results on 3-D image denois-
ing and image fusion demonstrate the superiority of our proposed
denoising and fusion approaches.

Index Terms—3-D medical image denoising, dictionary learning,
graph regularization, group sparse representation, medical image
fusion, temporal regularization.

I. INTRODUCTION

M EDICAL imaging has been a useful and powerful tech-
nique for clinical investigation and disease diagnosis.

However, due to the technique limitation, the quality of ac-
quired medical images is usually unsatisfactory, which degrade
the accuracy of human interpretation and further medical im-
age analysis. Therefore, the quality of these images needs to be
improved. One direct way is image denoising which receives a
lot of interest. Many denoising approaches have been proposed,
such as adaptive filters [1]–[3], wavelet-based methods [4]–[6],
total variation-based method [7], etc. Another effective way is
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image fusion which can improve the quality of images by in-
tegrating the complementary information from multimodality
images into a single fused image. The fused image provides
accurate description of the human body and improves the di-
agnosis accuracy [8]. For example, magnetic resonance (MR)
images can provide detailed information on soft tissue, while
the dense structures like bones can be well visualized through
the computed tomography (CT) technique. Fusing MR and CT
images can generate the image which can describe the soft tissue
and bone. The popular fusion methods are based on multireso-
lution analysis, such as the discrete wavelet transform [9] and
stationary wavelet transform [10].

In recent years, sparse representation has emerged as a power-
ful tool for image denoising [11], [12], image fusion [13], [14],
magnetic resonance spectroscopy [15], voxel selection [16],
electroencephalogram inverse problem [17], compressive sens-
ing [18], etc. The existing sparse representation assumes that
the nonzero coefficients appear randomly. However, the sparse
coefficients often exhibit intrinsic structure in form of clusters.
The standard sparse representation does not consider intrinsic
structure of sparse signal. Therefore, introducing the intrinsic
structure into sparse representation model is a reasonable strat-
egy to improve the performance of sparse representation [19].
In this paper, we study group sparse representation which in-
corporates the cluster structure into sparsity prior. It is well
known that the choice of dictionary plays a crucial role in sparse
representation. For the standard sparse representation, two ap-
proaches about dictionary construction are popularly used: the
analytic approach (such as wavelet [20]) and the learning-based
approach (such as K-SVD [21]). Currently, there are a few works
focusing on dictionary learning for group sparse representation.
Rosenblum et al. [22] proposed a dictionary learning method
which is the modified version of K-SVD named as block K-SVD
(BK-SVD). Different from K-SVD (rank-1 approximation), the
atoms in each group are updated by the rank-k approximation
in BK-SVD, where k ≥ 1 denotes the group size. However, the
BK-SVD does not consider the structure among the atoms. It is
valuable to design a dictionary learning method for group sparse
representation which exploits the geometrical structure among
the atoms in different groups.

Recent works have shown that the graph-based method can
preserve the geometrical structure effectively in manifold learn-
ing [23]. Motivated by this, utilizing the local geometrical struc-
ture of atoms and group sparsity, this paper proposes a novel dic-
tionary learning method for group sparse representation, termed
as Dictionary Learning with Group Sparsity and Graph Regu-
larization (DL-GSGR). First, a graph is created based on group
structure of the atoms in dictionary, which is described by a
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Laplacian matrix. A regularization term, called graph regular-
ization, is presented with the Laplacian matrix. Then, combining
the group sparse constraints and the graph regularization, the
dictionary learning model of DL-GSGR is proposed. Finally,
the proposed dictionary learning model is solved by alternat-
ing the group sparse coding and dictionary updating. Through
DL-GSGR, the learned dictionary not only ensures the group
sparsity, but also can preserve the local group geometrical struc-
ture of atoms. Furthermore, the group coherence of learned dic-
tionary can be reduced through the graph regularization, which
is essential for the accuracy of group sparse coding [24].

Then, the group sparse representation with DL-GSGR is ap-
plied into 3-D medical image denoising and image fusion. Gen-
erally, in 3-D medical images, the adjacent slices often exhibit
the strong similarity. Using the similar slices can increase the
redundancy, which is useful for noise removal. Therefore, for
the task of medical image denoising, we consider the 3-D pro-
cessing (several nearby slices are performed jointly) instead
of 2-D processing (each slice is performed separately). To en-
force the relationship among the neighboring slices, a regu-
larization term called temporal regularization is incorporated
into the 3-D denoising model. Combining the group sparsity
and temporal regularization, the proposed 3-D medical image
denoising method exhibits three advantages: 1) the group spar-
sity is more robust than standard sparsity; 2) 3-D processing
utilizing the correlations among nearby slices increases the re-
dundancy, which is a reasonable way for reducing the noise;
3) the temporal regularization can preserve the relationship
among the nearby slices, namely, the continuity is kept. For
medical image fusion, the group sparse coefficients of multi-
modality medical images with respect to the learned dictionary
are used to reflect the saliency. Due to the robustness of group
sparsity, the group sparse representation can provide satisfactory
fused result with few artifacts.

