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Abstract. Image decomposition is an important and challenging problem in image processing. This
paper proposes an L1 cartoon-texture image decomposition method. To separate the cartoon, we use
framelet analysis prior to regularize cartoon, and employ an anisotropic total variation to enhance the
edges of the separated images while eliminate the annoying stair-casing often emerging in total variation
based methods. In order to remove the high frequency part (such as noise and texture) in cartoon, a
simple quadratic term is added in cartoon separation. The texture is then separated by using a common
discrete cosine transform. Also, an L1 fidelity term is proposed to estimate the least absolute deviation
between the ground truth and the measured images. An alternating Bregman algorithm is developed to
solve the double-variable and multi-L1 minimization problem. The experiments show that the proposed
method provides better image decomposition than other methods.
Keywords. Anisotropic total variation; Framelet analysis prior; Image decomposition; L1 fidelity; multi-
variable optimization.

1. INTRODUCTION

Image decomposition is an interesting and important task in image processing. The main goal
of image decomposition is to separate an image into a cartoon structure and texture component.
Cartoon represents the geometric structure with homogeneous regions (such as, edges, and flat
region). Texture models the oscillating part with small scales. Now, image decomposition meth-
ods have been successfully applied to a broad range of areas including biomedical or medical
imaging, remote imaging, astronomical sensing, and image restoration [2, 8, 19–21, 24, 27].

The first prior based models proposed for image decomposition are based on variational func-
tions [1,3,4,18,29,38], which introduce total variation (TV) operators to extract the strong edge
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structure from an given image, and employ another functions to represent texture. TV-based im-
age decomposition model can be described as:

inf
(u,v)∈BV×K/v=uc+ut

(
∫
|Duc|+λΦ(ut)), (1.1)

where
∫
|Duc| is the total variation (TV) of uc [34]. The function Φ(ut) can be L2 norm [17], L1

norm [18], G space function [29], and Hilbert space function [38], where the penalty function
Φ(ut) can be:

Φ(ut) =


‖ut‖2

L2,

‖ut‖G,

‖ut‖L1,

‖ut‖2
H ,

Φ(ut) = ‖ut‖2
L2. (1.2)

For a more detailed review on variational image decomposition, we refer the reader to [4, 18].
TV based methods have been proved to be efficient on image decomposition. However, these
methods often suffered from the well-known stair-casing effect caused by TV, especially on the
image edges [33].

In [36, 37], a novel image decomposition method was proposed based on the sparse repre-
sentation of images, which is usually called Morphological Component Analysis (MCA). MCA
assumes that every component of an image can be sparsely represented in a specific transform
domain by a dictionary. When one dictionary can efficiently represent one component of image
in sparse domain, it would be highly inefficient in representing the other parts of images. The
cost function of MCA is:

{αopt
t ,αopt

n }= argmin
{αt ,αn}

‖αt‖1 +‖αt‖1 +λ‖u−Ttαt−Tnαn‖2
2 + γTV{Tnαn} (1.3)

where Tt and Tn are the selected dictionaries for texture ut and un cartoon, respectively, and αt
and αn are the sparse coefficients of texture and cartoon in the transformed domain. The TV
regularization is employed for enhancing the edge of cartoon. To recover an image, cartoon
un = Tnαn, and texture ut = Ttαt . Recently, Boblin et al. developed multichannel MCA [5] and
the generalized MCA [5,6] for a generalized blind signal separation. MCA can efficiently sepa-
rate an image into several components with individual characteristics, however, it also uses TV
to enhance the edges because of the weak ability of sparse representation on edge-preserving.
This may introduce the stair-casing effect on the edges. Recently, Minaee and Wang proposed
an image segmentation algorithm to decompose the background and foreground by using a
sparse-smooth segmentation technique [30, 31]. They used the synthesis operator to model the
smooth background with the assumption that the foreground part is sparse. Later, they added a
total variation term as a combination regularization term for foreground [32]. The proposed al-
gorithms achieved good performance on segmenting the foreground and the background. How-
ever, it is a little bit different with the work cartoon-texture decomposition which implements
the decomposition task under the consideration that different component of images has different
scales with different properties.

Decomposing an image into cartoon and texture automatically is a nontrivial work. Neither
TV-based methods nor MCA discuss how to more efficiently extract cartoon or texture from an
image without other components. This is because the computer often mistakes some texture
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as structure when details contain sufficiently strong contrast. In order to overcome the draw-
backs of TV used in image decomposition task [1, 3, 4, 7, 18, 29, 32, 38], this paper proposes an
image decomposition model, which is based on framelet based analysis prior, anisotropic total
variation (ATV). We employ framelet analysis prior to separate the cartoon from images, and
use anisotropic total variation model to enhance the edges. Also in order to remove the texture
details mistaken as cartoon, we introduce a quadratic term for cartoon cost function. Moreover,
we proposed a L1 norm to replace the traditional L2 norm fidelity functional to improve the
decomposition performance. The main contributions of this paper:

(1) A novel image decomposition model based on framelet analysis prior with ATV is
proposed.

(2) A L1 norm fidelity term for robust image decomposition us proposed.
(3) An alternating Bregman iteration optimization algorithm is proposed to solve the pro-

posed multi-variable and multi L1 optimization problem.
(4) Extensive experiments are conducted on images with various characteristics. Detailed

objective and subjective comparisons with existing state-of-the-art methods are presented.
The rest parts of this paper are organized as follows: Brief review of sparse representation

and anisotropic total variation and the proposed model are represented in Section 2. Numerical
algorithm based a modified Bregman iteration is described in Section 3. Experimental are
shown in Section 4. And conclusions are given in Section 5, the last section.

2. RELATED WORK AND PROPOSED MODEL

Before introducing our proposed model, we begin with the brief review of the framelet system
and anisotropic total variation.

2.1. Framelet system. Framelet system is the wavelet tight frame, which needs no down-
sampling. This paper will chose the popular piece wise linear B-spline framelet system, which
is simple and easy to implement for our experiments. If

g = ∑
p∈D
〈g, p〉p, ∀g ∈ L2(R), (2.1)

then we call D ∈ L2(R) as a tight frame of L2(R). 〈g, p〉 is the inner product of two functions g
and p.

A tight frame is often constructed by a collection of dilations and shifts of a scaling function
with a refinement mask as:

D(P) := {pi, j,1 : 1≤ i≤ r; j, l ∈ Z} with pi, j,1 := 2 j/2 pi(2 j.− l), (2.2)

where D(P) is the tight wavelet frame, and pi, i = 1,2, . . . ,r are the framelets. In the discrete
setting, suppose that a vector denote an image, and the framelet transform operator D is a matrix.
Then the coefficient vector created by framelet system can be represented as:

α = D f (2.3)

Then the image can be simply reconstructed by an inverse operator DT

f = DT
α. (2.4)

We emphasize that D is a matrix whose row dimension is larger than its column dimension.
Also, D is often called the analysis operator, and DT is the synthesis operator. Both analysis
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operator and synthesis operator have been successfully applied into many image processing
tasks, which present different properties. In general, DT D = I with DT D 6= I . This means
that the framelet system is redundant and non-orthogonal wavelet system. For more detailed
analysis, we refer to the readers to [9, 22].

2.2. Anisotropic total variation. The edge is an important feature of images. Numerous meth-
ods that consider image decomposition have applied edge-preserving models, such as, total
variation (TV), Framelet, Curvelet etc. TV is an efficient and most used one. This is due to its
strong edge-preserving capability. However, TV often suffers from the undesired stair-casing
on the edges, which contain some rectangular structure, such as, corners. In [26], an anisotropic
total variation (ATV) was proposed to eliminate the stair-casing. The definition of ATV can be
described as the following penalty term∫