The remainder of this paper is organized as follows.
In Section II, we briefly review the group sparse representa-
tion. The proposed dictionary learning algorithm is described
in Section III. Applications of group sparse representation with
the proposed dictionary learning method in 3-D medical image
denoising, image fusion are presented in Sections IV and V, re-
spectively. In Section VI, we draw the conclusions and discuss
some future works.

II. GROUP SPARSE REPRESENTATION

Group sparse representation assumes that the signals can
be approximated by a union of a few subspaces. Let G =
{G1 , G2 , . . . , Gg} be a partition of index set {1, 2, . . . ,m},
where g is the number of groups. Given a dictionary D ∈
Rn×m ,DGi

denotes the subdictionary with columns identical
to D in group Gi , and the atoms in each subdictionary DGi

span a subspace. Then, any signal x ∈ Rn can be represented
as

x = Dα =
(
DG1 DG2 . . .DGg

)

︸ ︷︷ ︸
D

(
αT

G1
αT

G2
. . . αT

Gg

)T

︸ ︷︷ ︸
α

(1)

where α ∈ Rm is group sparse vector, and T denotes the trans-
pose of vector or matrix. With group sparsity constraint, αα can

be sought by following optimization problem

min
α

‖α‖2,0 subject to x = Dα (2)

where ‖α‖2,0 =
∑g

i=1 I (‖αGi
‖2), and I (·) is an indicator

function defined as

I (‖αGi
‖2) =

{
1, if ‖αGi

‖2 > 0
0, otherwise.

(3)

If the signal x is corrupted by noise, i.e., x = Dα + v, where
v is assumed as the Gaussian noise. Then, the group sparse
coefficients α can be solved by the following problem:

min
α

‖α‖2,0 subject to ‖x − Dα‖2
2 ≤ ε (4)

where ε ≥ 0 is error tolerance.
Unfortunately, the problem (4) is a combinatorial problem.

This computational intractability inspires the researchers to de-
velop suboptimal strategies, including convex relaxation and
greedy algorithm. In convex approach, the �2,0 norm is replaced
by the �2,1 norm, leading to

min
α

‖α‖2,1 subject to ‖x − Dα‖2
2 ≤ ε (5)

where the �2,1 norm is defined as ‖α‖2,1 =
∑g

i=1 ‖αGi
‖2 . The

problem (5) can be transformed as an unconstrained version
referred to group Lasso [25]

min
α

1
2
‖x − Dα‖2

2 + μ ‖α‖2,1 . (6)

Group Orthogonal Matching Pursuit (GOMP) [26] is a pop-
ular greedy algorithm for group sparse representation, which
derives from OMP. Different from the OMP (selecting one atom
each time), the GOMP seeks the group sparse coefficients by
searching the most correlative group each time.

III. PROPOSED DICTIONARY LEARNING METHOD

Motivated by dictionary learning for the standard sparse rep-
resentation and recent graph-based methods, we propose a novel
dictionary learning method based on group sparsity prior and
local geometrical restriction.

A. Scheme of DL-GSGR

Let Z = [z1 , z2 , . . . , zN ] ∈ Rn×N be a training data matrix,
where zi ∈ Rn is the ith sampled data. Our goal is to learn a dic-
tionary D = [d1 , d2 , . . . , dm ] ∈ Rn×m and sparse coefficient
matrix Λ ∈ Rm×N , such that the product of D and Λ can ap-
proximate the original data matrixZ efficiently. In addition, each
column αi (i = 1, 2, . . . , N) of Λ is restricted to group sparsity.
Let M = {D,W} be a constructed weighted graph. The ver-
tices of graphM correspond to the atoms {d1 , d2 , . . . , dm}, and
the weight matrix W is used to restrict the similarity between
two atoms. The weight between the ith vertex di and jth ver-
tex dj are denoted as wij . With the group sparsity assumption,
any signal can be approximated by a union of some subspaces
expanded by atoms in each group (DGi

(i ∈ {1, 2, . . . , g})).
Therefore, when the atoms di and dj are in the same sub-
space, i.e., the same group, the weight wij should be large.
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Otherwise, wij is decreased. For simplicity, the weight matrix
W = (wij )

m
i,j=1 ∈ Rm×m is defined as follows

wij =
{

1, if di and dj in the same group
0, otherwise.