Ω

ϕ(5u) := sup
g∈C1

c (Ω;Rn),g(x)∈Wϕ

∫
Ω

u(x)divg(x)dx, ∀x ∈Ω, (2.5)

where ϕ : Rn→ R is a convex, and one-homogeneous function with the origin at 0, and the set
of Wϕ is defined as:

Wϕ := {y ∈ Rn : x · y≤ ϕ(x), ∀x ∈ Rn}. (2.6)

FIGURE 1. Comparison of edge-preserving properties. (a) Original rectangular
image; (b) noisy image; (c) TV restoration[14]; (d) TV-Bregman restoration; (e)
sparse presentation restoration [10]; (f) ATV restoration [26]: The last row: the
zoomed lower-left corners of (c), (d), (e), (f).
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The set is the closed unit square Wulff shape, which is compatible with anisotropy of function
ϕ with ϕ(x,y) = |x|+ |y|. ATV has the better ability to protect the sharp edges of images. Figure
1 shows the edge-preserving comparison of the ATV and other popular methods. The results in
Figure 1 show that ATV outperforms on edge-preserving than other methods, especially on the
corners of edges.

2.3. The proposed model. Due to the multi-level decomposition properties of sparse represen-
tation in some sparse domains. MCA is a useful and popular model for image decomposition.
For an image f to be decomposed into cartoon u and texture v with corresponding sparse coef-
ficient αu and Tv transformed by operator αu and Tv, MCA can be described as:

min
u,v

L( f ,T T
u αu,T T

n αn)+Φ(αu)+Ψ(αu)+TV (T T
u αu), (2.7)

where the fidelity term is designed as the Euclidean distance between f and T T
u αu +T T

n αn.
Cartoon and texture terms are regularized by L1 norm of the αu and αn. The edges of cartoon
are enhanced by the well-known TV regularization. MCA uses the synthesized representations,
which explore the most sparse solution among all transform coefficients which often brings
visible artifacts along image edges (see Figure 1.(e) for details). Also, due to the stair-casing
effect, TV in the model of (2.7) often introduces the notorious stair-casing which often distort
the edge texture, such as, corners (see Figure 1.(c) and (d) for details).

Inspired by recently works on analysis-based sparse representation [10] and the ATV [26],
we propose an image decomposition model by using analysis-based sparse representation and
anisotropic total variation. Analysis-based sparse representation tends to have better visual re-
sults than the synthesis-based approach [10,11]. And ATV is superior to preserving and enhanc-
ing edges than TV and sparse representation as shown in Figure 1. The proposed decomposition
model is:

{uc,ut}=argmin
uc,ut

|uc +ut− f |1 +α1‖Dcuc‖1 +β1‖uc‖2
2

+α2‖Dtut‖1 +β2(‖∇xuc‖1 +‖∇yuc‖1),
(2.8)

where α1,α2,β1 and β2 are the positive regularization parameters, Dc and Dt are two anal-
ysis sparse transform operators, and uc and ut are the cartoon and texture of image f to be
decomposed. The requirement f = uc +ut says that the decomposition part uc and uc should
be approximate to the original image. The term ‖Dcuc‖1 is to extract the cartoon from image,
and the quadratic term β1‖uc‖2

2 is to filter the high frequency part in cartoon (such as noise and
texture). The combination of analysis regularization and quadratic term has been proved that
it would lead to more stable results than that of the non-quadratic term [12, 13, 16]. In other
words, the combination of ‖Dcuc‖1 +‖uc‖2

2 would extract more better cartoon results without
or with more less texture structure than non-quadratic term. This may generate more satisfac-
tory separation results. Term ‖Dtut‖1 is to separate the texture part, and the last two terms are
the anisotropic total variation of cartoon to enhance the edges of cartoon. The elements of ∇xuc
and ∇yuc are given by:

∇xuc(i, j) = uc(i+1, j)−uc(i, j) and ∇yuc(i, j) = uc(i, j+1)−uc(i, j), (2.9)

where (i, j) is the pixel coordinate of image.