(7)

Furthermore, the Euclidean distance ‖di − dj‖2
2 is applied to

measure the similarity of two vertices. Thus, with the weight
matrix W, the graph regularization is formulated as

1
2

m∑

i,j=1

wij ‖di − dj‖2
2 =

m∑

i=1

dT
i wiidi −

m∑

i,j=1

dT
i wijdj

= Tr
(
DCDT

)
− Tr

(
DWDT

)
= Tr

(
DLDT

)
(8)

where C is the diagonal matrix, Cii =
∑m

j=1 wij ,L is the
Laplacian matrix computed as L = C − W, and Tr is the trace
of a matrix. It can be seen that (8) is the sum of difference
between two atoms (di and dj ) in the same group. Hence, min-
imizing (8) can reduce the difference between di and dj in the
same group, i.e., the similarity in same group is restrained. Con-
versely, the dissimilarity in different groups can be enforced.
Therefore, this graph regularization can ensure the group co-
herence of learned dictionary small enough which is essential
for group sparse coding [24]. Combining the group sparsity
assumption and graph regularization, we propose a novel dic-
tionary learning model

min
D , Λ

μ
N∑

i=1

‖αi‖2,0 +
N∑

i=1

‖zi − Dαi‖2
2 + λTr

(
DLDT

)
(9)

where Λ = (α1 ,α2 , . . . ,αN ) , μ and λ are regularization pa-
rameters. In model (9), the first term measures the group sparsity
level, the second term controls the approximation error, and the
last term is the graph regularization. The model (9) can be al-
ternated as

min
D , Λ

‖Z − DΛ‖2
F + λTr

(
DLDT

)

subject to ∀i ‖αi‖2,0 ≤ τ (10)

where τ is a natural number controlling the group sparsity level.
The model (10) is equivalent to model (9) with appropriate τ .

We use an alternating strategy to solve (10) with two stages:
group sparse coding and dictionary updating. In group sparse
coding stage, keeping the dictionary D fixed, the group-sparse
coefficient matrix Λ can be found by

min
Λ

‖Z − DΛ‖2
F subject to ∀i ‖αi‖2,0 ≤ τ. (11)

Due to the low complexity, we use the GOMP to solve (11)
in this paper.

In dictionary updating stage, the group-sparse coefficients
matrix Λ is fixed, and the dictionary D is updated by the fol-
lowing problem

min
D , Λ

‖Z − DΛ‖2
F + λTr

(
DLDT

)
. (12)

Obviously, the cost function of problem (12) is strictly convex.
Therefore, taking the derivative of cost function with respect to

D and then setting the derivation as zero yield the solution of
problem (12)

D∗ = ZΛT
(
ΛΛT + λL

)−1
. (13)

Eventually, the whole procedures of dictionary learning
method are described in Algorithm 1, termed as DL-GSGR.
The applications of DL-GSGR will be stated in Section IV (3-D
medical image denoising) and Section V (image fusion).

B. Performance Evaluation for Dictionary Learning

In this section, the performance of DL-GSGR is evaluated by
following two experiments.

1) Learning dictionary from clean training set.
2) Learning dictionary from noisy training set.
Without loss of generality, we assume that each group parti-

tion has the same group size in the following experiments. Lena
image is used as the test image. The task of the first experi-
ment is to learn two dictionaries of size 64 × 100 and 64 × 200
from clean training set, which consists of 50 000 patches of size
8 × 8 randomly selected from clean Lena image. In addition,
the K-SVD [21] is implemented for comparison. The initial
dictionaries for DL-GSGR and K-SVD are chosen as the over-
complete DCT. The fixed (group) sparsity level is used as the
stopping criterions of DL-GSGR and K-SVD in (group) sparse
coding stage. In this experiment, the fixed (group) sparsity level
is set to 3. The RMSE is used as the objective function. The
objective function values of the K-SVD and DL-GSGR (with
different group size) are reported as a function of iteration num-
ber. Fig. 1(a) and (b) depicts the curves of functions for leaning
dictionaries of size 64 × 100 and 64 × 200, respectively. It can
see that the objective function of DL-GSGR decreases more
rapidly than K-SVD.

In the second experiment, we aim to learn two dictionaries of
size 64 × 100 and 64 × 200 from noisy training set, which con-
sists of 50 000 patches of size 8 × 8 randomly selected from the
noisy Lena image (σ = 50). The approximation error is chosen
as the stopping criterions of DL-GSGR and K-SVD in (group)
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Fig. 1. Objective functions of the K-SVD and DL-GSGR (with different group size) are reported as a function of iteration number. (a) Learning dictionary of size
64 × 100 from clean training set. (b) Learning dictionary of size 64 × 200 from clean training set. (c) Learning dictionary of size 64 × 100 from noisy training set
(σ = 50). (d) Learning dictionary of size 64 × 200 from noisy training set (σ = 50). DL-GSGR (3) and DL-GSGR(5) denote the DL-GSGR with group size 3
and 5. The objective function of Fig. 1(a) and (b) is RMSE, while the average number of nonzero groups and atoms for each training signal are used as objective
function for K-SVD and DL-GSGR, respectively, in Fig. 1(c) and (d).

sparse coding stage, and set as 1.15 ·
√

64 · σ [11], where σ is
the standard deviation. The average number of nonzero groups
and atoms for each training signal is used as objective func-
tion for K-SVD and DL-GSGR, respectively. Fig. 1(c) and (d)
depicts the curves of objective function value after 20 itera-
tions of DL-GSGR and K-SVD for leaning dictionaries of size
64 × 100 and 64 × 200, respectively. Fig. 1(c) and (d) shows
that the objective function of DL-GSGR decreases more rapidly
than K-SVD with the same stopping criterion. Furthermore, the
evaluation measure of DL-GSGR with larger group size de-
creases more rapidly than smaller group size, but the number of
atoms used for representing a signal may be larger due to each
group having more entries. To balance the number of nonzero
groups and number of nonzero entries, the group size 5 is used
in the following experiments.

IV. 3-D MEDICAL IMAGE DENOISING

A. 3-D Medical Image Denoising Model

In this section, the DL-GSGR will be applied in 3-D medical
image denoising. Let X ∈ RN ×M ×K and Y ∈ RN ×M ×K be
the clean and noisy 3-D medical image, respectively. Generally,
the MR images are modeled as a Rician distribution [27]. Hence,
the noise in MR images is called as the Rician noise which is
local signal dependent. For high signal-to-noise-ratio (SNR) re-
gion, the Rician distribution can be approximated by Gaussian
distribution effectively. The CT images are corrupted by Poisson
noise easily. However, through the variance stability transform
(VST), the Poisson noise can be approximated by the Gaussian

noise [28]. Therefore, we assume that the noisy medical image is
formulated as Y = X + V, where V ∈ RN ×M ×K is the Gaus-
sian noise with standard deviation σ. The task of 3-D image
denoising is to reconstruct the volumetric data X from Y. In the
following, a new 3-D image denoising model is designed based
on the group sparse representation with DL-GSGR, termed as
3-D Denoising with Group Sparsity and Temporal Regulariza-
tion (3-D DGSTR).

Following the previous work [11], the local patches are con-
sidered instead of the whole image. Let yk

i = Rk
i Y be the ith

patch with a square area of n pixels extracted from the kth slice
of noisy medical image Y, and ordered as n-dimension col-
umn vector, where Rk

i is a binary matrix extracting the patch
from 3-D image. Generally, the similarity among the nearby
slices exists in 3-D medical image. Therefore, we exploit a 3-D
processing mechanism, namely p slices are processed jointly.
Let Yk

i = ((yk
i )T , (yk+1

i )T , . . . , (yk+p−1
i )T )T ∈ Rnp be the

ith local 3-D patch with respect to the kth slice and nearby
p slices. For the 3-D patch Yk

i , the model of 3-D DGSTR is

min
α

μ ‖α‖2,0 +
∥
∥Yk

i − Dα
∥
∥2

2

+ λ

p∑

j=1

p∑

l=1

∥
∥
∥xk+j−1

i − xk+ l−1
i

∥
∥
∥

2

2
(14)

where xk+j−1
i (j = 1, 2, . . . , p) is the denoised patch corre-

sponding to yk+j−1
i . In the model (14), the first term (‖α‖2,0)

can enforce the group sparsity, the contribution of second term
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(‖Yk
i − Dα‖2

2) is to minimize the approximation error, and
the last term (

∑p
j=1

∑p
l=1 ‖x

k+j−1
i − xk+ l−1

i ‖2
2) is termed as

the temporal regularization to preserve the correlation of de-
noised 3-D patch. Actually, the denoised 3-D patch can be for-
mulated as X k

i = ((xk
i )T , (xk+1

i )T , . . . , (xk+p−1
i )T )T = Dα,

then xk+j−1
i can be calculated as xk+j−1

i = SjX k
i = SjDα,

where the matrix Sj is defined as

Sj =

⎛

⎝0 . . .0 I
↑

the j th

0 . . .0

⎞

⎠ ∈ Rn×np (15)