Remark 2.1. The model of (2.8) is similar to but different from the work of MCA which
uses synthesis based sparse representation. First, this paper uses analysis-based representation,
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which leads to different results. Synthesis based approach tends to seek for the most sparse
solution among the coefficients. Hence, only a small number of atoms are applied to describe
the image signal. Each atom plays an important role in signal representation. However, any
additional errors in atoms would lead to the solution far away from the desired description [25].
On the other hand, the atoms in analysis representation have the equivalent choice to describe
the image signal and minimize the dependence on each individual one, which would lead to
the stable solution in the recovery process [8, 10, 19, 20]. Also we employ the ATV instead of
TV to enhance the edges, which can eliminate the annoying stair-casing effect arisen in MCA.
Moreover, we propose to employ the L1 cost function for fidelity term. L1 cost function has
been proved to generate the better geometrical features than common L2 function [15, 18, 23].

Remark 2.2. The quadratic term is applied to smooth the oscillating component existing in the
cartoon. Another L2 regularization of gradient β2 is often used for smoothing. As well studied,
L2 gradient term often over-regularizes the edges and corners, which cause the final edges
blurring [16]. This is because that the noise in the edges would be amplified after gradient
transformation, which causes the edge gradients to be more noisy. To remove the noise, it must
smooth the edge gradient with larger weights, which cause the final results over-smoothing.
Instead, quadratic term avoids the over-smoothing. Moreover, the quadratic term combined
with the sparse gradient or the sparse coefficients can protect the edges with more robust edge
structure [13, 16]. In addition, min

uc
‖Dcuc‖1 +β1‖uc‖2

2 can converge to min
uc
‖Dcuc‖1 as β1→ 0.

This was analyzed and proved in details in [12, 13].

3. NUMERICAL ALGORITHM

For L1 and multi-variable minimization problems with model (2.8), there is no existing
method, which can directly solve this complex optimization problem. Fortunately, we found
that multi-variable optimization problem can be decomposed into several single-variable sub-
problems by using alternative algorithm(AM) [14]. Then the L1 norm optimization problem
can be efficiently solved by using some iterative methods, such as, alternating direction method
(ADM) [40], proximal gradient method [35], split Bregman iteration [28] etc. The methods are
equivalent to each other under some conditions. For more review and discussion of optimization
methods, we refer to reader to [39]. In this paper, we apply the AM into the Bregman iteration
method to solve the multi-variable and multi-L1 optimization problem in model (2.8).

Due to the multi-variable optimization, model (2.8) can be transformed into following two
subproblem groups by using AM [13]:

uk+1
c =argmin

uc

|(uc +uk
t )− f |1 +α1‖Dcuc‖1 +β1‖uc‖2

2

+β2(‖∇xuc‖1 +‖∇yuc‖1),
(3.1)

and
uk+1

t = argmin
ut

|(uc +uk
t )− f |1 +α2‖Dtut‖1, (3.2)

Step 1: For uk+1
c , introduce auxiliary variables d0,d1, p1, p2 and let

d0 = uc +ut− f ,d1 = Dcuc, p1 = ∇xuc, p2 = ∇yuc. (3.3)

Then problem (3.1) can be transformed into following optimization problem by using Split
Bregman methods [35]:
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(uk+1
c ,dk+1

0 ,dk+1
1 , pk+1

1 , pk+1
2 ) = argmin

uc,d1,p1,p2

|d0|1 +
λ0

2
‖d0−uc +ut− f‖2

2

+α1‖d1‖1 +
λ1

2
‖d1−Dcuc−bk

1‖2
2

+β2‖p1‖1 +
λ3

2
‖p1−∇xuc−qk

1‖2
2

+β2‖p2‖1 +
λ4

2
‖p2−∇yuc−qk

2‖2
2,

(3.4)

and 
bk+1

1 = bk
1 +Dcuk+1

c −dk+1
1 ,

qk+1
1 = qk

1 +∇xuk+1
c − pk+1

1 ,

qk+1
2 = qk

2 +∇yuk+1
c − pk+1

2 ,

bk+1
0 = bk

0 +uk+1
c +uk+1

t − f −dk+1
0 .

(3.5)

Using alternating algorithm again, problem (3.4) can be separated into

uk+1
c =argmin

λ0

2
uc

‖dk
0− (uc +uk

t − f )−bk
0‖2

2 +
λ1

2
‖dk

1−Dcuc−bk
1‖2

2

+β1‖uc‖2
2 +

λ3

2
‖pk

1−∇xuc−qk
1‖2

2 +
λ4

2
‖pk

2−∇yuc−qk
2‖2

2,

(3.6)

and 

dk+1
1 = argminα1

d1

‖d1‖1 +
λ1
2 ‖d1−Dcuk+1

c −bk
1‖2

2,

pk+1
1 = argminβ2

p1

‖p1‖1 +
λ3
2 ‖p1−∇xuk+1

c −qk
1‖2

2,

pk+1
2 = argminβ2

p2

‖p2‖1 +
λ4
2 ‖p2−∇yuk+1

c −qk
2‖2

2,

dk+1
0 = argmin

d0

‖d0‖1 ++λ0
2 ‖d

k
0− (uc +uk

t − f )−bk
0‖2

2.

(3.7)

Using the direct differentiation, the linear function of uc subproblem in (3.6) is:

(λ1DT
c Dc +2(β1 +λ0)I +λ3∇

T
x ∇x +λ4∇

T
y ∇y)uk+1

c = λ0(dk
o + f −uk

t −bk
o)+

λ1DT
c (d

k
1−bk

1)+λ3∇
T
x (pk

1−qk
1)+λ4∇

T
y (pk

2−qk
2).

(3.8)

Then FFT can be employed to obtain the final iteration formula of problem (3.8) as done
in [6,19,20]. Problem (3.7) are the standard soft shrinkage as analyzed in [35], and the iterative
solutions of (3.5)-(3.6) can be given as:
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dk+1
0 = shrink(uk+1

c +uk
t − f +bk

0,
1
λ0

) (3.9)

and

dk+1
1 = shrink(Dcuk+1

c +bk
1,

α1

λ1
); (3.10)

pk+1
1 = shrink(∇xuk+1

c +qk
1,

β2

λ3
) (3.11)

and

pk+1
2 = shrink(∇yuk+1

c +qk
2,

β2

λ4
), (3.12)

where shrink(x,χ) = x
|x| ·max(|x|−χ,0)

Step 2: For uk+1
2 , introduce an auxiliary variable d2 , and let d2 = Dtut . Then problem (3.2)

can be transformed as:
(uk+1

t ,dk+1
2 ) =argminα2

ut ,d2

|d2|1 +
λ0

2
‖d0− (uk+1

c +ut− f )−bk+1
0 ‖2

2

+
λ2

2
‖d2−Dtut−bk

2‖2
2

bk+1
2 = bk

2 +Dtuk+1
t −dk+1

2 .

(3.13)

Using alternating algorithm, problem (3.13) can be separated into

uk+1
t = argmin

ut

λ0

2
‖d0− (uk+1

c +ut− f )−bk+1
0 ‖2

2 +
λ2

2
‖dk

2−Dtut−bk
2‖2

2, (3.14)

and

dk+1
2 = argmin

d2

α2‖d2‖1 +
λ2

2
‖d2−Dtuk+1

t −bk
2‖2

2. (3.15)

The linear function of in (3.14) is

(λ0I +λ2DT
t Dt)uk+1

t = dk+1
0 + f −uk+1

c −bk+1
0 +λ2DT

2 (d
k
2−bk

2). (3.16)

Using FFT method can obtain the corresponding algorithm. The solution of (3.15) is

dk+1
2 = shrink(Dtuk+1

t +bk
2,

α2

λ2
). (3.17)

Based on the above formulas, the iteration algorithm of the proposed algorithm can be given
in Algorithm 1.
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Algorithm1

1.Initialize : u0
c = u0

t = 0,d0
1 = b0

1 = 0,d0
2 = b0

2 = 0, p0
1 = q0

1 = 0, p0
2 = q0

2.