0 ∈ Rn×n and I ∈ Rn×n are zero matrix and identity matrix, re-
spectively. Therefore, the temporal regularization can be rewrit-
ten as

p∑

j=1

p∑

l=1

∥
∥
∥xk+j−1

i − xk+ l−1
i

∥
∥
∥

2

2
=

p∑

j=1

p∑

l=1

‖(Sj − Sl)Dα‖2
2

= αT DT

⎛

⎝
p∑

j=1

p∑

l=1

(
Sl

j

)T
Sl

j

⎞

⎠Dα = αT DT SDα (16)

where Sl
j = Sj − Sl and S =

∑p
j=1

∑p
l=1

(
Sl

j

)T Sl
j . Obvi-

ously, S is a symmetric matrix with full rank. Then, the matrix
S can be decomposed as S = UVUT by the singular value de-
composition. Let G =

√
VUT , then S = GT G, where

√
V is

a diagonal matrix with the diagonal elements as the square root
of the diagonal elements of V. Hence, the temporal regulariza-
tion can be expressed as αT DT SDα = αT DT GT GDα =
‖GDα‖2

2 . Therefore, the proposed 3-D medical image denois-
ing model (14) can be rewritten as

min
α

μ ‖α‖2,0 +
∥
∥Yk

i − Dα
∥
∥2

2 + λ ‖GDα‖2
2 . (17)

By introducing auxiliary variables

Ỹk

i =
(Yk

i

0

)
and D̃ =

(
D√
λGD

)

the model (17) is equivalently transformed as

min
α

μ ‖α‖2,0 +
∥
∥
∥Ỹk

i − D̃α
∥
∥
∥

2

2
. (18)

We apply the GOMP to seek the approximation solution of
problem (18), and the solution is denoted as α̂. The denoised
3-D patch X k

i is calculated as Dα̂. Then, each 3-D noisy patch
extracted from Y is performed by the same way. At last, av-
eraging the overlapping pixels yields the final denoised result.
In (18), the dictionary D plays a crucial role, which affects the
denoised results. We adopt the DL-GSGR to learn the dictionary
D from the training set.

B. Experiments

In order to evaluate the performance of proposed 3-D med-
ical image denoising method, experiments on synthetic MR
images with the Gaussian noise and Rician noise are per-
formed. Two images with 1-mm3 voxel resolution are ob-

tained from BrainWeb1: T1-MR (181 × 217 × 181) and T2-MR
(181 × 217 × 181). The Gaussian noise with different noise lev-
els according to the maximum intensity of test image is added in
the ground truth images. Actually, if the intensity values of test
images are normalized to [0,255], the 20% noise level denotes
Gaussian noise with standard deviation σ = 51. Moreover, the
Rician noise is simulated from Gaussian noise in complex do-
main. The real and imaginary parts of MR images are corrupted
by Gaussian noise, and then, calculating the magnitude image
yields the simulated MR images with Rician noise. Neverthe-
less, the 3-D DGSTR is developed based on Gaussian distribu-
tion assumption. Based on the current developed VST [29] for
Rician distribution, the 3-D DGSTR can be applied to reduce
the Rician noise. Therefore, in the following experiments, the
“VST+3-D DGSTR” denotes that the proposed 3-D DGSTR
is implemented for Ricain distributed noise. To improve the
adaptability of dictionary D in 3-D DGSTR, the dictionary D
is learned by DL-GSGR from the noisy image, namely the 3-D
patches randomly sampled from the noisy image Y constitute
the training set. In addition, the quality of results is evaluated
by peak signal-to-noise-ratio (PSNR).

Before present the experimental results, the influences of pa-
rameters of 3-D DGSTR are studied, including the nearby slice
number and the training number. The nearby slice number con-
trols the number of neighbor slices processed jointly. The train-
ing number is related to the abundance of samples in training
set. To evaluate the parameter influences, the 3-D DGSTR with
different parameters is validated on T1-MR image with 20%
Gaussian noise and 20% Rician noise respectively, as shown in
Fig. 2. From Fig. 2(a), it can be seen that increasing the nearby
slice number affects the denoised result slightly for Gaussian
noise if the nearby slice number is greater than 5. On the other
hand, for the Rician noise condition, five neighbor slices may
generate the best result. The influence of training number is
shown in Fig. 2(b). The curves indicate that the performance of
3-D DGSTR is improved with increasing the training number.
But higher computational cost is needed.