2.For k = 1,2, . . . ,or ‖uk+1−uk‖2/‖uk+1‖2 > tol,repeat :

Step 1:fixing uk
t ,d

k
2,b

k
2, update:

uc by formula (3.8)

dk+1
1 = shrink(Dcuk+1

c +bk
1,α1/λ1), bk+1

1 = bk
1 +Dcuk+1

c −dk+1
1 ,

pk+1
1 = shrink(∇xuk+1

c +qk
1,β2/λ3), qk+1

1 = qk
1 +∇xuk+1

c − pk+1
1 ,

pk+1
2 = shrink(∇yuk+1

c +qk
2,β2/λ4), qk+1

2 = qk
2 +∇yuk+1

c − pk+1
2 ,

dk+1
0 = shrink(uk+1

c +uk
t − f +bk

0,1/λ0), bk+1
0 = bk

0 +uk+1
c +uk+1

t − f −dk+1
0 .

Step 2:fixing uk+1
c ,dk+1

1 ,bk+1
1 , pk+1

1 , pk+1
2 ,qk+1

1 ,qk+1
2 , update:

ut by formula (3.14)

dk+1
2 = shrink(Dtuk+1

t +bk
2,α2/λ2), bk+1

2 = bk
2 +Dtuk+1

t −dk+1
2 .

3.Out put uk+1
c +uk+1

t

4. EXPERIMENTS

4.1. Image decomposition parameter tuning. This subsection mainly discusses the param-
eter selection and shows the decomposition results of the proposed decomposition algorithm.
The stopping criterion is ‖uk+1−uk‖2/‖uk+1‖2, and the iteration stopping values are set as
tol = 5×10−6 for decomposition. All the tests were conducted under MATLAB 2011. In
our experiments, four test images are “ Barbara”, “Bitplane”,“Circuit Board” with the size
of 512×512 as shown in Figure 2. The analysis operator for cartoon regularization is the
framelet [9] as described in Section 2.1, and the operator for texture representation is discrete
cosine transform (DCT) as used in [19, 20].

FIGURE 2. Test images with different contents. (a) Barbara, (b) Bitplane im-
age, (c) Circuit Broad.
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First, we show the convergence curves of the Algorithm 4 in Figure 3. The curves show
that Algorithm 4 converges after several iterations on all test images. However, iterations for
different images are different due to the differences of the image content. The more the content
information is, the more iterations the image needs.

FIGURE 3. The iteration curves of the proposed method. (a) Babara, (b) Bit-
plane, (c) Circuit Broad.

Then, we report the decomposition results with varying parameters α1,α2,β1 and β2. The test
results are shown in Figure 4, and the corresponding zoomed results are shown in Figure 5. It
is found that the rate of α1/α2 has an important impact on the decomposition results. When the
α1/α2 > 1, the cartoon part contains much texture which is undesired (shown as Figure 4.(b)
and Figure 4.(b)), and the smaller the value of α1/α2. When α1/α2 < 1, the decomposition
result becomes better (shown as Figure 4.(a) and Figure 5.(a)). The values of β1 and β2 also
play an important role on image decomposition. Figure 4.(c)-(d) and Figure 5.(c)-(d) show the
comparison with different values of β1. It is found that the bigger the values of β1, the worse the
decomposition is. The cartoon often suffers from the over-smoothing effect with large β1. The
same phenomenon occurs on parameter β2 (as shown in Figure 4.(e)-(f) and Figure 5.(e)-(f)).
After several tests, we find that the decomposition results are good when: α1/α2 ∈ [0.01,0.2],
α1 ∈ [8×10−4,8×10−2], β1 ∈ [0,10−5] and β2 ∈ [10−5,0.5].