First, the performance of 3-D DGSTR for the Gaussian noise
is evaluated. In addition, the 3-D DGSTR is compared with sev-
eral 2-D denoising methods (each slice is performed separately
including the K-SVD2 [11], BM3D3 [2], and NLM4 [30]) and
3-D Denoising methods (several slices are performed as a whole
including 3-D K-SVD and VBM3D [31]). Based on Fig. 2, for
a tradeoff, the parameters setting of 2-D K-SVD, 3-D K-SVD,
and 3-D DGSTR are listed in Table I. The dictionaries used in
2-D K-SVD, 3-D K-SVD, and 3-D DGSTR are adaptively
learned from the noisy image. The parameters of BM3D,
VBM3D, and NLM are set to the optimal values referring
to [2], [31] and [30], respectively.

1http://mouldy.bic.mni.mcgill.ca/brainweb/
2Download at: http://www.cs.technion.ac.il/∼ronrubin/software.html
3Download at: http://www.cs.tut.fi/∼foi/GCF-BM3D/
4Download at: http://personales.upv.es/jmanjon/denoising/nlm2d.htm
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Fig. 2. Parameter influences of 3-D DGSTR for different distribution noise on the PSNR. (a) Influence of the nearby slice number. (b) Influence of the training
number. The y-axis of each figure denotes the denoised results (subtract the minimum PSNR value in each type experiment).

TABLE I
PARAMETERS OF 2-D K-SVD, 3-D K-SVD, AND 3-D DGSTR

Table II presents the PSNR comparison of various methods
under six different noise levels, namely 5%, 10%, 15%, 20%,
25%, and 30%. We can see that the VBM3D provides the best
results in low noise level (σ ≤5% for T1-MR and σ ≤ 15% for
T2-MR). However, in high noise level (σ > 10% for T1-MR and
σ ≥ 20% for T2-MR), the 3-D DGSTR matches or surpasses
the VBM3D. Comparing with the 2-D denoising methods, the
superiority of 3-D DGSTR is obvious. Comparing with the 3-D
K-SVD, the 3-D DGSTR is superior to the 3D K-SVD in most
cases. As a whole, the results of PSNR show that the proposed
denoising method is effective for high noise level in two ways: 1)
Comparing with 3-D K-SVD, the group sparse representation is
more robust than traditional sparse representation. 2) Comparing
with VBM3D, the temporal regularization can further enforce
the similarity among the nearby slices. In low noise level case,
the 3-D DGSTR is competitive to some popular 3-D denoising
methods (3-D K-SVD, VBM3D). Figs. 3 and 4 provide a visual
comparison of denoising results for T1-MR and T2-MR at 20%
noise level, respectively. From the figures, it can be seen that
the 3-D denoising methods generate fewer artifacts than 2-D
denoising methods. Furthermore, the edge in Figs. 3(h) and
4(h) (3-D DGSTR) is sharper than Figs. 3(g) and 4(g) (3-D
K-SVD), and is competitive to Figs. 3(f) and 4(f) (VBM3D).

Second, the performance of 3-D DGSTR for the Rician noise
is studied. Among the methods used in the experiments of
the Gaussian noise, only the NLM can be implemented with
bias subtraction for Rician noise. Therefore, the “VST+3-D
DGSTR” is compared with NLM for the Rician distribution
data. Fig. 5 shows the 100th slice of T1 and T2-MR images,
noisy images (corrupted by 20% Rician noise) and the corre-
sponding denoised results. It can be seen that there are fewer

artifacts in results by 3-D DGSTR [see Fig. 5(d) and (h)] than
the results by NLM [see Fig. 5(c) and (g)]. Furthermore, the
PSNR values of denoised results also demonstrate that the 3-D
DGSTR is superior to the NLM.

V. MEDICAL IMAGE FUSION

A. Group Sparse Representation-Based Image Fusion

Different medical imaging devices can provide images with
different body information. Medical image fusion integrates the
inherent complementary information of multimodality images
into one image, and thus provides a more complete and accurate
description of the body. Due to the advantages of medical im-
age fusion, it can be used for clinical diagnosis, computer-aided
diagnosis, telemedicine and surgical navigation etc. Effectively
and completely extracting the salient feature of multimodality
images plays an important role in image fusion. The multireso-
lution analysis is popularly used to extract salient feature. How-
ever, each multiresolution analysis method is defined through
specific mathematical model, which has its own limitation. In
this paper, we propose a medical image fusion method called
group sparse representation with learned dictionary-based im-
age fusion method (GSLDF), which use the group sparse co-
efficients to calculate the salience level. The learned dictionary
contains abundant features, such as points, lines, and corners,
which can extract the salient features effectively. In GSLDF, we
use the DL-GSGR to learn the dictionary. Without the loss of
generality, we assume that the multimodality images are geo-
metrically registered. If the source images are misregistered, the
manual registration scheme can be used. Then, the scheme of
GSLDF is summarized as follows.

1) The registered multimodality medical images
Xk (k = 1, 2, . . . ,K) are divided into overlapping

patches
{
xk

i

}P

i=1 with a square area of n pixels and
ordered as column vectors, where K and P are the
number of images and the total patch number of each
image, respectively. Each patch xk

i minus its mean value
mk

i generates x̄k
i .
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TABLE II
COMPARISON OF K-SVD [11], NLM [30], BM3D [2], VBM3D [31], 3-D K-SVD, AND 3-D DGSTR FOR THE GAUSSIAN NOISE

Fig. 3. Denoised results of T1-MR (slice 100) corrupted by Gaussian noise. (a) Original image. (b) Noisy image (20% noise level). (c) 2-D K-SVD. (d) NLM.
(e) BM3D. (f) VBM3D. (g) 3-D K-SVD. (h) 3-D DGSTR.

Fig. 4. Denoised results of T2-MR (slice 100) corrupted by the Gaussian noise. (a) Original image. (b) Noisy image (20% noise level). (c) 2-D K-SVD.
(d) NLM. (e) BM3D. (f) VBM3D. (g) 3-D K-SVD. (h) 3-D DGSTR.
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Fig. 5. Denoised results of T1/T2-MR (slice 100) corrupted by Rician noise. (a) Original T1-MR image. (b) Noisy T1-MR image (20% noise level). (c) Denoised
T1-MR image by NLM (PSNR = 24.01 dB). (d) Denoised T1-MR image by 3-D DGSTR (PSNR = 24.88 dB). (e) Original T2-MR image. (f) Noisy T2-MR
image (20% noise level). (g) Denoised T2-MR image by NLM (PSNR = 22.35 dB). (h) Denoised T2-MR image by 3-D DGSTR (PSNR = 24.26 dB).

2) The group sparse coefficients of each x̄k
i are sought by

(
αk

i

)∗
= arg min

α
k
i

∥
∥αk

i

∥
∥

2,0 subject to
∥
∥x̄k

i −Dαk
i

∥
∥

2 ≤ ε,

i = 1, 2, . . . , P ; k = 1, 2, . . . ,K. (19)

The GOMP is used to solve the aforementioned optimiza-
tion problem.

3) The group sparse coefficients
(
αk

i

)∗
and the mean value

mk
i (k = 1, 2, . . . , K) are fused by the following fusion

rules

αF
i =

(
αk̃

i

)∗
, k̃ = arg max

k=1,2,...,K

{∥
∥
∥
(
αk

i

)∗∥∥
∥

2

}
(20)

mF
i = mk̂

i , k̂ = arg max
k=1,2,...,K

{
mk

i

}
. (21)

4) The fused vector is computed by xF
i =DαF

i + mF
i

(i = 1, 2, . . . , P ). Then, the fused vectors are reshaped
into patches with a square area of n pixels. At last, the fi-
nal fused image is obtained by averaging the overlapping
pixels.

B. Experimental Results

To evaluate the performance of GSLDF, the SOMP [14], SWT
[10], NSCT [32], and DWT [9] based methods are performed
for comparison. The patch size and dictionary size in GSLDF
and SOMP based methods are set to 8 × 8 and 64 × 256. The
dictionaries used in GSLDF and SOMP are learned by DL-
GSGR and K-SVD offline, respectively. The training set for DL-
GSGR and K-SVD is constructed by 50 000 patches randomly

Fig. 6. Source images (slice 009). (a) CT image. (b) PD-MR image. (c) T2-MR
image.

selected from high-quality images.5 The decomposition level
and filter for DWT and SWT are chosen as 4, and “bior 2.2,”
respectively. We use “pyrexc” and “dmaxflat6” as the pyramid
filter and the orientation filter for NSCT, and the decomposition
level is set to {4, 8, 8, 16}.