This paper sets α1/α2 = 0.1, α1 = 6×10−2, β1 = 0.95×10−9, and β2 = 0.08 for all de-
composition tests, and the bregman iteration parameters are set as: λ0 = 0.05, λ1 = 2×10−2,
λ2 = 8×10−2, and λ3 = λ4 = 4×10−2.
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FIGURE 4. The analysis of decomposition results for different parameter values
of α1,α2,β1 and β2; (a) α1 = α2 = 8×10−2, (b) α1/α2 = 10, (c) β1 = 10−3, (d)
β1 = 10−6, (e) β2 = 5×10−4, (f) β2 = 1

.

FIGURE 5. The analysis of decomposition results for different parameter values
of α1,α2,β1 and β2; (a) α1 = α2 = 8×10−2, (b) α1/α2 = 10, (c) β1 = 10−3, (d)
β1 = 10−6, (e) β2 = 5×10−4, (f) β2 = 1

.
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4.2. Image decomposition results and comparison. To show the performance of the pro-
posed decomposition algorithm, we show the decomposition results on image “Bitplane” and
“Barbara”, and also we have the comparison with several state-of-art decomposition methods
which are: TV-G space method [29], TV+L1 decomposition method [18], Fast decomposition
filters [3], directional filters [4], and MCA decomposition method [27, 36].

The comparison results are shown in Figure 6 and Figure 8. For a further visual comparison,
the zoomed regions of results in Figure 6 and Figure 8 are presented in Figure 7 and Figure 9,
respectively. It is shown that all the methods can decompose an image well, and our decomposi-
tion results are comparable to those of other methods. Furthermore, our method performs with
better vision effect (see Figure 6.(f)-Figure 9.(f)). Cartoon results of TV+G space method and
MCA method still have a little visual texture (see Figure 7.(a),(e) and Figure 9.(a),(e)). On con-
trary, thecartoon results of TV+L1 method lose some visual structure and texture results contain
some part, which is suitable in cartoon (see Figure 7.(b) and Figure 9.(b)). Texture results of
fast filters and directional filters have relatively poor visual texture structure (see Figure 7 and
Figure 9.(c)-(d)) . Instead, the decomposition results of our method have good vision effect.

FIGURE 6. The comparison of decomposition results on image ”Bitplane”;
(a) TV+G, (b) TV+L1, (c) Fast decomposition filters, (d) directional filters, (e)
MCA, (f) the proposed decomposition method.
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FIGURE 7. The zoomed region comparison of decomposition results on image
”Bitplane”; (a) TV+G, (b) TV+L1, (c) Fast decomposition filters, (d) directional
filters, (e) MCA, (f) the proposed decomposition method.

FIGURE 8. The comparison of decomposition results on image ”Barbara”; (a)
TV+G, (b) TV+L1, (c) Fast decomposition filters, (d) directional filters, (e)
MCA, (f) the proposed decomposition method.
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FIGURE 9. The zoomed region comparison of decomposition results on image
”Barbara”; (a) TV+G, (b) TV+L1, (c) Fast decomposition filters, (d) directional
filters, (e) MCA, (f) the proposed decomposition method.

FIGURE 10. The comparison of decomposition results on image ”Circuit
Broad”; (a) TV+G, (b) TV+L1, (c) Fast decomposition filters, (d) directional
filters, (e) MCA, (f) the proposed decomposition method.
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FIGURE 11. The zoomed region comparison of decomposition results on image
”Barbara”; (a) TV+G, (b) TV+L1, (c) Fast decomposition filters, (d) directional
filters, (e) MCA, (f) the proposed decomposition method.

5. CONCLUSION

This paper proposed an L1 fidelity based image decomposition model by using framelet based
analysis spare representation and anisotropic total variation with a quadratic term. Then a multi-
variable Bregman iteration algorithm was developed to solve the proposed method. Numerical
experiments showed that the proposed method has a better performance than those of recent
state-of-art methods on image decomposition. However, this paper still exists a disadvantage
that the sparse operators are preselected, the decomposition results are based on the selection
of the operators. How to design the adaptive sparse operators for image decomposition and its
applications in image processing is main aim of our further work.
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