Four groups of multimodality medical images (slices 003,
006, 009, and 012) downloaded from “the whole brain”6 are
used as the source images. These images are about acute stroke
of a 63 year old right-handed woman with history of hyper-
tension and noninsulin-dependent diabetes mellitus, who com-
plained of episodic right arm parenthesis and inability to read.
Fig. 6 shows the slice 009 including CT image, PD-MR image,
and T2-MR image. Obviously, the soft tissue and bone struc-
ture can be well visualized by MR (PD-MR and T2-MR) and
CT images, respectively. We consider two cases: fuse CT and
PD-MR images; and fuse CT and T2-MR images. To save space,
Fig. 7 (fuse CT and PD-MR images) and Fig. 8 (fuse CT and

5Download at: http://r0k.us/graphics/kodak/
6Download at: http://www.med.harvard.edu/AANLIB/
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Fig. 7. Results of fusing CT images and PD-MR image (slice 009). (a) DWT. (b) NSCT. (c) SOMP. (d) SWT. (e) GSLDF.

Fig. 8. Results of fusing CT images and T2-MR image (slice 009). (a) DWT. (b) NSCT. (c) SOMP. (d) SWT. (e) GSLDF.

T2-MR images) show the fused results of slice 009. The benefits
of MR and CT images are merged into one image through image
fusion that could provide a useful tool for surgical navigation.
From Figs. 7 and 8, it can be seen that the soft tissue and bone
structure (especially the pituitary, basilar artery and their sur-
rounding structures) are preserved better with fewer artifacts by
GSLDF than the compared methods. All the fused results are
assessed by three clinicians who all have over five years work-
ing experience in the relevant field. They point that a clear and
accurate adjacent relationship of soft tissue and bone structure
is very important for intraoperative orientation. Among those
fused images, they think that GSLDF provides clearer adjacent
relationship and GSLDF is superior to the compared methods
(the DWT-, NSCT-, SOMP-, and SWT-based methods) for sur-
gical navigation.

For comparing objectively, five metrics including mutual
information (MI) [33], universal quality index (UIQI) [34],
QE [35], QW [35], and QAB/F [36] are applied to assess the
quality of fused results. MI computes the information trans-
formed from the source images to the fused images. Combining
loss of correlation, luminance distortion, and contrast distor-
tion, Wang and Bovik design the UIQI. Piella and Heijmans
develop the QE and QW which derive from the UIQI. QW

gives more weight to the windows with higher saliency. Instead
of original gray image considered in QW , QE evaluates the
information from the original gray image and the edge image.
The QAB/F metric measures the edge information transferred
from input images to fused image. The larger MI, QE ,QW ,
UIQI, and QAB/F values imply the better results. The chosen
five fusion metrics are widely used in fusion evaluation [37],
which can assess the quality of fused results reasonably in terms
of information transformation, structural similarity, and feature
transformation.

TABLE III
AVERAGE OBJECTIVE EVALUATION INDEXES OF DIFFERENT

IMAGE FUSION METHODS

Table III lists the objective evaluation indexes of tested meth-
ods, which are the average values of four experiments. The
values in bold indicate the best results. In the case of fusing
the CT and PD-MR images, although the SOMP-based method
has the same performance as our method in QAB/F , GSLDF
generates the best results in terms of MI, QE ,QW , UIQI. Fur-
thermore, the GSLDF produces the noticeably better results in
all metrics for fusing the CT and T2-MR images.

VI. CONCLUSION AND FUTURE WORKS

In this paper, we have proposed a novel dictionary learn-
ing algorithm based on group sparsity and graph regularization,
namely DL-GSGR. Through DL-GSGR, the group coherence
of learned dictionary can be reduced, such that any input signal
can be group sparse coded effectively. Furthermore, the group
sparse representation with DL-GSGR has been applied to med-
ical image processing, including 3-D medical image denoising
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and image fusion. In 3-D medical image denoising application,
a 3-D processing mechanism is used to increase the redundancy,
and the temporal regularization is introduced to perverse the cor-
relations across the nearby slices. The denoising results show
that our denoising method is superior to several popular 2-D
denoising methods (K-SVD, NLM, and BM3D) and 3-D de-
noising methods (3-D K-SVD and VBM3D) in high noise level.
For medical image fusion, the group sparse representation with
learned dictionary (by DL-GSGR) can extract the salient fea-
ture more effectively and completely than the multiresolution
analysis and the standard sparse representation. In addition, the
specific defined fusion rule can preserve the complementary
information effectively. The experimental results demonstrate
that our fusion method surpasses the multiresolution analysis-
based methods (DWT, SWT, and NSCT) and the standard sparse
representation-based method (SOMP) in terms of five metrics
(MI, UIQI, QE ,QW , and QAB/F ). In our future work, we will
focus on the following two directions: 1) the denoising applica-
tion (3-D DGSTR) to inhomogeneous noise case. 2) The fusion
application (GSLDF) to simultaneous image registration and
image fusion.
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